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As humans, our understanding of language is grounded in a rich mental model about “how the
world works.” As children, we learn this mental model gradually. We take in raw perceptual input
about the world through all of our senses, and learn to make sense of people and objects around us
— enough to take action in the world. Our understanding of language and vision is grounded in the
world.

Deep learning has made significant progress in recent years, for a variety of Al problems. Yet
today’s state-of-the-art models in natural language processing (NLP) and computer vision (CV) are
ungrounded. They learn exclusively from text-only, or text-annotated data on the internet, making
it harder for them to connect language and vision to the world beyond those modalities.

In this thesis, I will present a few lines of work to bridge this gap between machines and hu-
mans. I will first discuss how we might measure grounded understanding. I will introduce a suite
of approaches for constructing benchmarks, using machines in the loop to filter out spurious bi-
ases. These include benchmarking grounding through exams about written text alone, through
visual scenes, as well as through interacting with humans. Then, I will introduce PIGLeT: a model
that learns physical commonsense understanding by interacting with the world through simulation,

using this knowledge to ground language. PIGLeT learns linguistic form and meaning — together



— and outperforms text-to-text only models that are orders of magnitude larger. Finally, I will in-
troduce MERLOT, which learns about situations in the world by watching millions of YouTube
videos with transcribed speech. MERLOT is trained to jointly represent video, audio, and lan-

guage, together and over time — learning multimodal and neural script knowledge representations.
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Chapter 1

INTRODUCTION

Human intelligence is inherently grounded. As humans, when we are (for instance) perceiving
the visual world, or reading language, we are at the same time interpreting these raw observations
through a mental model of the world around us. This commonsense mental model lets us conceptu-
alize everything from objects and atomic actions, to more complex (and abstract) situations. A goal
of Artificial Intelligence is to likewise build agents that likewise perform human-level reasoning.

To be able to do this — especially across modalities — requires grounding.

Especially during the last decade before this dissertation, the fields of natural language pro-
cessing (NLP) and computer vision have made incredible progress on standard benchmarks. The
high-level reason has been the development of deep-learning based approaches, that make heavy

use of both compute, as well as easy-to-download data on the internet.

At the same time, there are also fundamental questions about how to test the groundedness of
Al systems. Grounding is inherently difficult to define, or even to operationalize. Yet when it is
operationalized through benchmarks, it can be possible to produce systems that narrowly pass the

benchmarks while showing little generalization beyond what those benchmarks directly test.

In this thesis, we present work towards building Al systems with grounded understanding.
First, we present a few proposals to operationalize grounding. In Chapters [2] and [3) we bench-
mark Al models’ abilities to connect natural language event descriptions to a model about what
might happen next in the world. In Chapter 4], we examine visual commonsense reasoning through
a benchmark named VCR: anticipating what might be going on in the world beyond an image.
Creating both of these benchmarks involved additional technical advancements in terms of 1) how
to collect requisite data at scale, and 2) how to turn that raw data into exams that are not easily

gameable by machines. Exams are easily reproducible, yet there are limits when we try to evaluate



grounding in terms of ‘correctness’: in Chapter [5|we present a benchmark for evaluating machines
by how they use language.

Next, we study how to learn this kind of grounded understanding. In Chapter [6] we present
PIGLeT, a model for connecting language to a model of the physical world. In Chapter [/, we
present MERLOT, a model that learns multimodal event representations, fusing vision and lan-
guage. We incorporate sound on top of this in Chapter [§] These modeling approaches make
progress on some of the exams sketched out in the earlier part of this thesis, with MERLOT Re-
serve obtaining state-of-the-art results on VCR. While they are just a step towards grounding, we
argue that they contain principles that should be used in future Al systems.

We conclude the dissertation by discussing a few future directions towards making Al systems

more grounded.



Chapter 2

BENCHMARKING GROUNDEDNESS THROUGH TEXT ALONE, PT1:
SWAG

This chapter contains material that was originally published in [303]].

2.1 Introduction

When we read a story, we bring to it a large body of implicit knowledge about the physical world.
For instance, given the context “on stage, a woman takes a seat at the piano,” shown in Table 2.1]
we can easily infer what the situation might look like: a woman is giving a piano performance,
with a crowd watching her. We can furthermore infer her likely next action: she will most likely
set her fingers on the piano keys and start playing.

This type of natural language inference requires commonsense reasoning, substantially broad-
ening the scope of prior work that focused primarily on linguistic entailment [44]. Whereas the
dominant entailment paradigm asks if two natural language sentences (the ‘premise’ and the ‘hy-
pothesis’) describe the same set of possible worlds [54,132], here we focus on whether a (multiple-
choice) ending describes a possible (future) world that can be anticipated from the situation de-
scribed in the premise, even when it is not strictly entailed. Making such inference necessitates a
rich understanding about everyday physical situations, including object affordances [83] and frame
semantics [[17]].

A first step toward grounded commonsense inference with today’s deep learning machinery is
to create a large-scale dataset. However, recent work has shown that human-written datasets are
susceptible to annotation artifacts: unintended stylistic patterns that give out clues for the gold
labels [103),210]. As a result, models trained on such datasets with human biases run the risk of

over-estimating the actual performance on the underlying task, and are vulnerable to adversarial or



On stage, a woman takes a seat at the piano. She
a) sits on a bench as her sister plays with the doll.
b) smiles with someone as the music plays.
¢) is in the crowd, watching the dancers.

d) nervously sets her fingers on the keys.

A girl is going across a set of monkey bars. She
a) jumps up across the monkey bars.
b) struggles onto the monkey bars to grab her head.
c) gets to the end and stands on a wooden plank.

d) jumps up and does a back flip.

The woman is now blow drying the dog. The dog
a) is placed in the kennel next to a woman’s feet.
b) washes her face with the shampoo.
c¢) walks into frame and walks towards the dog.

d) tried to cut her face, so she is trying to do something very close to her face.

Table 2.1: Examples from SWAG; the correct answer is bolded. Adversarial Filtering ensures that

stylistic models find all options equally appealing.

out-of-domain examples [269, [87].

In this section of the thesis, we introduce Adversarial Filtering (AF), a new method to automat-
ically detect and reduce stylistic artifacts. We use this method to construct SWAG: an adversarial
dataset with 113k multiple-choice questions. We start with pairs of temporally adjacent video cap-
tions, each with a context and a follow-up event that we know is physically possible. We then use
a state-of-the-art language model fine-tuned on this data to massively oversample a diverse set of
possible negative sentence endings (or counterfactuals). Next, we filter these candidate endings

aggressively and adversarially using a committee of trained models to obtain a population of de-



biased endings with similar stylistic features to the real ones. Finally, these filtered counterfactuals
are validated by crowd workers to further ensure data quality.

Extensive empirical results demonstrate unique contributions of our dataset, complementing
existing datasets for natural langauge inference (NLI) [32, 278]] and commonsense reasoning [221}
193, 1316]. First, our dataset poses a new challenge of grounded commonsense inference that is
easy for humans (88%) while hard for current state-of-the-art NLI models (<60%). Second, our
proposed adversarial filtering methodology allows for cost-effective construction of a large-scale
dataset while substantially reducing known annotation artifacts. The generality of adversarial filter-

ing allows it to be applied to build future datasets, ensuring that they serve as reliable benchmarks.

2.2 SWAG: Our new dataset

We introduce a new dataset for studying physically grounded commonsense inference, called
SWAGE] Our task is to predict which event is most likely to occur next in a video. More formally,
a model is given a context ¢ = (s,n): a complete sentence s and a noun phrase n that begins a
second sentence, as well as a list of possible verb phrase sentence endings V' = {vy,...,v4}. See
Figure for an example triple (s, n, v;). The model must then select the most appropriate verb

phrase v; € V.

Overview Our corpus consists of 113k multiple choice questions (73k training, 20k validation,
20k test) and is derived from pairs of consecutive video captions from ActivityNet Captions [148,
111] and the Large Scale Movie Description Challenge (LSMDC; 224). The two datasets are
slightly different in nature and allow us to achieve broader coverage: ActivityNet contains 20k
YouTube clips containing one of 203 activity types (such as doing gymnastics or playing guitar);
LSMDC consists of 128k movie captions (audio descriptions and scripts). For each pair of cap-
tions, we use a constituency parser [246] to split the second sentence into noun and verb phrases

(Figure E] Each question has a human-verified gold ending and 3 distractors.

IShort for Situations with Adversarial Generations.

2We filter out sentences with rare tokens (<3 occurrences), that are short (I < 5), or that lack a verb phrase.



The mixer creams the butter. Sugar is added to the mixing bowl.

context NP VP

o he mixer creams the butter. Sugar..
O/w\ i
is put on top of the L

0.0 vegetables. 00

e is putting vegetable fruits. Adversarially select Tt

— is using a red sponge to add generations X
Oversample eggs and parsley. -
endings from|. .G Annotators filter endings
context+NP is placed in the oven. to ensure agreement

Figure 2.1: Overview of the data collection process. For a pair of sequential video captions, the
second caption is split into noun and verb phrases. A language model generates many negative

endings, of which a difficult subset are human-annotated.

2.3 A solution to annotation artifacts

In this section, we outline the construction of SWAG. We seek dataset diversity while minimizing
annotation artifacts, conditional stylistic patterns such as length and word-preference biases. For
many NLI datasets, these biases have been shown to allow shallow models (e.g. bag-of-words)

obtain artificially high performance.

To avoid introducing easily “gamed" patterns, we present Adversarial Filtering (AF), a generally-
applicable treatment involving the iterative refinement of a set of assignments to increase the en-
tropy under a chosen model family. We then discuss how we generate counterfactual endings, and

finally, the models used for filtering.



Algorithm 1 Adversarial filtering (AF) of negative samples. During our experiments, we set N¢*Y = 2

for refining a population of N~ = 1023 negative examples to k = 9, and used a 80%/20% train/test split.

while convergence not reached do

e Split the dataset D randomly up into training and testing portions D" and D,

e Optimize a model f, on D'

for index 7 in D' do
e Identify easy indices:
A = {5 € Ai: fola]) > folai;)}
e Replace NV easy indices j € A" with adversarial indices k¥ ¢ A; satisfying
fo(aig) > folx; ).

end for

end while

2.3.1 Formal definition

In this section, we formalize what it means for a dataset to be adversarial. Intuitively, we say that
an adversarial dataset for a model f is one on which f will not generalize, even if evaluated on test
data from the same distribution. More formally, let our input space be X and the label space be
Y. Our trainable classifier f, taking parameters 6 is defined as fy : X — RM|. Let our dataset of
size N be defined as D = {(z;,y;) }1<i<n, and let the loss function over the dataset be L( fy, D).
We say that a dataset is adversarial with respect to f if we expect high empirical error I over all

leave-one-out train/test splits [259]:

N
ID.) = 5 3 Lo (w0} e
where 07 = arg;nin L(fo, D\ {(x:,y:)}), (2.2)

with regularization terms omitted for simplicity.



2.3.2 Adversarial filtering (AF) algorithm

In this section, we outline an approach for generating an adversarial dataset D, effectively maximiz-
ing empirical error [ with respect to a family of trainable classifiers f. Without loss of generality,
we consider the situation where we have IV contexts, each associated with a single positive example
(z,1) € X x Y, and a large population of context-specific negative examples (z;;,0) € X' x )V,
where 1<7< N~ for each 7. For instance, the negative examples could be incorrect relations in

knowledge-base completion [244], or all words in a dictionary for a single-word cloze task [327].

Our goal will be to filter the population of negative examples for each instance ¢ to a size of
k< N~. This will be captured by returning a set of assignments A, where for each instance the

assignment will be a k-subset A; = [1... N~|*. The filtered dataset will then be:

DY = {(24,1), {(2;;,0) }jea hr<icn (2.3)
Unfortunately, optimizing I(DAF, f) is difficult as A is global and non-differentiable. To address
this, we present Algorithm [I] On each iteration, we split the data into dummy ‘train’ and ‘test’
splits. We train a model f on the training portion and obtain parameters 6, then use the remaining
test portion to reassign the indices of .A. For each context, we replace some number of ‘easy’ nega-

tives in A that fy classifies correctly with ‘adversarial’ negatives outside of A that f, misclassifies.

This process can be thought of as increasing the overall entropy of the dataset: given a strong
model fj that is compatible with a random subset of the data, we aim to ensure it cannot generalize
to the held-out set. We repeat this for several iterations to reduce the generalization ability of the

model family f over arbitrary train/test splits.

2.3.3 Generating candidate endings

To generate counterfactuals for SWAG, we use an LSTM [119] language model (LM), conditioned
on contexts from video captions. We first pretrain on BookCorpus [325]], then finetune on the
video caption datasets. The architecture uses standard best practices and was validated on held-out

perplexity of the video caption datasets; details are in the appendix. We use the LM to sample
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Figure 2.2: Test accuracy by AF iteration, under the negatives given by A. The accuracy drops
from around 60% to close to random chance. For efficiency, the first 100 iterations only use the

MLP.

N~=1023 unique endings for a partial captionE|

Importantly, we greedily sample the endings, since beam search decoding biases the generated
endings to be of lower perplexity (and thus easily distinguishable from found endings). We find
this process gives good counterfactuals: the generated endings tend to use fopical words, but often
make little sense physically, making them perfect for our task. Further, the generated endings are
marked as “gibberish” by humans only 9.1% of the time (Sec [2.3.5)); in that case the ending is

filtered out.

2.3.4  Stylistic models for adversarial filtering

In creating SWAG, we designed the model family f to pick up on low-level stylistic features that

we posit should not be predictive of whether an event happens next in a video. These stylistic

3To ensure that the LM generates unique endings, we split the data into five validation folds and train five separate
LMs, one for each set of training folds. This means that each LM never sees the found endings during training.
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features are an obvious case of annotation artifacts [34, 231]E] Our final classifier is an ensemble

of four stylistic models:

1. A multilayer perceptron (MLP) given LM perplexity features and context/ending lengths.

2. A bag-of-words model that averages the word embeddings of the second sentence as features.

3. A one-layer CNN, with filter sizes ranging from 2-5, over the second sentence.

4. A bidirectional LSTM over the 100 most common words in the second sentence; uncommon

words are replaced by their POS tags.

We ensemble the models by concatenating their final representations and passing it through an

MLP. On every adversarial iteration, the ensemble is trained jointly to minimize cross-entropy.
The accuracies of these models (at each iteration, evaluated on a 20% split of the test dataset

before indices of A get remapped) are shown in Figure [2.2] Performance decreases from 60% to

close to random chance; moreover, confusing the perplexity-based MLP is not sufficient to lower

performance of the ensemble. Only once the other stylistic models are added does the ensemble

accuracy drop substantially, suggesting that our approach is effective at reducing stylistic artifacts.

2.3.5 Human verification

The final data-collection step is to have humans verify the data. Workers on Amazon Mechanical
Turk were given the caption context, as well as six candidate endings: one found ending and five

adversarially-sampled endings. The task was twofold: Turkers ranked the endings independently

as likely, unlikely, or gibberish, and selected the best and second best endings (Fig @

We obtained the correct answers to each context in two ways. If a Turker ranks the found ending
as either best or second best (73.7% of the time), we add the found ending as a gold example,
with negatives from the generations not labelled best or gibberish. Further, if a Turker ranks a
generated ending as best, and the found ending as second best, then we have reason to believe that

the generation is good. This lets us add an additional training example, consisting of the generated

4A broad definition of annotation artifacts might include aspects besides lexical/stylistic features: for instance,
certain events are less likely semantically regardless of the context (e.g. riding a horse using a hose). For this work,
we erred more conservatively and only filtered based on style.
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Imagine that you are watching a video clip. The clip has a caption, but it is missing the final phrase.
Please choose the best 2 caption endings, and classify each as:

* likely, if it completes the caption in a reasonable way;

¢ unlikely, if it sounds ridiculous or impossible;

« gibberish if it has such serious errors that it doesn’t feel like a valid English sentence.

Example: Someone is shown sitting on a fence and talking to the camera while pointing out horses.
Someone

* stands in front of a podium. (likely, second best)

* rides a horse using a hose. (unlikely)

* is shown riding a horse. (likely, best)

e , the horse in a plaza field. (gibberish)

Figure 2.3: Mechanical Turk instructions (abridged).

best ending as the gold, and remaining generations as negativesE] Examples with <3 non-gibberish
endings were filtered out[

We found after 1000 examples that the annotators tended to have high agreement, also gener-
ally choosing found endings over generations (see Table [2.2)). Thus, we collected the remaining
112k examples with one annotator each, periodically verifying that annotators preferred the found

endings.

2.4 Experiments

In this section, we evaluate the performance of various NLI models on SWAG. Recall that models

for our dataset take the following form: given a sentence and a noun phrase as context ¢ = (s, n),

SThese two examples share contexts. To prevent biasing the test and validation sets, we didn’t perform this
procedure on answers from the evaluation sets’ context.

To be data-efficient, we reannotated filtered-out examples by replacing gibberish endings, as well as generations
that outranked the found ending, with candidates from A.
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Label distribution by ending type Inter-annotator agreement

Labels | Found end Gen. end « ppa
Best 53.5% 9.3%

Second Best 20.2% 15.9% 0.43 72%
Neither 26.3% 74.8%
Likely 80.3% 33.3%

Unlikely 19.0% 57.5% 0.39 64%
Gibberish 0.7% 9.1%

Table 2.2: Annotators tend to label the found ending as likely and within the top 2 (column 2), in
other cases the example is filtered out. Both label groups have high inter-annotator agreement, in

terms of Krippendorff’s o and pairwise percent agreement.

as well as a list of possible verb phrase endings V' = {wvy,...,v,}, a model f, must select a verb i

that hopefully matches ,404:

| = argmax fy(s, n,v;) (2.4)

7

To study the amount of bias in our dataset, we also consider models that take as input just the
ending verb phrase v;, or the entire second sentence (m,v;). For our learned models, we train
f by minimizing multi-class cross-entropy. We consider three different types of word representa-
tions: 300d GloVe vectors from Common Crawl [203]], 300d Numberbatch vectors retrofitted using
ConceptNet relations [245], and 1024d ELMo contextual representations that show improvement
on a variety of NLP tasks, including standard NLI [205]. We follow the final dataset split (see
Section using two training approaches: training on the found data, and the found and highly-

ranked generated data. See the appendix for more details.



13

2.4.1 Unary models

The following models predict labels from a single span of text as input; this could be the ending

only, the second sentence only, or the full passage.

a. fastText [136]]: This library models a single span of text as a bag of n-grams, and tries to predict
the probability of an ending being correct or incorrect independentlyﬂ]

b. Pretrained sentence encoders We consider two types of pretrained RNN sentence encoders,
SkipThoughts [143] and InferSent [S0]. SkipThoughts was trained by predicting adjacent sen-
tences in book data, whereas InferSent was trained on supervised NLI data. For each second
sentence (or just the ending), we feed the encoding into an MLP.

c¢. LSTM sentence encoder Given an arbitrary span of text, we run a two-layer BiLSTM over
it. The final hidden states are then max-pooled to obtain a fixed-size representation, which is then

used to predict the potential for that ending.

2.4.2  Binary models

The following models predict labels from two spans of text. We consider two possibilties for these
models: using just the second sentence, where the two text spans are 12, v;, or using the context and
the second sentence, in which case the spans are s, (n, v;). The latter case includes many models

developed for the NLI task.

d. Dual Bag-of-Words For this baseline, we treat each sentence as a bag-of-embeddings (c, v;).
We model the probability of picking an ending 7 using a bilinear model: softmaxi(ch'f)ﬂ

e. Dual pretrained sentence encoders Here, we obtain representations from SkipThoughts or
InferSent for each span, and compute their pairwise compatibility using either 1) a bilinear model

or 2) an MLP from their concatenated representations.

"The fastText model is trained using binary cross-entropy; at test time we extract the prediction by selecting the
ending with the highest positive likelihood under the model.

8We also tried using an MLP, but got worse results.
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f. SNLI inference Here, we consider two models that do well on SNLI [32]: Decomposable Atten-
tion [200]] and ESIM [42]. We use pretrained versions of these models (with ELMo embeddings)
on SNLI to obtain 3-way entailment, neutral, and contradiction probabilities for each example. We
then train a log-linear model using these 3-way probabilities as features.

g. SNLI models (retrained) Here, we train ESIM and Decomposable Attention on our dataset:

we simply change the output layer size to 1 (the potential of an ending v;) with a softmax over «.

2.4.3 Other models

We also considered the following models:

h. Length: Although length was used by the adversarial classifier, we want to verify that human
validation didn’t reintroduce a length bias. For this baseline, we always choose the shortest ending.
i. ConceptNet As our task requires world knowledge, we tried a rule-based system on top of the
ConceptNet knowledge base [245]]. For an ending sentence, we use the spaCy dependency parser
to extract the head verb and its dependent object. The ending score is given by the number of
ConceptNet causal relationﬂ between synonyms of the verb and synonyms of the object.

Jj- Human performance To benchmark human performance, five Mechanical Turk workers were
asked to answer 100 dataset questions, as did an ‘expert’ annotator (the first author of this paper).

Predictions were combined using a majority vote.

2.4.4 Results

We present our results in Table The best model that only uses the ending is the LSTM se-
quence model with ELMo embeddings, which obtains 43.6%. This model, as with most models
studied, greatly improves with more context: by 3.1% when given the initial noun phrase, and by
an additional 4% when also given the first sentence.

Further improvement is gained from models that compute pairwise representations of the in-

9We used the relations ‘Causes’, ‘CapableOf’, ‘ReceivesAction’, ‘UsedFor’, and ‘HasSubevent’. Though their
coverage is low (30.4% of questions have an answer with >1 causal relation), the more frequent relations in Con-
ceptNet, such as ‘IsA’, at best only indirectly relate to our task.
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Figure 2.4: Top: Distribution of the 40 top verbs in the union of SNLI and SWAG. Our dataset
shows a greater variety of dynamic verbs, such as “move”, as well as temporal verbs such as “start”
and “come.” “Continue” is cut off for SNLI (it has frequency 6 - 10~°). Bottom: CDF for verbs in
SNLI and SWAG.

puts. While the simplest such model, DualBoW, obtains only 35.1% accuracy, combining InferSent
sentence representations gives 40.5% accuracy (InferSent-Bilinear). The best results come from
pairwise NLI models: when fully trained on SWAG, ESIM+ELMo obtains 59.2% accuracy.
When comparing machine results to human results, we see there exists a lot of headroom.
Though there likely is some noise in the task, our results suggest that humans (even untrained)
converge to a consensus. Our in-house “expert” annotator is outperformed by an ensemble of 5
Turk workers (with 88% accuracy); thus, the effective upper bound on our dataset is likely even

higher.

2.5 Analysis

2.5.1 SWAG versus existing NLI datasets

The past few years have yielded great advances in NLI and representation learning, due to the
availability of large datasets like SNLI and MultiNLI . With the release of SWAG, we
hope to continue this trend, particularly as our dataset largely has the same input/output format as

other NLI datasets. We observe three key differences between our dataset and others in this space:
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First, as noted in Section 2.1, SWAG requires a unique type of temporal reasoning. A state-
of-the-art NLI model such as ESIM, when bottlenecked through the SNLI notion of entailment
(SNLI-ESIM), only obtains 36.1% accuracy This implies that these datasets necessitate different
(and complementary) forms of reasoning.

Second, our use of videos results in wide coverage of dynamic and temporal situations Com-
pared with SNLI, with contexts from Flickr30K [209] image captions, SWAG has more active
verbs like ‘pull’ and ‘hit,” and fewer static verbs like ‘sit’ and ‘wear’ (Figure [2.4) ]

Third, our dataset suffers from few lexical biases. Whereas fastText, a bag of n-gram model,
obtains 67.0% accuracy on SNLI versus a 34.3% baseline [103]], fastText obtains only 29.0% ac-
curacy on SWAGE]

2.5.2  Error analysis

We sought to quantify how human judgments differ from the best studied model, ESIM+ELMo.
We randomly sampled 100 validation questions that ESIM+ELMo answered incorrectly, for each
extracting both the gold ending and the model’s preferred ending. We asked 5 Amazon Mechanical
Turk workers to pick the better ending (of which they preferred the gold endings 94% of the time)
and to select one (or more) multiple choice reasons explaining why the chosen answer was better.

The options, and the frequencies, are outlined in Table [2.4] The most common reason for the
turkers preferring the correct answer is situational (52.3% of the time), followed by weirdness
(17.5%) and plausibility (14.4%). This suggests that ESIM+ELMo already does a good job at
filtering out weird and implausible answers, with the main bottleneck being grounded physical
understanding. The ambiguous percentage is also relatively low (12.0%), implying significant

headroom.

19The weights of SNLI-ESIM pick up primarily on entailment probability (0.59), as with neutral (0.46), while
contradiction is negatively correlated (-.42).

1Video data has other language differences; notably, character names in LSMDC were replaced by ‘someone’

12The most predictive individual words on SWAG are infrequent in number: ‘dotted® with P(+|dotted) = 77%
with 10.3 counts, and P(—|similar) = 81% with 16.3 counts. (Counts from negative endings were discounted 3x,
as there are 3 times as many negative endings as positive endings).
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2.5.3 Qualitative examples

Last, we show several qualitative examples in Table [2.5] Though models can do decently well by
identifying complex alignment patterns between the two sentences (e.g. being “up a tree” implies
that “tree” is the end phrase), the incorrect model predictions suggest this strategy is insufficient.
For instance, answering “An old man rides a small bumper car” requires knowledge about bumper
cars and how they differ from regular cars: bumper cars are tiny, don’t drive on roads, and don’t
work in parking lots, eliminating the alternatives. However, this knowledge is difficult to extract
from existing corpora: for instance, the ConceptNet entry for Bumper Car has only a single rela-
tion: bumper cars are a type of vehicle. Other questions require intuitive physical reasoning: e.g,

for “he pours the raw egg batter into the pan,” about what happens next in making an omelet.

2.5.4 Where to go next?

Our results suggest that SWAG is a challenging testbed for NLI models. However, the adversarial
models used to filter the dataset are purely stylistic and focus on the second sentence; thus, subtle
artifacts still likely remain in our dataset. These patterns are ostensibly picked up by the NLI
models (particularly when using ELMo features), but the large gap between machine and human
performance suggests that more is required to solve the dataset. As models are developed for
commonsense inference, and more broadly as the field of NLP advances, we note that AF can be
used again to create a more adversarial version of SWAG using better language models and AF

models.

2.6 Related Work

Entailment NLI There has been a long history of NLI benchmarks focusing on linguistic en-
tailment [S1) 154} 185} 132, [155, 278]]. Recent NLI datasets in particular have supported learning
broadly-applicable sentence representations [S0]; moreover, models trained on these datasets were
used as components for performing better video captioning [201], summarization [202], and gen-

eration [120], confirming the importance of NLI research. The NLI task requires a variety of
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commonsense knowledge [176], which our work complements. However, previous datasets for
NLI have been challenged by unwanted annotation artifacts, [[103, 210] or scale issues. Our work
addresses these challenges by constructing a new NLI benchmark focused on grounded common-
sense reasoning, and by introducing an adversarial filtering mechanism that substantially reduces

known and easily detectable annotation artifacts.

Commonsense NLI Several datasets have been introduced to study NLI beyond linguistic entail-
ment: for inferring likely causes and endings given a sentence (COPA; 221]), for choosing the most
sensible ending to a short story (RocStories; 193, 236)), and for predicting likelihood of a hypothe-
sis by regressing to an ordinal label (JOCI; [316]). These datasets are relatively small: 1k examples
for COPA and 10k cloze examples for RocStoriesE] JOCI increases the scale by generating the
hypotheses using a knowledge graph or a neural model. In contrast to JOCI where the task was
formulated as a regression task on the degree of plausibility of the hypothesis, we frame com-
monsense inference as a multiple choice question to reduce the potential ambiguity in the labels
and to allow for direct comparison between machines and humans. In addition, SWAG’s use of
adversarial filtering increases diversity of situations and counterfactual generation quality.

Last, another related task formulation is sentence completion or cloze, where the task is to
predict a single word that is removed from a given context [327, 198]@] Our work in contrast

requires longer textual descriptions to reason about.

Vision datasets Several resources have been introduced to study temporal inference in vision.
The Visual Madlibs dataset has 20k image captions about hypothetical next/previous events [294];
similar to our work, the test portion is multiple-choice, with counterfactual answers retrieved from
similar images and verified by humans. The question of ‘what will happen next?’ has also been
studied in photo albums [[126]], videos of team sports, [[/2] and egocentric dog videos [69]. Last, an-
notation artifacts are also a recurring problem for vision datasets such as Visual Genome [304]] and

Visual QA [[129]; recent work was done to create a more challenging VQA dataset by annotating

3For RocStories, this was by design to encourage learning from the larger corpus of 98k sensible stories.

4Prior work on sentence completion filtered negatives with heuristics based on LM perplexities. We initially tried
something similar, but found the result to still be gameable.
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complementary image pairs [93].

Reducing gender/racial bias Prior work has sought to reduce demographic biases in word em-
beddings [314] as well as in image recognition models [319]]. Our work has focused on producing
a dataset with minimal annotation artifacts, which in turn helps to avoid some gender and racial
biases that stem from elicitation [226]. However, it is not perfect in this regard, particularly due to
biases in movies [230, 228]. Our methodology could potentially be extended to construct datasets

free of (possibly intersectional) gender or racial bias.

Physical knowledge Prior work has studied learning grounded knowledge about objects and verbs:
from knowledge bases [[170], syntax parses [/4]], word embeddings [[180], and images and dictio-
nary definitions [301]]. An alternate thread of work has been to learn scripts: high-level represen-

tations of event chains [229, 37]]. SWAG evaluates both of these strands.
2.7 Conclusion

We propose a new challenge of physically situated commonsense inference that broadens the scope
of natural language inference (NLI) with commonsense reasoning. To support research toward
commonsense NLI, we create a large-scale dataset SWAGwith 113k multiple-choice questions.
Our dataset is constructed using Adversarial Filtering (AF), a new paradigm for robust and cost-
effective dataset construction that allows datasets to be constructed at scale while automatically
reducing annotation artifacts that can be easily detected by a committee of strong baseline models.
Our adversarial filtering paradigm is general, allowing potential applications to other datasets that

require human composition of question answer pairs.
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Ending only 2nd sentence only Context+2nd sentence

found only found+gen found only found+gen foundonly found+gen

Model Val Test | Val Test | Val Test | Val Test | Val Test | Val Test
Random 25.0 25.0 [25.0 25.0|25.0 25.0 |25.0 25.0 |25.0 25.0 | 25.0 25.0
misc Length 26.7 27.0 |26.7 27.0
ConceptNet 26.0 26.0 |26.0 26.0
fastText 27.5 269 (299 29.0(29.2 27.8 |129.8 29.0 [29.4 28.0 | 30.3 29.8
E Sentence SkipThoughts 32.4 3211322 31.8|33.0 324 |32.8 323
&
gencoders InferSent 30.6 30.2 [ 32.0 31.9|33.2 32.0|34.0 32.6
=
= LSTM LSTM+GloVe 31.9 31.8 329 324 (327 324|343 33.5|43.1 43.6 |45.6 45.7
sequence LSTM+Numberbatch 32.4 326 (323 319|319 319 |34.1 32.8 ({399 40.2 |41.2 40.5
model LSTM+ELMo 43.6 42.9 | 43.3 42.3 | 474 46.7 | 46.3 46.0 | 51.4 50.6 | 51.3 50.4
DualBoW+GloVe 31.3 31.3 |31.9 31.2 345 347|329 33.1
DualBoW
DualBoW+Numberbatch 319 314 |31.6 31.3 |35.1 35.1 342 34.1
Dual SkipThoughts-MLP 34.6 339 |36.2 355|334 323|374 364
ua
SkipThoughts-Bilinear 36.0 35.7 | 34.7 345 |36.5 35.6 (353 349
sentence
InferSent-MLP 329 32.1 |32.8 32.7 |359 36.2|39.5 394
<« encoders
3 InferSent-Bilinear 32.0 31.3 |31.6 31.3 |40.5 40.3 |39.0 384
&
g
E‘SNLI SNLI-ESIM 36.4 36.1 | 36.2 36.0
=
M inference SNLI-DecompAttn 35.8 35.8 |35.8 35.7
DecompAttn+GloVe 29.8 30.3 | 31.1 31.7 |474 47.6 |48.5 48.6
SNLI  DecompAttn+Numberbatch 324 31.7 |32.5 31.9 | 474 48.0 |48.0 483
models  DecompAttn+ELMo 434 434 140.6 403 [ 47.7 47.3 |46.0 454
(re- ESIM+GloVe 34.8 35.1 |36.3 36.7 |519 52.7|525 525
trained) ESIM+Numberbatch 33.1 32.6 {33.0 324 |46.5 464 |44.0 44.6
ESIM+ELMo 46.0 45.7 |459 448 |59.1 59.2 | 58.7 58.5
1 turker 82.8
3 turkers 85.1
Human
5 turkers 88.0
Expert 85.0

Table 2.3: Performance of all models in accuracy (%). All models substantially underperform
humans, although performance increases as more context is provided (left to right). We optionally

train on found endings only, or found and human-validated generated endings (found+gen).



21

Reason Explanation Freq.

Situational = The good ending is better in context. 53.7%

Plausibility  The bad ending is implausible regardless of context. 14.4%

Novelty The bad ending seems redundant; it is entailed by the con- 1.8%
text.

Weirdness  The bad ending is semantically or grammatically mal- 18.1%
formed, e.g. ‘the man is getting out of the horse.’

Ambiguous Both endings seem equally likely. 12.0%

Table 2.4: Justifications for ranking the gold answer over a wrong answer chosen by ESIM+ELMo.

A waiter brings a fork. The waiter
a) starts to step away. (74.76 %)
b) adds spaghetti to the table. (21.57%)
¢) brings a bunch of pie to the food (2.67%)
d) drinks from the mug in the bowl. (0.98%)

He is up a tree. Someone
a) stands underneath the tree. (97.44%)
b) is at a pool table holding a cup. (1.14%)
c) grabs a flower from a paper. (0.96%)

d) is eating some cereal. (0.45%)

An old man rides a small bumper car. Several

people
a) get in the parking lot. (76.58%)

b) wait in the car. (15.28%)

c¢) get stuck with other bumper cars.

(6.75%)

d) are running down the road. (1.39%)

He pours the raw egg batter into the pan. He
a) drops the tiny pan onto a plate. (93.48%)
b) lifts the pan and moves it around to
shuffle the eggs. (4.94%)
c) stirs the dough into a kite. (1.53%)
d) swirls the stir under the adhesive. (0.05%)

Table 2.5: Example questions answered by the best model, ESIM+EImo, sorted by model probabil-

ity. Correct model predictions are in blue, incorrect model predictions are red. The right answers

are bolded.
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Chapter 3

BENCHMARKING GROUNDEDNESS THROUGH TEXT ALONE, PT2:
HELLASWAG

This chapter contains material that was originally published in [307].

3.1 Meta-Introduction

The previous paper in this thesis introduced a new task of commonsense natural language infer-
ence: given an event description such as “A woman sits at a piano,” a machine must select the most
likely followup: “She sets her fingers on the keys.” But soon after that paper was published, with
the introduction of BERT [61], near human-level performance was reached. Does this mean that
machines can perform human level commonsense inference?

In the next part of the thesis, we show that commonsense inference still proves difficult for even

state-of-the-art models, by presenting HELLASWAG, a new challenge dataset.

3.2 Introduction

Imagine a woman chasing a dog around outside, trying to give it a bath. What might happen next?
Humans can read a narrative like this, shown in Figure 2.1 and connect it to a rich model of the
world: the dog is currently dry and not soapy, and it actively doesn’t want to be bathed. Thus, one
plausible next event is option C—that she’ll get the dog wet and it will run away again.

When the SWAG dataset was first announced [303]], this new task of commonsense natural
language inference seemed trivial for humans (88%) and yet challenging for then-state-of-the-
art models (<60%), including ELMo [205]]. However, BERT [61] soon reached over 86%, almost

human-level performance. One news article on this development was headlined “finally, a machine
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P activityner A woman s outside with a bucket and a dog. The dog is running
. around trying to avoid a bath. She...

A. rinses the bucket off with soap and blow dry the dog’s head.
B. uses a hose to keep it from getting soapy.
|C. gets the dog wet, then it runs away again. |
%Af_,ve’s,a”'a’ D. gets into a bath tub with the dog.
iltering

Come to a complete halt at a stop sign or red light. At a stop sign,

wiki come to a complete halt for about 2 seconds or until vehicles that
arrived before you clear the intersection. If you're stopped at a red
d"{OW 10 | Jight, proceed when the light has turned green. ...
etermine
who has right A. Stop for no more than two seconds, or until the light turns
of way. yellow. A red light in front of you indicates that you should
stop.
+ B. After you come to a complete stop, turn off your turn signal.
Q versarial Allow vehicles to move in different directions before moving
Filtering onto the sidewalk.

C. Stay out of the oncoming traffic. People coming in from
behind may elect to stay left or right.

D. If the intersection has a white stripe in your lane, stop
before this line. Wait until all traffic has cleared before
crossing the intersection.

L
q:

g
L

Figure 3.1: Models like BERT struggle to finish the sentences in HELLASWAG, even when they
come from the same distribution as the training set. While the wrong endings are on-topic, with
words that relate to the context, humans consistently judge their meanings to be either incorrect or
implausible. For example, option A of the WikiHow passage suggests that a driver should stop at

a red light for no more than two seconds.

that can finish your sentence.’{]
In this thesis section, we investigate the following question: How well do deep pretrained
models, like BERT, perform at commonsense natural language inference (NLI)? Our surprising

conclusion is that the underlying task remains unsolved. Indeed, we find that deep models such as

'A New York Times article at https://nyti.ms/2DycutY.


https://nyti.ms/2DycutY
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BERT do not demonstrate robust commonsense reasonining ability by themselves. Instead, they
operate more like rapid surface learners for a particular dataset. Their strong performance on
SWAG is dependent on the finetuning process, wherein they largely learn to pick up on dataset-
specific distributional biases. When the distribution of language shifts slightly, performance drops
drastically — even if the domain remains identical.

We study this question by introducing HELLASWAGE] a new benchmark for commonsense
NLI. We use Adversarial Filtering (AF), a data-collection paradigm in which a series of discrimi-
nators is used to select a challenging set of generated wrong answers. AF is surprisingly effective
towards this goal: the resulting dataset of 70k problems is easy for humans (95.6% accuracy), yet
challenging for machines (<50%). This result holds even when models are given a significant
number of training examples, and even when the test data comes from the exact same distribution
as the training data. Machine performance slips an additional 5% when evaluated on examples that
cover novel concepts from the same domain.

To make this dataset robust to deep pretrained models, we use a trifecta of state-of-the-art gen-
erators [212]], state-of-the-art discriminators (BERT), and high quality source text. We expand on
the SWAG’s original video-captioning domain by using WikiHow articles, greatly increasing the
context diversity and generation length. Our investigation reveals a Goldilocks zone — roughly
three sentences of context, and two generated sentences — wherein generations are largely nonsen-
sical, even though state-of-the-art discriminators cannot reliably tell the difference between these
generations and the ground truth.

More broadly, this section of the thesis presents a case-study towards a future of verified
progress in NLP, via iterative rounds of building and breaking datasets. If our ultimate goal is to
provide reliable benchmarks for challenging tasks, such as commonsense NLI, these benchmarks
cannot be static. Instead, they must evolve together with the evolving state-of-the-art. Continued
evolution in turn requires principled dataset creation algorithms. Whenever a new iteration of a

dataset is created, these algorithms must leverage existing modeling advancements to filter out

2Short for Harder Endings, Longer Contexts, and Low-Shot Activities. Dataset and code at
https://rowanzellers.com/hellaswag,


https://rowanzellers.com/hellaswag
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Figure 3.2: Validation accuracy on SWAG for BERT-Large versus training set size. The baseline
(25% accuracy) is random chance. BERT does well given as few as 16 training examples, but

requires tens of thousands of examples to approach human performance.

spurious biases. Only once this cycle becomes impossible can we say that the underlying task — as

opposed an individual dataset — is solved.

3.3 Investigating SWAG

In this section, we investigate why SWAG was solved. We focus on BERT, since it is the best
known approach at the time of writingEl Core to our analysis is investigating how a model trained

on Wikipedia and books can be so effectively finetuned for SWAG, a dataset from video captions.

3See the appendix for a discussion of the BERT architecture and hyperparameter settings we used in our experi-
ments.
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Figure 3.3: BERT validation accuracy when trained and evaluated under several versions of SWAG,

with the new dataset HELLASWAG as comparison. We compare:

Ending Only No context is provided; just the endings.
Shuffled Endings that are indidivually tokenized, shuffled, and then detokenized.
Shuffled+ Ending Only No context is provided and each ending is shuffled.

3.3.1 How much innate knowledge does BERT have about SWAG?

We investigate this question by measuring BERT’s performance on SWAG while varying the size
of the training dataset; results are shown in Figure [3.2] While the best known ELMo NLI model
(ESIM+ELMo; 42) requires the entire training set to reach 59%, BERT outperforms this given
only 64 examples. However, BERT still needs upwards of 16k examples to approach human per-

formance, around which it plateaus.

3.3.2 What is learned during finetuning?

Figure [3.3]compares BERT’s performance when trained and evaluated on variants of SWAG.
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Figure 3.4: Adversarial Filtering (AF) results with BERT-Large as the discriminator. Left: AF
applied to ActivityNet generations produced by Zellers et al. [303]’s language model versus Ope-
nAl GPT. While GPT converges at random, the LM used for SWAG converges at 75%. Right:
AF applied to WikiHow generations from GPT, while varying the ending length from one to three

sentences. They converge to random, ~40%, and ~50%, respectively.

Context: BERT’s performance only slips 11.9 points (86.7%—74.8%) when context is omitted
(Ending Only), suggesting a bias exists in the endings themselvesﬂ If a followup event seems
unreasonable absent of context, then there must be something markedly different between the space
of human-written and machine-generated endings.
Structure: To distinguish word usage from structural patterns, we consider a new scenario, Shuffled.
Here the shared context is provided, but the words in each ending choice are randomly permuted.
Surprisingly, this reduces BERT performance by less than 10%. Even though BERT was never ex-
posed to randomly shuffled text during pretraining, it easily adapts to this setting, which suggests
that BERT is largely performing lexical reasoning over each (context, answer) pair.

Finally, when the context is removed and the words in each ending are shuffled, performance
drops to 60.4%. While low, this is still higher than ELMo’s performance (<60% from [303)). As

neither context nor structure is needed to discriminate between human and machine-written end-

4These biases are similar to those in NLI datasets, as found by Gururangan et al. [103]], Poliak et al. [210].
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ings in a majority of cases, it is likely that systems primarily learn to detect distributional stylistic

patterns during finetuning.

3.3.3  Where do the stylistic biases come from?

SWAG was constructed via Adversarial Filtering (AF). Endings were generated via a language
model, and then selected to fool a discriminator. To understand why it was solved requires under-
standing the interplay of AF with respect to SWAG’s generators and discriminators.

Zellers et al. [303]] used a two-layer LSTM for generation, with shallow stylistic adversarial
ﬁltersE] This setup was robust against ELMo models, but has the shallow LM in particular produced
distributional artifacts that BERT picks up on?

To investigate this, we perform AF using BERT-Large as the discriminatmﬁ in two settings,
comparing generations from Zellers et al. [303]] with those from a finetuned GPT [212].

Strikingly, the results, Figure[3.4](left), show that the generations used in SWAG are so different
from the human-written endings that AF never drops the accuracy to chance; instead, it converges
to roughly 75%. On the other hand, GPT’s generations are good enough that BERT accuracy drops

below 30% over many random subsplits of the data, revealing the importance of the generator.

3.4 HELLASWAG

The success of BERT implies that high-quality generators and discriminators are crucial to AF’s
success. However, it does not imply that the underlying task of commonsense NLI — as opposed to
a single dataset — is solved. To evaluate this claim requires us to try making a new evolution of the
SWAG dataset, one in which artifacts are removed. In this section, we do just that by introducing

HELLASWAG.

>The discriminator was an ensemble that featured a bag of words model, a shallow CNN, a multilayer perceptron
operating on language model perplexities.

50n each iteration, BERT-Large is re-initialized from its pretrained checkpoint, finetuned, and then evaluated in a
four-way setting on the dummy test set of held-out data. See Supp ?? for a details of our BERT-Large AF setup.
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3.4.1 ActivityNet Captions

We start by including video captions from the ActivityNet Captions dataset [148]. The original
SWAG dataset contains these, along with captions from LSMDC [224], but for HELLASWAG we
solely used ActivityNet. In addition to temporal descriptions, ActivityNet also provides activity
labels for each caption (e.g. jumping rope). We will use these activity labels as additional

structure to test generalization ability.

3.4.2 WikiHow: A New Testbed

We next consider a new and challenging testbed for commonsense reasoning: completing how-to
articles from WikiHow, an online how-to manual. We scrape 80k context and follow-up paragraphs
from WikiHow, covering such diverse topics as “how to make an origami owl” to “how to survive
a bank robbery.” Each context has at most three sentences, as do the follow-ups.

AF’s effectiveness in this new setting is shown in Figure[3.4] (right). We consider three settings,
corresponding to endings that are either one, two, or three sentences long. In all cases, BERT
performance begins high (70-90%), but there are enough generations for Adversarial Filtering to
lower the final accuracy considerably. While the one-sentence case converges to slightly higher
than random — 35% when it converges — the two and three sentence cases are higher, at 40%
and 50% respectively. Given more context, it becomes easier to classify an ending as machine-
or human-written. We compromise and use two-sentence generations. Particularly in the two-
sentence case, we find ourselves in a Goldilocks zone wherein generations are challenging for

deep models, yet as we shall soon see, easy for humans.

3.4.3 Obtaining high human agreement

How well can humans distinguish human-written endings from machine generations refined with
Adversarial Filtering? In Figure [3.5] we compare human performance with that of BERT on a
random 80%/20% split. We see a contrast between the ActivityNet and WikiHow performance.
While ActivityNet starts off harder for BERT (25.5%), it also proves difficult for humans (60%).
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Figure 3.5: For HELLASWAG, we ensure high human agreement through several rounds of an-
notation. By collecting how likely each ending is we can filter false negative endings — machine
generations that sound realistic — and replace them with true negatives. On both subdatasets, BERT

performance increases during validation, but the gap to human performance remains wide.

008 Context lengths for... Ending lengths for...
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- 0.04 WikiHow (2sent) WikiHow (2sent)
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Figure 3.6: Lengths of ActivityNet and WikiHow; the latter with two-sentence generations. Wiki-

How is much longer, which corresponds to being easier for humans, while taking longer for AF to

converge.
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In contrast, WikiHow starts easier for BERT (41.1%) and humans find the domain almost trivial
(93.5%). We hypothesis this discrepancy is due to the lengths of both datasets (Figure [3.6). Wiki-
How’s 2-sentence generations average 41 tokens, versus 13 for ActivityNet. This gives WikiHow

generations three times as many opportunities to make a detectable mistake.

To ensure high agreement on ActivityNet, we perform several rounds of human filtering, in-
creasing human performance to 94%. During human validation, crowd workers are given a context
and six ending choices, of which one is the true ending, and the other five are from AF. On each
iteration, we replace machine-written endings that the worker rated as realistic with new samples.
In the end, we keep the 25k best ActivityNet contexts (i.e. those with highest agreement among

workers) and the 45k best WikiHow contexts.

3.4.4 Zero-shot categories for evaluation

To evaluate a model’s ability to generalize to new situations, we use category labels from WikiHow
and ActivityNet to make ‘zero-shot’ evaluation sets. For each set (validation or test), we craft two
subsets: one containing 5k ‘in-domain’ examples that come from categories as seen during training
(Figure[3.7)), and another with Sk ‘zero-shot’ examples from randomly chosen held-out categories.

In total, there are 70k dataset examples.

3.5 Results

We evaluate the difficulty of HELLASWAG using a variety of strong baselines, with and without
massive pretraining. The models share the same format: given a context and an ending, return a
logit for that ending. Accordingly, we train our models using a four-way cross-entropy loss, where
the objective is to predict the correct ending. In addition to BERT-Large, our comparisons include:
a. OpenAl GPT [212]: A finetuned 12-layer transformer that was pre-trained on the BookCorpus
[325].

b. Bert-Base: A smaller version of the BERT model whose architecture size matches GPT.
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Food and Entertaining (500)

Youth (161) Sports and Fitness (144)

Home and Garden (390)

Flnanoe and Business (265)

Figure 3.7: Examples on the in-domain validation set of HELLASWAG, grouped by category
label. Our evaluation setup equally weights performance on categories seen during training as well

as out-of-domain.

c. ESIM+ELMo [42] 205]]: This is the best-performing ELMo model for NLI, modified slightly
so the final output layer is now a four-way softmax over endings.

d. LSTM sentence encoder: This is a randomly initialized two-layer bi-LSTM; the second layer’s
hidden states are max-pooled and fed into an MLP to predict the logit. We consider three variations:
GloVe embeddings, ELMo embeddings, or (frozen) BERT-Base embeddingsﬂ

e. FastText: [136] An off-the-shelf library for bag-of-words text classiﬁcationﬂ

We compare all models to human performance by asking five independent crowd workers to

solve the same four-way multiple choice problems; their predictions are combined via majority

"For ELMo and BERT-Base, the model learns scalar weights to combine each internal layer of the encoder.

8This model is trained with binary cross entropy loss.
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Overall In-Domain Zero-Shot ActivityNet WikiHow

Model Val Test Val  Test Val  Test Val  Test Val  Test

Split Size— 10K 10K 5K 5K 5K 5K 32K 3.5K 6.8K 6.5K
Chance 25.0
fastText 30.9 31.6 33.8 329 28.0 30.2 277 284 324 333
LSTM+GloVe 319 31.7 343 329 29.5 304 343 338 30.7 30.5
LSTM+ELMo 31.7 314 332 328 30.4 30.0 33.8 333 30.8 304
LSTM+BERT-Base 35.9 36.2 38.7 38.2 332 34.1 40.5 40.5 33.7 33.8
ESIM+ELMo 33.6 333 35.7 342 31.5 323 377 36.6 31.6 31.5
OpenAl GPT 419 41.7 453 440 38.6 39.3 464 438 39.8 40.5
BERT-Base 39.5 40.5 429 4238 36.1 38.3 489 45.7 349 37.7
BERT-Large 46.7 47.3 50.2 49.7 43.3 45.0 547 51.7 429 45.0
Human 957 95.6 95.6 95.6 95.8 95.7 94.0 94.0 96.5 96.5

Table 3.1: Performance of models, evaluated with accuracy (%).We report results on the full val-
idation and test sets (Overall), as well as results on informative subsets of the data: evaluated on
in-domain, versus zero-shot situations, along with performance on the underlying data sources
(ActivityNet versus WikiHow). All models substantially underperform humans: the gap is over

45% on in-domain categories, and 50% on zero-shot categories.

vote.

Our results, shown in Table hint at the difficulty of the dataset: human performance is over
95%, while overall model performance is below 50% for every model. Surprisingly, despite BERT-
Large having been used as the adversarial filter, it still performs the strongest at 47.3% overall. By
making the dataset adversarial for BERT, it seems to also have become adversarial for every other
model. For instance, while ESIM+ELMo obtained 59% accuracy on SWAG, it obtains only 33.3%

accuracy on HELLASWAG.
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Figure 3.8: Transfer experiments from SWAG to HELLASWAG and vice versa, evaluated on the
validation sets. Overall, a BERT-Large that is trained on SWAG hardly generalizes to HELLA-

SWAG: it scores 34.6%.

In addition to pretraining being critical, so too is end-to-end finetuning. Freezing BERT-Base
and adding an LSTM on top lowers its overall performance 4.3%. This may help explain why

models such as ESIM+ELMo struggled on SWAG, as ELMo isn’t updated during finetuning.

While BERT is the best model, it still struggles on HELLASWAG, and especially so on zero-
shot categories. Performance drops roughly 5% on the test fold, which suggests that the finetuning

is not enough for BERT to learn to generalize to novel activities or how-to categories.

Last, we see that WikiHow is a much harder domain that ActivityNet for machines: 45%
Bert-Large performance, versus 96.5% for humans. Curiously, it is on this source dataset that we
see the smallest gap between OpenAl GPT and BERT. In fact, OpenAl GPT outperforms BERT on
WikiHow, but the reverse is true for ActivityNet. One possibility is that the left-to-right structure of
GPT is the right inductive bias for WikiHow - perhaps reasoning bidirectionally over long contexts

is too much for a 12-layer transformer to learn.
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3.5.1 SWAG to HELLASWAG transfer

Given the shared goals and partial domains of SWAG and HELLASWAG, it is natural to ask to
what extent models can transfer between the two datasets. In Figure 3.8 we show the results from
transfer experiments: models are trained on one dataset and evaluated on the otherﬂ
The best models are trained on the same dataset that they are evaluated on: training on SWAG and

evaluating on HELLASWAG lowers performance by 12%; vice versa lowers performance by 15%.
The missing domain for HELLASWAG models is movie descriptions (LSMDC), still, HELLA-
SWAG models obtain 69% accuracy. On the other hand, SWAG models do not generalize at all to
their missing domain, WikiHow (28%), suggesting that learning general commonsense reasoning

was hardly necessary to solve SWAG.

3.5.2  Qualitative examples

We show several qualitative examples in Figure [3.9] along with BERT-Large’s predictions. BERT
does well on some ActivityNet contexts, such as in the first row, where it correctly predicts
the ending for a shaving caption. Whereas shaving is in-domain, the second example about
sharpening knives is zero-shot. In this context, BERT’s answer suggests that one would use
a knife to sharpen a stone, rather than vice versa. The last example comes from WikiHow, which
appears to be incredibly challenging for BERT. BERT picks answer d, which has more words that

match the context of technology (planes, traffic, laptop), but is incoherent@]

3.6 Discussion

Our results suggest that HELLASWAG is a challenging testbed for state-of-the-art NLI models,

even those built on extensive pretraining. The question still remains, though, of where will the field

Note that the ActivityNet splits are different for each dataset. To avoid skewing the results, we report only on the
validation video captions that are not in the training sets of either dataset. The overall accuracy is then a weighted
average, where ActivityNet examples are weighted proportionately more. This gives a slight advantage to training
on SWAGQG, as it sees all the ActivityNet categories when training.

10 Among other issues, why would someone suddenly be aware that they are ‘flying at high speed on a plane...?’
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Category: Shaving (ActivityNet; In-domain)

A bearded man is seen speaking to the camera and making several faces. the man

a) then switches off and shows himself via the washer and dryer rolling down a towel and scrubbing the floor. (0.0%)
b) then rubs and wipes down an individual’s face and leads into another man playing another person’s flute. (0.0%)
¢) is then seen eating food on a ladder while still speaking. (0.0%)
d) then holds up a razor and begins shaving his face. (100.0%)

Category: Sharpening knives (ActivityNet; Zero-Shot)

Two men are in a room and the man with a blue shirt takes out a bench stone and with a little lubricant on the

stone takes an knife and explains how to sharpen it. then he

a) uses a sharpener to smooth out the stone using the knife. (100.0%)

b) shows how to cut the bottom with the knife and place a tube on the inner and corner. (0.0%)

¢) bends down and grabs the knife and remove the appliance. (0.0%)

d) stops sharpening the knife and takes out some pieces of paper to show how sharp the knife is as he cuts

slivers of paper with the knife. (0.0%)

Category: Youth (WikiHow; In-Domain)

How TO MAKE UP A GOOD EXCUSE FOR YOUR HOMEWORK NOT BEING FINISHED

Blame technology. One of the easiest and most believable excuses is simply blaming technology. You

can say your computer crashed, your printer broke, your internet was down, or any number of problems.

a) Your excuses will hardly seem believable. [substeps] This doesn’t mean you are lying, just only that you don’t
have all the details of how your computer ran at the time of the accident. (0.0%)

b) The simplest one to have in a classroom is to blame you entire classroom, not just lab. If you can think of yourself
as the victim, why not blame it on technology. (9.4%)

¢) Most people, your teacher included, have experienced setbacks due to technological problems. [substeps]
This is a great excuse if you had a paper you needed to type and print. (29.1%)

d) It may also be more believable if you are fully aware that you may be flying at high speed on a plane and need

someone to give you traffic report. Your problem might be your laptop failing to charge after a long flight. (61.5%)

Figure 3.9: Example questions answered by BERT-Large. Correct model predictions are blue,

incorrect predictions are red. The right answers are bolded.

go next?
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Figure 3.10: Performance on the WikiHow subset of alternative variations of HELLASWAG, where
different Adversarial Filters are used (but without human validation). We consider the shallow
stylistic adversaries used by Zellers et al. (Stylistic Ensemble), as well as an LSTM with
ELMo embeddings, GPT, BERT-Base, and BERT-Large. For each adversarial filtering model, we
record the accuracy of that model before and after AF is used. We also evaluate each alternative
dataset using BERT-Large. The results suggest that using a a stronger model at test time (over the

model used for AF) improves performance, but is not enough to solve the task.

3.6.1 How easy might HELLASWAG be for future discriminators?

In this section of the thesis, we showed the existence of a Goldilocks zone of text complexity
— in which generations are nonsensical, but existing state-of-the-art NLP models cannot tell the

difference. How hard will the dataset be for future, even more powerful, models?

Answering this question is challenging because these models don’t exist (or are unavailable)
at the time of writing. However, one remedy is to perform an ablation study on the Adversarial
Filtering model used, comparing weaker filters with stronger discriminators. We present our results
in Figure [3.10] and find that while weak discriminators (like the stylistic ensemble used to make

SWAG) only marginally reduce the accuracy of BERT-Large, increasing the gap between the filter
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Figure 3.11: Estimated pretraining hours required to reach a desired accuracy on HELLASWAG.
We estimate perfomance with respect to a RTX 2080 Ti - a modern, fast GPU, and fit a log-linear re-
gression line. An extrapolation suggests that to reach human-level performance on HELLASWAG,
without algorithmic or computational improvements, would require 10° GPU-hours of pretraining

(over 100k GPU years).

and the final discriminator is not enough to solve the task. For instance, using a discriminator with
3x the parameters as the adversarial filter (BERT-Large vs. BERT-Base) results in 63% machine

accuracy.

3.6.2  How well does pretraining scale?

Overall, the current paradigm of pretraining large models on lots of data has made immense
progress on NLP benchmarks. Though we expect this trend to continue, it also behooves us to

consider its limits. If more compute is indeed the answer for human-level commonsense inference,
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what would the compute requirements of this hypothetical massive model look like?

We investigate this in Figure [3.11] by comparing the accuracies of known models on HELLA-
SWAG with their computational needs. This estimation is a rough estimate: we convert reported
TPU runtimes to our benchmark RTX 2080 Ti GPU using the Roofline model [279], which fo-
cuses primarily on the bottleneck of loading tensors into GPU memory. Extrapolating from an
exponential fit suggests that reaching human-level performance on our dataset would require 10°
GPU hours, or 100k years — unless algorithmic improvements are made.

What might these algorithmic improvements look like? These could include architectural ad-
vances, better pretraining objectives, and beyond. However, these improvements share the bot-
tleneck of the data source. To answer some HELLASWAG questions correctly without reasoning
deeply — like knowing that it is a bad idea to stop at a red light for ‘at most two seconds’ — might
require an exponential number of samples, due to problems of reporting bias [93]]. Alternatively,
future models might answer correctly only by picking up on spurious patterns, in which case a new
development of the benchmark — using these models as adversaries — would place us in the same
position as we are right now.

Put another way, for humans to answer HELLASWAG questions requires abstracting away
from language and modeling world states instead. We postulate that this is what separates solving
the rask of commonsense NLI, as opposed to a particular dataset. Indeed, we find that existing
deep methods often get fooled by lexical false friends. For example, in the WikiHow example
from Figure[3.9] BERT chooses an ending that matches the fechnology words in the context, rather

than matching the deeper topic: using technology as an excuse for not doing homework.

3.6.3 Towards a future of evolving benchmarks

What happens when HELLASWAG gets solved? We believe the answer is simple: crowdsource
another dataset, with the same exact format, and see where models fail. Indeed, in our work we
found this to be straightforward from an algorithmic perspective: by throwing in the best known
generator (GPT) and the best known discriminator (BERT-Large), we made a dataset that is ad-

versarial - not just to BERT, but to all models we have access to.
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While this was easy algorithmically, care must be taken from a data curation standpoint. Indeed,
we find success exists within a Goldilocks zone: the data source must be complex enough that state-
of-the-art generators often make mistakes, while simple enough such that discriminators often fail
to catch them. This ties the future of SWAG-style benchmarks to progress on language generation:
until generation is solved, commonsense NLI will remain unsolved. Even recent promising results
on scaling up language models [213] find problems in terms of consistency, with the best curated

examples requiring 25 random seeds.

3.7 Conclusion

In this section of the thesis, we presented HELLASWAG, a new dataset for physically situated
commonsense reasoning. By constructing the dataset through adversarial filtering, combined with
state-of-the-art models for language generation and discrimination, we produced a dataset that is
adversarial to the most robust models available — even when models are evaluated on items from the
training distribution. In turn, we provided insight into the inner workings of pretrained models, and
suggest a path for NLP progress going forward: towards benchmarks that adversarially co-evolve

with evolving state-of-the-art models.
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Chapter 4
BENCHMARKING GROUNDEDNESS THROUGH TEXT AND IMAGES

This chapter contains material that was originally published in [303].

4.1 Introduction

Why is [person4a] pointing at [person1 ﬂ]?

a) Heis telling [person3] that [person1 ﬂ] ordered the pancakes.
b) He just told a joke.

c) Heis feeling accusatory towards [person1 ﬂ]

d) Heis giving [person1 ] directions.

a) [personi ﬂ ] has the pancakes in front of him.

b) [person4 ] is taking everyone’s order and asked for clarification.

c) [person3 @ ] is looking at the pancakes and both she and
[person2 |11 are smiling slightly.

d) [person3 4] is delivering food to the table, and she might not
know whose order is whose.

‘ a '8 How did [pe rson2] get the money that’s in front of her?

[personi]

a) [pe rson2 H lis selling things on the street.

b) [person2 E ] earned this money playing music.
c) She may work jobs for the mafia.

d) She won money playing poker.

a) She is playing guitar for money.

b) [person2 n ] is a professional musician in an orchestra.

c) [person2 g 1 and [person1 [f§ lare both holding instruments,
and were probably busking for that money.

d) [person1 I ] is putting money in [person2 Jl 1s tip jar, while
she plays music.

/ ch
'O,
becaU:: b}

Figure 4.1: VCR: Given an image, a list of regions, and a question, a model must answer the
question and provide a rationale explaining why its answer is right. Our questions challenge
computer vision systems to go beyond recognition-level understanding, towards a higher-order

cognitive and commonsense understanding of the world depicted by the image.

With one glance at an image, we can immediately infer what is happening in the scene beyond

what is visually obvious. For example, in the top image of Figure [2.1] not only do we see several
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objects (people, plates, and cups), we can also reason about the entire situation: three people are
dining together, they have already ordered their food before the photo has been taken, PERSON3 ﬂ*‘f' is
serving and not eating with them, and what PERSON 1 ﬂ ordered are the pancakes and bacon (as

opposed to the cheesecake), because PERSON4T‘ 1s pointing to PERSON1| ﬂ while looking at
&

the server, PERSON3

Visual understanding requires seamless integration between recognition and cognition: be-
yond recognition-level perception (e.g., detecting objects and their attributes), one must perform
cognition-level reasoning (e.g., inferring the likely intents, goals, and social dynamics of people)
[S7]. State-of-the-art vision systems can reliably perform recognition-level image understanding,
but struggle with complex inferences, like those in Figure We argue that as the field has made
significant progress on recognition-level building blocks, such as object detection, pose estimation,

and segmentation, now is the right time to tackle cognition-level reasoning at scale.

As a critical step toward complete visual understanding, we present the task of VISUAL COM-
MONSENSE REASONING. Given an image, a machine must answer a question that requires a
thorough understanding of the visual world evoked by the image. Moreover, the machine must
provide a rationale justifying why that answer is true, referring to the details of the scene, as well
as background knowledge about how the world works. These questions, answers, and rationales are
expressed using a mixture of rich natural language as well as explicit references to image regions.

To support clean-cut evaluation, all our tasks are framed as multiple choice QA.

Our new dataset for this task, VCR, is the first of its kind and is large-scale — 290k pairs of
questions, answers, and rationales, over 110k unique movie scenes. A crucial challenge in con-
structing a dataset of this complexity at this scale is how to avoid annotation artifacts. A recurring
challenge in most recent QA datasets has been that human-written answers contain unexpected but
distinct biases that models can easily exploit. Often these biases are so prominent so that models

can select the right answers without even looking at the questions [[103 210} 231].

Thus, we present Adversarial Matching, a novel QA assignment algorithm that allows for

robust multiple-choice dataset creation at scale. The key idea is to recycle each correct answer
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for a question exactly three times — as a negative answer for three other questions. Each answer
thus has the same probability (25%) of being correct: this resolves the issue of answer-only biases,
and disincentivizes machines from always selecting the most generic answer. We formulate the
answer recycling problem as a constrained optimization based on the relevance and entailment
scores between each candidate negative answer and the gold answer, as measured by state-of-the-
art natural language inference models [42, 205, 61]]. A neat feature of our recycling algorithm is a
knob that can control the tradeoff between human and machine difficulty: we want the problems

to be hard for machines while easy for humans.

Narrowing the gap between recognition- and cognition-level image understanding requires
grounding the meaning of the natural language passage in the visual data, understanding the an-
swer in the context of the question, and reasoning over the shared and grounded understanding of
the question, the answer, the rationale and the image. In this section of the thesis we introduce
a new model, Recognition to Cognition Networks (R2C). Our model performs three inference
steps. First, it grounds the meaning of a natural language passage with respect to the image regions
(objects) that are directly referred to. It then contextualizes the meaning of an answer with respect
to the question that was asked, as well as the global objects not mentioned. Finally, it reasons over

this shared representation to arrive at an answer.

Experiments on VCR show that R2C greatly outperforms state-of-the-art visual question-
answering systems: obtaining 65% accuracy at question answering, 67% at answer justification,
and 44% at staged answering and justification. Still, the task and dataset is far from solved: hu-
mans score roughly 90% on each. We provide detailed insights and an ablation study to point to

avenues for future research.

In sum, our major contributions are fourfold: (1) we formalize a new task, Visual Common-
sense Reasoning, and (2) present a large-scale multiple-choice QA dataset, VCR, (3) that is auto-
matically assigned using Adversarial Matching, a new algorithm for robust multiple-choice dataset
creation. (4) We also propose a new model, R2C, that aims to mimic the layered inferences from

recognition to cognition; this also establishes baseline performance on our new challenge.
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Hypothetical Why is [person11] wearing
5% sunglasses inside?
Role What are [person1] and
7% Sg(:/ne [person2] doing?
What will [person6] do after
Mental Explanation unpacking the groceries?
8% 38% What is [ person3] thinking while
[person5] shakes his hand?
Temporal What is [ person1]’s relation to
13% [person4]?
Where is [person1] now?
Activity
24% What would happen if

[person3] fell asleep?

Figure 4.2: Overview of the types of inference required by questions in VCR. Of note, 38% of the
questions are explanatory ‘why’ or ‘how’ questions, 24% involve cognition-level activities, and
13% require temporal reasoning (i.e., what might come next). These categories are not mutually

exclusive; an answer might require several hops of different types of inferences.

4.2 Task Overview

We present VCR, a new task that challenges vision systems to holistically and cognitively under-

stand the content of an image. For instance, in Figure 4.1 we need to understand the activities

 is delivering food), the roles of people (PERSON1] ﬂ is a customer who pre-

viously ordered food), the mental states of people (PERSONIH wants to eat), and the likely

{ will serve the pancakes next). Our task covers
these categories and more: a distribution of the inferences required is in Figure 4.2

Visual understanding requires not only answering questions correctly, but doing so for the
right reasons. We thus require a model to give a rationale that explains why its answer is true.
Our questions, answers, and rationales are written in a mixture of rich natural language as well
as detection tags, like ‘PERSONZN ’: this helps to provide an unambiguous link between the

textual description of an object (‘the man on the left in the white shirt’) and the corresponding
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image region.

To make evaluation straightforward, we frame our ultimate task — of staged answering and
justification — in a multiple-choice setting. Given a question along with four answer choices, a
model must first select the right answer. If its answer was correct, then it is provided four rationale
choices (that could purportedly justify its correct answer), and it must select the correct rationale.
We call this Q— AR as for the model prediction to be correct requires both the chosen answer and

then the chosen rationale to be correct.

Our task can be decomposed into two multiple-choice sub-tasks, that correspond to answering

(QQ—A) and justification () A— R) respectively:

Definition VCR subtask. A single example of a VCR subtask consists of an image I, and:
* A sequence o of object detections. Each object detection o; consists of a bounding box b, a
segmentation mask and a class label ¢; € L.
* A query g, posed using a mix of natural language and pointing. Each word g, in the query
is either a word in a vocabulary V, or is a tag referring to an object in o.
* A set of N responses, where each response r(*) is written in the same manner as the query:
with natural language and pointing. Exactly one response is correct.

The model chooses a single (best) response.

In question-answering (Q— A), the query is the question and the responses are answer choices.
In answer justification ((Q A— R), the query is the concatenated question and correct answer, while

the responses are rationale choices.

In this paper, we evaluate models in terms of accuracy and use N=4 responses. Baseline
accuracy on each subtask is then 25% (1/N). In the holistic setting (Q— AR), baseline accuracy
is 6.25% (1/N?) as there are two subtasks.
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Question: | What is [person1] doing?

_ J/ Answer: [person1] is injecting a needle into

someone on the floor.
Rationale:

‘ Someone lifts up the adrenaline needle. ‘
‘ He looks down at her. ‘

‘ She sits up with the needle in her chest. ‘

(likely)

[person1] has a needle in his hand and is
aggressively lowering it, in a stabbing motion.

Figure 4.3: An overview of the construction of VCR. Using a state-of-the-art object detector [109,
86], we identify the objects in each image. The most interesting images are passed to crowd
workers, along with scene-level context in the form of scene descriptions (MovieClips) and video
captions (LSMDC, [224]]). The crowd workers use a combination of natural language and detection
tags to ask and answer challenging visual questions, also providing a rationale justifying their

answer.

4.3 Data Collection

In this section, we describe how we collect the questions, correct answers and correct rationales
for VCR. Our key insight — towards collecting commonsense visual reasoning problems at scale
— is to carefully select interesting situations. We thus extract still images from movie clips. The
images from these clips describe complex situations that huma}ns can decipher without fldditional
context: for instance, in Figure we know that PERSON3@ will serve PERSON1 ﬂ pan-

cakes, whereas a machine might not understand this unless it sees the entire clip.

Interesting and Diverse Situations To ensure diversity, we make no limiting assumptions about
the predefined set of actions. Rather than searching for predefined labels, which can introduce
search engine bias [256, 60, [75]], we collect images from movie scenes. The underlying scenes
come from the Large Scale Movie Description Challenge [224] and YouTube movie clipsE| To

avoid simple images, we train and apply an ‘interestingness filter’ (e.g. a closeup of a syringe in

The task is agnostic to the representation of the mask, but it could be thought of as a list of polygons p, with each
polygon consisting of a sequence of 2d vertices inside the box p. = {z, y: }+.

ZNamely, Fandango MovieClips: youtube . com/user/movieclips.


https://youtube.com/user/movieclips

47

Figure [4.3)).

We center our task around challenging questions requiring cognition-level reasoning. To make
these cognition-level questions simple to ask, and to avoid the clunkiness of referring expressions,
VCR’s language integrates object tags (PERSONZH) and explicitly excludes referring expres-
sions (‘the woman on the right.”) These object tags are detected from Mask-RCNN [109, 86], and

the images are filtered so as to have at least three high-confidence tags.

Crowdsourcing Quality Annotations Workers on Amazon Mechanical Turk were given an im-
age with detections, along with additional context in the form of video captionsﬂ They then ask
one to three questions about the image; for each question, they provide a reasonable answer and a
rationale. To ensure top-tier work, we used a system of quality checks and paid our workers wellﬂ

The result is an underlying dataset with high agreement and diversity of reasoning. Our dataset
contains a myriad of interesting commonsense phenomena (Figure 4.2)) and a great diversity in

terms of unique examples.

4.4 Adversarial Matching

We cast VCR as a four-way multiple choice task, to avoid the evaluation difficulties of language
generation or captioning tasks where current metrics often prefer incorrect machine-written text
over correct human-written text [[171]. However, it is not obvious how to obtain high-quality
incorrect choices, or counterfactuals, at scale. While past work has asked humans to write several
counterfactual choices for each correct answer [253] [162], this process is expensive. Moreover, it
has the potential of introducing annotation artifacts: subtle patterns that are by themselves highly
predictive of the ‘correct’ or ‘incorrect’ label [231} 103} 210].

In this work, we propose Adversarial Matching: a new method that allows for any ‘language
generation’ dataset to be turned into a multiple choice test, while requiring minimal human in-

volvement. An overview is shown in Figure d.4] Our key insight is that the problem of obtaining

3This additional clip-level context helps workers ask and answer about what will happen next.

“More details in the appendix, Sec ??.
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They are about to

Why are [person1] and
[person3] holding their @ Kiss

foreheads together?
Why do [person1] and
[person3] have their @

hands clasped?

[personi] and
[person3] are

praying.

Why are [personé],
[person8] and [personi4]
standing in close proximity?

Why are [person1] and
[person2] gathered @

together?

They are a family
visiting the flea
market.

They are discussing
anew law .

Figure 4.4: Overview of Adversarial Matching. Incorrect choices are obtained via maximum-
weight bipartite matching between queries and responses; the weights are scores from state-of-the-
art natural language inference models. Assigned responses are highly relevant to the query, while

they differ in meaning versus the correct responses.

good counterfactuals can be broken up into two subtasks: the counterfactuals must be as relevant

as possible to the context (so that they appeal to machines), while they cannot be overly similar to

the correct response (so that they don’t become correct answers incidentally). We balance between

these two objectives to create a dataset that is challenging for machines, yet easy for humans.
Formally, our procedure requires two models: one to compute the relevance between a query

and a response, P,.;, and another to compute the similarity between two response choices, Ps;,.

Here, we employ state-of-the-art models for Natural Language Inference: BERT [61] and ESIM+ELMo

[42, 205], respectivelyﬂ Then, given dataset examples (g;, 7;)1<i<n, We obtain a counterfactual

for each g, by performing maximum-weight bipartite matching [196, 134] on a weight matrix

W € RV*N given by

W@j = log(Prel(qiyfrj)) + /\10g(1 — Psim(ri,'rj)). (41)

SWe finetune P,.; (BERT), on the annotated data (taking steps to avoid data leakage), whereas P,
(ESIM+ELMOo) is trained on entailment and paraphrase data - details in appendix Sec ??.
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Figure 4.5: High-level overview of our model, R2C. We break the challenge of Visual Common-
sense Reasoning into three components: grounding the query and response, contextualizing the
response within the context of the query and the entire image, and performing additional reasoning

steps on top of this rich representation.

Here, A>0 controls the tradeoff between similarity and relevanceﬁ To obtain multiple counterfac-
tuals, we perform several bipartite matchings. To ensure that the negatives are diverse, during each
iteration we replace the similarity term with the maximum similarity between a candidate response

r; and all responses currently assigned to g,.

Ensuring dataset integrity To guarantee that there is no question/answer overlap between the
training and test sets, we split our full dataset (by movie) into 11 folds. We match the answers and

rationales invidually for each fold. Two folds are pulled aside for validation and testing.
4.5 Recognition to Cognition Networks

We introduce Recognition to Cognition Networks (R2C), a new model for visual commonsense
reasoning. To perform well on this task requires a deep understanding of language, vision, a}nd the
world. For example, in Figure answering ‘Why is PERSON4a pointing at PERSON1 ﬂ 7
requires multiple inference steps. First, we ground the meaning of the query and each response,
which involves referring to the image for the two people. Second, we contextualize the mean-

ing of the query, response, and image together. This step includes resolving the referent ‘he,” and

%We tuned this hyperparameter by asking crowd workers to answer multiple-choice questions at several thresholds,
and chose the value for which human performance is above 90% - details in appendix Sec ??.
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why one might be pointing in a diner. Third, we reason about the interplay of relevant image re-
gions, the query, an'd the response. In this example, the model must determine the social dynamics
between PERSONlﬂ and PERSON4T“. We formulate our model as three high-level stages:
grounding, contextualization, and reasoning, and use standard neural building blocks to implement
each component.

In more detail, recall that a model is given an image, a set of objects o, a query g, and a set
of responses () (of which exactly one is correct). The query g and response choices r* are all
expressed in terms of a mixture of natural language and pointing to image regions: notation-wise,
we will represent the object tagged by a word w as o,. If w isn’t a detection tag, o,, refers to
the entire image boundary. Our model will then consider each response r separately, using the

following three components:

Grounding The grounding module will learn a joint image-language representation for each token
in a sequence. Because both the query and the response contain a mixture of tags and natural
language words, we apply the same grounding module for each (allowing it to share parameters).
At the core of our grounding module is a bidirectional LSTM [[119] which at each position is passed
as input a word representation for w;, as well as visual features for o,,. We use a CNN to learn
object-level features: the visual representation for each region o is Roi-Aligned from its bounding
region [217,[109]]. To additionally encode information about the object’s class label /,,, we project
an embedding of ¢, (along with the object’s visual features) into a shared hidden representation.

Let the output of the LSTM over all positions be r, for the response and q for the query.

Contextualization Given a grounded representation of the query and response, we use attention
mechanisms to contextualize these sentences with respect to each other and the image context. For
each position ¢ in the response, we will define the attended query representation as q; using the

following equation:
;. j = softmax(r; Wq;) q; = Z Q; jq;- 4.2)
’ j

To contextualize an answer with the image, including implicitly relevant objects that have not been

picked up from the grounding stage, we perform another bilinear attention between the response r
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and each object o’s image features. Let the result of the object attention be 0;.

Reasoning Last, we allow the model to reason over the response, attended query and objects. We
accomplish this using a bidirectional LSTM that is given as context q;, r;, and 0, for each position
1. For better gradient flow through the network, we concatenate the output of the reasoning LSTM
along with the question and answer representations for each timestep: the resulting sequence is
max-pooled and passed through a multilayer perceptron, which predicts a logit for the query-

response compatibility.

Neural architecture and training details For our image features, we use ResNet50 [108]]. To
obtain strong representations for language, we used BERT representations [61]. BERT is applied
over the entire question and answer choice, and we extract a feature vector from the second-to-
last layer for each word. We train R2C by minimizing the multi-class cross entropy between the

prediction for each response 7(), and the gold label.

4.6 Results

In this section, we evaluate the performance of various models on VCR. Recall that our main
evaluation mode is the staged setting (()—AR). Here, a model must choose the right answer for
a question (given four answer choices), and then choose the right rationale for that question and
answer (given four rationale choices). If it gets either the answer or the rationale wrong, the entire
prediction will be wrong. This holistic task decomposes into two sub-tasks wherein we can train
individual models: question answering (()— A) as well as answer justification ((Q A— R). Thus, in

addition to reporting combined ()— AR performance, we will also report Q— A and QA— R.

Task setup A model is presented with a query g, and four response choices (). Like our model,
we train the baselines using multi-class cross entropy between the set of responses and the label.

Each model is trained separately for question answering and answer justiﬁcation[]

TWe follow the standard train, val and test splits.
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Q—+A QA— R Q— AR

Model Val Test | Val Test | Val Test

Chance 25.0 250 (250 250| 6.2 6.2

BERT 53.8 539 |64.1 64.5|34.8 35.0
>

g BERT (response only) 27.6 27.7 1263 262| 76 7.3

é ESIM+ELMo 458 45.9 |55.0 55.1 (253 256

LSTM+ELMo 28.1 28.3 |28.7 285| 83 84

RevisitedVQA [129] 39.4 40.5 |34.0 33.7|13.5 13.8
<« BottomUpTopDown[14] |42.8 44.1 |25.1 25.1|10.7 11.0
o

> MLB [138] 455 46.2 |36.1 36.8(17.0 17.2
MUTAN [21] 444 455 |32.0 32.2|14.6 14.6
R2C 63.8 65.1 |67.2 67.3|43.1 44.0
Human 91.0 93.0 85.0

Table 4.1: Experimental results on VCR. VQA models struggle on both question-answering (¢) —
A) as well as answer justification (() — AR), possibly due to the complex language and diversity
of examples in the dataset. While language-only models perform well, our model R2C obtains
a significant performance boost. Still, all models underperform human accuracy at this task. For

more up-to-date results, see the leaderboard at https://visualcommonsense.com/leaderboard.

4.6.1 Baselines

We compare our R2C to several strong language and vision baselines.

Text-only baselines We evaluate the level of visual reasoning needed for the dataset by also eval-
uating purely text-only models. For each model, we represent g and () as streams of tokens, with
the detection tags replaced by the object name (e.g. chair5 — chair). To minimize the discrep-
ancy between our task and pretrained models, we replace person detection tags with gender-neutral

names.


https://visualcommonsense.com/leaderboard
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a. BERT [61]: BERT is a recently released NLP model that achieves state-of-the-art performance
on many NLP tasks.

b. BERT (response only) We use the same BERT model, however, during fine-tuning and testing
the model is only given the response choices 7.

c¢. ESIM+ELMo [42]: ESIM is another high performing model for sentence-pair classification
tasks, particularly when used with ELMo embeddings [205].

d. LSTM+ELMo: Here an LSTM with ELMo embeddings is used to score responses 7 (%),

VQA Baselines Additionally we compare our approach to models developed on the VQA dataset
[15]]. All models use the same visual backbone as R2C (ResNet 50) as well as text representations
(GloVe; [203])) that match the original implementations.

e. RevisitedVQA [129]: This model takes as input a query, response, and image features for the
entire image, and passes the result through a multilayer perceptron, which has to classify ‘yes’ or
‘no’ Fl

f. Bottom-up and Top-down attention (BottomUpTopDown) [[14]: This model attends over re-
gion proposals given by an object detector. To adapt to VCR, we pass this model object regions
referenced by the query and response.

g. Multimodal Low-rank Bilinear Attention (MLB) [138]]: This model uses Hadamard products
to merge the vision and language representations given by a query and each region in the image.
h. Multimodal Tucker Fusion (MUTAN) [21]: This model expresses joint vision-language con-
text in terms of a tensor decomposition, allowing for more expressivity.

We note that BottomUpTopDown, MLB, and MUTAN all treat VQA as a multilabel classifi-
cation over the top 1000 answers [14, 172]. Because VCR is highly diverse, for these models we
represent each response 7(*) using a GRU [46]EI The output logit for response ¢ is given by the dot
product between the final hidden state of the GRU encoding (¥, and the final representation from

the model.

8For VQA, the model is trained by sampling positive or negative answers for a given question; for our dataset, we
simply use the result of the perceptron (for response (")) as the i-th logit.

9To match the other GRUs used in [[14} (138}, 21]] which encode q.
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Model Q—A QA—R|Q — AR
R2C 63.8 67.2 43.1
No query 48.3 43.5 21.5
No reasoning module | 63.6 65.7 42.2
No vision representation| 53.1 63.2 33.8
GloVe representations | 46.4 38.3 18.3

Table 4.2: Ablations for R2C, over the validation set. ‘No query’ tests the importance of integrating
the query during contextualization; removing this reduces ()— AR performance by 20%. In ‘no
reasoning’, the LSTM in the reasoning stage is removed; this hurts performance by roughly 1%.
Removing the visual features during grounding, or using GloVe embeddings rather than BERT,

lowers performance significantly, by 10% and 25% respectively.

Human performance We asked five different workers on Amazon Mechanical Turk to answer
200 dataset questions from the test set. A different set of five workers were asked to choose

rationales for those questions and answers. Predictions were combined using a majority vote.

4.6.2 Results and Ablations

We present our results in Table 4.1l Of note, standard VQA models struggle on our task. The
best model, in terms of ()— AR accuracy, is MLB, with 17.2% accuracy. Deep text-only models
perform much better: most notably, BERT [61] obtains 35.0% accuracy. One possible justification
for this gap in performance is a bottlenecking effect: whereas VQA models are often built around
multilabel classification of the top 1000 answers, VCR requires reasoning over two (often long)
text spans. Our model, R2C obtains an additional boost over BERT by 9% accuracy, reaching
a final performance of 44%. Still, this figure is nowhere near human performance: 85% on the

staged task, so there is significant headroom remaining.



Why is [person]!] pointing a gun
at [personzlll}?

a)persont ] wants to kill [person2 ] (1%)

b) [person1 8] and [person3ll] are robbing the bank and [person2[Jl]] is
the bank manager. (71%)

¢) |jperson2 [l has done something to upset [persont M. (18%)

d) Because [person2] is [persont MB]'s daughter. [persont fB] wants to pro-

tect [person2[I]. (8%)
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b) is right because...

a) [persont M is chasing [person1 @] and [personaBl] because they just
robbed a bank. (33%)

b) Robbers will sometimes hold their gun in the air to get everyone’s attention.
(5%)

©) The vault in the background is similar to a bank vault. [persons ] is
waiting by the vault for someone to open it. (49%)

d) A room with barred windows and a counter usually resembles a bank. (11%)

What would [persont ] do
if she caught

|pcmn2n] and [pmsonS‘z] whis-
pering?

a) [persont i8] would ook to her left. (7%)
b) She would play with [booki =41, (7%)
¢) She would look concerned and ask what was funny. (39%)

d) She would switch their seats. (45%)

d) is right because...

) When students are talking in class they’re supposed to be listening - the

teacher separates them. (64%)

b) Plane seats are very cramped and narrow, and it requires cooperation from

your seat mates to help get through. (15%)
©) It’s not unusual for people to want to get the closest seats 1o a stage. (14%)

d) That’s one of the only visible seats I can see that’s still open, the plane is

mostly full. (6%)

‘What’s going to happen next?

2) [person2lB] is going to walk up and punch [persond i) in the face. (10%)
b) Someone is going to read [person4 il a bedtime story. (15%)
¢) |jperson2 ] is going to fall down. (5%)

d) [person2 ] is going to say how cute [persont [l ’s children are. (68%)

d) is right because...

a) They are the right age to be father and son and [persons[@]] is hugging
[personal] like they are his son. (1%)

b) It looks like [persond il is showing the photo to [person2§], and
[person2 [ | will want to be polite. (31%)

¢ [person2 ] is smirking and looking down at [persondlill]. (6%)

d) You can see [person4[lll] smiling and facing the crib and decor in the room
(60%)

‘Why can’t [pmuna.] goin
the house with

[person288)?

a) She does not want to be there. (12%)
b) [persona M has (doz1 @) with bher. (14%)
©) She needs the light. (45%)

d) She is too freaked out (26%)

b) is right because...

D)

b) [dog1 @] is small enough to carry. [persons M appears to own him. (33%)

is going away by himself. (60%)

) If [dog1 f@]] was in the house, he would likely knock over
[pottedplant ] and likely scrateh [couch1 Bl]. 4%)

) [PEPRORY] 100ks like he may have lead person2 @]into the room to
see[dog1 ].(1%)

Figure 4.6: Qualitative examples from R2C. Correct predictions are highlighted in blue. In-
correct predictions are in red with the correct choices bolded. For more predictions, see see

visualcommonsense.com/explore.

Ablations We evaluated our model under several ablations to determine which components are
most important. Removing the query representation (and query-response contextualization en-
tirely) results in a drop of 21.6% accuracy points in terms of () — AR performance. Interestingly,
this setting allows it to leverage its image representation more heavily: the text based response-only

models (BERT response only, and LSTM+ELMo) perform barely better than chance. Taking the


https://visualcommonsense.com/explore
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reasoning module lowers performance by 1.9%, which suggests that it is beneficial, but not critical
for performance. The model suffers most when using GloVe representations instead of BERT: a

loss of 24%. This suggests that strong textual representations are crucial to VCR performance.

Qualitative results Last, we present qualitative examples in Figure[d.6] R2C works well for many
images: for instance, in the first row, it correctly infers that a bank robbery is happening. Moreover,
it picks the right rationale: even though all of the options have something to do with ‘banks’ and
‘robbery,” only ¢) makes sense. Similarly, analyzing the examples for which R2C chooses the right
answer but the wrong rationale allows us to gain more insight into its understanding of the world.

In the third row, the model incorrectly believes there is a crib while assigning less probability mass

on the correct rationale - that PERSON2§ is being shown a photo of PERSON4[. children,

which is why PERSONZ% might say how cute they are.

4.7 Related Work

Question Answering Visual Question Answering [[15] was one of the first large-scale datasets
that framed visual understanding as a QA task, with questions about COCO images [[171] typically
answered with a short phrase. This line of work also includes ‘pointing’ questions [[149, 324] and
templated questions with open ended answers [294]. Recent datasets also focus on knowledge-
base style content [272]283]]. On the other hand, the answers in VCR are entire sentences, and the
knowledge required by our dataset is largely background knowledge about how the world works.

Recent work also includes movie or TV-clip based QA [253, [181, [162]]. In these settings,
a model is given a video clip, often alongside additional language context such as subtitles, a
movie script, or a plot summary. In contrast, VCR features no extra language context besides the
question. Moreover, the use of explicit detection tags means that there is no need to perform person
identification [223] or linkage with subtitles.

An orthogonal line of work has been on referring expressions: asking to what image region a
natural language sentence refers to [209, 183} 1222} 2935, 296, 208, 123}, [114]. We explicitly avoid

referring expression-style questions by using indexed detection tags (like PERSONI‘)
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Last, some work focuses on commonsense phenomena, such as ‘what if” and ‘why’ questions
[265, 207]. However, the space of commonsense inferences is often limited by the underlying
dataset chosen (synthetic [265] or COCO [207] scenes). In our work, we ask commonsense ques-

tions in the context of rich images from movies.

Explainability Al models are often right, but for questionable or vague reasons [26]. This has
motivated work in having models provide explanations for their behavior, in the form of a natural
language sentence [[113, 38, [139] or an attention map [115, [124, [127]]. Our rationales combine
the best of both of these approaches, as they involve both natural language text as well as refer-
ences to image regions. Additionally, while it is hard to evaluate the quality of generated model
explanations, choosing the right rationale in VCR is a multiple choice task, making evaluation

straightforward.

Commonsense Reasoning Our task unifies work involving reasoning about commonsense phe-
nomena, such as physics [[194, 289]], social interactions [7, 263} 48|, [100], procedure understanding

[320, 8] and predicting what might happen next in a video [242, 169, 322|264, [72, 218, 291]].

Adversarial Datasets Past work has proposed the idea of creating adversarial datasets, whether by
balancing the dataset with respect to priors [95, 1103} 216] or switching them at test time [3]]. Most
relevant to our dataset construction methodology is the idea of Adversarial Filtering [303] (which
was also introduced in this thesis!). Correct answers are human-written, while wrong answers are
chosen from a pool of machine-generated text that is further validated by humans. However, the
correct and wrong answers come from fundamentally different sources, which raises the concern
that models can cheat by performing authorship identification rather than reasoning over the image.
In contrast, in Adversarial Matching, the wrong choices come from the exact same distribution as

the right choices, and no human validation is needed.

4.8 Conclusion

In this section of the thesis, we introduced Visual Commonsense Reasoning, along with a large

dataset VCR for the task that was built using Adversarial Matching. We presented R2C, a model



for this task, but the challenge — of cognition-level visual undertanding — is far from solved.
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Chapter 5
BENCHMARKING GROUNDEDNESS BEYOND EXAMINATIONS

This chapter contains material that was originally published in [309].

5.1 Introduction

Language models today are getting ever-larger, and are being trained on ever-increasing quantities
of text. For an immense compute cost, these models like TS [215] and GPT3 [33] show gains on a
variety of standard NLP benchmarks — often even outperforming humans.

Yet, when a giant model like T5 generates language, we observe clear gaps between machine-
level and human-level language understanding — even after it has been finetuned for the task at
hand. Consider Figure[5.1] in which a woman asks for advice. She is assigned to dissect an animal
for her class project, but has extreme anxiety about dead animals — and her teacher refused to give
her another assignment. Humans can respond with helpful advice, reflecting our unique ability
of real-world language use: to communicate and tackle open-ended issues. The helpful advice in
this example - but not the only one possible - suggests that she send a short email to her guidance
counselor.

On the other hand, not only is T5’s advice unhelpful, it also reveals key misunderstandings of
the situation. It seems to believe that the student is asking the teacher to do a class project involving
dead animals. This reading comprehension error is particularly strange, as TS outperforms humans
on a variety of reading comprehension benchmarks. Others in the community have observed simi-
lar issues, raising concerns about what today’s benchmark datasets measure [290} (151} 1877, 8 1]].

We argue that there is a deep underlying issue: a gap between how humans use language in the
real world, and what benchmarks today can measure. Today’s dominant paradigm is to study static

datasets, and to grade machines by the similarity of their output with predefined correct answers.
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| have to do a dissection for my high school
class, but I’'m distressed by dead animals.
Last time we dissected an animal in class, |
had a panic attack. | asked my teacher for
another assignment, but she refused. | don't
want to play a 'victim' card, but | don't know
what to do. Help!

I’d send a short email to the next

higher-up authority figure, ideally a (O]
counselor. Be forthright; it’s the -
best approach when self- &

advocating as a student.
J ! Helpful ’

Go to your teacher and say "I'm @

asking you to do a project that
requires me to see dead animals.

This is a dealbreaker." If she

doesn’t concede, tell your principal

about your trauma. ! Not helpful

Figure 5.1: TURINGADVICE. Humans are natural experts at using language to successfully ad-
dress situations that arise, such as giving advice. We introduce a new framework, dataset, and
leaderboard to generatively evaluate real-world language use. Today’s most powerful models —
which obtain near-human or superhuman performance on core NLP benchmarks for reading com-
prehension, natural language inference, and commonsense reasoning — struggle with all of these

capabilities when generating advice, as highlighted in red.

For example, we score multiple choice exams by how often the correct answers are chosen, and

evaluate generative tasks like machine translation by similarity with respect to correct translations.
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However, when we use language in the real world to communicate with each other — such as when
we give advice, or teach a concept to someone — there is rarely a universal correct answer to
compare with, just a loose goal we want to achieve.

We introduce a framework to narrow this gap between benchmarks and real-world language
use. We propose to evaluate machines by their success in using language to (1) communicate with
humans in (2) tackling complex, open-ended, real-world situations. Our goal is a machine that,
like a human, can generate language that is useful and helpful. Doing so necessarily requires a
deep understanding of language and the world, as per a line of thought that the complete meaning
representation is one that suffices to complete a task [16].

As a case-study of our framework, we introduce TURINGADVICE as a new grand challenge for
Al systems. A machine reads a situation written by a person seeking advice, like Figure [5.1] and
must then write advice that is helpful to the advice-seeker. Like a Turing Test [257], we establish a
simple condition required for a model to ‘pass’: model-generated advice must be at least as helpful
to the advice-seeker as human-written advice.

We make our challenge concrete by introducing a new dataset, REDDITADVICE, and accom-
panying leaderboard. We tie our dataset to the Reddit community, which resolves two additional
sources of bias. First, Reddit users are intrinsically motivated, seeking advice about highly com-
plex real issues — which past work suggests differ from hypothetical issues that crowd workers
might come up with (e.g. (154, [102). Second, we make our dataset dynamic, not static — models
are evaluated over Reddit situations posted over the previous two weeks at the time of submission.
Models therefore, like humans, must generalize to new situations and patterns of language.

Experimental results show that TURINGADVICE is incredibly challenging for NLP models.
Today’s largest finetunable model, TS with 11 billion parameters, produces advice that is preferable
to human-written advice 14.5% of the time — after being finetuned on 600k examples. GPT3, an
even larger model with 175 billion parameters that was not released for finetuning, does even
worse at 4%. Even more concerning, our evaluation finds that it often generates hateful and toxic
language.

We also study our task from the perspective of today’s standard ‘core’ NLP tasks. Broadly,
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we find that machines frequently confuse who is who, are self-contradictory, or seem to miss
important world knowledge. However, these mistakes tend not to fall into the neat categories
defined by standard task definitions. We address this by introducing diagnostic questions, which
systematically measure these language understanding errors.

In summary, this section of the thesis makes three contributions. First, we introduce a new
framework for measuring language understanding through directly tackling real-world language
problems. Second, we introduce TURINGADVICE as a new challenge for Al systems, along with
a dynamic dataset and leaderboard. Third, we connect our task to existing atomic NLP tasks,

introducing a new setting that reveals where progress is still needed.

5.2 Real World Language Use

We propose to evaluate machines by their success at real-world language use: using language
to communicate with a human, in response to a naturally occurring situation, in order to achieve
a desired outcome. This is how educators often measure (human) language understanding of a
second language — by how well the learner can use the language [52]]. Our approach is also inspired
by Wittgenstein’s notion of semantics, that “meaning is use:” language is grounded in our desire
to make sense of one another and cooperate to meet our needs [281]].

As machines do not have humanlike needs or desires, we propose to evaluate machines’ success
at a task by how well it serves a human who is interested in the outcome. For example, if a machine
orders food on my behalf, then I can evaluate it based on whether I enjoy the dish it ordered.
Though this requires careful task selection in order to make things feasible for current models, as

we will show in Section it results in a powerful and reliable human evaluation.

5.2.1 Related work
Pragmatics in NLP

Our evaluation relates to pragmatics in NLP, where communication is modeled also through listen-

ers and speakers [88, [76]. One approach is to introduce a communication game, with an explicit
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objective. For example, Wang et al. [273] study a blocks world where humans give commands to a
block-placing machine. The machine is then graded on accuracy. Our proposed evaluation instead
covers complex everyday scenarios faced by a human, where the objective is to help them as much
as possible.

Pragmatics can also be studied through machine-machine communication; e.g., through emer-
gent language [160]. Recent work uses pretrained question-answering models to evaluate sum-
marization models [41}, 232,71, 260]. However, ensuring that machines communicate in standard
English is difficult, as there is usually a more efficient machine-language coding scheme for the

task [[147].

Two major approaches for evaluation

Today, we see two major approaches for NLP evaluation, which we discuss below.

Quality of generations. The first approach studies generative tasks like chit-chat dialogue or
story-writing, and measures the inherent quality of generations, often through attributes such as
“sensibleness” and “specificity” (e.g., 262, 107, 2). This approach is orthogonal to ours: though
these attributes might be desirable, they are often insufficient to guarantee success at a task.

Correctness. The second (and perhaps more common) approach is to evaluate models through
correctness over static datasets. For example, machines can be graded by the similarity of their
generated translation to correct translationsE] or, by how often they choose the correct answer on a
multiple choice exam. Many goal-oriented dialogue and semantics tasks are also evaluated in this
way, as a model is evaluated by whether it makes the correct API call, or produces a correct parse.

Since many language tasks cannot be evaluated through correctness, researchers often introduce
proxy tasks that are easy to evaluate, while (hopefully) correlating with the underlying true task.
For example, SWAG [303]] is a multiple-choice proxy task and dataset introduced to study the true
task of commonsense reasoning.

However, there are gaps between datasets for proxy tasks (e.g. multiple choice), and the core

"Models submitted to the 2019 Conference on Machine Translation were evaluated (by humans) on how well the
model’s translations agreed with either (1) human-written translations, or, (2) original source text [[19].
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tasks they seek to represent (e.g. commonsense reasoning), which we discuss in the next sections.

5.2.2 Can language use really be measured through correctness over proxy tasks?

When we reduce a complex language task to a simplified setup, with a small label space (like
multiple-choice classification), we run the risk of introducing artifacts and biases: patterns that
can be exploited in the simplified setup, but that are not representative of the true task [[103] 306].
Artifacts can enable machines to even outperform humans at the final benchmark, without solving
the underlying task.

While the problem of artifacts has recently taken the spotlight in the NLP community, partially
because large Transformers [261] excel at picking up on artifacts, there is a deeper underlying
issue. One way to view simplified tasks is that in order to correctly map inputs X to labels Y, a
machine must learn a set of attributes A that are representative of the ‘true’ task. We can upper-
bound the information contained by A through the information bottleneck principle of Tishby et al.

[254]. An efficient model minimizes the following, for some 3 > 0:

min 1(X; A) — BI(A;Y), (5.1)

p(alz)

where [ is mutual information. In other words, the model will learn attributes A that maximally
compress the inputs X (minimizing 7(X; A)), while also remaining good predictors of the labels
Y (maximizing /(A;Y")). However, the label prediction term is bounded by the information (or

entropy, ) of the label space:
I(AY)=H(Y)—-HY|A) <H(Y). (5.2)

Thus, for a task with a small label space, there is no guarantee that a model will learn high-
information content attributes. Models are in fact encouraged to overfit to dataset artifacts, and to
unlearn linguistically useful information that is not directly relevant to predicting Y [204].

An alternate approach is to make datasets harder adversarially, so as to have fewer artifacts
[303,1306,161]. However, it might be impossible to make a dataset with no artifacts, or to know if

one has been created.
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Our proposal, to evaluate models by their real-world language use, addresses the information
bottleneck issue in two ways. First, when we use language in the real world, the mapping be-
tween possible inputs and outputs is often highly complex. For example, the space of possible
advice is vast, and many pieces of advice might be equally helpful given a situation. Second, we
directly tackle language problems, without introducing a correctness-based proxy that machines

might overfit to.

5.2.3 Static datasets in a dynamic world

To evaluate performance on a real-world task by means of a dataset, we (implicitly) assume that
the dataset is a good representation of the world [256]]. This might be questionable when it comes
to real-world language use, as static datasets necessarily capture historic patterns of language. For
instance, syntactic understanding is often evaluated using the Penn Treebank, with news articles
from 1989 [184]. However, the world is constantly evolving, along with the language that we use.

To bridge this gap, we propose to evaluate machines by their interactions with humans in the
present. Models therefore must learn to perform the underlying language task, even for novel
situations, rather than fitting to the historic distribution of a fixed test set. We make this notion
concrete in the next section, where we introduce a dynamic dataset and leaderboard for evaluating

advice.

5.3 TURINGADVICE: a New Challenge for Natural Language Understanding

As a case study of our framework, we introduce TURINGADVICE, a new challenge task for Al
systems to test language understanding. The format is simple: given a situation expressed in natural
language, a machine must respond with helpful advice. To pass the challenge, machine-written
advice must be at least as helpful to the advice-seeker as human-written advice, in aggregate.

We focus on advice for a few reasons. First, advice-giving is both an important and an everyday
task. People ask for and give advice in settings as diverse as relationship advice and tech support

[31]]. Thus, we as humans have inherent familiarity with the task, and what it means for advice to
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be helpful — making it easy to evaluate, as we later show empirically. Moreover, because there are

many internet communities devoted to advice-giving, training data is plentiful.

Second, the framework of advice-giving allows us to study subtasks such as reading com-
prehension and natural language inference (Section [5.5.3)); we argue both of these are needed to
consistently give good advice. Learning to recognize advice has recently been studied as an NLP

task on its own [94], though we are not aware of past work in learning to generate advice.

5.3.1 REDDITADVICE: A dynamic dataset for evaluating advice

We propose to evaluate models dynamically, through new situations and advice that are posted
to Reddit. We call our dynamic dataset REDDITADVICE. Many of Reddit’s subcommunities (or
‘subreddits’) are devoted to asking for and giving advice, with subreddits for legal, relationship,
and general life adviceE] During evaluation time, we will retrieve new situations from Reddit as a
new test set for models. Workers on Mechanical Turk then grade the model-written advice versus

the Reddit-endorsed human-written advice.

How advice-giving works on Reddit

Suppose a Reddit user faces an issue that they are seeking advice about. First, they write up
situation and post it to an advice-oriented subreddit. Users then reply to the situation, offering

advice.

Importantly, any user can ‘upvote’ or ‘downvote’ the advice as well as the situation itself -
changing its score slightly. Top-scoring advice is deemed by the wisdom of the crowd as being the

most helpfulE]

2We use advice from the following subreddits: TLove, Relationships, Advice, NeedAdvicel Dating Advice,
Dating, Marriage, InternetParents, TechSupport, and LegalAdvice.

3This is somewhat of a simplification, as other factors also influence what gets upvoted [[13} 157,195} [130].
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The ideal evaluation - through Reddit?

In a sense, human advice-givers are ‘evaluated’ on Reddit by the score of their advice — repre-
senting how well their advice has been received by the community. Similarly, the ideal model
evaluation might be to post advice on Reddit directly. If the model writes helpful advice, it should
be upvoted.

However, there is a significant ethical problem with this approach. The users who post advice
questions are real people, with real problems. A user might read advice that was originally written
by a machine, think it was human-endorsed, and do something harmful as a result. For this reason,

we take an alternate crowdsourcing approach.

A crowdsourced, hybrid evaluation — through Mechanical Turk

We propose a hybrid approach for dynamic evaluation of models. While the situations, and refer-
ence advice come from Reddit, we hire workers on Mechanical Turk to rate the relative helpfulness
of machine-written advice. Not only is this format more ethical, it also lets us collect diagnos-
tic ratings, allowing us to quantitatively track the natural language understanding errors made by
machines. We made our crowdsourcing task as fulfilling as possible - using popular situations
from Reddit, and pitching the work in terms of helping people. We received feedback from many
workers that our tasks were entertaining and fun, suggesting that our workers are to some degree

intrinsically motivated.

Mechanical Turk annotation setup

In a single round of evaluation, we retrieve 200 popular Reddit situations that were posted in the
last two weeks. For each situation, we retrieve the top-rated advice from Reddit, and generate
one piece of advice per model. Workers on Mechanical Turk then compare the helpfulness of the
model-generated advice with human-written advice, and provide diagnostic ratings.

We show an overview of our Mechanical Turk task in Figure A worker is given a situation

and two pieces of advice. One is the top-scoring advice from Reddit, and the other is model-
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Given:\ Situation \ ] Advice A \ ] Advice B

1. Which piece of advice is more helpful?
Definitely A| | Slightly A | | Slightly B | [Definitely B

A

2. How helpful is the worse advice (A) to the question-asker?

lSIightIy helpful ] { Not helpful } l Dangerous
3. Is Advice A worse 3. Could Advice A be applicable to
mainly due to its (and helpful in) a different situation?
meaning, or its writing?

Meaning } [ Writing } ’Possibly helpful‘ [ Never helpful

Figure 5.2: Crowdsourcing workflow. Mechanical Turk Workers are given a situation, and two
pieces of advice. First, they choose which is more helpful (here, B). Second, they rate the helpful-

ness of the worse advice (A); last, they answer a diagnostic question.

generated advice; the worker is not told which is which.

The worker first chooses the more helpful piece of advice, then provides diagnostic information

for the less helpful advice — rating it SLIGHTLY HELPFUL, NOT HELPFUL |, or [DANGEROUS . If

the worse piece of advice was [SLIGHTLY HELPEULJ, they choose whether it is worse due to a

'MEANING PROBLEM/ or a [WRITING PROBLEM/. Otherwise, they choose if the worse advice

could be [POSSIBLY HELPEUL/ in some other situation, or INEVER HELPEUL! in any situation.

Three workers rate each model-situation pair, and ratings are combined using a majority vote.
We follow best practices on Mechanical Turk, using a qualification exam, paying workers at least
$15 per hour, and giving feedback to workers. Still, evaluation is highly economical at $1.86 per

example-model pair, or roughly $400 per model evaluated.
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5.3.2 A large static dataset for training

We present RedditAdvice2019, a large static dataset for training advice-giving models. Because
today’s models have extreme reliance on data for finetuning, we collect data that is in the exact
same format as REDDITADVICE, yet we expand our selection criteria, optimizing for recall rather
than precision. In total, we extract 616k pieces of advice, over 188k situations.

To mirror the dynamic nature of the evaluation, in which models are evaluated on situations

posted in 2020 and beyond, we split our dataset into static training and validation sets by datef_f]

5.4 Experimental Results on REDDITADVICE

In this section, we report results from one round of dynamic evaluation on REDDITADVICE. We

evaluate the following strong NLP models and baselines:

a. Rule-based: a templated system to give legal, relationship, or life advice. The system first
chooses randomly empathetic sentence from ten choices, for example “I’m sorry you’re facing
this.” It then chooses a random piece of advice that is loosely related to the situation’s topic;
we infer this from the subreddit the situation was posted on. For example, for Legaladvice the

model might write “I’d suggest getting a lawyer immediately.”

b. TF-IDF retrieval: for a new situation, we compute its TF-IDF bag-of-word vector and use it
to retrieve the most similar situation from the training set. We then reply with the top-scoring
advice for that situation.

¢. Grover-Mega [308]: a left-to-right transformer model with 1.5 billion parameters. Grover was
pretrained on news articles with multiple fields, perhaps making it a good fit for our task, with
multiple fields of context (like the subreddit, date, and title). Our situation-advice pairs are
often quite long, so we adapt Grover for length; pretraining it on sequences of up to 1536

characters.

d. TS5 [215]]: a sequence-to-sequence model with a bidirectional encoder and a left-to-right gener-

4Our training set contains 600k pieces of advice from July 2009 to June 14, 2019; validation contains 8k from
June 14 to July 9th 2019.
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Reddit advice preferred
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Rule- TF-IDF Grover-  T5-11B GPT3-175B Second-best
Based Retrieval Mega(1.5B) Reddit advice

Figure 5.3: Helpfulness of models relative to
top-scoring Reddit advice. We show results
over 200 shared situations; we also show boot-
strapped 95% confidence intervals. Advice
from the best-scoring model, T5-11B, is pre-
ferred 14.5% over top-scoring Reddit advice.
We also compare the second-top scoring piece
of Reddit advice, which scores 41% — worse

than the best advice (50% by definition), but

better than any model.
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Retriaval 0.0% 0.5%*  10.5%* 37.0%"*
©
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8
g Grover- 0/ % 0/ *
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i
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T Significant with p < .05
Second-best .
Reddit advice Not significant
Rule- TF-IDF GPT3-175B  Grover- T5-11B  Second-best
Based Retrieval Mega(1.5B) Reddit advice

Compared model
Figure 5.4: Improvement (in absolute percent-
age %) between pairs of models, along with sta-
tistical significance from a paired t-test. The
improvement of T5-11B over smaller models
like Grover-Mega is highly statistically signif-
icant (10% gap, p<.01), while being far worse
than human performance. Our evaluation thus
meaningfully grades varying levels of perfor-

mance.

ator, with 11 billion parameters. TS was trained on a large dataset of cleaned web text. At the

time of writing, T5 is the top-scoring model on the Glue and SuperGlue benchmarks [269, 268],

scoring above human performance on Glue and near human-performance on SuperGlue.

e. GPT3 [33]: a left-to-right transformer model with 175 billion parameters. GPT3 must be

“prompted” to generate advice since it has not been released for finetuning. We cannot provide

few-shot examples in the prompt due to the length of situation-advice pairs; we instead mimic

the formatting of a website quoting from Reddit (Appendix ??).

Last, to quantify the measurement error of our evaluation, we additionally evaluate:
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f. the second-highest rated Reddit advice for each situation. We send this advice through the

same pipeline as machine-written advice.

We finetune all models (except GPT3) and generate using Nucleus Sampling [121]].
In our study, we exclude purely bidirectional models, such as BERT [61]. While these models
can be made to generate text, these generations are usually worse than those of left-to-right models

[267]. TS also tends to outperform them, even on discriminative tasks.

5.4.1 Quantitative results

In Figure we show overall results for one evaluation trial, which featured 200 situations posted
on Reddit from October 28 to November 7, 2020. As a key metric for measuring the relative
usefulness of model-written advice, we evaluate the frequency by which workers prefer the Reddit-
written reference advice over the model-written advice. If a model’s advice was just as helpful as
human advice in aggregate, then that model would score 50%.

Model performance is quite low. The best model, T5-11B, scores 14.5%, outperforming a
smaller Grover-Mega (4.5%); GPT3 does worse at 4.0%. The rule-based and TF-IDF baselines are
competitive at 2.5% and 4.0% accuracy respectively.

As additional comparison to the 50% upper bound, the second-highest scoring Reddit advice

scores 41%. This suggest that our workers and often prefer the same advice as Reddit users.

Measurement error

To investigate the measurement error of our evaluation, in Figure [5.4] we report the statistical sig-
nificance between pairs of models. We observe a large gap in performance between TS and the
other baselines. For example, its improvement over Grover-Mega is 10%, which is highly statisti-
cally signficant. On the other hand, the differences in performance between other models are more
minor — GPT3 does not outperform TF-IDF, and though it outperforms the rule-based system by
1.5%, it is only somewhat statistically significant.

Overall, the statistical significance results suggest that our evaluation can stably rank model
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performance. This, along with the finding that model performance is low on our task suggests that

there is ample room for growth on REDDITADVICE.

5.5 Analysis and Discussion

So far, we have shown that we are able to reliably evaluate models in our dynamic setup, and that
doing so results in model performance that is significantly lower than human performance.

To break down what this gap in performance means, we show a qualitative example in Fig-
ure [5.5] A user is asking for online legal advice about being stuck at work for their entire 4pm-
midnight shift — with no eating allowed due to COVID-19. The top-rated Reddit advice understands
this situation and then offers advice, suggesting the advice-seeker organize alongside other workers
— as “New Jersey doesn’t require employers to give any meal breaks.”

Machine advice seems to misunderstand the issue. T35 asks if there is “a reason that you
can’t leave the property,” even though this reason is stated in the situation. GPT3’s advice is

self-contradictory; it also makes something up about a “restaurant” in the building.

5.5.1 Problems with machine-written advice

As part of our evaluation, we wish to quantitatively measure problems with machine-written ad-
vice. Recall that in our crowdsourcing setup (Section [5.3.T)), three workers select which advice is
better, and then annotate problems with the worse piece of advice. We found workers had high
agreement during the diagnostic annotationE]

In Figure [5.6] we show the distribution of the ratings for model-written, versus human-written

advice. Machine-written advice that was not preferred over human-written advice can have the

following ratings. It can be rated as [SLIGHTLY HELPFUL (but, was rated as worse mainly due to

a MEANING PROBLEM | or [WRITING PROBLEM)|), as NOT HELPFUL , or DANGEROUS .

SFor the classifying machine-written advice as ‘helpful’ versus ‘not helpful’ or ‘dangerous’ (combining the two
latter categories into one), we have k=0.689. For breaking down helpful advice into ‘meaning problem’ versus
a ‘writing problem’, we have Cohen’s xk=0.613; for rating unhelpful advice as ‘possibly helpful’ versus ‘never
helpful,” we have k=0.602.
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legaladvice: NJ Work will not let us eat in the building due to covid outbreak. We can’t leave the

property for breaks. They have a tent outside for us to eat in but it’s getting cold out.

I am a manager at my work part of my responsibilities is to stay on the property during my entire shift

we are given a 1 hour paid lunch break that we do not have to clock out for. However due to recent covid

outbreak the new policy is no eating in the building. They had set up a tent outside for us to eat in but it

is starting to get cold out as well there are not heaters in there. My question is can they legally do this to

us? Also I work 4:00 p.m. to midnight shift.

Top Red- So by "clock out for" you are not a salaried exempt employee? Do the workers under you have a

dit advice union? Aside from the cold, New Jersey doesn’t require employers to give *any* meal breaks for
employees 18 or older, so they could take away the breaks and the tent if they wanted, and just
say "no eating" (though water is required). What is your relationship with the other managers,
and room to figure this out, ask for heaters, etc.?
Rule If T were you, I’d get a lawyer immediately.
Based DEFINITELY LESS HELPFUL | |SLIGHTLY HELPFUL
[MEANING PROBLEM]
TF-IDF  You were blackout drunk, which means that you were not capable of consent. ... If anyone should
Retrieval feel violated, it’s you.
DEFINITELY LESS HELPFUL | NOT HELPFUL | POSSIBLY HELPFUL
Grover-  If you are required to be on the premises, they are required to provide you with a place to eat.
Mega https://www.nj.gov/labor/es/faq.html#13
[DEFINITELY LESS HELPFUL| NOT HELPFUL | [POSSIBLY HELPFUL
T5-11B If your shift is from 4pm to midnight, is there a reason that you can’t leave the property?
[DEFINITELY LESS HELPFUL|[NOT HELPFUL | [NEVER HELPFUL
GPT3- A place of employment is considered the "premises". You can’t just assume that because you
175B can’t walk out the door that you can eat wherever you want. This is work hours. You’re not in

your home. The restaurant, or at least the food, is all provided for you for your benefit. But if

there are other people there, then I could see how it could be a safety issue.

DEFINITELY LESS HELPFUL || NOT HELPFUL | | NEVER HELPFUL

Figure 5.5: Qualitative example. Though machine-generated advice matches keywords from the

situation, it is frequently not helpful or even self-contradictory. The issues are due to critical errors

in natural language understanding, such as reading comprehension, entailment, and coreference.
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Figure 5.6: Distribution of ratings for three models: TF-IDF retrieval, GPT3, and TS5, along with
ratings for the second-best rated Reddit advice. Though deep generators like GPT3 and TS5 are
often preferred over the retrieval baseline, they also often write advice that would never be helpful

(33% GPT3, 13% T5), and that is racist, sexist, or otherwise dangerous (10% GPT3, 3% T5).

The diagnostics show several patterns. First, all models frequently commit natural language
understanding errors, such as internal contradiction. Because of this, we find that TF-IDF bag-
of-words retrieval is competitive with that of large generators. While retrieved advice is often

irrelevant (66% of the time), it is almost never complete gibberish, as it comes from top-scoring

advice. Only 10% of workers rated this advice as INOT HELPFUL | for any situation, less than T5.

Second, they suggest that models struggle even more without finetuning. A GPT3 model with
careful prompting generates language that is 10% of the time. These qualitative
and quantitative results confirm a pattern observed by many others, that large language models
like GPT3 often generate explicitly racist and sexist language out-of-the-box 238, 182} 23, among

others). This is perhaps worrying, since GPT3 is presently being commercialized.

5.5.2 A Leaderboard for Advice Evaluation

So far, we have shown results from one evaluation round; a second is in Supplemental ??. We
propose a dynamic leaderboard to keep that evaluation ongoing, at rowanzellers.com/advice.
Users submit a model API to be dynamically evaluated. Each new model, along with the

highest rated previously-evaluated model, will be evaluated for an additional round using the same
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approach. The cost of each evaluation is reasonable (Section [5.3.1)), which we authors will pay
in the short term. An alternative strategy requires submitters to pay the Mechanical Turk fees

themselves; this model was used for the HYPE leaderboard in computer vision [321].

5.5.3 Relation to existing NLP tasks

Shared “core” tasks such as reading comprehension and natural language inference are of con-
siderable interest to the NLP community. Many datasets have been proposed for these tasks, and
progress on them is often measured through auto-gradeable correctness metrics. However, large
models have started to outperform humans on these datasets, raising doubt that further progress on
them brings us closer to human-level language understanding.

We argue two things: first, that many NLP tasks are necessary components of giving advice, and
second, that because giving advice remains far from solved, these tasks are also far from solved.
We can study problems with advice from T5-11B from the point of view of existing NLP tasks.
For instance, machine advice often contradicts itself, suggesting that today’s systems struggle with
the general task of natural language inference. We have made these diagnostics publicly available

to enable progress on automatically spotting these mistakes.

5.6 Conclusion; Ethical Considerations

We introduced new methodology for evaluating language tasks, reducing the gap between bench-
marks and the real world. We also introduced a new challenge for the community, TURING-
ADVICE, with an accompanying dataset and dynamic leaderboard.

Yet, if our field is to progress towards NLP models that ‘understand natural language,” we
should be cognizant of the impact that such technology might have on society. In this paper, we
presented a sketch of NLP models helping people who need advice on sensitive topics, which could
be a measurable goal for the field.

At the same time, we do not claim that our approach is a panacea. There are almost certainly

better non-technical solutions to ensure mentorship and legal advice for all [97]. Moreover, there
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are significant dual-use risks with models that understand language [122, 98]. Our evaluation
measures some risks of generative models — such as the tendency to generate toxic language — but

more work in this area is needed.
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Chapter 6

LANGUAGE GROUNDING THROUGH INTERACTION IN A 3D
WORLD

This chapter contains material that was originally published in [310].

6.1 Introduction

As humans, our use of language is linked to the physical world. To process a sentence like “the
robot turns on the stove, with a pan on it” (Figure [6.1)) we might imagine a physical object.
This meaning representation in our heads can be seen as a part of our commonsense world knowl-
edge, about what a is and does. We might reasonably predict that the will become
—and if there’s an on it, it would become [Cooked].

As humans, we learn such a commonsense world model through interaction. Young children
learn to reason physically about basic objects by manipulating them: observing the properties they
have, and how they change if an action is applied on them [243]]. This process is hypothesized to
be crucial to how children learn language: the names of these elementary objects become their first
“real words” upon which other language is scaffolded [292].

In contrast, the dominant paradigm today is to train large language or vision models on static
data, such as language and photos from the web. Yet such a setting is fundamentally limiting,
as suggested empirically by psychologists’ failed attempts to get kittens to learn passively [112].
More recently, though large Transformers have made initial progress on benchmarks, they also
have frequently revealed biases in those same datasets, suggesting they might not be solving un-
derlying tasks [306]]. This has been argued philosophically by a flurry of recent work arguing that
no amount of language form could ever specify language meaning 187, 22, 28]]; connecting back

to the Symbol Grounding Problem of Harnad [[106].
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Name: Egg Name: Egg
Temperature: RoomTemp Temperature: Hot
isCooked: False isCooked: True
isBroken: True isBroken: True
LL | —

<heatUp, Pan> /

A

‘ ‘,@g‘ Physical Dynamics Model
o

x -
PIGLeT La::guage Model

[ The robot turns on the ] [ The pan is now hot and

stove, with a pan on it. the egg becomes cooked.

Figure 6.1: PIGLET. Through physical interaction in a 3D world, we learn a model for what
actions do to objects. We use our physical model as an interface for a language model, jointly
modeling elements of language form and meaning. Given an action expressed symbolically or in

English, PIGLET can simulate what might happen next, expressing it symbolically or in English.

In this paper, we investigate an alternate strategy for learning physical commonsense through
interaction, and then transferring that into language. We introduce a model named PIGLET, short
for Physical Interaction as Grounding for Language Transformers. We factorize an embodied
agent into an explicit model of world dynamics, and a model of language form. We learn the
dynamics model through interaction. Given an action applied to the in Figure
the model learns that the on the pan becomes [H6E! and [Cooked, and that other attributes do

not change.
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Name: Vase

Name: Laptop

2: Size: medium Size: medium Size: medium Size: medium

;: isBroken: False |isBroken: False <throwTe1d0bjectAt, | |isBroken: True isBroken: False
T | = isPickedUp: True |isPickedUp: False aptop> isPickedUp: False |isPickedUp: False
= : ’ :

° ‘isTurnedOn: False|isTurnedOn: True ‘ isTurnedOn: False|isTurnedOn: False
% The robot throws the

= The robot is holding a vase, and there is vase onto the coffee The laptop and the vase both break, with the vase

~ a laptop on the coffee table that is on. table. shattering into smaller pieces, and the laptop powers off.

Figure 6.2: PIGPEN, a setting for few-shot language-world grounding. We collect data for 280k
physical interactions in THOR, a 3D simulator with 20 actions and 125 object types, each with
42 attributes (e.g. isBroken). We annotate 2k interactions with English sentences describing the

initial world state, the action, and the action result.

We integrate our dynamics model with a pretrained language model, giving us a joint model of
linguistic form and meaning. The combined PIGLET can then reason about the physical dynamics
implied by English sentences describing actions, predicting literally what might happen next. It
can then communicate that result either symbolically or through natural language, generating a
sentence like ‘The egg becomes hot and cooked.” Our separation between physical dynamics and
language allows the model to learn about physical commonsense from the physical world itself,
while also avoiding recurring problems of artifacts and biases that arise when we try to model

physical world understanding solely through language.

We study this through a new environment and evaluation setup called PIGPEN, short for
Physical Interaction Grounding Paired with Natural Language. In PIGPEN, a model is given
unlimited access to an environment for pretraining, but only 500 examples with paired English an-
notations. Models in our setup must additionally generalize to novel ‘unseen’ objects for which we
intentionally do not provide paired language-environment supervision. We build this on top of the
THOR environment [[146], a physics engine that enables agents to perform contextual interactions
(Fig[6.2) on everyday objects.

Experiments confirm that PIGLET performs well at grounding language with meaning. Given
a sentence describing an action, our model predicts the resulting object states correctly over 80%

of the time, outperforming even a 100x larger model (T5-11B) by over 10%. Likewise, its gener-
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ated natural language is rated by humans as being more correct than equivalently-sized language
models. Last, it can generalize in a ‘zero-shot’ way to objects that it has never read about before in
language.

In summary, we make three key contributions. First, we introduce PIGLET, a model decou-
pling physical and linguistic reasoning. Second, we introduce PIGPEN, to learn and evaluate the
transfer of physical knowledge to the world of language. Third, we perform experiments and

analysis suggesting promising avenues for future work.
6.2 PIGPEN: A Resource for Neuro-Symbolic Language Grounding

We introduce PIGPEN as a setting for learning and evaluating physically grounded language un-
derstanding. An overview is shown in Figure [6.2] The idea is that an agent gets access to an
interactive 3D environment, where it can learn about the world through interaction — for example,
that objects such as a can become if thrown. The goal for a model is to learn
natural language meaning grounded in these interactions.

Task definition. Through interaction, an agent observes the interplay between objects o € O

(represented by their attributes) and actions a € A through the following transition:

{o01,...,0ox} xa = {0],...,0\}. (6.1)
N— N——
0, state pre-action &', state post-action

Actions change the state of a subset of objects: turning on a affects a nearby [Sink/, but
it will not change a on the wall.

To encourage learning from interaction, and not just language, an agent is given a small number
of natural language annotations of transitions. We denote these sentences as sg, describing the state
pre-action, s, the action, and sz the state post-action respectively. During evaluation, an agent will
sometimes encounter new objects o that were not part of the paired training data.

We evaluate the model’s transfer in two ways:

a. PIGPEN-NLU. A model is given object states 6, and an English sentence s, describing an

action. It must predict the grounded object states & that result after the action is taken.

b. PIGPEN-NLG. A model is given object states 0 and a literal action a. It must generate a
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sentence sz describing the state post-action.

We next describe our environment, feature representation, and language annotation process.

6.2.1 Environment: THOR

We use AI2-THOR as an environment for this task [146]. In THOR, a robotic agent can navigate
around and perform rich contextual interactions with objects in a house. For instance, it can grab
an Apple, slice it, put it in a Fridge), drop it, and so on. The state of the [Applel, such as
whether it is sliced or cold, changes accordingly; this is not possible in many other environments.

In this work, we use the underlying THOR simulator as a proxy for grounded meaning. Within
THOR, it can be seen as a ‘complete’ meaning representation [16], as it fully specifies the kind of
grounding a model can expect in its perception within THOR.

Objects. The underlying THOR representation of each object o is in terms of 42 attributes.
We treat these attributes as words specific to an attribute-level dictionary; for example, the temper-
ature is one of three possible values for an object’s temperature; the others being and
RoomTemp.

Actions. An action a in THOR is a function that takes up to two objects as arguments. Actions
are highly contextual, affecting not only the arguments but potentially other objects in the scene
(Figure[6.2). We also treat action names as words in a dictionary.

Filtering out background objects. Most actions change the state of only a few objects, yet
there can be many objects in a scene. We keep annotation and computation tractable by having
models predict (and humans annotate) possible changes of at most two key objects in the scene.
As knowing when an object doesn’t change is also important, we include non-changing objects if
fewer than two change.

Exploration. Any way of exploring the environment is valid for our task, however, we found
that exploring intentionally was needed to yield good coverage of interesting states. Similar to
prior work for instruction following [24 1], we designed an oracle to collect diverse and interesting

trajectories {6, a,d }. Our oracle randomly selects one of ten high level tasks. These in turn

require randomly choosing objects in the scene; e.g. a Vasel and a [Laptop| in Figure[6.2] We
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randomize the manner in which the oracle performs the task to discover diverse situations.
In total, we sampled 20k trajectories. From these we extracted 280k transitions (Eqn [6.1]'s)

where at least one object changes state, for training.

6.2.2 Annotating Interactions with Language
Data Selection for Annotation

We select 2k action state-changes from trajectories held out from the training set. We select them
while also balancing the distribution of action types to ensure broad coverage in the final dataset.
We are also interested in a model’s ability to generalize to new object categories — beyond what it
has read about, or observed in a training set. We thus select 30 objects to be “unseen,” and exclude
these from paired environment-language training data. We sample 500 state transitions, containing

only “seen” objects to be the training set; we use 500 for validation and 1000 for testing.

Natural Language Annotation

Workers on Mechanical Turk were shown an environment in THOR before and after a given action
a. Each view contains the THOR attributes of the two key objects. Workers then wrote three
English sentences, corresponding to sg, Sq, and sy respectively. Workers were instructed to write
at a particular level of detail: enough so that a reader could infer “what happens next” from sz and

Sq, yet without mentioning redundant attributes.
6.3 Modeling PIGLET

In this section, we describe our PIGLET model. First, we learn a neural physical dynamics model
from interactions, and second, integrate with a pretrained model of language form.
6.3.1 Modeling Physical Dynamics

We take a neural, auto-encoder style approach to model world dynamics. An object o gets encoded

as a vector h, € R%. The model likewise encodes an action a as a vector h, € R%, using
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Figure 6.3: PIGLET architecture. We pretrain a model of physical world dynamics by learning to
transform objects 6 and actions a into new updated objects 6". Our underlying world dynamics
model — the encoder, the decoder, and the action application module, can augment a language

model with grounded commonsense knowledge.

it to manipulate the hidden states of all objects. The model can then decode any object hidden

representation back into a symbolic form.

Object Encoder and Decoder

We use a Transformer [261] to encode objects into vectors o € R%, and then another to decode
from this representation.

Encoder. Objects o are provided to the encoder as a set of attributes, with categories cy, ..., ¢,.
Each attribute ¢ has its own vocabulary and embedding E.. For each object o, we first embed all
the attributes separately and feed the result into a Transformer encoder 7,.. This gives us (with

position embeddings omitted for clarity):
By = Tene (Er(01), .- Be, (00,)) 6.2)
Decoder. We can then convert back into the original symbolic representation through a left-to-right

Transformer decoder, which predicts attributes one-by-one from ¢; to ¢,,. This captures the inherent

correlation between attributes, while making no independence assumptions. The probability of
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predicting the next attribute o, , is then given by:

P00 1 /Bos 0)=Tace(B0.Bi(01), .. Ee 0 (6.3)

Modeling actions as functions

We treat actions a as functions that transform the state of all objects in the scene. Actions in
our environment take at most two arguments, so we embed the action a and the names of its
arguments, concatenate them, and pass the result through a multilayer perceptron; yielding a vector
representation hy,.

Applying Actions. We use the encoded action h,, to transform all objects in the scene, obtain-
ing updated representations h,, for each one. We take a global approach, jointly transforming all
objects. This takes into account that interactions are contextual: turning on a might fill
up a if and only if there is one beneath it.

Letting the observed objects in the interaction be o, and o,, with encodings h,, and h,, re-

spectively, we model the transformation via the following multilayer perceptron:
By, o] = MLPpiy ([, Doy By ). (6.4)

The result can be decoded into symbolic form using the object decoder (Equation [6.3).

Loss function and training

We train our dynamics model on (6,a,8") transitions. The model primarily learns by running 6,a
through the model, predicting the updated output state h,, and minimizing the cross-entropy of
generating attributes of the real changed object 6'. We also regularize the model by encoding
objects 6,6 and having the model learn to reconstruct them. We weight all these cross-entropy

losses equally. Our architecture uses 3-layer Transformers, totalling 17M parameters.

6.3.2 Language Grounding

After pretraining our physical dynamics model, we integrate it with a Transformer Language Model

(LM). In our framework, the role of the LM will be to both encode natural language sentences of
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actions into a hidden state approximating h,, as well as summarizing the result of an interaction
(6,a,0") in natural language.

Choice of LM. Our framework is compatible with any language model. However, to explore
the impact of pretraining data on grounding later in this paper, we pretrain our own with an identical
architecture to the smallest GPT2 (Radford et al. [213]; 117M). To handle both classification and
generation well, we mask only part of the attention weights out, allowing the model to encode a
“prefix” bidirectionally; it generates subsequent tokens left-to-right [65]. We pretrain the model on
Wikipedia and books.

We next discuss architectural details of performing the language transfer, along with optimiza-

tion.

Transfer Architecture

English actions to vector form. Given a natural language description s, of an action a, like
“The robot throws the vase,” for PIGPEN-NLU, our model will learn to parse this sentence into a
neural representation h,, so the dynamics model can simulate the result. We do this by encoding
Sq through our language model, T ,;, with a learned linear transformation over the resulting
(bidirectional) encoding. The resulting vector hg, can then be used by Equation
Summarizing the result of an action. For PIGPEN-NLG, our model simulates the result of
an action a neurally, resulting in a predicted hidden state h,, for each object in the scene o. To write
an English summary describing “what changed,” we first learn a lightweight fused representation
of the transition, aggregating the initial and final states, along with the action, through a multilayer

perceptron. For each object o, we have:

hAOi = MLPA([hOm ﬁoil7 ha])' (6.5)

We then use the sequence [ha,,, hao,| as bidirectional context for our our LM to decode from.
Additionally, since our test set includes novel objects not seen in training, we provide the names

of the objects as additional context for the LM generator (e.g. ‘Vase, Laptop’); this allows a LM
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to copy those names over rather than hallucinate wrong ones. Importantly we only provide the
surface-form names, not underlying information about these objects or their usage as with few-
shot scenarios in the recent GPT-3 experiments [33] — necessitating that PIGLET learns what

these names mean through interaction.

Loss functions and training.

Modeling text generation allows us to incorporate a new loss function, that of minimizing the

log-likelihood of generating each s given previous words and the result of Equation[6.5}

post

p(5i+1|55/,1n‘> = TLM(hA017 hA027 867’112')- (66)

We do the same for the object states sz pre-action, using h,, as the corresponding hidden states.
For PIGPEN-NLU, where no generation is needed, optimizing Equation [6.5]is not strictly nec-
essary. However, as we will show later, it helps provide additional signal to the model, improving

overall accuracy by several percentage points.

6.4 Experiments

We test our model’s ability to encode language into a grounded form (PIGPEN-NLU), and decode
that grounded form into language (PIGPEN-NLG).

6.4.1 PIGPEN-NLU Results.

We first evaluate models by their performance on PIGPEN-NLU: given objects o, and a sentence

84 describing an action, a model must predict the resulting state of objects 6'. We primarily

evaluate models by accuracy; scoring how many objects for which they got all attributes correct.

We compare with the following strong baselines:

a. No Change: this baseline copies the initial state of all objects & as the final state &'

b. GPT3-175B [33], a very large language model for ‘few-shot’ learning using a prompt. For
GPT3, and other text-to-text models, we encode and decode the symbolic object states in a

JSON-style dictionary format.
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Accuracy (%)
Attribute-level accuracy (Test-Overall, %)

Model Test
Val size  distance mass Temperature isBroken
Overall Seen Unseen
8-way  8-way  8-way 3-way boolean
No Change 274 255 29.9 24.0
83.2 84.1 96.3 86.0 94.8
GPT3-175B [33] 23.8 224 22.4 21.4
73.7 71.0 89.5 84.2 94.7
T5-11B [215] 68.5 642 79.5 59.1
% 83.9 88.9 94.3 95.4 98.1
< T5-3B 66.6 63.3 77.1 58.7
2 81.6 90.0 94.0 95.6 98.4
% T5-Large 56.5 54.1 69.2 49.1
8 81.8 84.6 94.3 96.3 95.8
T5-Base 56.0 539 69.2 48.8
81.1 87.5 93.6 96.1 96.5
T5-Small 399 36.2 57.0 38.0
82.2 84.9 93.8 89.6 93.5
Alberti et al.2019| Pretrained Dy- 61.3 53.9 71.4 48.1
= i 87.7 87.6 97.5 93.4 97.5
% hamics
= 53.4 43.6 84.0 88.1 95.1
% Alberti et al.2019 9.7 6.8 16.2 3.7
m 83.0 86.9 94.0 93.7 97.4
G&D2019| Pretrained Dynamics 43.8 353 60.9 26.9
68.6 473 82.2 88.3 95.8
G&D2019 15.1 11.3 23.1 7.3
92.3 91.9 99.2 99.8 99.0
PIGLET 81.8 81.1 83.8 80.2

Table 6.1: Overall results. Left: we show the model accuracies at predicting all attributes of
an object correctly. We compare PIGLET with ‘text-to-text’ approaches that represent the object
states as a string, along with BERT-style approaches with additional machinery to encode inputs
or decode outputs. PIGLET outperforms a TS model 100x its size (11B params) and shows gains
over the BERT-style models that also model action dynamics through a language transformer.
Right: we show several attribute-level accuracies, along with the number of categories per at-
tribute; PIGLET outperforms baselines by over 4 points for some attributes such as size and dis-

tance.
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c. T5[215]. With this model, we use the same ‘text-to-text’ format, however here we train it on
the paired data from PIGPEN. We consider varying sizes of TS, from T5-Small — the closest
in size to PIGLET, up until T5-11B, roughly 100x the size.

d. [11]-style. This paper originally proposed a model for VCR [305)], where grounded visual
information is fed into a BERT model as tokens; the transformer performs the grounded rea-
soning. We adapt it for our task by using our base LM and feeding in object representations
from our pretrained object encoder, also as tokens. Our object decoder predicts the object,
given the LM’s pooled hidden state. This is “pretrained dynamics,” we also consider a version
without a randomly initialized dynamics model.

e. [99]-style. Thiso paper proposes using Transformers to model physical state, for tasks like
entity tracking in recipes. Here, the authors propose decoding a physical state attribute (like
isCooked]) by feeding the model a label-specific [CLS] token, and then mapping the result

through a hidden layer. We do this and use a similar object encoder as our [11]-style baseline.

Results. From the results (Table[6.1), we can draw several patterns. Our model, PIGLET per-
forms best at getting all attributes correct; doing so over 80% on both validation and test sets, even
for novel objects not seen during training. The next closest model is T5-11B, which scores 68%
on validation. Though when evaluated on objects ‘seen’ during training it gets 77%, that number
drops by over 18% for unseen objects. On the other hand, PIGLET has a modest gap of 3%. This
suggests that our approach is particularly effective at connecting unpaired language and world rep-
resentations. At the other extreme, GPT3 does poorly in its ‘few-shot’ setting, suggesting that size

is no replacement for grounded supervision.

PIGLET also outperforms ‘BERT style’ approaches that control for the same language model
architecture, but perform the physical reasoning inside the language transformer rather than as a
separate model. Performance drops when the physical decoder must be learned from few paired
examples (as in Gupta and Durrett [99]); it drops even further when neither model is given access
to our pretrained dynamics model, with both baselines then underperforming ‘No Change.” This

suggests that our approach of having a physical reasoning model outside of an LM is a good
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Model Accuracy (val; %)
PIGLET, No Pretraining 10.4
PIGLET, Non-global MLP,;y 72.0
PIGLET, Global MLP,,y 78.5
PIGLET, Global MLP,,y, Gen. loss 81.8
PIGLET, Symbols Only (Upper Bound) 89.3

Table 6.2: Ablation study on PIGPEN-NLU’s validation set. Our model improves 6% by modeling
global dynamics of all objects in the scene, versus applying actions to single objects in isolation.

We improve another 3% by adding an auxiliary generation loss.

inductive bias.

Ablation study

In Table [6.2] we present an ablation study of PIGLET’s components. Of note, by using a global
representation of objects in the world (Equation [6.4), we get over 6% improvement over a local
representation where objects are manipulated independently. We get another 3% boost by adding
a generation loss, suggesting that learning to generate summaries helps the model better connect
the world to language. Last, we benchmark how much headroom there is on PIGPEN-NLU by
evaluating model performance on a ‘symbols only’ version of the task, where the symbolic action
a is given explicitly to our dynamics model. This upper bound is roughly 7% higher than PIGLET,

suggesting space for future work.

6.4.2 PIGPEN-NLG Results

Next, we turn to PIGPEN-NLG: given objects 0, and the literal next action a, a model must

generate a sentence sy describing what will change in the scene. We compare with the following
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BLEU BERTScore Human est [-1, 1))

Model

Val Test Val Test Fluency Faithfulness
T5 46.6 43.4 | 82.2 81.0 | 0.82 0.15
LM Baseline 44.6 39.7 || 81.6 78.8 || 0.91 -0.13
PIGLET 49.0 43.9 || 83.6 81.3 || 0.92 0.22
Human 445 45.6 || 82.6 83.3 | 0.94 0.71

Table 6.3: Text generation results on PIGPEN-NLG, showing models of roughly equivalent size
(up to 117M parameters). Our PIGLET outperforms the LM baseline (using the same architecture
but omitting the physical reasoning component) by 4 BLEU points, 2 BERTScore F} points, and

0.35 points in a human evaluation of language faithfulness to the actual scene.

baselines:

a. T5. We use a TS model that is given a JSON-style dictionary representation of both 6 and a, it
is finetuned to generate summaries sy .

b. LM Baseline. We feed our LM hidden states h,, from our pretrained encoder, along with its
representation of a. The key difference between it and PIGLET is that we do not allow it to

simulate neurally what might happen next — MLP,, is never used here.

Size matters. Arguably the most important factor controlling the fluency of a language generator
is its size [137]]. Since our LM could also be scaled up to arbitrary size, we control for size in our
experiments and only consider models the size of GPT2-base (117M) or smaller; we thus compare

against T5-small as T5-Base has 220M parameters.

Evaluation metrics. We evaluate models over the validation and test sets. We consider three
main evaluation metrics: BLEU [199] with two references, the recently proposed BERTScore
[317], and conduct a human evaluation. Humans rate both the fluency of post-action text, as well

as its faithfulness to true action result, on a scale from —1 to 1.

Results. We show our results in Table Of note, PIGLET is competitive with T5 and sig-
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Figure 6.4: Qualitative examples. Our model PIGLET reliably predicts what might happen next
(like the Mug becoming empty in Row 1), in a structured and explicit way. However, it often
struggles at generating sentences for unseen objects like Mug that are excluded from the training
set. T5 struggles to predict these changes, for example, it seems to suggest that emptying the Mug

causes all containers in the scene to become empty.

nificantly outperforms the pure LM baseline, which uses a pretrained encoder for object states, yet
has the physical simulation piece MLP,,, removed. This suggests that simulating world dynamics
not only allows the model to predict what might happen next, it leads to more faithful generation
as well.

6.5 Analysis

6.5.1 Qualitative examples.

We show two qualitative examples in Figure[6.4] covering both PIGPEN-NLU as well as PIGPEN-
NLG. In the first row, the robot empties a held that is filled with water. PIGLET gets the
state, and generates a faithful sentence summarizing that the mug becomes empty. T5 struggles

somewhat, emptying the water from both the and the (irrelevant) [Sink|. It also generates
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Figure 6.5: PIGPEN-NLU performance of a zero-shot PIGLET, that was pretrained on Books
and Wikipedia without reading any words of our ‘unseen’ objects like ‘mug.’ It outperforms a
much bigger T5-11B overall, though is in turn beaten by PIGLET on unseen objects like ‘Sink’

and ‘Microwave.’

text saying that the Sink becomes empty, instead of the Mug.

In the second row, PIGLET correctly predicts the next object states, but its generated text is
incomplete — it should also write that the mug becomes filled wtih Coffee. T5 makes the same
mistake in generation, and it also underpredicts the state changes, omitting all changes to the Mug|.

We suspect that TS struggles here in part because is an unseen object. TS5 only expe-
riences it through language-only pretraining, but this might not be enough for a fully grounded

representation.

6.5.2 Representing novel words

The language models that perform best today are trained on massive datasets of text. However,
this has unintended consequences [23]] and it is unlike how children learn language, with children
learning novel words from experience [35)]. The large scale of our pretraining datasets might
allow models to learn to perform physical-commonsense like tasks for wrong reasons, overfitting

to surface patterns rather than learning meaningful grounding.

We investigate the extent of this by training a ‘zero-shot’ version of our backbone LM on
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Wikipedia and books — the only difference is that we explicitly exclude all mentioned sentences
containing one of our “unseen” object categories. In this setting, not only must PIGLET learn to
ground words like ‘mug,” it must do so without having seen the word ‘mug’ during pretraining.
This is significant because we count over 20k instances of ‘Mug’ words (including morphology) in
our dataset.

We show results in Figure [6.5] A version of PIGLET with the zero-shot LM does surpris-
ingly well — achieving 80% accuracy at predicting the state changes for “Mug” — despite never
having been pretrained on one before. This even outperforms T5 at the overall task. Nevertheless,
PIGLET outperforms it by roughly 7% at unseen objects, with notable gains of over 10% on highly
dynamic objects like Toasterls and [Sinkls.

6.6 Related Work

Grounded commonsense reasoning. In this work, we study language grounding and common-
sense reasoning at the representation and concept level. The aim is to train models that learn to
acquire concepts more like humans, rather than performing well on a downstream task that (for
humans) requires commonsense reasoning. Thus, this work is somewhat different versus other 3D
embodied tasks like QA [91, 56]], along with past work for measuring such grounded common-
sense reasoning, like SWAG, HellaSWAG, and VCR [303} 306, 305]]. The knowledge covered is
different, as it is self-contained within THOR. While VCR, for instance, includes lots of visual sit-
uations about what people are doing, this thesis section focuses on learning the physical properties
of objects.

Zero-shot generalization. There has been a lot of past work involved with learning ‘zero-shot’:
often learning about the grounded world in language, and transferring that knowledge to vision.
Techniques for this include looking at word embeddings [77] and dictionary definitions [302].
In this work, we propose the inverse. This approach was used to learn better word embeddings
[101] or semantic tuples [288], but we consider learning a component to be plugged into a deep
Transformer language model.

Past work evaluating these types of zero-shot generalization have also looked into how well
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models can compose concepts in language together [[156, 227]. Our work considers elements of
compositionality through grounded transfer. For example, in PIGPEN-NLG, models must generate
sentences about the equivalent of dropping a ‘dax’, despite never having seen one before. However,
our work is also contextual, in that the outcome of ‘dropping a dax’ might depend on external
attributes (like how high we’re dropping it from).

Structured Models for Attributes and Objects. The idea of modeling actions as functions
that transform objects has been explored in the computer vision space [274]. Past work has also
built formal structured models for connecting vision and language [186, 150]], we take a neural ap-
proach and connect today’s best models of language form to similarly neural models of a simulated
environment.

Past work has also looked into training neural models for a target domain — similar to our
factorized model for physical interaction. For example, [167] and [79] learn pretrained models for
an instruction-following task in a blocks world, also using an autoencoder formulation. Our goal in
this work is somewhat different: we are interested in learning physical reasoning about everyday
objects, that might be discussed loosely in language (but with recurring issues of reporting bias
[93]]). We thus build a model that can be tied in with a pretrained language model, while also
exhibiting generalization to new objects (that were not mentioned in language). We compare our
model to today’s largest language models that learn from text alone, and find better performance

despite having 100x fewer parameters.

6.7 Conclusion

In this section of the thesis, we presented an approach PIGLET for jointly modeling language form
and meaning. We presented a testbed PIGPEN for evaluating our model, which performs well at

grounding language to the (simulated) world.
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Chapter 7

LANGUAGE-AND-VISION NEURAL SCRIPT KNOWLEDGE MODELS,
(MERLOT)

This chapter contains material that was originally published in [311]].

B st [ e |

MERIOT
L onto before he leaves?
——

Commonsense
Single-Image QA

—— »=3

Figure 7.1: Multimodal Event Representation Learning Over Time. We learn representations of
multimodal script knowledge from 6 million YouTube videos. These representations can then be

applied to a variety of downstream tasks that require commonsense or temporal visual reasoning.

7.1 Introduction

The human capacity for commonsense reasoning is shaped by how we experience causes and
effects over time. Consider the still image of people dining at a restaurant in the bottom right
of Figure [T.I} while a literal, concrete description like “people sitting at a table eating” might
be technically correct for the static scene, it doesn’t capture the richer temporal, commonsense
inferences that are nonetheless obvious: before sitting down, the people had to meet up, agree
where to go, and enter the restaurant; at present, the man is pointing because the server just came
to the table, and she might want to know whose food is whose; and after, it is likely the server will
return to the kitchen to help another table.

Teaching machines this type of script knowledge [229] is a significant challenge in no small

part because enumerating all facts, inferences, and counterfactuals is prohibitive. As a result, the
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highest performing models on vision-and-language tasks, including Visual Commonsense Reason-
ing (VCR) (where Figure [7.'s scene originates from), learn about the visual world exclusively
through static images paired with literal captions [251, 43, 169, 179, 293, 80]. Though some cap-
tions might hint at the past and future, it is not obvious that even training on, e.g., 400M literal
image/text pairs [214] will result in models capable of temporal reasoning.

In this thesis section, we introduce MERLOT, short for Multimodal Event Representation
Learning Over Time. MERLOT is a model that learns commonsense representations of multi-
modal events by self-supervised pretraining over 6M unlabelled YouTube videos. With the goal
of learning multimodal reasoning capacity beyond static images/literal captions, we train MER-
LOT to a) match individual video frames with contextualized representations of the associated
transcripts, and to b), contextualize those frame-level representations over time by “unmasking"
distant word-level corruptions [61] and reordering scrambled video frames.

We validate our model on a diverse suite of video tasks, requiring both recognition- and
cognition-level reasoning across long and short timescales; when finetuned, MERLOT achieves a
new state-of-the-art on 12 such tasks. Additionally, we show that our script-knowledge represen-
tations transfer to the single image domain. On Visual Commonsense Reasoning (VCR; [3035]),
our model achieves particularly strong performance, outperforming models that require heavy vi-
sual supervision (in the form of object detection bounding boxes, or images paired with pristine
captions).

Beyond finetuning, we show both quantitatively and qualitatively that MERLOT has a strong
out-of-the-box understanding of everyday events and situations. Given a scrambled visual story,
[126, 4], MERLOT can sort image sequences to match captions which tell a globally coherent
narrative. Despite considerable domain shift from videos to static images, MERLOT outperforms
strong baselines like CLIP [214] and UNITER [43], which independently match images to text
and thus cannot reason over long-term contexts as effectively. This capacity for temporal coher-
ence emerges during pretraining: analysis of MERLOT’s attention patterns (Figure ??) show that
regions attend to captions that are distant in time (and vice versa), allowing it perform cross-modal

coreference to piece together a holistic view of situations.
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Finally, ablations of MERLOT show that 1) pretraining works better when we train on videos
rather than still images, aided crucially by our strategy of corrupting highly visual words in the
masked language modeling task, 2) using a diverse set of videos covering many aspects of every-
day situations improves downstream performance compared to curated instructional video corpora
[250, [188] which both cover a smaller slice of the visual world (confirming hypotheses from past
work [118]]); and 3) MERLOT’s performance does not saturate even after many epochs of training
on the pretraining corpus we curated, YT-Temporal-180M, as it continues to improve performance
simply with more pretraining. The combination of these results suggests that learning full-stack
visual reasoning and multimodal world knowledge from video data is a promising path forward for
future research.

In summary, our main contributions in this section of the thesis are:

1. MERLOT a performant end-to-end vision and language model, that learns powerful multi-
modal world representations from videos and their transcripts — using no labeled data.
2. YT-Temporal-180M, a diverse corpus of frames/ASR derived from a filtered set of 6M diverse

YouTube videos, which we show greatly aids performance, and
3. A set of experiments/ablations demonstrating the strong performance of MERLOT on a set of

14 tasks, spanning finetuning and zero-shot transfer, and images and videos.
Atrowanzellers.com/merlot, we have released code, data, and models for public research
use. By the way, if you’ve made it this far in reading my thesis, let me know and I’ll buy or make
you a coffee sometime! Otherwise no worries, I can’t say I did that much besides putting all the

papers in a giant IATEX document! On with our regular scheduled programming...

7.2 Related Work

7.2.1 Joint representations of written text and images

There is a long history of work on learning joint text-image representations [24]. Recently, several
papers have proposed “Visual BERT” models (251} 43, 11} (169, 179, 293) 80], trained on image

captioning datasets such as MSCOCO [171]. In general, features are extracted using Anderson
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et al. [14]’s frozen object detector, which was originally trained on Visual Genome [149]]. Some
exceptions are Zhang et al. [315]], who use an even larger object detector trained on more labeled
data; Kim et al. [[141], who use an ImageNet-pretrained backbone [38]], and Shen et al. [237], who
study a CLIP backbone [214]] pretrained on web image-caption pairs.

Overall, these approaches all learn visual representations of static images, and rely on signifi-
cant human annotation in doing so (e.g. through literal image descriptions). Instead, our approach
learns dynamic visual representations purely from videos — their frames, and a transcript of what

is said — thus using no human annotation.

7.2.2  Learning from videos, with automatic speech recognition (ASR) transcripts

Prior works have used web videos with ASR to build weakly-supervised object detectors [211],
action detectors/classifiers [297, 9, (152, [192], instruction aligners [182, |8, 39], video captioners
[233, 117, 197, 239], and visual reference resolvers [125]. Of late, works have sought to learn
multimodal representations transferable to many tasks from uncurated sets of (usually how-to)
videos [188, 249, 250, 1189, [323], 12, [10} |6]]; generally these are applied to video understanding
tasks like activity recognition. One challenge is designing an appropriate objective for learning
video-level representations. Lei et al. [165]’s ClipBERT model learns vision-language represen-
tations from image captions, which more literally describe image content versus the longer ASR
transcripts we consider. Tang et al. [252] use a pretrained dense image captioner [[148] to provide
auxiliary labels for web how-to videos. Both approaches use (supervised) ResNets pretrained on
ImageNet [[108]] as their visual backbones. MERLOT is trained using a combination of objectives
requiring no manual supervision; it nonetheless outperforms both prior approaches on downstream

tasks.

7.2.3  Temporal ordering and forecasting

There has been a large body of work on analyzing ‘what happens next’ in videos [144]. Some

modeling choices include using pixels [73) 266]], graphs [20], euclidean distance using sensors
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[S]], or studying cycle consistency across time [/0]. In addition to extrapolation, past work has
studied deshuffling objectives in videos [190, 277], though this has mostly been limited to the
visual modality. In contrast to these papers, our goal in this part of the thesis is learning multimodal
script knowledge representations: using both language and vision as complementary views into the

world, instead of just tracking what changes on-screen.

7.3 MERLOT: Multimodal Event Representation Learning Over Time

We now present our unified model for learning script knowledge through web videos; including

our pretraining dataset, architecture, and objectives.

7.3.1 YT-Temporal-180M

We collect YT-Temporal-180M, a dataset for learning multimodal script knowledge, derived from
6 million public YouTube videos. Our YT-Temporal-180M intentionally spans many domains,
datasets, and topics. We began with 27 million candidate video IDs (which we then filtered),
including instructional videos from HowTol00M [188]], lifestyle vlogs of everyday events from
the VLOG dataset [75]], and YouTube’s auto-suggested videos for popular topics like ‘science’ or
‘home improvement.” Our intent (in making the corpus as diverse as possible) was to encourage the
model to learn about a broad range of objects, actions, and scenes [118]]: we will later show through
an ablation that limiting our pretraining to only instructional videos indeed hurts performance
downstream.

We filtered videos using the YouTube API, which provides access to videos themselves, their
ASR track (automatically transcribed speech tokens), and other metadata. We discard videos 1)
without an English ASR track; 2) that are over 20 minutes long; 3) that belong to visually “un-
grounded" categories like video game commentaries; and 4) that have thumbnails unlikely to
contain objects, according to a lightweight image classifier. We add punctuation to the ASR by
applying a sequence-to-sequence model trained to add punctuation to sentences/paragraphs from

news articles.
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Figure 7.2: Left: MERLOT learns to match contextualized captions with their corresponding
video frames. Right: the same image encoding is provided, along with (masked) word embed-
dings, into a joint vision-language Transformer model; it then unmasks ground words (like ‘saw’

in this example) and puts scrambled video frames into the correct order.

Each video V might contain thousands of frames. In this work, we represent a video V as a
sequence of consecutive video segments {s, }. Each segment s; consists of:
a. animage frame I,, extracted from the middle timestep of the segment,
b.
To split the videos into segments, we byte-pair-encode (BPE; 213]]) each video transcript

the words w; spoken during the segment, with a total length of L tokens.

and align tokens with YouTube’s word-level timestamps. This enables us to split the videos into

segments of L=32 BPE tokens each; our final dataset has 180 million segments of this form.

7.3.2 MERLOT Architecture

A diagram of MERLOT is given in Figure MERLOT takes a sequence of video frames {s; }
as input. We encode each frame I; using an image encoder, embed the words w; using a learned

embedding, and jointly encode both using a Transformer [261]]. After pretraining, the architecture



101

can be applied to a variety of vision-and-language tasks with minimal modification. For video QA,
for example, we pass several video frames to the image encoder, the question to the text encoder,
and extract a single vector representation from the CLS token position. For each task, we learn a
lightweight classification head mapping from this hidden state to the task’s label space.

Image encoder. We train our image encoder end-to-end, alongside the rest of the model,
from random initialization (thus without learning from supervised data). While most performant
vision-and-language models pre-extract features from a (supervised) object detector [251, 169,
179}, 43| 168]], for the sake of pre-training efficiency we use a grid-based hybrid ResNet/Vision
Transformer!T]

Specifically: our encoder uses a ResNet-50 backbone, followed by a 12-layer, 768-dimensional
Vision Transformer [108, 261, 67]]. We made additional modifications that improve efficiency, in-
cluding: 1) we trained on smaller, widescreen images of size 192x352 (because most YouTube
videos are widescreen) using a patch size of 16x16 pixels; 2) we mirror [67]]’s alterations of remov-
ing the C5 block in ResNet-50; and 3) we save compute further by average-pooling the final-layer
region cells using a kernel size of 2 x 2. With these modifications, our image encoder requires 40
gigaFLOPs for a forward pass, which is 2% of the 2 teraFLOPs required for the Faster-RCNN.

In summary: given an image of size W x H, the image encoder will output a W/32x H/32
feature map, along with two CcLs hidden states: one for pooling a global representation of the
image, and another for pretraining (Task [L)).

Joint Vision-Language Encoder. The joint encoder is a 12-layer, 768-dimensional Trans-
former [261], mirroring the RoBERTa base architecture [175]; we initialize it with pretrained
RoBERTa weights. To compute joint representations, we first embed the tokens {w,} via lookup,
and then add position embeddings to both language and vision components (i.e., {I;}). The po-
sition embeddings differ between different segments, so as to distinguish between images and

captions at different timesteps. Finally, we pass the independent visual and textual feature maps to

!'Standard object detectors have expensive operations for proposing regions, and extracting features from those
regions (Rol-pooling); our grid approach avoids these. Recent work has proposed using ‘grid features’ broadly
[[133], yet on tasks like VCR these approaches have so far underperformed the more expensive object detector
backbones [305]); our results suggest that ‘grid features’ can perform well broadly.
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our joint encoder.
The tokens w, in each segment begin with a CLS token; recall that the feature maps for each
frame I, start with one as well. At those positions, we will later pool final-layer hidden-state

representations, for use in pretraining along with downstream tasks.

7.3.3  Pretraining Tasks and Objectives

We use the following three objectives to pretrain MERLOT, that cover ‘full-stack’ visual reason-
ing — from recognition subtasks (like object detection) that operate at the frame level, to more

‘cognitive’ tasks that operate at the video level.

1. Contrastive frame-transcript matching [318] 214]. We want to ensure that the underlying
image encoder produces helpful image representations. Thus, we use the video transcript to
compute a ‘language-only’ representation of each video segment; and use a contrastive loss to
maximize its similarity to corresponding representations from the image encoderE]

Unlike what is the case for many image captions, the words w; in each segment are often not
sufficient to describe the gist of I, or even what the key objects might be — for that, video-level
contextualization is often required. We thus pass the entire transcript into the language-only

encoder, which then extracts hidden states for each segment at the segment-level CLS tokens.

Given matching representations for each frame I, and caption w; as positive examples, the
negative examples come from all other frame-caption pairs in the batch — whether or not they
come from the same video. We project both of these representations into a size-768 hidden state
which is then unit-L2-normalized, and compute an all-pairs dot-product between all image and
text representations. We divide these logits by a temperature of 7 = 0.05, and then apply a

pairwise cross entropy loss to encourage matching captions and frames.

2. (Attention) Masked Language Modeling When providing words into the joint vision-and-

language encoder, we randomly replace 20% with a MASK token, a random word, or the same

>To save memory, our ‘language-only encoder’ for this subtask shares parameters with the joint vision-and-
language encoder.
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word; MERLOT must then reconstruct the correct word with a cross-entropy loss, following
[61].

This approach is commonly used by ‘visual BERT’ models in the image captioning domain,
where captions are concise, and thus the identity of masked concrete words is difficult for
models to recover given language context alone. However, we observed qualitatively that
videos break these assumptions: people tend to ramble, and often mention key objects multiple
times. Thus, applying vanilla BERT-style masking often causes ungrounded fillers like ‘umm’
or ‘yeah’ to get masked, while the (repeated) names of important objects are often partially

masked, penalizing the learning of multimodal representations.

We introduce a simple solution to this problem, that we call attention masking: we use at-
tention weights from a language-only transformer (introduced in the previous objective) as a
heuristic for which words are grounded. 50% of the time, we mask out a random token; the
other 50% of the time, we mask out one of the top 20% most-attended-to-tokens. We then ap-
ply SpanBERT masking [[135], randomly corrupting the following or preceding tokens with an
average length of 0.5 tokens in each direction; this makes it harder for models to over-rely on

BPE artifacts. We show in ablations that this improves performance.

. Temporal Reordering. We have the model order the image frames in a video, forcing it to
explicitly learn temporal reasoning and giving it an interface to measure such temporal reason-
ing. Here, 40% of the time, we randomly pick an integer ¢ between 2 and /N (the number of
segments provided to the joint encoder). Then we randomly scramble 7 video frames chosen at
random, by replacing the segment-level position embeddings (e.g. [image_t]) for that frame
with a random and unique position embedding, e.g. [image_unk_0]). These random position
embeddings are learned, and separate from the ‘unshuffled’ position embeddings. This allows
the model to order each ‘shuffled’ frame conditioned on frames provided in the correct order (if
any).

To compute the reordering loss, we extract hidden states from each frame at the CLS token

position. For each pair of frames, we concatenate their hidden states %, and h;; and pass the
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result through a two-layer MLP, predicting if ¢; < t; or t; > t;. We optimize this using a

cross-entropy loss.

7.3.4  Pretraining MERLOT

We pretrain our model for 40 epochs over our video dataset. We preprocess the dataset into exam-
ples with sequences of N=16 video segments each, each containing up to L=32 BPE tokensE] The
language-only encoder computes contrastive representations given this entire sequence, its total
length is thus 512 tokens. To save memory, we provide the joint vision-language encoder 4 groups
of N = 4 segments each. At an image training resolution of 192 x 352, the joint model’s sequence
length is 396 tokens. To combine the losses, we multiply the contrastive loss by a coefficient of
0.25, which we found scaled its gradient magnitudes to roughly the same magnitude as the Mask
LM loss.

We train the model using a v3-1024 TPU pod, at a batch size of 1024 sequences (or 16k

segments) in total. This pretraining process on this hardware takes 30 hours.

7.4 Experiments: Transferring MERLOT to Downstream Tasks

In this section, we explore MERLOT on 14 different tasks, covering vision-language reasoning
on static images as well as videos; we present analysis and ablations to dig deeper into our perfor-

mance.

7.4.1 Image tasks

VCR. We consider VCR [305]], a task and dataset where models must answer commonsense Vi-
sual questions about images. These questions, about e.g. ‘what might happen next’ or ‘what are
people’s intentions,” force MERLOT to transfer video-level understanding to the world of single

images.

3To train the model on as much data as possible, we merged together the segments of short videos, and split up
longer videos, such that all preprocessed examples in our dataset have exactly N=16 video segments.
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Q—A QA—R Q—AR
ViLBERT [179] 733 746 548
Unicoder-VL [168] 734 744 549
VLBERT [169] 73.8 744 552
UNITER [43] 750 772 582
VILLA [80] 764 79.1  60.6
ERNIE-ViL [293] 770 803  62.1
MERLOT (base-sized)| 80.6 804  65.1

Table 7.1: Results on VCR [305]. We compare against SOTA models of the same ‘base’ size as

ours (12-layer vision-and-language Transformers). MERLOT performs best on all metrics.

VCR provides additional ‘referring expression’ information to models in the form of bounding
boxes around named entities. For example, if Personl is referenced in the question, the location
of Personl is also given in the image. We provide this information to models by drawing (in pixel
space) a colored highlight around the referenced entity; this differs from prior works (that integrate
these entities into detection architectures).

Our results on the three VCR settings, in comparison to other models at the same (‘base’) scale,
are given in Table Our model outperforms these other models, that all learn from exclusively
static images (paired with captions and supervised object detections).

Unsupervised ordering of Visual Stories. To probe our model’s ability to do out-of-the-box
commonsense reasoning over events in images, we next consider the Visual Storytelling dataset
[126,[178]]. Each story in this dataset contains five images and captions in a certain order; the order
tells a joint narrative between the captions and the images. Past work has considered unshuffling
image-caption pairs [4]], but we take a slightly different approach in this work to avoid language-
only biases, which can rely on discursive clues to order text [61, 240]. In our formulation, models
are given the captions in sorted order, and must match frames to the captions. Our formulation

disarms language-only baselines, while still allowing us to quantify MERLOT’s capacity for com-
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Spearman Pairwise acc Distance

M) (1) )

CLIP [214] .609 78.7 .638
UNITER [43] .545 75.2 745
MERLOT 733 84.5 498

Table 7.2: Results unscrambling SIND visual stories[[126} 4]. Captions are provided in the correct
order; models must arrange the images temporally. MERLOT performs best on all metrics by

reasoning over the entire story, instead of independently matching images with captions.

monsense temporal reasoning.

We compare MERLOT with two strong out-of-the-box baselines for text-image matching:
CLIP [214], which encodes each caption and image separately and computes similarity through a
dot product, and UNITER [43] which jointly represents each image/caption pair, and is trained in
part using a ‘text-image matching’ objective. We use our temporal reordering loss to find the most
probable ordering of the video frames; for CLIP and UNITER we compute a maximum-weight
bipartite matching [[153] over the pairwise image-text similarity scores.

Results over 5K stories are given in Table MERLOT’s performance in comparison to the
algorithms trained from image-literal caption pairs suggests that, with no fine-tuning, our model
has strong capability to reason about past and future events expressed in collections of temporal

visual stories.

7.4.2  Video Reasoning

We report results on 12 video reasoning tasks: TVQA [162], TVQA(+) [163], VLEP [164],
MSRVTT-QA [284], MSRVTT-Multichoice [298]], LSMDC-Multichoice, LSMDC fill-in-the-blank
QA [255224]], ActivityNetQA [299,[111]], TGIFQA [131], and DramaQA [47]]. We apply MER-

LOT to these tasks in the same way. We sample a sequence of 5 to 7 still frames from each video
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Tasks Split Vid. Length ActBERT [323] ClipBERTs,, [165] SOTA MERLOT
MSRVTT-QA Test Short - 374 41.5 [287] 43.1
MSR-VTT-MC | Test Short 88.2 - 88.2 [323] 90.9
TGIF-Action Test Short - 82.8 82.8 [165] 94.0
TGIF-Transition | Test Short - 87.8 87.8 [[165] 96.2
TGIF-Frame QA | Test Short - 60.3 60.3 [165] 69.5
LSMDC-FiB QA | Test Short 48.6 - 48.6 [323] 52.9
LSMDC-MC Test Short - - 73.5 [298] 81.7
ActivityNetQA | Test Long - - 38.9 [1287] 41.4
Drama-QA Val Long - - 81.0 [140] 814
TVQA Test Long - - 76.2 [140] 78.7
TVQA+ Test Long - - 76.2 [140] 80.9
VLEP Test Long - - 67.5 [164] 68.4

Table 7.3: Comparison with state-of-the-art methods on video reasoning tasks. MERLOT outper-

forms state of the art methods in 12 downstream tasks that involve short and long videos.

clip, initialize new parameters only to map the model’s pooled cLs hidden state into the output

labels, and finetune MERLOT with a softmax cross entropy loss.

As shown in Table for all these datasets MERLOT sets a new state-of-the-art. Given the
diversity of tasks and the strengths of the comparison models, these results provide strong evidence

that MERLOT learned strong multimodal and temporal representations.

7.4.3 Ablations

We present ablations over VCR and TVQA+ to study the effect of several modeling decisions.

Context size. Table shows the effect of varying the number of segments N given to the

joint vision-and-language encoder during pretraining. In the first two rows, we provide only a sin-
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Training setup ‘VCR TVQA+ Training setup ‘VCR TVQA+ ‘ VCR
One segment (N=1) 73.8 75.2 No contrastive V-L loss |57.5 67.6 No boxes 74.8
One segment, attention masking 735 745 No temporal ordering loss|75.5  75.6 YD 0.4
Four segments 741 733 9 All losses 752 758 rawn-on boxes| 79.

9 Four segments, attention masking [75.2 75.8

(a) Context helps together with attention
masking. Pretraining on more segments at once
improves performance, but more context can en-
courage language-only representation learning.
Attention masking counteracts this, giving an ad-

ditional 1 point boost.

Dataset

(b) Contrastive V+L loss is cru- (¢) Drawing on bound-

cial. Removing it makes perfor- ing  boxes  helps,

suggesting  that our

mance drop significantly; the tempo-

ral ordering loss is not as important Model uses it to decode

the ‘referring expres-

for downstream finetuning.

sion’ information (e.g.

Conceptual U COCO
HowTo100M
¥ YT-Temporal-180M

HowTo100M-sized YT-Temporal-180M

YTT180M, raw ASR

(d) Diverse (video) data is important. Applying our architecture to caption
data leads to poor results. Our model performs better on HowTol100M, yet
still below our (more diverse) YT-Temporal-180M, even when controlled for

size. Using raw ASR (vs. denoised ASR) reduces performance.

personl).

VCR # epochs VCR
289 5 epochs 75.2
66.3
75.2 10 epochs 75.9
72.8 20 epochs | 77.0
72.8 30 epochs | 78.5

9 40 epochs| 79.4

(e) Training for longer helps, with
performance increasing monotoni-

cally over training iterations.

Table 7.4: Ablation study on the validation set of VCR question answering () — A) and TVQA+,

in accuraty (%). We put a ? next to the configurations we chose for MERLOT.
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gle video segment (N=1) to the modelﬂ In this limited regime, we find that our ‘attention masking’
approach (preferential masking of tokens that were highly attended-to by the contrastive language-
only encoder) does not outperform a strong baseline of masking spans randomly [135]]. Yet, when
we expand the sequence length to N=4 segments/128 tokens, our masking becomes more effective,
improving by 1 point over the baseline. This supports our hypothesis (Section that text-
only shortcuts become increasingly viable with length, and that our attention-masking approach

counteracts them.

Losses. In Table [7.4b, we ablate the losses. We find that the contrastive frame-transcript
matching loss is crucial to performance, suggesting that an explicit objective is critical for the
(randomly initialized) image backbone to learn visual representations. The temporal ordering loss
appears less critical for downstream tasks; it helps for TVQA but performance drops slightly for
VCR. Thus, we find that it helps primarily as an interface by which we can query the model
about temporal events (i.e. for the story ordering experiments); the model might be learning this

information from other objectives.

Drawing bounding boxes. Table shows the effects of providing grounding information
to VCR models by drawing boxes. Performance drops 5% when they are removed, suggesting that
they help.

Dataset source. In Table [7.4d, we investigate pretraining MERLOT on two datasets beyond
YT-Temporal-180M. First, we train on 3 million static image-caption pairs from Conceptual Cap-
tions [235] combined with MSCOCO [171]; for fair comparison, we train for the same number of
steps as 5 epochs on our dataset. The resulting model achieves 58.9% accuracy on VCR. We sus-
pect this might be due to 1) a smaller context window (Table[7.4h), and 2) overfitting (5 epochs on
YT-Temporal-180M corresponds to 300 epochs on the caption data). Because our vision pipeline

is trained from scratch, the scale of the curated/supervised image pairing corpora is a concern.

We next investigate the impact of video selection, comparing Y'T-Temporal-180M with HowTo100M

[188]. To control for number of videos, we train for an equivalent amount of steps: 5 epochs on

“We keep the effective batch size the same, so that we use 4x the number of sequences at ith the length.
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Some police were at the
The old man was riding His kids were already at top. It was a train
the escalator. He was almost to the top. the top. station. They then got on the bus.

| went to the fair with There were a lot of We got to see a lot of We can't wait to go back
my kids last weekend. people there. They also had a barn. animals. later.

Figure 7.3: Zero-shot story ordering (same setup as Table . MERLOT performs temporal
commonsense reasoning accross frames. In the first row, it uses ‘the old man’ mentioned to identify
the ‘kids’ as parent-aged; in the second, it identifies riding a merry-go-round as an activity that

takes a while.

our dataset, 30 epochs on HowTol100M, and likewise 30 epochs on a ‘HowTol0OOM-sized Y'T-
Temporal-180M’. Using diverse YT-Temporal-180M data vs. only instructional videos improves
VCR performance by 6.5 points. This suggests that the how-to domain is limited in terms of visual
phenomena covered, and that other domains (like web dramas and VLOGs) provide helpful signal

for tasks like VCR [118]]. Using all the data gives an additional 2.4-point performance boost.

Last, we investigate our choice to preprocess the YouTube ASR text with a language model
(adding punctuation, etc); using ‘raw ASR’ instead of this preprocessing reduces performance by

2.4 points.

Pretraining longer. Last, in Table[7.4f, we investigate the effect of pretraining MERLOT for
longer. The performance increases monotonically and doesn’t begin to plateau, which suggests

that had we pretrained MERLOT for even longer, its performance could improve even further.
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7.4.4  Qualitative examples

In Figure we show two qualitative examples of MERLOT’s zero-shot story ordering capabil-
ity. The examples here show that MERLOT has a strong understanding of events, transcending
individual frames. In the first row, it orders the story correctly, performing vision-and-language
coreference across several frames (e.g. frames and captions 2 and 3 use ‘he’ to refer to ‘the old
man’ only mentioned in the first caption). Without resolving this coreference (establishing the sub-
ject as an elderly family member), it seems unlikely that anyone would describe the adults in frame
(3) as ‘kids.” Investigating the attention patterns of MERLOT backs up this claim; they show that
MERLOT frequently addresses video tasks by merging attention across (distant) video segments.

MERLOT gets the second row ‘wrong’, but for an interesting reason. It reverses the order of
frames (3) and (4), which groups the merry-go-round pictures together — even though caption (3)
mentions a barn. This seems to capture the temporal commonsense intuition that people might ride

a merry-go-round for a while, i.e., it is not an atomic event [53]].

7.5 Conclusion, Limitations, and Broader Impacts

We introduced Multimodal Event Representation Learning Over Time (MERLOT). We trained the
model through a combination of self-supervised objectives on 6M YouTube videos, in service of
learning powerful multimodal representations that go beyond single frames. The model achieves
strong performance on tasks requiring event-level reasoning over videos and static images. We
hope that MERLOT can inspire future work for learning vision+language representations in a
more human-like fashion compared to learning from literal captions and their corresponding im-
ages.

There are several potential limitations of MERLOT that would make for promising avenues
of future work, including: 1) exploring finer-grained temporal reasoning pretraining objectives vs.
frame ordering e.g., a temporal frame localization within transcripts; and 2) learning multilingually
from non-English videos and communities on YouTube.

Like other pretraining work, MERLOT risks some potential negative impacts. We discuss
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these in more detail below, in addition to the steps we took to reduce these harms.

7.5.1 Data collection and privacy.

As with other corpora gathered from the web used for pretraining data, YT-Temporal-180M con-
tains publicly available content posted by users. We thus shaped our data gathering and release
strategy to minimize inherent privacy and consent harms. Perhaps most importantly, we plan to
only share video IDs for download, following a release strategy from prior work [[1,/188]] and giving

users the right to opt out of not just YouTube, but our dataset as well.

7.5.2  Social biases.

The curation choices we made in this work could cause the model to exhibit undesirable social
biases — for this reason, along with others, we do not advocate for deployed use-cases. For exam-
ple, 30% of the data selected for by our filtering pipeline was local broadcast news (uploaded to
YouTube). Including these news videos seems to perform better than filtering them out and only
using how-to videos (Table [7.4b), however, there are risks when training on them. Local broadcast
news (at least in the US) dedicates significant time to covering crime, sometimes in a racist and
sensationalized manner [84, 63, [110]. Indeed, running a topic model over our data identifies sev-
eral ‘crime’ categories. Past work has shown correlation between watching local news and having
more explicit racialized beliefs about crime [62]; it seems likely therefore that training models on
this data could teach them learn the same racist patterns.

Additionally, there are inherent social biases on YouTube — and treating these videos as equiv-
alent to ‘the world’ [256] can embed hegemonic perspectives [[105} 276} 23]]. Most popular YouTu-
bers are men [66] and video practices emerging on YouTube are often gendered [191]]. YouTube
also has problems with hate, including radical alt-right and ‘alt-lite’ content [219]. These prob-
lems — as with other problems in representation and power — are themselves amplified by the
“YouTube algorithm’ [27] that recommends content to users. Though we downloaded videos in-
dependently of YouTube’s recommender system, by filtering based on what content has views, we

are implicitly filtering based on this algorithm. The dynamics of YouTube (i.e., which videos get
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popular/monetized) influence the style and content of videos that get made and uploaded to the

platform; this in turn shapes and is shaped by culture more broadly [247]].

7.5.3 Dual use.

The video QA tasks that we studied carry risk of dual use, through possible downstream applica-
tions like surveillance [220, 326]]. It seems unlikely that purely technological fixes and defenses
— which themselves can be problematic [97] — could resolve these dynamics. Studying how well
video-level pretraining enables surveillance applications might be an important avenue for future

work, if only to inform stakeholders and policymakers about these risks.

7.5.4  Energy consumption.

The pretraining that we used in this work was expensive upfront [248]. Our results suggest that
scaling up the amount of data and compute that we used might yield additional performance gains —
but at increased environmental cost. To pretrain more efficiently, we used a much more lightweight
architecture (in terms of FLOPs) than is standard for today’s vision and language models. We hope

that our public release of the model (for research use) can further amortize this cost.

7.5.5 Synthesizing these risks.

With these issues in mind, we release MERLOT and YT-Temporal-180M for researchers. We view
our work, and our research artifacts, to be part of a larger conversation on the limits of pretrained
‘foundation models’ [30]. These models have broad impact to real-world areas like healthcare,
law, and education. At the same time, these models have significant risks, including the harms that
we outlined. We believe that further academic research into this video-and-language pretraining
paradigm is important — especially to probe its limits and possible harms. We hope that our paper,

code, and data release can contribute to this direction.
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Chapter 8

LANGUAGE-AND-VISION-AND-SOUND NEURAL SCRIPT
KNOWLEDGE MODELS, (MERLOT RESERVE)

This chapter contains material that was originally published in [312].

8.1 Introduction

jiggle it

while it pops

Q| *jiggling, popcorn

) | i: )
i St -‘ a :

Add athirdof a [w] Now tum the Add a lid, and e Popping*
cup of popcorn heat on high then . @
; ; ; [MASKed span] %
*pouring sound* | *sizzling* | *lid clinking*

Figure 8.1: ® MERLOT RESERVE learns multimodal neural script knowledge representations of
video — jointly reasoning over video frames, text, and audio. Our model is pretrained to predict
which snippet of text (and audio) might be hidden by the Mask. This task enables it to perform well

on a variety of vision-and-language tasks, in both zero-shot and finetuned settings.

The world around us is dynamic. We experience and learn from it using all of our senses,
reasoning over them temporally through multimodal script knowledge [229), 311]]. Consider Fig-
ure [8.1] which depicts someone cooking popcorn. From the images and dialogue alone, we might
be able to imagine what sounds of the scene are: the process might begin with raw kernels scatter-
ing in an empty, metallic pot, and end with the dynamic ‘pops’ of popcorn expanding, along with
the jiggling of a metal around the stove.

Predicting this sound is an instance of learning from reentry: where time-locked correlations
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enable one modality to educate others. Reentry has been hypothesized by developmental psychol-
ogists to be crucial for how we as humans learn visual and world knowledge, much of it without
need for an explicit teacher [206, 68, 40, 243]]. Yet, we ask — can we build machines that likewise
learn vision, language, and sound together? And can this paradigm enable learning neural script

knowledge, that transfers to language-and-vision tasks, even those without sound?

In this work, we study these questions, and find that the answers are ‘yes.” We introduce a new
model that learns self-supervised representations of videos, through all their modalities (audio,
subtitles, vision). We dub our model € MERLOT RESERVEﬂ henceforth & RESERVE for short.
Our model differs from past work that learns from audio-image pairs [104} [158]], from subtitled
videos [250, 311]], or from static images with literal descriptions [251} 43| 214]]. Instead, we learn
joint representations from all modalities of a video, using each modality to teach others. We do

this at scale, training on over 20 million YouTube videos.

We introduce a new contrastive masked span learning objective to learn script knowledge
across modalities. It generalizes and outperforms a variety of previously proposed approaches (e.g.
(61,251, 214, 311]]), while enabling audio to be used as signal. The idea is outlined in Figure @
the model must figure out which span of text (or audio) was Masked out of a video sequence.
We combine our objective with a second contrastive learning approach, tailored to learning visual
recognition from scratch: the model must also match each video frame to a contextualized repre-
sentation of the video’s transcript [311]. Through ablations, we show that our framework enables

rapid pretraining of a model and readily scales to ‘large’ transformer sizes (of 644M parameters).

Experimental results show that & RESERVE learns powerful representations, useful even for
tasks posed over only a few of the studied modalities. For example, when finetuned on Visual
Commonsense Reasoning [303]] (a vision+language task with no audio), it sets a new state-of-the-
art, outperforming models trained on supervised image-caption pairs by over 5%. It does even
better on video tasks: fine-tuning without audio, it outperforms prior work on TVQA [162] by a

margin of over 7% (and given TVQA audio, performance increases even further). Finally, audio

IShort for Multimodal Event Representation Learning Over Time, with RE-entrant SupERVision of Events.
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enables 91.1% accuracy on Kinetics-600 [[36]]. These performance improvements do not come at
the expense of efficiency: our largest model uses one-fifths the FLOPs of a VisualBERT.

& RESERVE also performs well in zero-shot settings. We evaluate on four diverse benchmarks:
Situated Reasoning (STAR) [282], EPIC-Kitchens [S5], LSMDC-FiB [224], and MSR-VTT QA
[284]. These benchmarks require visual reasoning with respective emphasis on temporality, future
prediction, and both social and physical understanding. With no fine-tuning or supervision, our
model obtains competitive performance on each. Of note, it nearly doubles [287]]’s SoTA zero-shot
accuracy on MSR-VTT QA, and it outperforms supervised approaches (like ClipBERT [165]) on
STAR.

Finally, we investigate why, and on which training instances audio-powered multimodal pre-
training particularly helps. For instance, predicting audio rewards models for recognizing dynamic
state changes (like cooked popcorn) and human communication dynamics (what are people’s emo-
tions and towards whom). Our model progressively learns these phenomena as pretraining pro-
gresses. These signals are often orthogonal to what snippets of text provide, which motivates
learning from both modalities.

In summary, our key contributions are the following:

a. & RESERVE, a model for multimodal script knowledge, fusing vision, audio, and text.

b. A new contrastive span matching objective, enabling our model to learn from text and audio

self-supervision.

c¢. Experiments, ablations, and analysis, that demonstrate strong multimodal video representa-

tions.

Overall, the results suggest that learning representations from all modalities — in a time-locked,

reentrant manner — is a promising direction, and one that has significant space for future work.

8.2 Related Work

Our work brings together two active lines of research.

Joint representations of multiple modalities. Many language-and-vision tasks benefit from
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early fusion of the modalities [18]. A family of ‘VisualBERT’ models have been proposed for
this: typically, these use a supervised object detector image encoder backbone, and pretrain on
images paired with literal captions [251} (169, [179] 43| 293, [165]. Cross-modal interactions are
learned in part through a masked language modeling (mask LM) objective [61], where subwords
are replaced with ‘mMask’, and models independently predict each subword conditioned on both
images and unmasked tokens [

Perhaps closest to our work is MERLOT [311], which learns a joint vision-text model from web
videos with automatic speech recognition (ASR). Through a combination of objectives (including
a variant of mask LM), MERLOT established strong results on a variety of video QA benchmarks
when finetuned. However, it lacks audio: it is limited to representing (and learning from) video
frames paired with subtitles. Our proposed & RESERVE, which represents and learns from audio,
outperforms MERLOT.

Co-supervision between modalities. A common pitfall when training a joint multimodal
model is that complex inter-modal interactions can be ignored during learning, in favor of sim-
pler intra-modal interactions [93, 49, [116]. For example, when using the aforementioned mask
LM objective, models can ignore visual input completely in favor of text-text interactions [29]]; this
issue is magnified when training on videos with noisy ASR text [311]].

A line of recent work thus learns independent modality-specific encoders, using objectives that
cannot be shortcutted with simple intra-modal patterns. Models like CLIP learn image classifi-
cation by matching images with their captions, contrastively [318, 214, [132]]. Recent work has
explored this paradigm for matching video frames with their transcripts [285)], with their audio
signal [225, 271]], or both [10, 6]; these works likewise perform well on single-modality tasks like
audio classification and activity recognition. These independent encoders can be combined through
late fusion [223]], yet late fusion is strictly less expressive than our proposed joint encoding (early

fusion) approach.

ZRecent papers propose extensions, like generating masked-out spans [43] or text [173] 275], but it is unclear
whether they can outperform the VisualBerts on vision-language tasks like VCR [305]. Another extension involves
learning from text-to-speech audio in a captioning setting [128, [174] — yet this lacks key supervision for environ-
mental sounds and emotive speech.
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Our work combines both lines of research. We learn a model for jointly representing videos,
through all their modalities, and train it using a new learning objective that enables co-supervision

between modalities.
8.3 Model: ¢ RESERVE

In this section, we present & RESERVE, including: our model architecture (8.3.1)), new pretraining
objectives (8.3.2), and pretraining video dataset (8.3.3)). At a high level,  RESERVE represents a
video by fusing its constituent modalities (vision, audio, and text from transcribed speech) together,
and over time. These representations enable both finetuned and zero-shot downstream applications.

More formally, we split a video V into a sequence of non-overlapping segments in time {s;}.

Each segment has:
a. A frame v;, from the middle of the segment,
b. The ASR tokens w, spoken during the segment,
c. The audio a; of the segment.
Segments default to 5 seconds in length.
As the text w; was automatically transcribed by a model given audio a,, it is reasonable to
assume that it contains strictly less information contentﬂ Thus, for each segment s;, we provide

models with exactly one of text or audio. We will further mask out portions of the text and audio

during pretraining, to challenge models to recover what is missing.

8.3.1 Model architecture

An overview of ® RESERVE is shown in Figure [8.2] We first pre-encode each modality indepen-
dently (using a Transformer [261]] or images/audio; a BPE embedding table for text). We then learn

a joint encoder to fuse all representations, together and over time.

3Despite being derived from the audio, pretraining with text is still paramount: 1) in we discuss how jointly
modeling audio+text prevents models from shortcutting pretraining objectives via surface correlations; 2) in §8.4.2]
we show that incorporating both transcripts and audio during fine-tuning improves performance; and 3) a textual
interface to the model is required for downstream vision+language with textual inputs.
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Figure 8.2: ® RESERVE architecture. We provide sequence-level representations of video frames,
and either words or audio, to a joint encoder. The joint encoder contextualizes over modalities and
timesteps, to predict what is behind Mask for audio a; and text w;. We supervise these predictions
with independently encoded targets: a; from the audio encoder, and w, from a separate text encoder

(not shown).

Image encoder. We use a Vision Transformer (ViT; [67]) to encode each frame independently.
We use a patch size of 16 and apply a 2x2 query-key-value attention pool after the Transformer,
converting an image of size H xW into a H/32xW /32 feature map of dimension dj,.

Audio encoder. We split the audio in each segment a; into three equal-sized subsegments, for
compatibility with the lengths at which we mask text. We use an Audio Spectrogram Transformer
to encode each subsegment independently [89]]. The three feature maps are concatenated; the result
is of size 18 xd}, for every 5 seconds of audio.

Joint encoder. Finally, we jointly encode all modalities (over all input video segments) using

a bidirectional Transformer. We use a linear projection of the final layer’s hidden states for all
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objectives (e.g. W; and a;).

Independently-encoded targets. We will supervise the joint encoder by simultaneously learn-
ing independently-encoded ‘target’ representations for each modality. Doing this is straightforward
for the image and audio encoders: we add a cLs to their respective inputs, and extract the final hid-
den state v, or a; at that position. For text, we learn a separate bidirectional Transformer span
encoder, which computes targets w; from a cLs and embedded tokens of a candidate text span.
This enables zero-shot prediction (8.4.4).

Architecture sizes. We consider two model sizes in this work, which we pretrain from random
initialization:

1. ¢ RESERVE-B, with a hidden size of 768, a 12-layer ViT-B/16 image encoder, and a 12-layer
joint encoder.
2. ¥ RESERVE-L, with a hidden size of 1024, a 24-layer ViT-L/16 image encoder, and a 24-layer

joint encoder.

We always use a 12-layer audio encoder, and a 4-layer text span encoder.

8.3.2  Contrastive Span Training

We introduce contrastive span training, which enables learning across and between the three
modalities. As shown in Figure[8.3] the model is given a sequence of video segments. For each one,
we include the video frame, and then three ‘subsegments’ that are each either text or audio. The
subdivided audio segments are encoded independently by the Audio Encoder, before being fused
by the Joint Encoder. We train by replacing 25% of these text and audio subsegments with a spe-
cial Mask token. The model must match the representation atop the Mask only with an independent
encoding of its span.

Our approach combines past success at matching images to their captions [214, [132] along
with ‘Visual BERT’-style prediction of independent tokens [251} 43] — though, crucially, we predict
representations at a higher-level semantic unit than individual tokens. Our approach also enables

the model to learn from both audio and text, while discouraging memorization of raw perceptual
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Figure 8.3: Contrastive span training. Given a video with all modalities temporally aligned, we
MASK out a region of text and audio. The model must maximize its similarity only to an independent

encoding of the text w; and audio a;.

input, or tokens — which can harm representation quality [266].
Formally, we minimize the cross entropy between the masked prediction w; and its correspond-
ing phrase representation wy, versus others in the batch W:

e Wi W
Emask%text Z ( Xp(a ! < t> ) . (81)

W = Y wew EXp(owy - w)

We first L2-normalize w and W, and scale their dot product with a parameter o [Iml]ﬂ We then
add this to its transposed version Liex;smask> giVing us our text-based loss L. Analogously, we
define L,,4i, for audio, between the masked prediction a; and its target a,, versus others a in the
batch.

In addition to these masked text and audio objectives, we simultaneously train the model to

match video frames with a contextualized encoding of the transcriptﬂ Here, the joint encoder

“Following past work, we optimize ¢ and clip it at 100, which enables the model to ‘warm-up’ its emphasis placed

on hard negatives [214, 270].

>In MERLOT [311]}, this objective was found to be critical for learning visual recognition from self-supervised
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encodes the entire video’s transcript at once, extracting a single hidden representation per segment
v;. We use the same contrastive setup as Equation to maximize the similarity of these vectors
with the corresponding v; vectors from the frames, giving us a symmetric frame-based 10ss L ame.

The final loss is the sum of the component losses:
L= ‘Ctext + ‘Caudio + ‘Cframe- (82)

Avoiding shortcut learning. Early on, we observed that training a model to predict a percep-
tual modality (like audio or vision) given input from the same modality, led to shortcut learning —
a low training loss, but poor representations. We hypothesize that this setup encourages models to
learn imperceptible features, like the exact model of the microphone, or the chromatic aberration of
the camera lens [64]. We avoid this, while still using audio as a target, by simultaneously training

on two kinds of masked videos:

i. Audio only as target. We provide only video frames and subtitles. The model produces repre-

sentations of both audio and text that fill in Masxed blanks.

ii. Audio as input. We provide the model video frames, and subtitles or audio at each segment.
Because the model is given audio as an input somewhere, the model only produces representa-

tions for Masxked text.

Another issue is that YouTube’s captions are not perfectly time-aligned with the underlying
audio. During our initial exploration, models took ready advantage of this shortcut: for instance,
predicting an audio span based on what adjacent (overlapping) words sound like. We introduce a
masking algorithm to resolve this.

Pretraining setup. We train on TPU v3-512 accelerators; training takes 5 days for & RESERVE-B,
and 16 days for ® RESERVE-L. We made pretraining more efficient through several algorithmic
and implementation improvements. Of note, we simultaneously train on written (web) text, which
enables more text candidates to be used. We use a batch size of 1024 videos, each with N=16

segments (split into two groups of 8 segments each). We use AdamW [142, [177] to minimize
Equation 8.2]

videos.
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8.3.3  Pretraining Dataset

Recent prior work on static images that demonstrates empirical improvements by increasing dataset
size — all the way up to JFT-3B [[145,167,214,1313]]. The same pattern emerges in videos: prior work
that has shown promising empirical improvements not only by scaling to 6 million videos/180M
frames [311], but also by collecting a diverse set (i.e., going beyond instructional videos [[117]).
To this end, we introduce a new training dataset of 20 million English-subtitled YouTube
videos, and 1 billion frames, called YT-Temporal-1B. At the same time, we take steps to protect

user privacy, directing scraping towards public, large, and monetized channels.
8.4 Experiments

In this section, we present model ablations (8.4.1), and show that a finetuned & RESERVE obtains
state-of-the-art results on VCR (8.4.1]), TVQA (8.4.2), and Kinetics-600 (8.4.3). We then show

that our model has strong zero-shot capability, over four challenging zero-shot tasks (8.4.2).

8.4.1 Visual Commonsense Reasoning (VCR)

We evaluate & RESERVE first through finetuning on VCR [305]. Most competitive models for VCR
are pretrained exclusively on images paired with captions, often with supervised visual representa-
tions (e.g. from an object detector). To the best of our knowledge, the only exception is MERLOT
[311], which uses YouTube video frames and text as part of pretraining; no VCR model to date
was pretrained on audio.

VCR Task. A model is given an image from a movie, and a question. The model must choose
the correct answer given four multiple choice options ((Q— A); it then is given four rationales
justifying the answer, and it must choose the correct one (() A— R). The results are combined with
a Q— AR metric, where a model must choose the right answer and then the right rationale, to get
the question ‘correct.’

Finetuning approach. We follow [311]]’s approach: ‘drawing on’ VCR’s detection tags onto

the image, and jointly finetuning on ()—A and QA— R. For both subproblems, we learn by
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scoring each Q— A (or Q A— R) option independently. We pool a hidden representation from a
MASK inserted after the text, and pass this through a newly-initialized linear layer to extract a logit,

which we optimize through cross-entropy.

Ablations: contrastive learning with audio helps.

While we present our final, state-of-the-art VCR performance in [8.4.1] we first use the corpus for
an ablation study. We use the same architecture and data throughout, allowing apples-to-apples
comparison between modeling decisions. We start with a similar configuration to MERLOT [311]]
and show that contrastive span training improves further, particularly when we add audio.
Contrastive Span helps for Vision+7Text modeling. We start by comparing pretraining ob-

jectives for learning from YouTube ASR and video alone:

a. Mask LM. This objective trains a bidirectional model by having it independently predict
masked-out tokens. We make this baseline as strong as possible by using SpanBERT-style
masking [[135], where text spans are masked out (identical to our contrastive spans). Each
span w is replaced by a Mask token, and we predict each of its subwords w; independentlyﬂ

b. VirTex [59]. In this objective, we likewise mask text subsegments and extract their hidden
states. The difference is that we sequentially predict tokens w; € w, using a left-to-right

language model (LM) with the same architecture details as our proposed span encoder.

Results are in Table Versus these approaches, our contrastive span objective boosts perfor-
mance by over 2%, after one epoch of pretraining only on vision and text. We hypothesize that its
faster learning is caused by encouraging models to learn concept-level span representations; this
might not happen when predicting tokens individually [? ].

Audio pretraining helps, even for the audio-less VCR:

d. Audio as target. Here, the model is only given video frames and ASR text as input. In addition

to performing contrastive-span pretraining over the missing text spans, it does the same over

®Like [133], we concatenate the Masx’s hidden state with a position embedding for index i, pass the result through
a two-layer MLP, and use tied embedding weights to predict w;.
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Configuration VCR val
for one epoch of pretraining Q—A (%)
Mask LM [61]251]311] 67.2
I
; VirTex-style [59] 67.8
¥ Contrastive Span 69.7
¥ Audio as target 70.4
<_E ¥ Audio as input and target 70.7
F
; Audio as input and target, w/o strict lo- 70.6
calization
© RESERVE-B 71.9

Table 8.1: Ablation study of our contrastive span objective. It outperforms prior work in a Vi-
sion+Text setting, with a 1% boost when audio is added. Our full setup, adding written text,

improves another 1%. ¥ denotes part of our full model.

the (held-out) audio span (Equation [8.2] This boosts VCR accuracy by 0.7%.

e. Audio as input and target. The model does the above (for video+text input sequences), and
simultaneously is given video+text+audio sequences, wherein it must predict missing text. This
boosts accuracy by 1% in total.

f. Sans strict localization. We evaluate the importance of our strict localization in time. Here,
in addition to correct subsegments at the frue position ¢ as a correct match, we count adjacent
Masked out regions as well. An extreme version of this was proposed by [92], where a positive
match can be of any two frames in a video. Yet even in our conservative implementation,

performance drops slightly, suggesting localization helps.

Putting these all together, we find that contrastive span pretraining outperforms mask LM, with
improved performance when audio is used both as input and target. For our flagship model, we

report results in Table 8.1 on simultaneously training on web-text sequences as well, this improves
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Figure 8.4: Pretraining progress: performance on contrastive-span pretraining, vs. finetuned
VCR validation accuracy. Pretraining & RESERVE-B for 9 more epochs boosts performance by

5%; L by 8%.

performance by an additional 1%.

VCR Results

Encouraged by these results, we train our models for 10 epochs on YT-Temporal-1B. Figure [8.4]

demonstrates that finetuned VCR performance tracks with the number of pretraining epochs, as



VCR test (acc; %)

Model Q—A QA—R QAR

ERNIE-ViL-Large 79.2 83.5 66.3

3 [293]

gVilla-Large [I80] 78.9 83.8 65.7

%UNITER-Large [43] 77.3 80.8 62.8

%Villa-Base [180] 76.4 79.1 60.6

S VIIBERT [179] 733 746 54.8
B2T2 [11] 72.6 75.7 55.0
VisualBERT [169]  71.6 732 52.4

gMERLOT [311] 80.6 80.4 65.1

g

EWRESERVE-B 79.3 78.7 62.6

SwRESERVE-L 84.0 84.9 72.0
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Table 8.2: & RESERVE gets state-of-the-art leaderboard performance on VCR. We compare it

with the largest submitted single models, including image-caption models that utilize heavy manual

supervision (e.g. object detections and captions).

well as the validation loss/[]

Finally, in Table [8.2] we compare & RESERVE against the largest published models from the

VCR leaderboard. Of note, & RESERVE-L outperforms all prior work, by over 5% on Q—AR

metric. It outperforms even large ensembles (e.g. 15 ERNIE-Large’s) submitted by industry [293]],

though we do not show these on this table to focus on only single models.

Efficiency. The accuracy increase of ® RESERVE is not simply due to computeﬂ In fact, our

© RESERVE-L requires one-fifth the FLOPs of detector-based systems, like UNITER-Large [43]].

"The plot suggests that if we pretrained longer, VCR performance might continue to increase, though a confound-
ing factor might be the learning-rate schedule. With access to compute beyond our current capacity, future work
would be well-suited to consider this and other pre-training modifications.

8Here, we use FLOPs as our key efficiency metric, as they are a critical bottleneck in model scaling [[137} 167, 313].
On the other hand, we argue that parameter count can be misleading — for instance, many Transformer parameters

can be tied together with minimal performance loss [159].
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TVQA (acc; %)

Model Val Test
Human [[162] - 89.4
MERLOT [311] 78.7 78.4

MMFT-BERT [258]73.5 72.8
Kim et al [[140] 76.2 76.1

Subtitles

¥ RESERVE-B 82.5 -

© RESERVE-L 85.9 85.6

® RESERVE-B 81.3 —

Audio

©® RESERVE-L 85.6 84.8

© RESERVE-B 83.1 82.7

Both

© RESERVE-L 86.5 86.1

Table 8.3: ® RESERVE gets state-of-the-art results on TVQA by over 7%, versus prior work (that

cannot make use of audio).

Moreover, because ® RESERVE-L uses a pure ViT backbone versus MERLOT’s ViT-ResNet hy-
brid, it uses fewer FLOPs than MERLOT, while scoring 7% higher. Meanwhile, ® RESERVE-B out-
performs ‘base’ detector-based models, while using less than one-tenth their FLOPs.

In terms of parameter count, & RESERVE-B is comparable to prior work. On VCR, including
the vision stack, & RESERVE-B has 200M finetunable parameters and performs similarly to the

378M parameter UNITER-Large. ® RESERVE-L has 644M parameters.

8.4.2 Finetuning on TVQA

Next, we use TVQA [162] to evaluate our model’s capacity to transfer to multimodal video un-
derstanding tasks. In TVQA, models are given a video, a question, and five answer choices. The
scenes come from American TV shows, and depict characters interacting with each other through

dialogue — which past work represents through subtitles.

Audio-Subtitle Finetuning. To evaluate how much audio can help for TVQA, we finetune
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Kinetics-600 (%)

Model Top-1 Top-5
VATT-Base[6] 80.5 95.5
VATT-Large [6] 83.6 96.6
TimeSFormer-L [25] 82.2 95.6
z Florence [300] 87.8 97.8
% MTV-Base [286] 83.6 96.1
S MTV-Large [286] 854 96.7
MTV-Huge [286] 89.6 98.3
© RESERVE-B 88.1 95.8
® RESERVE-L 89.4 963
;£ ¥ RESERVE-B 89.7 96.6
% ® RESERVE-L 91.1 97.1

Table 8.4: ® RESERVE gets state-of-the-art results on Kinetics-600 by 1.5% versus standard ap-

proaches (that cannot make use of audio).

© RESERVE jointly between the ‘Subtitles’ and ‘Audio’ settings. Like on VCR, we consider one
sequence per candidate: each contains video frame features, the question, the answer candidate,
and a Mask token (from where we pool a hidden representation). During training, each sequence
is duplicated: we provide one sequence with subtitles from the video, and for the other, we use
audio. This lets us train a single model, and then test how it will do given subtitles, given audio, or

given both (by averaging the two softmax predictions).

Results. We show TVQA results in Table With subtitles and video frames alone, our
© RESERVE-B outperforms all prior work by over 3%. Combining subtitle-only and audio-only
predictions performs even better, improving over 4% versus the prior state-of-the-art, MERLOT
(and in turn over other models). The same pattern holds (with additional performance gains) as

model size increases: & RESERVE-L improves over prior work by 7.6%.
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Situated Reasoning LSMDC MSR-VTIT
EPIC-Kitchens
(STAR) (FiB  test QA
(val class-mean RS; %)
(test acc; %) %) (test ace %)
Model nce Prediction Feasibility Overall Verb Noun Action Acc topl  topS
ClipBERT [165 AVT+ 85 MERLOT [311
Supervised SoTA
39.8 43.6 323 314 36.7 282 32.0 159 529 43.1
Random 25.0 25.0 25.0 25.0 25.0 62 23 0.1 0.1 0.1 05
CLIP (VIT-B/16) [214] 39.8 40.5 35.5 36.0 38.0 165 128 23 2.0 3.0 119
SCLIP (RN50x16) [214]39.9 41.7 36.5 37.0 38.7 134 145 2.1 2.3 23 97
=
gJustAsk (2912871 29 88
o
@ RESERVE-B 444 40.1 38.1 35.0 394 179 156 2.7 26.1 3.7 10.8
@ RESERVE-L 42.6 41.1 374 322 383 15.6 193 45 26.7 44 115
@ RESERVE-B (+audio) 44.8 42.4 38.8 36.2 40.5 209 175 37 29.1 4.0 12.0
@ RESERVE-L (+audio) 43.9 42.6 37.6 33.6 39.4 232 237 48 31.0 58 13.6

Table 8.5: Zero shot results. On STAR, & RESERVE obtains state-of-the-art results, outperforming
finetuned video models. It performs well on EPIC-Kitchens (verb and noun forecasting), along
with LSMDC, despite their long-tail distributions. On MSR-VTT QA, it outperforms past work
on weakly-supervised video QA. Further, it outperforms CLIP (that cannot handle dynamic situa-

tions), and benefits from audio when given.

8.4.3 Finetuning on Kinetics-600 Activity Recognition

Next, we use Kinetics-600 [36] to compare our model’s (finetuned) activity understanding versus
prior work, including many top-scoring models that do not integrate audio. The task is to classify
a 10-second video clip as one of 600 categories. We finetune & RESERVE jointly over two settings:

vision only, and vision+audio.

Results. We show Kinetics-600 results on the validation set, in Table © RESERVE im-
proves by 1.7% when it can jointly represent the video’s frames with its sound. This enables it to
outperform other large models, including VATT [6] which learns to represent audio independently

from vision (and so cannot early-fuse them), along with the larger MTV-Huge model [286] by
1.5%.



131

8.4.4 Zero-Shot Experiments

Next, we show that our model exhibits strong zero-shot performance for a variety of downstream

tasks. Our zero-shot interface is enabled by our contrastive span objective. For QA tasks that

require predicting an option from a label space of short phrases, we encode this label space as

vectors, and predict the closest phrase to a Masked input. We consider:

i.

ii.

iii.

iv.

Situated Reasoning (STAR) [282]. This task requires the model to reason over short situations
in videos, covering four axes: interaction, sequence, prediction, and feasibility. The model is
given a video, a templated question, and 4 answer choices. We convert templated questions into
literal statements (which are more similar to YouTube dialogue); the label space is the set of
four options.

Action Anticipation in Epic Kitchens [55]. Here, the goal is to predict future actions given
a video clip, which requires reasoning temporally over an actor’s motivations and intentions.
The dataset has a long tail of rare action combinations, making zero-shot inference challenging
(since we do not assume access to this prior). As such, prior work [[85} 78] trains on the provided
in-domain training set. To adapt ® RESERVE to this task, we provide it a single MAsk token as
text input, and use as our label space of all combinations of verbs and nouns in the vocabulary
(e.g. ‘cook apple, cook avocado’, etc.).

LSMDC [181, 224]]. Models are given a video clip, along with a video description (with a

MasK to be filled in). We compare it with the vocabulary used in prior work [311]].

MSR-VTT QA [284]. This is an open-ended video QA task about what is literally happening
in a web video. We use GPT3 [33]], prompted with a dozen (unlabelled) questions, to reword
the questions into statements with Masks. This introduces some errors, but minimizes domain

shift. We use a label space of the top 1k options.

For these tasks, we use N=8 video segments (dilating time when appropriate), and provide audio

input when possible. We compare against both finetuned and zeroshot models, including running

CLIP [214] on all tasks. CLIP is a strong model for zero-shot classification, particularly when

encyclopedic knowledge about images is helpful; our comparisons showcase where multimodal
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Figure 8.5: Exploring vasked audio self-supervision. Shown are example videos from our valida-

tion set, with predictions from & RESERVE-B. During pretraining, our model progressively learns

to pick up on audio-specific clues. It seems to recognize physical dynamics of cooking popcorn,

matching the first row to its Masked audio. Likewise, it seems to use social reasoning to match the

second row to its audio. Both of these clues are orthogonal to what the subtitles provide.

script knowledge helps.

Results. Table[8.5]shows our model performs competitively:

i. On STAR, it obtains state-of-the-art results, with performance gain when audio is included. In-

terestingly, ® RESERVE-B outperforms its larger variant; we hypothesize that this is due to lim-

ited prompt searching around question templates. We qualitatively observed that & RESERVE-L some-

times excludes topically correct options if they sound grammatically strange (to it).

ii.

On EPIC-Kitchens, our model obtains strong results at correctly anticipating the verb and noun

- despite the heavy-tailed nature of both distributions. It is worse on getting both right (‘action’),

we suspect that this might be due to priors (motifs) between noun and verb [304]. These are

easy to learn given access to training data, but we exclude these as we consider the zero-shot

task.

iii. On LSMDC, our model obtains strong results at filling-in-the-blank, likewise despite a heavy

(unseen) frequency bias. Notably, it outperforms CLIP significantly, with CLIP often preferring
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templates that use visually-relevant words, even if they don’t make sense as a whole. For
instance, given a clip of a mailman, CLIP chooses ‘the mailman smiles off,” versus ‘the mailman

takes off.’

iv. Finally, our model performs well on MSR-VTT QA, outperforming past work that directly

rewords subtitled instructional videos into video QA instances [287]].

8.5 Qualitative Analysis: Why does audio help?

What can & RESERVE learn from both text and audio? Three validation set examples are shown in
Figure[8.5] The model is given the displayed text and video frames, and must match the Mask to the
correct missing text and audio span (out of 48k total in the batch). The plots show & RESERVE-B’s
probability of correctly identifying the correct audio or text span, as it progresses through 10 epochs
of pretraining.

Audio’s supervisory signal. In the first two rows of Figure audio provides orthogonal

supervision to text:

1. In the first row, the Masked audio contains the sound of popcorn pops slowing. By the final
epoch, & RESERVE-B selects this specific auditory cue with 60% probability, over others (in-
cluding from adjacent segments, at different stages of popping). Here, sound provides signal for
joint vision-text understanding of the situation, as evidenced by its greater match probability.

2. The second row contains only the text ‘why,” with the audio providing greatly more information
— a female-presenting speaker (shown in the next frame) laughs, astonished that the child (in

the frame afterwards) might want a better relationship with their parents.

3. In the third row, matching performance is similar between modalities, possibly as the yogi is

narrating over a (muted) video recording, and not adding much information.

Role of text. Text is still a crucial complement to audio, in terms of the supervision it provides.
Consider the second row: ® RESERVE-B learns to match the audio almost perfectly (perhaps rea-
soning that the speaker is shown in the next frame, and is laughing). In later epochs, its text-match

probability increases: knowing that a ‘why’ question is likely to be asked is a valid social inference
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to make about this (tense) situation.

Learning through multimodal reentry. Developmental psychologists have hypothesized that
human children learn by reentry: learning connections between all senses as they interact with
the world [68, 243]]. Using a held-out modality (like audio) might support learning a better world
representation (from e.g. vision and text), by forcing models to abstract away from raw perceptual

input. Our work suggests that reentry has potential for machines as well.

8.6 Conclusion, Limitations, Broader Impact

We introduced & RESERVE, which learns jointly through sound, language, and vision, guided
through a new pretraining objective. Our model performs well in both finetuned and zero-shot
settings, yet it has limitations. Our model only learns from 40-second long videos; relies on ASR
models for subtitles, and can only match (not generate) text and audio.

Still, we foresee broad possible societal impact of this line of work. Video-pretrained models
might someday assist low vision or d/Deaf users [[166, 90]. Yet, the same technology can have
impacts that we authors consider to be negative, including surveillance, or applications that hege-
monize social biases. Key dimensions include respecting user privacy during dataset collection,
exploring biases in YouTube data, dual use, and energy consumption. In the published version
of this paper [312]] discuss our plan to release our model and data for research use so others can

critically study this approach to learning script knowledge.



135

Chapter 9

CONCLUSION AND FUTURE WORK

In this thesis, we presented approaches for measuring and learning grounding. At the same

time, there’s a lot more work to be done in this direction, and we briefly discuss some of that here.

The work in this thesis has evolved as the field of Al has evolved. The amount of compute and
data that are available to researchers now (in 2022) is a lot greater than was available back in 2016,
for instance. At the same time, there’s been helpful methodology developed over the years that this
work relies on. Some of the highlights include work on neural architectures like Transformers [261,
67, 189], optimizers [177]], dataset construction and analysis [[149, 113} 1126, 148,162, 75, 96, 224]],
representation learning approaches in text [205, 212, 161} (175, 215/ 1135, 133? ] and multimodally
[251, 1169, 1179, 143, 214], along with analysis as to how these systems behave [121}137].

Still, at the time of writing, it feels like our field is limited by some of these core abstractions.
The dominant paradigm for training models is to train them on all the data we can download
from the web (which has societal and ethical implications), in a static matter. These models have
gotten so large that typically academics don’t even think to train them anymore. It’s more of a job
for industry, and so we just use whatever pretrained (foundation?) models that they’ve publicly
shared, often on training data that we don’t have access to (another issue!). Given a pretrained

model, we can (sometimes) finetune it and then see how it does on other benchmarks.

Every step in the above pipeline relies on static datasets — manually annotated by human work-
ers and/or scraped from the web. But this differs a lot from how humans learn: through interaction
with other agents and the world, via a curriculum which we play an active role in shaping [243]].
It means that we as humans aren’t just good at reading language or watching TV — we can use
language and vision to help us act in the world. As a field, at some point we might need to go be-

yond the current dataset-centric paradigm towards open-ended environments; this raises a bunch
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of other issues though in terms of efficiency and reproducibility of research.

There are other issues, possibly related, in terms of what today’s models learn. Massive mod-
els like GPT3 [33] learn by reading all the text on the web that they can download — orders of
magnitude more words than any human could ever read throughout their lifetime. As a result, they
seem to be able to regurgitate a breadth of factual knowledge (like trivia) — yet perhaps because
they’re ungrounded, they can struggle to anticipate the outcomes of everyday situations [307]. As
humans, we seem to be able to do ‘more with less’ in terms of both data and compute. It’s not
clear whether simply scaling up representation learning models solves the underlying challenges
— in fact, some might become more difficult. For example, as humans, we learn representations
about everyday objects that transcends modalities (e.g. we can read about cups, look at cups, and
interact with cups, and these views of the same class of object are connected [243]]). Yet, for a
giant neural model like GPT3, it might have millions of ‘cup neurons’ which encode all the long-
tail knowledge of every cup that’s ever been written about in human history. It’s not clear whether
that long-tail knowledge makes it easier to tease out compact multimodal representations. Going
forward, an interesting research area might be to try to learn complementary knowledge across
modalities, similar in vein to PIGLeT [310].

There are also a lot of open questions about how to best learn representations about these com-
plementary modalities. We learn functional representations about the world, including things like
the affordances of everyday objects and what people’s body language suggests, through multimodal
interaction. Our understanding of perceptual modalities like vision and sound combines aspects of
discriminative and generative learning. After looking at an image for a brief moment, we probably
won’t be able to reconstruct it pixel-by-pixel; rather, we learn an abstracted-away representation
about what the key objects and people are, what they’re doing and how they’re situated. There are
a lot of unanswered questions about how models can learn such representations.

Finally, there are important questions about the societal impacts of these models. As our field
has moved towards larger models and datasets, the concentration of power shifts towards larger
companies. This raises questions for us as practitioners and scientists who are working to shape

the future direction of the field. Is machine learning inevitably a centralizing technology, like e.g.
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nuclear power [280], or can we push against this trend? Likewise, how should this change the

research we do, and how we share knowledge?
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