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One of the fundamental goals of machine learning is to create systems capable of processing
data from a variety of modalities such as images and text. I argue that the next gener-
ation of multimodal models will be enabled by a deeper understanding of how to design
pretraining datasets, and by techniques that offer better control over models after pre-
training. Towards the first goal, I introduce a fully open-source benchmark for designing
multimodal datasets. This benchmark provides a shared experimental setting for research
on dataset curation, allowing researchers to conduct rigorous and controlled experiments.
Our experiments highlight the potential of rigorous empirical work on dataset curation,
finding pretraining datasets that outperform existing datasets by a large margin. Towards
the second goal, I present multiple techniques for improving models after pretraining. Our
fine-tuning techniques improve accuracy without overspecialization and without increas-
ing inference costs. Moreover, I present a modular framework for steering the behavior of
trained models, designed to efficiently add or delete capabilities while operating directly
within the models’ weight space. Altogether, these new techniques pave the way for the

next generation of multimodal models.
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Chapter 1

INTRODUCTION

Recent advances in multimodal learning such as CLIP (Radford et al., 2021), DALL-
E (Ramesh et al., 2021, 2022), Stable Diffusion (Rombach et al., 2022), Flamingo (Alayrac
et al., 2022), and GPT-4 (OpenAl, 2023) offer unprecedented generalization capabilities in
zero-shot classification, image generation, and in-context learning. While these advances
use different algorithmic techniques, e.g., contrastive learning, diffusion, or auto-regressive
modeling, they all rest on a common foundation: large datasets containing paired image-
text examples. For instance, CLIP’s training set contains 400 million image-text pairs,
and Stable Diffusion was trained on the two billion examples from LAION-2B (Schuhmann
et al., 2022), a dataset of more than two billion image-text pairs. This new generation of
image-text datasets is 1,000 times larger than previous datasets such as ImageNet, which

contains 1.2M images (Deng et al., 2009; Russakovsky et al., 2015).

Despite the central role of datasets (Fang et al., 2022), little is known about them. Many
state-of-the-art datasets are proprietary, and even for public datasets such as LAION-2B
(Schuhmann et al., 2022), it is unclear how design choices such as the data source or filtering
techniques affect the resulting models. While there are thousands of ablation studies for
algorithmic design choices (loss function, model architecture, etc.), datasets are often treated
as monolithic artifacts without detailed investigation. Moreover, datasets currently lack the
benchmark-driven development process that has enabled a steady stream of improvements
on the model side and isolates data enhancements from changes to the model. These issues
impede further progress in multimodal learning, as evidenced by recent work showing that
public datasets currently do not match the scaling behavior of proprietary alternatives

(Cherti et al., 2022).

In the first part of this disseration, we focus on showing the importance of pretraining

datasets (Fang et al., 2022), and taking a step towards a more rigorous dataset development



process by introducing DataComp, a new benchmark for multimodal dataset design
(Gadre et al., 2023). DAaTaACoMmP flips the traditional benchmarking paradigm in machine
learning where the dataset is fixed and researchers propose new training algorithms. Instead,
we hold the entire training code and computational budget constant so that participants

innovate by proposing new training sets.

DaraComp focuses on two key challenges that arise when assembling large training
datasets: what data sources to train on, and how to filter a given data source. Each
challenge corresponds to one track in our benchmark. To facilitate the filtering track, we
introduce COMMONPOOL, a dataset of 12.8B image-text pairs collected from Common Crawl
and currently the largest public image-text dataset. In this track, the goal of participants
is to find the best subset of COMMONPOOL to train on. In the second track, participants

may leverage any data source, as long as it does not overlap with our evaluation testbed.

We present over three hundred baseline experiments on dataset curation, including tech-
niques such as querying captions for relevant keywords, filtering based on image embeddings,
and applying a threshold on CLIP scores. A key result from our baselines experiments is
that smaller, more stringently filtered datasets can lead to models that generalize better
than larger datasets coming from the same pool. Our best filtering baseline increases Ima-
geNet zero-shot accuracy by 6.9 percentage points (pp) relative to the unfiltered pool. We
further investigate scaling trends for dataset design. In particular, we structure DATACOMP
in four different scales, where we vary the training budget and the candidate pool size from
12.8M to 12.8B samples. Expressed in GPU hours, the cost of a single training run ranges
from 4 to 40,000 GPU hours on the A100 cluster we used for development. The different
scales enable researchers with different resources to participate in our benchmark. More-
over, our results show that the ranking of filtering approaches is largely consistent across
scale. To make DATACOMP a shared environment for controlled dataset experiments, we
publicly release our candidate pool url index, our tooling for assembling these pools, our

filtering baselines, and our code for training and evaluating models at www.datacomp.ai.

In DaTACOMP, we explore several techniques for building better models from the ground


www.datacomp.ai

up. Despite these advances, in practice we often want to edit models after pretraining,’ to
improve performance on downstream tasks (Zhuang et al., 2020; Wortsman et al., 2022b;
Matena and Raffel, 2021; IlTharco et al., 2022), mitigate biases or unwanted behavior (San-
turkar et al., 2021; Lu et al., 2022; Ribeiro and Lundberg, 2022; Murty et al., 2022), align
models with human preferences (Askell et al., 2021; Ouyang et al., 2022; Kasirzadeh and
Gabriel, 2022; Glaese et al., 2022), or update models with new information (Zhu et al., 2020;
De Cao et al., 2021; Mitchell et al., 2021, 2022).

In the second part of this dissertation, we present new techniques for editing neural
networks after pretraining, by operating directly in their weight space (Wortsman et al.,
2022b,a; Ilharco et al., 2022, 2023). This work culminates in a framework for editing models
is based on task vectors, which encode the information necessary to do well on a given task.
Inspired by recent work on weight interpolation (Frankle et al., 2020; Matena and Raffel,
2021; Li et al., 2022; Ainsworth et al., 2022; Don-Yehiya et al., 2022), we obtain such vectors
by taking the weights of a model fine-tuned on a task and subtracting the corresponding
pretrained weights. We show that we can edit a variety of models with task arithmetic—
performing arithmetic operations on task vectors. For example, negating a vector can be
used to remove undesirable behaviors or unlearn tasks, while adding task vectors leads to
better multi-task models, or even improves performance on a single task. Finally, when
tasks form an analogy relationship, task vectors can be combined to improve performance
on tasks where data is scarce. Overall, editing models with task arithmetic is simple, fast
and effective. There is no extra cost at inference time in terms of memory or compute, since
we only do element-wise operations on model weights. Moreover, vector operations are
cheap, allowing users to experiment quickly. With task arithmetic, practitioners can reuse
or transfer knowledge from models they create, or from the multitude of publicly available
models all without requiring access to data or additional training.

Altogether, this dissertation introduces several methods for building models that are
more reliable and general, both during and after pretraining. Combining dataset advances

with better editing techniques, we can build the next generation of multimodal models.

"We use the term editing to refer to any intervention done to a model done after the pretraining stage.



Chapter 2

RELATED WORK AND BACKGROUND

2.1 Related Work

Data curation. Classical work considers dataset cleaning and outlier removal (Jiang
et al., 2001; Yu et al., 2002; Rousseeuw and Hubert, 2011, 2018) to discard samples that may
lead to undesirable model bias. A related line of work develops coreset selection algorithms
(Har-Peled and Mazumdar, 2004; Agarwal et al., 2004; Feldman et al., 2011; Bachem et al.,
2015; Lucic et al., 2018; Wei et al., 2015; Cohen et al., 2017), which aim to select data subsets
that lead to the same performance as training on the entire dataset. These techniques
appear to scale poorly to larger data regimes (Guo et al., 2022; Abbas et al., 2023). More
recent efforts in subset selection often operate on already curated datasets (Mirzasoleiman
et al., 2020; Toneva et al., 2018; Sener and Savarese, 2018; Birodkar et al., 2019; Coleman
et al., 2020; Paul et al., 2021) (e.g., CIFAR-10, ImageNet) or on smaller data regimes (e.g.,
YFCC-15M (Radford et al., 2021; Thomee et al., 2016b)). These settings often do not
reflect newer training paradigms that involve (1) noisy image-text pairs instead of category
labeled images and (2) large scale datasets (e.g., billions of samples). While data-centric
investigations have led to community competitions like DCBENCH (Eyuboglu et al., 2022)
and DATAPERF (Mazumder et al., 2022), existing benchmarks have likewise operated at
small data scales (Ng et al., 2021) compared to datasets like LAION-2B (Schuhmann et al.,
2022), which contains over two billion images. DATACOMP bridges this gap by aligning
data-centric investigation with large scale image-text training.

There has also been renewed interest in dataset pruning and deduplication. Sorscher
et al. (2022) show that data pruning can improve traditional scaling trends on ImageNet, but
do not consider image-text training or larger datasets. Raffel et al. (2020b) remove sentence
redundancies when creating the C4 corpus. Subsequent work further demonstrated the

benefits of deduplication for better language modeling (Lee et al., 2021). Radenovic et al.



(2023) introduce CAT filtering for image-text datasets—a rule-based system to retain high
quality samples. Abbas et al. (2023) introduce SemDeDup, which starts with the CAT-
filtered LAION-440M subset, further employing clustering to remove semantic duplicates.
DaTtaCowmp facilitates data-centric investigation at an even larger scale (i.e., 12.8B sample
scale) and provides a common experimental setting for fair comparison amongst dataset

creation algorithms.

Large-scale multimodal datasets. Datasets have been instrumental to building mul-
timodal models like CLIP (Radford et al., 2021), Flamingo (Alayrac et al., 2022), Stable
Diffusion (Rombach et al., 2022), DALL-E (Ramesh et al., 2021, 2022) and GPT-4 (Ope-
nAl, 2023). These methods succeeded by training on large, heterogeneous datasets rather
than solely through advanced modelling techniques. For example, OpenAI’s CLIP trains
on 400M image-text pairs from the web, roughly 300x the size of ImageNet (Deng et al.,
2009). Prior work on scaling image-text datasets also provides promising trends with re-
spect to zero-shot model performance (Jia et al., 2021; Pham et al., 2021b). Additional
large scale datasets like FILIP-300M (Yao et al., 2022); FLD-900M (Yuan et al., 2021),
and PalLI-10B (Chen et al., 2022) were constructed to train multimodal models. However,
many datasets used to train such models (including the dataset for OpenAI’s CLIP) are

proprietary, making it hard to conduct data-centric investigations.

Even for public image-text datasets like SBU (Ordonez et al.; 2011), Flickr30k (Young
et al., 2014), MS-COCO (Chen et al., 2015), Conceptual Captions (Sharma et al., 2018),
CC12M (Changpinyo et al., 2021), RedCaps (Desai et al., 2021), WIT (Srinivasan et al.,
2021), Shutterstock (Nguyen et al., 2022), YFCC-100M (Thomee et al., 2016b), COYO-
700M (Byeon et al., 2022), LAION-400M (Schuhmann et al., 2021), or LAION-2B (Schuh-
mann et al., 2022) little is known about what constitutes a good image-text dataset. Pre-
liminary analysis suggests that different image-text data sources lead to CLIP models with
different properties (Nguyen et al., 2022). However, previous work is limited to smaller scale

data (10-15M examples).



The loss landscape and interpolating weights. The geometry of neural network loss
surfaces has attracted the interest of several authors in recent years (Li et al., 2018; Garipov
et al., 2018; Draxler et al., 2018; Kuditipudi et al., 2019; Fort et al., 2019; Czarnecki et al.,
2019; Wortsman et al., 2021; Benton et al., 2021; Entezari et al., 2022; Li et al., 2022;
Lubana et al., 2022). Despite neural networks being non-linear, previous work has empir-
ically found that interpolations between the weights of two neural networks can maintain
their high accuracy, provided these two neural networks share part of their optimization
trajectory (Frankle et al., 2020; Izmailov et al., 2018; Neyshabur et al., 2020; Fort et al.,
2020; Wortsman et al., 2022a; Choshen et al., 2022; Ilharco et al., 2022).

In the context of fine-tuning, accuracy increases steadily when gradually moving the
weights of a pretrained model in the direction of its fine-tuned counterpart (Wortsman
et al., 2022b; Matena and Raffel, 2021; Ilharco et al., 2022). Beyond a single task, Matena
and Raffel (2021); Ilharco et al. (2022) found that when multiple models are fine-tuned on
different tasks from the same initialization, averaging their weights can improve accuracy
on the fine-tuning tasks. Similar results were found by Li et al. (2022) when averaging the
parameters of language models fine-tuned on various domains. Choshen et al. (2022) showed
that “fusing” fine-tuned models by averaging their weights creates a better starting point for
fine-tuning on a new downstream task. Wortsman et al. (2022a) found that averaging the
weights of models fine-tuned on multiple tasks can increase accuracy on a new downstream
task, without any further training. These findings are aligned with results shown in our
work. In this work, we go beyond interpolating between models, examining extrapolating

between models and additional ways of combining them.

Model editing. Considering that re-training models is prohibitively expensive in most
circumstances, several authors have studied more efficient methods for modifying a model’s
behavior with interventions after pretraining, referring to this process by different names,
such as patching (Goel et al., 2020; Sung et al., 2021; Ilharco et al., 2022; Murty et al.,
2022), editing (Santurkar et al., 2021; Mitchell et al., 2021, 2022), aligning (Ouyang et al.,
2022; Askell et al., 2021; Kasirzadeh and Gabriel, 2022; Glaese et al., 2022), or debugging

(Ribeiro and Lundberg, 2022; Geva et al., 2022). In contrast to previous literature, our



work provides a unique way of editing models, where capabilities can be added or deleted
in a modular and efficient manner by re-using fine-tuned models. Closer to our work is that
of Subramani et al. (2022), who explore steering language models with vectors added to
its hidden states. In contrast, our work applies vectors in the weight space of pretrained

models and does not modify the standard fine-tuning procedure.

2.2 Background

This section presents a brief overview of relevant concepts studied in this thesis, including

distributional robustness and CLIP models (Radford et al., 2021).

Distributional robustness. One of the foundational goals of machine learning is to
develop models that work reliably across a broad range of data distributions. Taori et al.
(2020) categorized distribution shifts into two broad categories: (i) synthetic, e.g., loo-
adversarial examples or artificial changes in image contrast, brightness, etc. (Hendrycks
and Dietterich, 2019; Biggio et al., 2013; Biggio and Roli, 2018; Geirhos et al., 2018; Alcorn
et al., 2019); and (ii) natural, where samples are not perturbed after acquisition and changes
in data distributions arise through naturally occurring variations in lighting, geographic
location, crowdsourcing process, image styles, etc. (Taori et al., 2020; Recht et al., 2019b;
Hendrycks et al., 2021a,b; Koh et al.; 2021). Following Radford et al. (2019), our focus is on
natural distribution shifts as they are more representative of the real world when no active
adversary is present.

To measure robustness, one can contrast model accuracy on two related but different
distributions, a reference distribution D, which is the target for training or fine-tuning, and
shifted distribution Dgpire.! We assume both distributions have test sets for evaluation, and
Dief has an associated training set S, which is typically used for training or fine-tuning.
The goal for a model is to achieve both high accuracy and consistent performance on the
two distributions Do and Dgpie. This is a natural goal as humans often achieve similar

accuracy across the distribution shifts in our study (Shankar et al., 2020).

Dyer and Dapise are sometimes referred to as in-distribution (ID) and out-of-distribution (OOD).



For a model f, we let Accef(f) and Accghist(f) refer to classification accuracy on the
reference and shifted test sets, respectively. We consider k-way image classification, where
x; is an image with corresponding label y; € {1,...,k}. The outputs of f are k-dimensional

vectors of non-normalized class scores.

Effective robustness and scatter plots. To compare the robustness of models with dif-
ferent accuracies on the reference distribution, we follow the effective robustness framework
introduced by Taori et al. (2020). Effective robustness quantifies robustness as accuracy
beyond a baseline trained only on the reference distribution. A useful tool for studying
(effective) robustness are scatter plots that illustrate model performance under distribu-
tion shift (Recht et al., 2019b; Taori et al., 2020). These scatter plots display accuracy
on the reference distribution on the z-axis and accuracy under distribution shift on the y-
axis, i.e., a model f is shown as a point (Acce(f), Accsnits(f)). For the distribution shifts
we study, accuracy on the reference distribution is a reliable predictor of accuracy under
distribution shift (Taori et al., 2020; Miller et al., 2021). In other words, there exists a func-
tion 8 : [0,1] — [0, 1] such that Accgpits(f) approximately equals B(Accyet(f)) for models f
trained on the train set S,. Effective robustness (Taori et al., 2020) is accuracy beyond
this baseline, defined formally as p(f) = Accgnift(f) — B(Accret(f))-

In the corresponding scatter plots, effective robustness is vertical movement above ex-
pected accuracy under distribution shift. Effective robustness thereby disentangles accuracy
changes on the reference distribution from the effect of robustness interventions. When we
say that a model is robust to distribution shift, we mean that effective robustness is posi-
tive. Taori et al. (2020) observed that no algorithmic robustness intervention consistently
achieves substantial effective robustness across several distribution shifts—the first method
to do so was zero-shot CLIP. Empirically, when applying logit (or probit) axis scaling, mod-
els trained on the reference distribution approximately lie on a linear trend (Taori et al.,

2020; Miller et al., 2021).

Contrastive Language-Image Pretraining (CLIP). We primarily study CLIP models

(Radford et al., 2021), which are trained to contrast images and text. Due to their text



interface, CLIP models can be used for any downstream classification task without the need
to fine-tune (i.e., in a zero-shot setting). Zero-shot models exhibit effective robustness and
lie on a qualitatively different linear trend in effective robustness plots. CLIP models are
pretrained using image-caption pairs from the web. Given a set of image-caption pairs
{(x1,%1)..., (xB,sp)}, CLIP-like models train an image-encoder g and text-encoder h such
that the similarity (g(z;), h(s;)) is maximized relative to unaligned pairs.” CLIP-like models
perform zero-shot k-way classification given an image x and class names C' = {¢y, ..., ¢} by
matching x with potential captions. For instance, using caption s; = “a photo of a {¢;}” for
each class 4, the zero-shot model predicts the class via arg max; (g(x), h(s;)).” Equivalently,

J

one can construct Weroshot € R¥® with columns h(sj) and compute outputs f(z) =

g ((L‘) T erro—shot .

*More precisely, the image encoder g and text encoder v are trained with the loss £ = 1 Zf:1 ﬁ +
j=174ij
: Zil %, where 0;; = exp (g(zi), h(y;)). Typically, a learnable temperature parameter is also used

as in Radford et al. (2021).

3For improved accuracy, the embedding of a few candidate captions are averaged, e.g.,
sgl):“a photo of a {¢;}” and 352):“21 picture of a {¢;}” (referred to as prompt ensembling (Radford et al.,

2021)).
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Chapter 3

BUILDING BETTER MULTIMODAL DATASETS

In this chapter, we explore how data affects the resulting models. We start by showing
that data is the main component responsible for the distributional robustness in CLIP
models 3.1 based on findings from Fang et al. (2022). We then dive into DataComp, a
benchmark for exploring dataset design in the context of CLIP pretraining 3.2, paving the

way for building better multimodal datasets (Gadre et al., 2023).

3.1 Data Determines Distributional Robustness

Large pretrained multimodal models such as CLIP (Radford et al., 2021), ALIGN (Jia et al.,
2021), and BASIC (Pham et al., 2021a) show unprecedented robustness on a variety of
natural distribution shifts. In contrast to prior models that are trained on images with class
annotations, CLIP and relatives' are directly trained on images and their corresponding
unstructured text from the web. The resulting models achieve large robustness even on
challenging distribution shifts such as ImageNetV2 (Recht et al., 2019a) and ObjectNet
(Barbu et al., 2019). No prior algorithmic techniques had enhanced robustness on these
datasets even after multiple years of intensive research in reliable machine learning (Djolonga
et al., 2021; Taori et al., 2020). As CLIP also improves robustness on a wide range of
other distribution shifts, an important question emerges: What causes CLIP’s unprecedented
robustness?

The fact that language-image models were the first to achieve large robustness gains
suggests that multimodal learning on language and image data may be key to more robust
image representations. However, pinpointing the exact cause of CLIP’s robustness is com-

plicated by the fact that CLIP relied on several changes to the common supervised training

'Following Radford et al. (2021), we use CLIP as a name for the general training technique, not only
their specific models.
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paradigm for image classification models. For instance, the CLIP models with highest ac-
curacy follow the vision transformer (ViT) architecture (Dosovitskiy et al., 2021). Radford
et al. (2021) already investigated model architecture and size, showing that these factors
do not affect the robustness of their CLIP models. Nevertheless, there is still a long list of
possible causes for CLIP’s robustness:

e The large training set size (400 million images)

e The training distribution

e Language supervision at training time

e Language supervision at test time via prompts

e The contrastive loss function

Understanding the mechanism underlying CLIP’s robustness is important as it may guide

the way towards more reliable machine learning more broadly.

In Fang et al. (2022), we answer the question of CLIP’s robustness via a series of con-
trolled experiments that test the five possible causes listed above. Our main result is that
CLIP’s robustness is determined almost exclusively by the training distribution. Language
supervision at training time does mot make the resulting models more robust than stan-
dard supervised learning when the images in the training set are the same. Hence language
supervision only has an indirect effect on robustness. In particular, language supervision
simplifies training on a diverse distribution of images by removing the need for consistent
annotation with class labels. The more diverse training distribution-—mnot the language

supervision-—then leads to more robust representations.

Our investigation of CLIP’s robustness rests on two further contributions. First, we
introduce ImageNet-Captions, a new dataset for training on paired language-image data.
ImageNet-Captions augments 463,622 of the 1.2 million images in the ImageNet 2012 train-
ing set (Deng et al., 2009) with the original text data sourced from the corresponding Flickr
images. ImageNet-Captions enables controlled experiments comparing standard (class-
based) ImageNet training with language-image training on the same set of images. Such
experiments precisely pinpoint the effect of utilizing language when training computer vision

models.
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Second, we provide a new baseline for language-image training that minimizes the in-
teraction between the vision and language components yet achieves accuracy similar to
CLIP training. Specifically, we introduce the following training procedure and illustrate its
behavior on the YFCC-15M dataset (Thomee et al., 2016a; Radford et al., 2021): 1) Use
SimCLR (Chen et al., 2020a) to pretrain a representation on only the images in YFCC-15M;
2) Finetune the resulting representation by matching examples in YFCC-15M to ImageNet
classes with simple text matches in the corresponding captions.

Our approach relies on no language model, demonstrating that it is possible to match
the performance of CLIP training with much simpler language processing. Besides serving
as a useful baseline to understand CLIP training, our simplified approach may open the

way for further algorithmic innovations in language-image training.

8.1.1 ImageNet-Captions

We now describe ImageNet-Captions, our new dataset for experiments with image-text
supervision.” Four desiderata guided the creation of ImageNet-Captions:

1. To isolate the effect of natural language supervision on effective robustness, we require
a dataset that contains both natural language supervision and traditional classification
labels. This setup allows us to train classifiers separately with contrastive image-
text losses and with standard classification losses on the same images and compare
the resulting models. Differences in the models are then solely due to different loss
functions, not architectural differences or different training distributions.

2. The text annotations in the dataset should come from the original image source,
as opposed to synthetically generated captions from curated templates or an image
captioning model. This helps ensure that the dataset is representative of image-text
data “in the wild” and minimizes artifacts from templates or machine models.

3. The dataset should be related to commonly studied benchmarks, such as ImageNet,
in order to have good baselines and comparable training methods.

4. The dataset should be large enough to support training on modern neural networks.

2The dataset is available at https://github.com/mlfoundations/imagenet-captions.
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We constructed ImageNet-Captions to satisfy all four desiderata. ImageNet-Captions is
a subset of the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) 2012 training
set, paired with the original image title, description, and tags from Flickr (recall that a large
part of ImageNet was sourced from the Flickr image hosting website).

Since ImageNet is a widely used image classification benchmark, our goal was to augment
the 2012 ImageNet training set with original text data. A priori, this is a difficult task since
the standard 2012 ImageNet release does not contain any metadata for the images. As a
starting point, we leveraged three facts about ImageNet: 1) A large fraction of ImageNet
is sourced from Flickr; 2) The ImageNet fall 2011 release contained URLs for each image
in the full ImageNet dataset; 3) For a given photo identifier, the Flickr API provides the
associated text data.

Our dataset construction began with filtering the 14,197,122 image URLs in the Ima-
geNet fall 2011 release to only include images from Flickr. In addition, we restricted the
images to just the 1,000 classes included in the 2012 ImageNet competition (every entry in
the fall 2011 release contains both a URL and a class label). After this filtering, we were
left with 642,147 images belonging to 999 classes (all classes in ILSVRC-2012 except “teddy
bear”).

Next, we ran the image deduplication routine of Jain et al. (2019) to remove images
that were not in the ILSVRC-2012 training set. In addition, we removed text containing
profanity. This left us with a dataset of 463,622 images that are in the ILSVRC-2012
training set, along with the newly obtained corresponding text data. In particular, for each
image we extracted a title (the text at the top of the Flickr image), description (the text at
the bottom of the Flickr image), and user-provided tags. Since these images are a subset
of ILSVRC-2012, we also have a corresponding class label that can be used for standard
ImageNet training.

The resulting dataset contains captions from a mix of 127 different languages with the
bulk (90%) coming from English. We further inspected the quality of image-text pairs
by checking for the presence of the desired class label in the associated text. Table 3.1
summarizes the analysis. We find that for 94% of the images, the name of the ImageNet

class is present in the corresponding text. This indicates that most of the captions contain
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Table 3.1: Images from ImageNet-Captions contain three types of metadata: titles, de-
scription, and tags. For each type of metadata, this table shows the number of images that
have corresponding metadata that contains the class label of the image. For most images,
the class label is in at least one text field, indicating that ImageNet-Captions is suitable for

language-image training.

Caption Type # Images % of Total
Title Only 239,495 51.6
Description Only 134,387 28.9
Tags Only 342,340 73.8
Title, Tag and Description 435,239 93.8

relevant information about the class and are suitable for training image-text models.

3.1.2 ImageNet-Captions experiments

In this section, we use the ImageNet-Captions dataset to investigate the effect of language
on robustness. ImageNet-Captions provides a simple comparison with vision-only methods
because ImageNet is considered the premier benchmark for image classification. We train
the ResNet-50 based CLIP model on ImageNet-Captions with a contrastive loss, as well as
the vision encoder of that CLIP model with an additional linear layer on the equivalent

image classification dataset.

Caption constrution. When constructing ImageNet-Captions, we had to choose which
parts of the metadata to include in the caption. To do so, we ran experiments on variants
that included just the title, the title followed by the description, and the title followed by
the tags followed by the description. Furthermore, Radford et al. (2021) use a filter to
keep only images with captions in English. We create additional variants of the dataset by
applying a similar filter. As shown in Table 3.2, captions that include more information

appear to perform better. Furthermore, it seems that filtering for cleaner captions does not
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Table 3.2: Evaluating different caption variants across ImageNet (IN) natural distribution
shifts. Results are reported in top-1 accuracy (%). The best performing caption uses title,
tags, and description. Although the language filter makes captions cleaner, the decrease in

overall dataset size decreases performance.

Title Desc Tags Filter Size Relative IN IN-V2 IN-R 1IN Sketch ObjectNet IN-A

Size (%)
v v 197K 42.6 15.7  12.2 6.6 1.1 5.5 2.4
v 459K 99.0 26.2  20.7 9.5 2.6 8.4 2.7
v v v 312K 67.4 219 16.5 8.0 1.7 6.1 2.2
v v 461K 99.4 278 216 9.6 3.0 8.0 2.7
v v v v 367K 79.3 26.5 20.3 8.9 2.3 7.9 2.5
v v v 464K 100.0 31.5  24.0 10.9 2.7 9.1 3.0

make up for the loss of image-caption pairs. In caption construction ablations, images with
empty captions were dropped, causing variation in dataset size across the experiments in

Table 3.2.

Robustness. To determine the robustness of models trained on ImageNet-Captions, we
evaluate on ImageNet and compare with natural distribution shifts in ImageNetV2, ImageNet-
R, ImageNet Sketch, ObjectNet, and ImageNet-A. In Figure 3.3, we see that ImageNet-
Captions CLIP models roughly follow the same linear trends as ImageNet-Captions classi-
fication models across the various distribution shifts. This shows that CLIP models are not
more robust than classification models trained on the same dataset, despite the difference
of language supervision. This is a better comparison than that with ImageNet classification
models because there is no longer the potential confounding factor of the datasets having
different image distributions. Nevertheless, these models do not achieve the robustness seen

in CLIP models from Radford et al. (2021).

Pretraining on language. While the above experiments show that language supervision

from ImageNet-Captions does not contribute to a model’s robustness, it does not rule out
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robustness coming from the language supervision of OpenAl’s proprietary dataset used
to train CLIP. Therefore we ran additional experiments where we loaded the pretrained
OpenAl CLIP model onto the language encoder, while randomly initializing the vision
encoder. We trained ImageNet-Captions on this setup, with an additional variant where we
also freeze the language encoder’s weights. As seen in Figure 3.4, while both the unfrozen
and frozen variants of the pretrained language encoder increased the accuracy of the model
when compared to the completely randomly initialized model, neither variant provided

additional effective robustness.

Effect of using templates. Given that images in ImageNet-Captions have a correspond-
ing ImageNet class, we can try to leverage this information to investigate the effect of
captions and class information on both accuracy and robustness. Radford et al. (2021) in-
troduces prompt templates in formats similar to “A photo of a {label}.” Creating templates
for ImageNet-Captions is different than doing so for other image-text datasets because each
image already has an assigned label; for other datasets, creating a template requires looking
through the caption for classes, which are not guaranteed to be in the caption.

We found that attaching templates at the beginning of captions (followed by Title + Tags
+ Description) achieves 34.7% ImageNet top-1 accuracy, which is 3.2% more than without
the templates. However, using the templates by themselves as the captions achieves 50.5%
ImageNet top-1 accuracy, suggesting that the additional information in the captions hurts
ImageNet performance. The model trained on the equivalent classification task achieves
48.7%, which suggests that with additional parameter tuning, classification may be similar
to CLIP training on templates.

While using templates instead of captions can increase ImageNet performance, it does
not improve robustness. Using templates on top of the captions follows linear trends similar
to ImageNet-Captions. In fact, training a model on all of ImageNet using templates behaves

like an equivalent classification model.

Improving ImagelNet performance using captions. While language supervision does

not improve robustness, it is still possible that the additional information may improve
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ImageNet accuracy. We investigate this by running experiments on ImageNet, augmented
with ImageNet-Captions. It is well known that ResNet-50 achieves 77.15% top-1 ImageNet
accuracy (He et al.; 2016). As a similar baseline, we achieve 76.62% top-1 ImageNet accuracy

by training the CLIP model with templates as the caption.

We have tried improving this baseline by initializing the language head with the OpenAl
pretrained model, using the combined ImageNet (templates) and ImageNet-Captions for
training, using ImageNet-Captions as text augmentation when available, and contrasting the
image encoding with both the template and the ImageNet-Captions caption encodings when
available. However, all of these fall within +1% of the baseline. Note that concatenating
the captions to the templates changes the image distributions, while some of the other
approaches do not. On the other hand, restricting the images used to those within ImageNet-
Captions hints that language may help improve ImageNet performance. The experiments
we have run are non-exhaustive, and we leave it to future work to find whether language

information can improve ImageNet performance, and more broadly, vision task performance.

3.1.8 YFCC experiments

Our experiments in the previous section show that language supervision alone does not
improve robustness. To further understand the source of CLIP’s robustness, we now in-
vestigate whether it is possible to train a representation with minimal or even no language
supervision that still yields the same robustness as CLIP. These results will provide further
evidence that CLIP’s robustness stems from the more diverse data distribution, not the
presence of language supervision.

Our experiments in this section start with a language-image training set on which CLIP
exhibits improved robustness: the Yahoo Flickr Creative Commons dataset (YFCC) (Thomee
et al., 2016a). To test whether the image data in YFCC alone can improve robustness, we
contrastively pre-train a “standard” image representation on YFCC that does not involve
the language part of the dataset. Building on this image-only representation, we then train
a zero-shot classifier with only minimal text processing (substring matches). The resulting

classifier achieves effective robustness close to CLIP. This demonstrates that the training
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Table 3.3: Comparing CLIP training with (language model free) classification models on
YFCC-15M. All experiments use a ViT-B/16 backbone. The CLIP results are from Mu
et al. (2021). Image-only contrastive learning followed by a simple text matching stage for

classification nearly matches the performance of CLIP with a full language model.

Training style ImageNet Avg OOD
CLIP 37.9 19.9
SimCLR — Classification 35.7 18.8

distribution, not language supervision at training time, is the main reason behind CLIP’s

robustness.

Dataset. We use the YFCC-15M (Radford et al., 2021) dataset, a subset of YFCC-
100M (Thomee et al., 2016a) filtered to only images with English titles or descriptions.
The dataset contains 14,829,396 images with natural language captions associated with
each image. To train image classifiers on YFCC-15M, we convert YFCC-15M into a classifi-
cation dataset with class labels for each image, which we denote YFCC-15M-Cls. We assign
ImageNet labels to each image using a simple strategy: if the title or description contains
the name of an ImageNet synset or synonym (Miller, 1995), we assign the corresponding
synset label to the image. If an image contains no or multiple ImageNet synsets, we dis-
card that image. This results in 1,694,125 images (11.4% of the full dataset) covering 953
ILSVRC classes. The least common class has 1 image, while the most common has 280,351

images.

Classification training. We use a ViT-Base (ViT-B/16) model fine-tuned using the
softmax cross-entropy loss on YFCC-15M-Cls. Since this data is only a fraction of YFCC-
15M, we initialize the classification model with a SimCLR model pre-trained on YFCC-15M
from Mu et al. (2021).
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Results. We present our main results in 3.1. A CLIP model trained on all images and
captions from YFCC-15M yields an ImageNet top-1 accuracy of 37.9%. Our baseline clas-
sification model®, which trains SimCLR on YFCC-15M, but fine-tunes on only a small
fraction (about 11%) of the supervision in YFCC-15M, results in an accuracy of 35.7%,
which we found surprisingly close to CLIP. Further, as shown in 3.1 (“YFCC SimCLR +
Classification” ), our baseline model’s effective robustness is similar to that of CLIP.
Overall, we find that despite largely eschewing language, and training on a fraction
of the supervision, our baseline model results in high effective robustness, similar to CLIP.
These results indicate that image-only pre-training followed by classification fine-tuning can
match the robustness of CLIP, and that language pre-training is not necessary for effective
robustness. Models trained on YFCC consistently achieve higher effective robustness than
models trained on ImageNet, which shows that different training distributions have different

levels of effective robustness.

3.1.4 Effect of test time prompts

As another hypothesis, we study whether natural language prompts affect CLIP’s robust-
ness. Recall that prompts consist of a template (e.g., “a photo of ___”) and the name of
a class in the dataset. Radford et al. (2021) showed how to use multiple templates by av-
eraging their text representations. Similarly, it is also possible to use multiple class names
for each class if synonyms exist (e.g. microwave and microwave oven). To investigate the
influence of specific prompts in the robustness of CLIP, we conduct a series of experiments
using a trained CLIP model and multiple prompting strategies. Specifically, we vary:
e The templates used, using one of the following three options:
i) Templates from Radford et al. (2021);
ii) No templates (i.e., only the class names);

iii) Random words appended before and after the class name.”

3We call this baseline “NoCLIP”, for “Now we use SimCLR+Classification instead of Contrastive
Language-Image Pre-training

4Templates are composed by one to ten random words along with the class name, in an arbitrary position.
Random words are drawn using https://pypi.org/project/Random-Word/.
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e The names of the classes, using one of the following three sources:
i) Class names from Radford et al. (2021);
ii) Class names from WordNet synset (Miller, 1995);
iii) A combination of the previous two sources.

e The number of templates used, chosen from {1,2,4, 8,16, 32,80}.

e The maximum synonyms per class, one of {1,2,4}.

Figure 3.5 (left) shows the results from over a hundred experiments. We find that specific
choices of prompts can have a substantial impact on performance. While some prompt
variations did increase effective robustness, this increase is entirely due to the substantially
reduced accuracy. In particular, one can achieve the same change in effective robustness
by simply interpolating with a random classifier (which sees no performance change under
distribution shift). We illustrate this behavior with the brown line in Figure 3.5 (left).

Overall, these results show that prompts are not the source of robustness of CLIP models.

3.1.5 Effect of contrastive training losses

Finally, we explore contrastive pre-training as a potential source of CLIP’s robustness.
Contrastive pre-training is a popular method for self-supervised representation learning
that encourages similar pairs to be close and dissimilar pairs to be far apart in a learned
representation space. In Radford et al. (2021), the similar pairs are images and their corre-
sponding captions. In SimCLR (Chen et al., 2020a), similar pairs are the same images with

different data augmentation.

As the contrastive loss is core to CLIP’s approach, we explore whether contrastive ap-
proaches independently promote effective robustness. Figure 3.5 (right) shows results for
various popular contrastive methods, including SImCLRv2 (Chen et al., 2020b), SimSiam
(Chen and He, 2020) and SwAV (Caron et al., 2020), pre-trained on ImageNet. We evaluate
on ImageNet and the five distribution shifts. While the methods differ significantly from
each other (e.g., different augmentation strategies, memory banks, and feature clustering

techniques), they consistently exhibit little to no effective robustness.
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3.1.6 Conclusion

The previous sections have systematically ruled out the training set size, language supervi-
sion, and the contrastive loss function as explanations for the large robustness gains achieved
by the CLIP models of Radford et al. (2021). In addition, Section 3.1.3 has demonstrated
that changing the training distribution from ImageNet(-Captions) to YFCC substantially
affects the robustness of the resulting models. We arrive at a clear conclusion: CLIP’s ro-
bustness is dominated by the choice of the training distribution, with other factors playing
a small or non-existent role. While language supervision is still helpful for easily assem-
bling training sets, it is not the primary driver for robustness. Overall, our results add to a
growing body of evidence that the training distribution plays a central role for mitigating

real-world distribution shifts.

3.2 DataComp: In Search of the Next Generation of Multimodal Datasets

As shown in the previous section, image-text datasets play a crucial role in building multi-
modal models. In this section, we introduce DataComp (Gadre et al., 2023), a new bench-
mark for dataset design, created to help advance our understanding on how to create good
pretraining multimodal datasets.

DataCowmp is meant to facilitate data-centric experimentation. While traditional bench-
marks emphasize model design, DATACOMP is centered around dataset development, where
the resulting datasets can be used to train high accuracy models. We focus on large image-
text datasets and quantify a dataset submission by training a CLIP model on it from scratch
(Radford et al., 2021) and evaluating on 38 downstream image classification and retrieval
tasks. We additionally have three secret test sets, which will be released after a year, to
guard against overfitting. To facilitate such investigations, we provide a candidate pool of
uncurated image-text pairs sourced from the public internet. Our benchmark offers two
tracks: one where participants must filter samples from the pools we provide, and another
where participants can use external data. Moreover, DATACOMP is structured to accom-
modate participants with diverse levels of computational resources: each track is broken

down into four scales with varying compute requirements. We now discuss high-level de-
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sign decisions, construction of a 12.8B image-text data pool to facilitate the competition,

benchmark tracks, model training, and evaluation.

3.2.1 Competition design

In many areas of machine learning, larger datasets can lead to better performing models
(Krizhevsky et al., 2012; Kaplan et al., 2020; Jia et al., 2021; Pham et al., 2021b; Hoff-
mann et al., 2022a; Cherti et al., 2022; Brown et al., 2020a; Radford et al., 2021, 2022).
Hence comparing only datasets with the same size is a natural starting point. However,
this approach is flawed as controlling the dataset size ignores critical curation constraints:
candidate pool size (i.e., number of image-text pairs to harvest) and training compute. For
instance, assembling a dataset like LAION-2B consists of identifying data sources (e.g.,
Common Crawl or Reddit) and filtering the data source. Notably, the final dataset size
is a design choice and is only upper-bounded by the data sources. Hence, the true data
constraint is the size of the reservoir of samples: candidate pool to be filtered. To make
DATACOMP a realistic benchmark, we therefore fix the candidate pool in the filtering track,
but give participants control over the training set size.

Compute cost is another relevant constraint. To put datasets of different size on equal
footing, we specify the total number of training samples seen. Consider the 12.8B compute
scale and filtered datasets A and B, with 6.4B and 3.2B image-text pairs respectively. At
this scale, we train by making two passes over A, while making four passes over B. A key
result from our experiments is that smaller, more stringently filtered datasets can lead to

models that generalize better.

Competition tracks. Two key procedures in assembling a training dataset are filtering a
data source (Schuhmann et al., 2021, 2022; Byeon et al., 2022) and aggregating data sources
(Dave et al., 2020; Deng et al., 2009). To reflect this structure, DATACOMP has two tracks:
filtering, where participants select a subset of the samples from CoMmMONPOOL, and Bring
Your Own Data (BYOD), where participants can use any source of data. Key decisions for

each tracks are described in Sections 3.2.2 and 3.2.3, respectively.
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Table 3.4: Experimental configurations, with compute in multiply-accumulate operations

(MACs).

Scale Model Train compute (MACs)  Pool size and # samples seen
small ViT-B/32 9.5 x 1016 12.8M
medium  ViT-B/32 9.5 x 1017 128M
large ViT-B/16 2.6 x 1019 1.28B
xlarge  ViT-L/14 1.1 x 102 12.8B

Competition compute scales. To facilitate study of scaling trends and accommodate
participants with various computational resources, we structure DATACOMP using four
scales of compute: small, medium, large and xlarge. Each new scale increases the num-
ber of samples seen during training by 10x (from 12.8M to 12.8B samples seen), and the
pool we provide by the same factor (from 12.8M samples to 12.8B samples). Table 3.4 gives
the experimental configuration used for each scale. For the small scale, our runs took 4

hours on an A100 GPU, and for the xlarge scale 81 hours on 512 GPUs.

3.2.2 CoMMONPOOL generation, for the filtering track

We construct a large-scale pool of image-text pairs, COMMONPOOL, from Common Crawl.
CommonPool is distributed as an image url-text pair index under a CC-BY-4.0 license.
Our pool construction pipeline has four steps: url extraction and data download, NSFW
detection, evaluation set deduplication, and face blurring. We additionally provide per
sample metadata (e.g., CLIP features). Starting from the xlarge COMMONPOOL, we take
successive random subsets to create large, medium, and small COMMONPOOL (e.g., medium

is a subset of large).

Extracting urls and dowloading data. We first use cc2dataset”, which utilizes Apache

Spark (Zaharia et al., 2016), to extract pairs of image urls and nonempty alt-text from all

Shttps://github.com/rom1504/cc2dataset
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Common Crawl snapshots from 2014 to 2022. We then deduplicate the url-text pairs and
randomly shuffle. This step results in ~88B possible samples. Not all samples are download-
able; other samples are not suitable due to NSFW content or overlap with our evaluation
sets. We attempt to download ~40B samples using img2dataset® resulting in ~16.8B

image-text pairs.

Safety preprocessing. Since Common Crawl is a snapshot of the internet, we require
strict preprocessing to remove unsafe content. We use Detoxify (Hanu and Unitary team,
2020) to prune samples that contain unsafe text (e.g., obscene, sexually explicit, or threat-
ening language). We also discard samples with explicit visual content. To do so, we train a
classifier on CLIP ViT-L/14 (Radford et al., 2021) features, using the NSFW dataset used
in LAION-5B (Schuhmann et al., 2022). We validate our classifier against the Google com-
mercial image safety API. Around 19% of image-text pairs are considered NSFW, taking
the pool of ~16.8B downloads to ~13.6B samples.

Evaluation set deduplication. To prevent accidental overfitting to certain test sets in
our evaluation suite, we perform a thorough near-duplicate removal between the candidate
pool and our evaluation sets, using a state-of-the-art image deduplication model (Yokoo,
2021). The model flags ~3% of the 16.8B images as near-duplicates, reducing the ~13.6B
pool to ~13.1B samples. From here we select a random subset to get the xlarge pool of

12.8B samples.

Face detection & blurring. To protect the privacy of individuals, we detect and blur
faces from images in our pool using a face detector (Guo et al., 2021). As observed by Yang
et al. (2022), obfuscating faces has little impact on model performance, as we also observe

in our experiments.

Pool metadata. To bootstrap participants we distribute metadata for each sample in

CoMMONPOOL (e.g., image url, alt-text, original image resolution, CLIP features, and

Shttps://github.com/rom1504/img2dataset
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CLIP similarity scores). Following Carlini et al. (2023), we release SHA256 hashes for each

image to guard against data poisoning in subsequent COMMONPOOL downloads.

3.2.83 The bring your own data (BYOD) track

While COMMONPOOL can be used to study different filtering techniques, state-of-the-art
models often train on data from different sources. For instance, the Flamingo model (Alayrac
et al., 2022) uses both multimodal massive web (M3W) and ALIGN datasets (Jia et al.,
2021). To facilitate non-proprietary research on curating data from many sources, we instan-
tiate a separate DATACOMP track to allow participants to combine multiple data streams.
For example, participants could construct a training set from CC12M (Changpinyo et al.,

2021), YFCC100M (Thomee et al., 2016b), and data sources they label themselves.

3.2.4 Training

We create a common experimental setting that enables comparable experiments by fixing
the training procedure. We closely follow the CLIP training recipe proposed by Radford
et al. (2021): training models from scratch with a contrastive objective over images and
captions. Given a set of image-caption pairs, we train an image encoder and a text encoder
such that the similarity between the representations of images and their corresponding text
is maximized relative to unaligned pairs. We also use a learnable temperature parameter as
in Radford et al. (2021). For each scale, we fix the model architecture and hyperparameters
(see Table 3.4). We pick Vision Transformers (ViTs) (Dosovitskiy et al., 2021) as the image
encoder, considering the better scaling trends observed by Radford et al. (2021) compared
to ResNets (He et al., 2016). Models are trained for a fixed number of steps determined by
the scale (Table 3.4), using the OpenCLIP repository (Ilharco et al., 2021).

3.2.5 FBEvaluation

We evaluate on a suite of 38 image classification and retrieval tasks. As discussed in Sec-
tion 3.2.2, we remove test set images from DATACOMP to avoid contamination. Image

classification datasets range from satellite imagery recognition to classifying metastatic tis-
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sues. In total we have (with some overlap): 22 of the datasets evaluated in Radford et al.
(2021), 6 ImageNet distribution shifts (i.e., ImageNet-Sketch (Wang et al., 2019), ImageNet-
V2 (Recht et al., 2019a), ImageNet-A (Hendrycks et al., 2021¢), ImageNet-O (Hendrycks
et al., 2021c), ImageNet-R (Hendrycks et al., 2021a), and ObjectNet (Barbu et al., 2019)),
13 datasets from VTAB (Zhai et al., 2019), and 3 datasets from WILDS (Koh et al., 2021;
Sagawa et al., 2022). Retrieval datasets include Flickr30k (Young et al., 2014), MSCOCO
(Chen et al., 2015), and the WinoGAViL commonsense association task (Bitton et al., 2022).
To aggregate results over all evaluation tasks, we average the preferred metric for each task.

DataCoMmP adopts a zero-shot evaluation protocol: models are tested without training
on the evaluation tasks. This approach is computationally efficient and measures a model’s
ability to perform well without any additional training. We find a strong rank correlation

(>0.99) between performance in linear probe zero-shot settings.

3.2.6 Baselines

We study six simple filtering methods for the filtering track:

e No filtering. We simply use the entire pool as the subset, without any filtering.
Since each pool size is equal to the sample budget, training consists of one pass over
the data.

¢ Random subsets. To isolate the effects of increasing the compute budget from
increasing the dataset size, we form subsets consisting of 1%, 10%, 25%, 50% and
75% of the pool chosen at random.

¢ Basic filtering. We consider many simple filtering operations inspired by Schuhmann
et al. (2021) and Byeon et al. (2022): filtering by language (English captions, using
either fasttext (Joulin et al., 2017) or cld3"); filtering by caption length (over two
words and five characters); and filtering by image size (smaller dimension above 200
pixels and aspect ratio below three). We also experiment with combining language and
caption length filtering and combining language, caption length, image size fitering.

Unless otherwise specified, “basic” refers fasttext English, caption length, and image

"https://github.com/google/c1d3
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size filtering.

e CLIP score and LAION filtering. We experiment with CLIP score filtering (also
employed by LAION), where we take only examples having cosine similarity scores
between CLIP image and text embeddings that exceed a pre-defined threshold. We
investigate a range of thresholds and two OpenAl CLIP models for computing the
scores: the ViT-B/32 model (as in LAION) and the larger ViT-L/14. We also combine
CLIP score thresholds and cld3 English filtering to reproduce the LATION-2B filtering
scheme.

o Text-based filtering. We select examples that contain text overlapping with Ima-
geNet class names, which serve as a proxy for relevance to downstream tasks. Specif-
ically, we select English captions (according to fasttext) that contain words from
ImageNet-21K or ImageNet-1K (Deng et al., 2009) class synsets.

e Image-based filtering. We select a subset of examples whose visual content overlaps
with ImageNet classes. After applying English language (fasttext) and caption length
filtering, we cluster the image embeddings extracted by the OpenAl ViT-L/14 model
for each image into 100K groups using Faiss (Johnson et al., 2019). We then find
the nearest neighbor group for every ImageNet training example, and keep examples
belonging to these groups. We apply this procedure using either ImageNet-21K (14M

images) or ImageNet-1K (1.2M images), forming two subsets.

We additionally experiment with multiple external data sources, including four moder-
ately sized datasets (10 to 58M samples) studied by Nguyen et al. (2022)—CC12M (Chang-
pinyo et al., 2021), YFCC15M (Thomee et al., 2016b; Radford et al., 2021), RedCaps (Desai
et al., 2021) and Shutterstock (Nguyen et al., 2022)—and the larger LATON-2B (Schuhmann
et al., 2022). We consider these data sources as they are and do not perform additional
preprocessing. We also present experiments combining some of the data sources (using only

the external datasets, or in addition to data from our pool).
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3.2.7 Results and discussion

Main results. Our key results are in Table 4.1. Most notably, the intersection between
image-based filtering and CLIP score filtering excels on most tasks. The exception is at
the small scale and for retrieval datasets.® Furthermore, other filtering strategies like basic,
CLIP score, image-based, text-based filtering show better downstream performance when

compared to no filtering.

DataComp leads to better image-text datasets. We hope DATACOMP catalyzes
the search for the next generation of multimodal datasets. We contribute DATACOMP-1B,
which is the output of the Image-based N CLIP score (L/14 30%) baseline filter at the
xlarge scale of the filtering track. Our dataset is comprised of 1.4B samples, which not only
is smaller than the LAION-2B dataset with 2.3B samples, but also comes from a smaller
pool. Nevertheless, a CLIP L/14 trained on DATACOMP-1B outperforms the LAION-2B
competitor by 6.1 percentage points on ImageNet. Moreover, training on DATACOMP-1B
improves ImageNet accuracy by 3.7 percentage points over OpenAI’s ViT-L/14 trained
with the same compute budget. Additionally, even if we restrict ourselves to 400M samples,
we can still find a subset of DATACOMP-1B that outperforms OpenAl’s ViT-L/14. These
results demonstrate the impact that DATACOMP can make and provide a foundation upon

which participants can build.

External data sources can improve performance. We find several instances where
adding external data sources improves performance over using just data from COMMON-
PooL. For example, at the large scale, combining CLIP-filtered data from ComMMONPOOL
with external data from CC12M (Changpinyo et al., 2021), YFCC15M (Thomee et al.,
2016b; Radford et al., 2021), RedCaps (Desai et al., 2021) and Shutterstock (Nguyen et al.,

2022) boosts ImageNet accuracy by 4.3 percentage points.

Trade-off between data diversity and repetition. In Figure 3.6, we see that ran-

domly selecting subsets of the pool has little effect and degrades performance substantially

8Cherti et al. (2022) also observe that models rank differently on classification and retrieval tasks.
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when only small fractions are used. When filtering with CLIP scores, the optimal training
set comes from selecting ~30% of the pool with the highest scores. The difference in perfor-
mance trends between random subsets and CLIP score filtering highlights the importance

of filtering strategies for selecting samples.

CommonPool and LAION are comparable with the same filtering. To validate
our pool construction, we show that we can build datasets comparable to LAION-2B by
employing their filtering technique on our pool. LAION-2B selects all samples where the
caption is in English and the cosine similarity score from a trained ViT-B/32 CLIP model
is above 0.28. We compare this filtering approach on our pool using the same number
samples, 130M samples at the large scale. We find that the different data sources perform
comparably: 55.3% vs 55.7% accuracy on ImageNet, and 0.501 vs 0.489 average performance

over our evaluation sets using our pool and LAION-2B, respectively.

Consistency across scales. We find that the ranking between filtering strategies is typ-
ically consistent across different scales. This is illustrated in Figure 3.7, which shows that
the baselines at small and medium scales are positively correlated. Moreover, the rank cor-

relations of performance is high, between 0.71 and 0.90 for different scale pairs.

Consistency across training changes. DATACOMP fixes the training procedure, so a
natural question is whether better datasets from DATACOMP are better outside of DAT-
AComP. While DATACOMP-1B is trained at the xlarge scale, we find that even when
substituting the ViT-L/14 for a ViT-B/16 or ViT-B/32, training on DATACOMP-1B out-
performs training on OpenAl’s WIT and LAION-2B. Additionally, we found that modifying
hyperparameters such as training steps and batch size minimally affects the relative ordering

of different data curation methods on downstream performance.

ImageNet accuracy is indicative, but not the complete picture. Similarly to Korn-

blith et al. (2019b), we find that ImageNet performance is highly correlated with the average
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performance across all datasets we study, with an overall correlation of 0.99. ? However,
ImageNet performance is not representative of all evaluation tasks, as the correlation be-
tween ImageNet accuracy and accuracy on other individual datasets varies substantially, in

some cases even exhibiting a negative correlation.

Robustness and fairness. While typical models trained on a target task suffer large
performance drops under data distribution shift, zero-shot CLIP models are known to ex-
hibit strong performance across many distributions (Radford et al., 2021). We find that
CLIP models trained with data from our pool are more robust to distribution shift than
ImageNet-trained models from Taori et al. (2020)’s testbed. Examining geographic diver-
sity, we find that our models are better than ImageNet-trained models, but fall short of
models fine-tuned on diverse curated datasets. We also perform a face classification analy-
sis and identify demographic biases in our models: notably, the BYOD datasets we consider

can increase the risk of misclassification.

3.2.8 Limitations and conclusion

In terms of societal risks, creating an index of image-text pairs from the public internet
can be problematic. The internet contains unsafe, toxic, and sensitive content, which ide-
ally should not percolate into machine learning datasets. Though we take steps to remove
NSFW content and blur human faces to protect privacy, we hope future work will further
explore the biases and risks from CoMMONPOOL and DATACOMP-1B. We see several ad-
ditional directions for future work, including 1) Curating more data sources. 2) Improved
data filtering algorithms. 3) Further supervision signals (e.g., image captions coming from
captioning models). 4) Additional input modalities (e.g., video, 3D objects). 5) Broader
evaluations for vision-and-language and robotics tasks.

Overall, we see DATACOMP as a first step towards improving training datasets, and hope
our new benchmark will foster further research. By providing a controlled experimental

setting, DATACOMP enables researchers to iterate on dataset design on rigorous empirical

“Note that unlike Kornblith et al. (2019b) we evaluate zero-shot performance rather than transfer learning.
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foundations. We open-source all of our code, data, and infrastructure, and hope these

resources will help the community build the next generation of multimodal datasets.



32

o Schematic: previous methods o Schematic: our method
g g
3 X g 3 \o
. (WiEhout sacnificing 14y
: APy - P S '
) ot * Ve ing ) oot 17 §
3 o e 3 o
S| * "Platio,| S 776(*' K
S [ ] v
=} Effective =
3 robustness > 3w W yeroshot + AW -
] e T |
g AT i re O
v \s 20 v \s a0
s e ol MOSEE o 5 e o Mod< “
- gt o -
s ) v £} e v
o O +
In-distribution (id) accuracy In-distribution (id) accuracy
ImageNetV2 ImageNet-R
7 ~ 91
7 K o - s
9 o oy S ——k
75 fo N
< (% H8 she—
2n o ¢ g8
£ . . =86 =
Sn 5 e & 8 s
z . -
L M O 84
zn ¥ s
% DN g2
&0 ) )i &
E ¥ e gal -
o 2 5 P —
78
69 " 77
74 75 76 77 78 79 80 81 82 83 84 85 9% 95 9% 97
ImageNet (topl, %) ImageNet (class-subsampled) (top-1, %)
ImageNet Sketch ObjectNet
—63 N
e -
., P ¢ e
3 61 : s
260 x =
5 59 * RS gn
Ky — 5 6 " 7Y
O 56 = S -
B 56 o g .
R 2
8 % . S
[ . 66 ‘
=53 ey, oy
52 65 -
74 75 76 77 78 79 80 81 8 8 8 8 8 7576 77 78 79 80 81 82 83 84 8 8 8 8 89 90 9l
ImageNet (topl, %) ImageNet (class-subsampled) (top-1, %)
ImageNet-A
81
- 80
S v=s Lp adversarially robust
— T [l Best Imagenet Probe ® Random Features
S8 N .
2 S/ Y& CLIP Zeroshot Linear Classifier on Pixels
< ld ¥ Weight-space ensemble Random Forests
2% 76 = Standard training o  Nearest Neighbors
&5 Trained with more data o Low Accuracy CNN
27 e Other robustness intervention
73
72

95 % 97 9%
ImageNet (class-subsampled) (top-1, %)

Figure 3.1: We compare models trained using different methods and on different datasets,
measuring their robustness on a range of natural distribution shifts (ImageNetV2, ImageNet-
R, ImageNet-Sketch, and ObjectNet). The CLIP models stand out with their consistent
performance in the presence of distribution shift. We find that large gains in effective
robustness (improvement over ImageNet models) only come from varying the training dis-

tribution. Language supervision alone does not cause robustness.
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ImageNet-Captions

caption:
class: @ A Phone Call at Night
payphone Flickr API phone pay phone
telephone

YFCC-Classification

caption:

Muchenley church ; class:

across the ruins of church
part of the Abbey. Label search

Figure 3.2:  Overview of the two main training sets, Imaget-Captions and YFCC-
Classification. (Top) We introduce the ImageNet-Captions dataset, where we augment a
subset of the ImageNet 2012 training set images with the corresponding original captions
collected from Flickr. (Bottom) We convert the YFCC image-caption dataset into YFCC-
Classification by searching for class labels in the YFCC captions and then remowving the
text annotations. These two datasets allows us to evaluate the impact of language-image
training on robustness because we can compare language-image training with standard clas-

sification training on the same set of images.
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Figure 3.3: On most natural distribution shifts, models trained with language information
from ImageNet-Captions follow the same trend as models trained without it. Neither comes

close to achieving the robustness of OpenAI’s CLIP models.
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Using the weights from OpenAl’s pretrained CLIP model does not improve

robustness, despite the large size of the full CLIP training set (400 million images). This is

further evidence that language supervision does not increase robustness. See Figure 3.3 for

remaining legend elements.
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Figure 3.5: Effect of prompting strategies and contrastive objectives on robustness. (Left)

On most natural distribution shifts, effect of prompting on effective robustness is similar to

that of random interpolation. (Right) Models pre-trained with various contrastive objectives

on ImageNet do not achieve the same effective robustness as CLIP models.
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Table 3.5: Zero-shot performance for select baselines in the filtering track. On all scales,
filtering strategies lead to better performance than using the entire, unfiltered pool. The
intersection between imaged-based and CLIP score strategies performs well on most tasks

and scales. For all metrics, higher is better. N denotes the intersection of filtering strategies.

Dataset Samples ImageNet Average over
Scale  Filtering strategy ImageNet VTAB Retrieval
size seen dist. shifts 38 datasets
No filtering 12.8M  12.8M 0.025 0.033 0.145 0.114 0.132
Basic filtering 3M 12.8M 0.038 0.043 0.150 0.118 0.142
Text-based 3.2M 12.8M 0.046 0.052 0.169 0.125 0.157
small Image-based 3M 12.8M 0.043 0.047 0.178 0.121 0.159
LAION-2B filtering 1.3M 12.8M 0.031 0.040 0.136 0.092 0.133
CLIP score (L/14 30%) 3.8M 12.8M 0.051 0.055 0.190 0.119 0.173
Image-based N CLIP score (L/14 30%)  1.4M 12.8M 0.039 0.045 0.162 0.094 0.144
No filtering 128M 128M 0.176 0.152 0.259 0.219 0.258
Basic filtering 30M 128M 0.226 0.193 0.284 0.251 0.285
Text-based 31M 128M 0.255 0.215 0.328 0.249 0.307
medium Image-based 29M 128M 0.268 0.213 0.319 0.256 0.312
LAION-2B filtering 13M 128M 0.230 0.198 0.307 0.233 0.292
CLIP score (L/14 30%) 38M 128M 0.273 0.230 0.338 0.251 0.328
Image-based N CLIP score (L/14 30%) 14M 128M 0.297 0.239 0.346 0.231 0.328
No filtering 1.28B 1.28B 0.459 0.378 0.426 0.419 0.437
Basic filtering 298M 1.28B 0.516 0.423 0.446 0.480 0.458
Text-based 317 1.28B 0.561 0.465 0.465 0.352 0.466
large Image-based 293M 1.28B 0.572 0.454 0.483 0.479 0.476
LAION-2B filtering 130M 1.28B 0.553 0.453 0.510 0.495 0.501
CLIP score (L/14 30%) 384M 1.28B 0.578 0.474 0.538 0.466 0.529
Image-based N CLIP score (L/14 30%)  140M 1.28B 0.631 0.508 0.546 0.498 0.537
No filtering 12.8B 12.8B 0.723 0.612 0.611 0.569 0.621
LAION-2B filtering 1.3B 12.8B 0.755 0.637 0.624 0.620 0.636
xlaree CLIP score (L/14 30%) 3.8B 12.8B 0.764 0.655 0.643 0.588 0.650

Image-based N CLIP score (L/14 30%) 1.4B 12.8B 0.792 0.679 0.652 0.608 0.663
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Figure 3.6: Performance of random subsets (dotted line) and CLIP score filtering (solid

line) when varying the subset size. When taking random subsets, larger subsets are always

better. For CLIP score filtering, subsets with intermediate size perform best.
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Chapter 4

EDITING MODELS

Despite their versatility, large multimodal models can still perform poorly when used
in a zero-shot setting (i.e., without extra training on labeled data). Even when zero-shot
models achieve good performance, they are often still worse than models trained or fine-
tuned on specific downstream tasks (Radford et al., 2021; Wortsman et al., 2022b; Ilharco
et al., 2022). A common practice to address this gap is to fine-tune the zero-shot models on
the task of interest. However, fine-tuning often leads to catastrophic forgetting (McCloskey
and Cohen, 1989; Thrun, 1998; French, 1999), making the fine-tuned model perform poorly
on tasks where the original model performed well (Andreassen et al., 2021; Wortsman et al.,

2022h).

This chapter introduces simple techniques that increase accuracy on new tasks with-
out overspecialization. We show that averaging the parameters of zero-shot and fine-tuned
models is highly effective at maintaining the best of both worlds: the versatility and ro-
bustness of the zero-shot model and the high accuracy on the target task of the fine-tuned
model (Wortsman et al., 2022b; Tlharco et al., 2022). Thus, practitioners can expand the
set of tasks where a LMM has accuracy, for a small fraction of the compute needed for
pre-training. This idea of averaging the parameters of different models is further extended
in our work model soups (Wortsman et al., 2022a), where we average the parameters of
multiple models from a hyper-parameter search. When applying our method to a BASIC-L
model (Pham et al., 2021a), the resulting model set a new state-of-the-art on ImageNet,
achieving a top-1 accuracy of 90.98%. Since weight averaging results in a single model of
the same size, the techniques we propose incur no extra inference cost.

Finally, we introduce task arithmetic, a modular framework of steering the behavior of
trained models, designed to effectively add or delete capabilities by directly operating in

the weight space (Ilharco et al., 2023). This framework is centered around task vectors,
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which are directions in the weight space of a model that steer it towards or away from
certain behaviors. We show that it is possible to perform arithmetic operations with these
task vectors, which in turn steer the model accordingly. Learning a new task can be done
by adding a task vector, and forgetting a task (for example, generating toxic content), by
subtracting another. Overall, our work shows that steering models with task arithmetic is

effective for various models, tasks and use cases (Ilharco et al., 2023).
4.1 Robust Fine-tuning of Zero-shot Models

In a concrete application, a zero-shot model can be fine-tuned on extra application-specific
data, which often yields large performance gains on the target distribution. However, fine-
tuning typically comes at the cost of robustness: across several natural distribution shifts,
the accuracy of their fine-tuned models is lower than that of the original zero-shot model

(Radford et al., 2021; Pham et al., 2021a). This leads to a natural question:
Can zero-shot models be fine-tuned without reducing accuracy under distribution shift?

As pretrained models are becoming a cornerstone of machine learning, techniques for
finetuning them on downstream applications are increasingly important. Indeed, the ques-
tion of robustly finetuning pretrained models has recently also been raised as an open prob-
lem by several authors (Andreassen et al., 2021; Bommasani et al., 2021; Radford et al.,
2021; Pham et al., 2021b). Andreassen et al. (2021) explored several fine-tuning approaches
but found that none yielded models with improved robustness at high accuracy. Further-
more, Taori et al. (2020) demonstrated that no current algorithmic robustness interventions
provide consistent gains across the distribution shifts where zero-shot models excel.

In this section, we conduct an empirical investigation to understand and improve fine-
tuning of zero-shot models from a distributional robustness perspective. We begin by mea-
suring how different fine-tuning approaches (last-layer vs. end-to-end fine-tuning, hyperpa-
rameter changes, etc.) affect the accuracy under distribution shift of the resulting fine-tuned
models. Our empirical analysis uncovers two key issues in the standard fine-tuning process.
First, the robustness of fine-tuned models varies substantially under even small changes in

hyperparameters, but the best hyperparameters cannot be inferred from accuracy on the
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target distribution alone. Second, more aggressive fine-tuning (e.g., using a larger learning
rate) yields larger accuracy improvements on the target distribution, but can also reduce
accuracy under distribution shift by a large amount.

Motivated by the above concerns, we propose a robust way of fine-tuning zero-shot
models that addresses the aforementioned trade-off and achieves the best of both worlds:
increased performance under distribution shift while maintaining or even improving accu-
racy on the target distribution relative to standard fine-tuning. In addition, our method
simplifies the choice of hyperparameters in the fine-tuning process.

Our method (Figure 4.1) has two steps: first, we fine-tune the zero-shot model on the
target distribution. Second, we combine the original zero-shot and fine-tuned models by lin-
early interpolating between their weights, which we refer to as weight-space ensembling. In-
terpolating model parameters is a classical idea in convex optimization dating back decades
(e.g., see Ruppert (1988); Polyak (1990)). Here, we empirically study model interpolation
for non-convex models from the perspective of distributional robustness. Interestingly, lin-
ear interpolation in weight-space still succeeds despite the non-linearity in the activation
functions of the neural networks.

Weight-space ensembles for fine-tuning (WiSE-FT') substantially improve accuracy under
distribution shift compared to prior work while maintaining high performance on the target
distribution. Concretely, on ImageNet (Deng et al., 2009) and five of the natural distribution
shifts studied by Radford et al. (2021), WiSE-FT applied to standard end-to-end fine-tuning
improves accuracy under distribution shift by 4 to 6 percentage points (pp) over prior
work while maintaining or improving the ImageNet accuracy of the fine-tuned CLIP model.
Relative to the zero-shot model, WiSE-FT improves accuracy under distribution shift by
1 to 9 pp. Moreover, WiSE-FT improves over a range of alternative approaches such as
regularization and evaluating at various points throughout fine-tuning. These robustness
gains come at no additional computational cost during fine-tuning or inference.

While our investigation centers around CLIP, we observe similar trends for other zero-
shot models including ALIGN (Jia et al., 2021), BASIC (Pham et al., 2021b), and a ViT
model pre-trained on JFT (Dosovitskiy et al., 2021). For instance, WiSE-FT improves the

ImageNet accuracy of a fine-tuned BASIC-L model by 0.4 pp, while improving average
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accuracy under distribution shift by 2 to 11 pp.

To understand the robustness gains of WiSE-FT, we first study WiSE-FT when fine-
tuning a linear classifier (last layer) as it is more amenable to analysis. In this linear case,
our procedure is equivalent to ensembling the outputs of two models, and experiments point
towards the complementarity of model predictions as a key property. For end-to-end fine-
tuning, we connect our observations to earlier work on the phenomenology of deep learning.
Neyshabur et al. (2020) found that end-to-end fine-tuning the same model twice yielded
two different solutions that were connected via a linear path in weight-space along which
error remains low, known as linear mode connectivity (Frankle et al., 2020; Nagarajan and
Kolter, 2019). Our observations suggest a similar phenomenon along the path generated by
WISE-FT, but the exact shape of the loss landscape and connection between error on the

target and shifted distributions are still open problems.

In addition to the aforementioned ImageNet distribution shifts, WiSE-FT consistently
improves robustness on a diverse set of six additional distribution shifts including: (i)
geographic shifts in satellite imagery and wildlife recognition (WILDS-FMoW, WILDS-
iWildCam) (Koh et al., 2021; Christie et al., 2018; Beery et al., 2021), (ii) reproductions of
the popular image classification dataset CIFAR-10 with a distribution shift (CIFAR-10.1 and
CIFAR-10.2) (Recht et al., 2019b; Lu et al., 2020), and (iii) datasets with distribution shift
induced by temporal perturbations in videos (ImageNet-Vid-Robust and YTBB-Robust)
(Shankar et al., 2019). Beyond the robustness perspective, WiSE-FT also improves accuracy
compared to standard fine-tuning, reducing the relative error rate by 4-49% on a range of
seven datasets: ImageNet, CIFAR-10, CIFAR-100 (Krizhevsky et al., 2009), Describable
Textures (Cimpoi et al., 2014), Food-101 (Bossard et al., 2014), SUN397 (Xiao et al., 2016),
and Stanford Cars (Krause et al., 2013). Even when fine-tuning data is scarce, reflecting

many application scenarios, we find that WiSE-FT improves performance.

Overall, WiSE-FT is simple, universally applicable in the problems we studied, and can
be implemented in a few lines of code. Hence we encourage its adoption for fine-tuning

zero-shot models.
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4.1.1  Weight-space ensembles for fine-tuning

This section describes and motivates our proposed method, WiSE-FT, which consists of two
simple steps. First, we fine-tune the zero-shot model on application-specific data. Second,
we combine the original zero-shot and fine-tuned models by linearly interpolating between
their weights, also referred to as weight-space ensembling. WiSE-FT can be implemented
in a few lines of PyTorch.

The zero-shot model excels under distribution shift while standard fine-tuning achieves
high accuracy on the reference distribution. Our motivation is to combine these two models
into one that achieves the best of both worlds. Weight-space ensembles are a natural choice
as they ensemble without extra computational cost. Moreover, previous work has suggested
that interpolation in weight space may improve performance when models share part of

their optimization trajectory (Izmailov et al., 2018; Neyshabur et al., 2020).

Step 1: Standard fine-tuning. Let S, denote the dataset used for fine-tuning and
g denote the image encoder used by CLIP. We are now explicit in writing g(z, Venc)
where z is an input image and Vg, are the parameters of the encoder g. Standard fine-
tuning considers the model f(z,0) = g(ac,VenC)T W lassifier Where Wassifier € RYF s
the classification head and 6 = [Vene, Welassifier] are the parameters of f. We then solve
arg ming {Z(xi,yi)esfgf 0(f(zi,0), yi) + /\R(H)} where / is the cross-entropy loss and R is a
regularization term (e.g., weight decay). We consider the two most common variants of

fine-tuning: end-to-end, where all values of 6 are modified, and fine-tuning only a linear

classifier, where V. is fixed at the value learned during pre-training.

Step 2: Weight-space ensembling. For a mizing coefficient a € [0,1], we consider
the weight-space ensemble between the zero-shot model with parameters 6y and the model
obtained via standard fine-tuning with parameters #;. The predictions of the weight-space

ensemble wse are given by

wse(z,a) = f(z,(1—a)-0g+ a-6), (4.1)
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i.e., we use the element-wise weighted average of the zero-shot and fined-tuned param-
eters. When fine-tuning only the linear classifier, weight-space ensembling is equivalent
to the traditional output-space ensemble (Dietterich, 2000; Breiman, 1996; Freund and
Schapire, 1997) (1 — «) - f(z,60) + - f(x,0;1) since Equation 4.1 decomposes as (1 — «) -
9(2, Vene) ' Weroshot + @+ 9(#, Vene) Wetassifer-

As neural networks are non-linear with respect to their parameters, ensembling all
layers—as we do when end-to-end fine-tuning—typically fails, achieving no better accuracy
than a randomly initialized neural network (Frankle et al., 2020). However, as similarly ob-
served by previous work where part of the optimization trajectory is shared (Izmailov et al.,
2018; Frankle et al., 2020; Neyshabur et al., 2020), we find that the zero-shot and fine-tuned
models are connected by a linear path in weight-space along which accuracy remains high
(explored further in Section 4.1.3).

Remarkably, as we show in Section 4.1.2, WiSE-FT improves accuracy under distribution
shift while maintaining high performance on the reference distribution relative to fine-tuned
models. These improvements come without any additional computational cost as a single

set of weights is used.

4.1.2  Results

This section presents our key experimental findings. First, we show that WiSE-FT boosts
the accuracy of a fine-tuned CLIP model on five ImageNet distribution shifts studied by
Radford et al. (2021), while maintaining or improving ImageNet accuracy. Next, we present
additional experiments, including more distribution shifts, the effect of hyperparameters, ac-
curacy improvements on the reference distribution, and experiments in the low-data regime.
Finally, we demonstrate that our findings are more broadly applicable by exploring WiSE-
FT for BASIC (Pham et al., 2021b), ALIGN (Jia et al., 2021), and a ViT-H/14 (Dosovitskiy
et al., 2021) model pre-trained on JFT-300M (Sun et al., 2017).

Main results: ImageNet and associated distribution shifts. As illustrated in Fig-
ure 4.1, when the mixing coefficient « varies from 0 to 1, wse(-, «) is able to simultaneously

improve accuracy on both the reference and shifted distributions. Table 4.1 presents our
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Distribution shifts Avg Avg
IN (reference) | IN-V2 IN-R IN-Sketch ObjectNet IN-A | shifts ref., shifts
CLIP ViT-L/14@336px

Zero-shot (Radford et al., 2021) 76.2 70.1 889 60.2 70.0 772 | 733 74.8
Fine-tuned LC (Radford et al., 2021) 85.4 75.9  84.2 57.4 66.2 75.3 | 71.8 78.6
Zero-shot (PyTorch) 76.6 70.5  89.0 60.9 69.1 77| 734 75.0
Fine-tuned LC (ours) 85.2 75.8  85.3 58.7 67.2 76.1 | 72.6 78.9
Fine-tuned E2E (ours) 86.2 76.8 798 57.9 63.3 65.4 | 68.6 774

WiSE-FT (ours)
LC, a=0.5 83.7 76.3  89.6 63.0 70.7 79.7 | 75.9 79.8
LC, optimal « 85.3 76.9  89.8 63.0 70.7 79.7 | 759 80.2
E2E, a=0.5 86.8 79.5 894 64.7 71.1 79.9 | 76.9 81.8
E2E, optimal « 87.1 79.5 90.3 65.0 72.1 81.0 | 77.4 81.9

Table 4.1: Accuracy of various methods on ImageNet and derived distribution shifts for
CLIP ViT-L/14@336px (Radford et al., 2021). E2E: end-to-end; LC: linear classifier. Avg
shifts displays the mean performance among the five distribution shifts, while Avg reference,
shifts shows the average of ImageNet (reference) and Avg shifts. For optimal «, we choose

the single mixing coefficient that maximizes the column.

main results on ImageNet and five derived distribution shifts. WiSE-FT (end-to-end, a=0.5)
outperforms numerous strong models in both average accuracy under distribution shift and
the average accuracy on the reference and shifted distributions. While future work may lead
to more sophisticated strategies for choosing the mixing coefficient o, @=0.5 yields close to
optimal performance across a range of experiments. Hence, we recommend a=0.5 when no

domain knowledge is available.

Robustness on additional distribution shifts. Beyond the five distribution shifts de-
rived from ImageNet, WiSE-FT consistently improves robustness on a diverse set of further
distributions shifts including geographic shifts in satellite imagery and wildlife recognition
(WILDS-FMoW (Koh et al., 2021; Christie et al., 2018), WILDS-iWildCam (Koh et al.,
2021; Beery et al., 2021)), reproductions of the popular image classification dataset CIFAR-
10 (Krizhevsky et al., 2009) with a distribution shift (CIFAR-10.1 (Recht et al., 2019b) and
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CIFAR-10.2 (Lu et al., 2020)), and datasets with distribution shift induced by temporal
perturbations in videos (ImageNet-Vid-Robust and YTBB-Robust (Shankar et al., 2020)).
Concretely, WiSE-FT (a=0.5) improves performance under distribution shift by 3.5, 6.2,
1.7, 2.1, 9.0 and 23.2 pp relative to the fine-tuned solution while decreasing performance on
the reference distribution by at most 0.3 pp (accuracy on the reference distribution often
improves). In contrast to the ImageNet distribution shifts, the zero-shot model initially
achieves less than 30% accuracy on the WILDS distribution shifts, and WiSE-FT provides

improvements regardless.

Hyperparameter variation and alternatives. As illustrated by Figure 4.3, moderate
changes in standard hyperparameters such as the learning rate or the number of epochs
can substantially affect performance under distribution shift. Moreover, these performance
differences cannot be detected reliably from model performance on reference data alone.
For instance, while training for 10 epochs with learning rate 3 - 107° and 3 - 1076 lead to a
small accuracy difference on ImageNet (0.3 pp), accuracy under distribution shift varies by
as much as 8 pp.

Furthermore, tuning hyperparameters on ImageNet data can also reduce robustness. For
instance, while moving from small to moderate learning rates (10~7 to 3 - 107°) improves
performance on ImageNet by 5 pp, it also deteriorates accuracy under distribution shift by
8 pp.

WIiSE-FT addresses this brittleness of hyperparameter tuning: even when using a learn-
ing rate 3 - 107° where standard fine-tuning leads to low robustness, applying WiSE-FT
removes the trade-off between accuracy on the reference and shifted distributions. The
models which can be achieved by varying « are as good or better than those achievable
by other hyperparameter configurations. Then, instead of searching over a wide range of
hyperparameters, only « needs to be considered. Moreover, evaluating different values of «
does not require training new models.

There is no hyperparameter in Figure 4.3 which can be varied to match or exceed the
optimal curve produced by WiSE-FT. In our experiments, this frontier is reached only

through methods that average model weights, either using WiSE-FT or with a more so-
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ImageNet ~ CIFAR10 CIFAR100  Cars DTD SUN397  Food101
Standard fine-tuning 86.2 98.6 92.2 91.6 81.9 80.7 94.4
WiSE-FT (a=0.5) 86.8 (+0.6)  99.3 (+0.7) 93.3 (+1.1) 93.3 (+1.7) 84.6 (+2.8) 83.2 (+2.5) 96.1 (+1.6)
WiSE-FT (opt. «) 87.1 (+0.9)  99.5 (+0.8) 93.4 (+1.2) 93.6 (+2.0) 85.2 (+3.3) 83.3 (+2.6) 96.2 (+1.8)

Table 4.2: Beyond robustness, WiSE-FT can improve accuracy after fine-tuning on several

datasets.

phisticated averaging scheme: keeping an exponential moving average of all model iterates

(EMA, Szegedy et al. (2016)).

Accuracy gains on reference distributions. Beyond robustness to distribution shift,
Table 4.2 demonstrates that WiSE-FT also improves accuracy after fine-tuning on seven
datasets. When fine-tuning end-to-end on ImageNet, CIFAR-10, CIFAR-100, Describable
Textures, Food-101, SUN397, and Stanford Cars, WiSE-FT reduces relative error by 4 to
49%. Even though standard fine-tuning directly optimizes for high accuracy on the reference

distribution, WiSE-FT achieves better performance.

Beyond CLIP. Figure 4.4 illustrates that WiSE-FT is generally applicable to zero-shot
models beyond CLIP, and beyond models pre-trained contrastively with image-text pairs.
First, we interpolate between the weights of the zero-shot and fine-tuned BASIC-L model
(Pham et al., 2021b), finding that a=0.5 improves average accuracy on five distribution
shifts derived from ImageNet by over 7 pp while improving ImageNet accuracy by 0.4 pp
relative to the fine-tuned BASIC-L model. As in Pham et al. (2021b), the model is fine-
tuned using a contrastive loss and half of the ImageNet training data. WiSE-F'T provides
improvements on both reference and shifted distributions, despite these experimental dif-
ferences.

Next, we consider the application of WiSE-FT to a ViT-H/14 model (Dosovitskiy et al.,
2021) pre-trained on JFT-300M (Sun et al., 2017), where the zero-shot classifier is con-

structed by manually identifying a class correspondence. WiSE-FT improves performance
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under distribution shift over both the zero-shot and fine-tuned models. When a=0.8, WiSE-
FT outperforms the fine-tuned model by 2.2 pp on distribution shifts, while maintaining
ImageNet performance within 0.2 pp of the fine-tuned model. This result demonstrates
that WiSE-FT can be successfully applied even to models which do not use contrastive
image-text pre-training.

Finally, we apply WiSE-FT to the ALIGN model of Jia et al. (2021), which is similar

to CLIP but is pre-trained with a different dataset, finding similar trends.
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Schematic: fine-tuning CLIP on the reference distribution leads to
higher accuracy on the reference distribution but less robustness

Schematic: our method, WIiSE-FT leads to
better accuracy on the distribution shifts without
decreasing accuracy on the reference distribution
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Figure 4.1: (Top left) Zero-shot CLIP models exhibit moderate accuracy on the reference
distribution (x-axis, the target for fine-tuning) and high effective robustness (accuracy on the
distribution shifts beyond the baseline models). In contrast, standard fine-tuning—either
end-to-end or with a linear classifier (final layer)—attains higher accuracy on the reference
distribution but less effective robustness. (Top right) Our method linearly interpolates
between the zero-shot and fine-tuned models with a mixing coefficient o € [0, 1]. (Bottom)
On five distribution shifts derived from ImageNet (ImageNetV2, ImageNet-R, ImageNet
Sketch, ObjectNet, and ImageNet-A), WiSE-FT improves average accuracy relative to both

the zero-shot and fine-tuned models while maintaining or improving accuracy on ImageNet.
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ImageNet (Deng et al.)

ImageNet-R (Hendrycks et al.)

Figure 4.2: Samples of the class lemon, from the reference distribution ImageNet (Deng
et al, 2009) and the derived distribution shifts considered in our main experiments:
ImageNet-V2 (Recht et al., 2019b), ImageNet-R (Hendrycks et al., 2021a), ImageNet Sketch
(Wang et al., 2019), ObjectNet (Barbu et al., 2019), and ImageNet-A (Hendrycks et al.,
2021b).
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Figure 4.3: The robustness of fine-tuned models varies substantially under even small
changes in hyperparameters. Applying WiSE-FT addresses this brittleness and can re-
move the trade-off between accuracy on the reference and shifted distributions. Results
shown for CLIP ViT-B/16 fine-tuned with cosine-annealing learning rate schedule and all
models in the top left and top middle plots are fine-tuned with AdamW (Loshchilov and
Hutter, 2019). Moreover, regularize to zero-shot appends the regularizer \||6 — 00||§ to the

fine-tuning objective, where 0y are the parameters of the zero-shot model.
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Figure 4.4: WiSE-FT applied to BASIC-L (Pham et al., 2021b), a ViT-H/14 (Dosovitskiy
et al., 2021) model pre-trained on JFT-300M (Sun et al., 2017) and ALIGN (Jia et al.,
2021).
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4.1.8 Discussion

This section further analyzes the empirical phenomena we have observed so far. We begin
with the case where only the final linear layer is fine-tuned and predictions from the weight-
space ensemble can be factored into the outputs of the zero-shot and fine-tuned model.
Next, we connect our observations regarding end-to-end fine-tuning with earlier work on

the phenomenology of deep learning.

Zero-shot and fine-tuned models are complementary

In this section, we find that the zero-shot and fine-tuned models have diverse predictions,
both on reference and shifted distributions. Moreover, while the fine-tuned models are more

confident on the reference distribution, the reverse is true under distribution shift.

Zero-shot and fine-tuned models are diverse. In certain cases, ensemble accuracy is
correlated with diversity among the constituents (Kuncheva and Whitaker, 2003; Gontijo-
Lopes et al., 2021). If two models make coincident mistakes, so will their ensemble, and no
benefit will be gained from combining them. Here, we explore two measures of diversity:
prediction diversity, which measures the fraction of examples for which two classifiers dis-
agree but one is correct; and Centered Kernel Alignment Complement, the complement of
CKA (Kornblith et al., 2019a). In Figure 4.5 (left), we show that the zero-shot and fine-
tuned models are diverse both on the reference and shifted distributions, despite sharing
the same backbone. As a point of comparison, we include avg. diversity measures between
two linear classifiers fine-tuned with random splits on half of ImageNet," denoted in orange

in Figure 4.5.

Models are more confident where they excel. In order for the ensemble model to
be effective, it should leverage each model’s expertise based on which distribution the data

is from. Here, we empirically show that this occurs on a number of datasets we consider.

'Two linear classifiers fine-tuned on the same data converge to similar solutions, resulting in negligible
diversity. As a stronger baseline, we fine-tune classifiers on different subsets of ImageNet, with half of the
data.
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Figure 4.5: (Left) Zero-shot and fine-tuned models exhibit diversity in their predictions.
(Middle) On most distribution shifts, the zero-shot model overrides the linear classifier
more than it is overridden. The reverse is true for ImageNet (reference). (Right) Similarly,
zero-shot models are more confident under distribution shift, while the reverse is true on the
reference distribution. The margin J; measures the average difference between the largest

and second largest unormalized output for classifier f.

First, we examine the cases where the models being ensembled disagree. We say the zero-
shot model overrides the fine-tuned model if their predictions disagree and the zero-shot
prediction matches that of the weight-space ensemble. Similarly, if models disagree and the
linear classifier prediction matches the ensemble, we say the zero-shot is overridden. Figure
4.5 (middle) shows the fraction of samples where the zero-shot model overrides and is
overridden by the fine-tuned linear classifier for «=0.5. Other than ImageNetV2, which was
collected to closely reproduce ImageNet, the zero-shot model overrides the linear classifier

more than it is overridden on the distribution shifts.

Additionally, we are interested in measuring model confidence. Recall that we are en-
sembling quantities before a softmax is applied, so we avoid criteria that use probability
vectors, e.g., Guo et al. (2017). Instead, we consider the margin § between the largest and
second largest output of each classifier. Figure 4.5 (right) shows that the zero-shot model
is more confident in its predictions under distribution shift, while the reverse is true on the

reference distribution.
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Figure 4.6: On ImageNet and the main distribution shifts we consider, linearly interpolating
between the weights of 8y and 61 exceeds the baseline of linearly interpolating the accuracies
of the two models for all o (Observation 1). Moreover, there exists an « for which WiSE-FT

outperforms both the zero-shot and fine-tuned models (Observation 2).

An error landscape perspective

We now turn to empirical phenomena we observe when weight-space ensembling all layers
in the network. Specifically, this section formalizes our observations and details related phe-
nomena. Recall that the weight-space ensemble of §y and 6 is given by f(x, (1 — «) - 0y + - 01)
(Equation 4.1).

For a distribution D and model f, let Accp f(#) denote the expected accuracy of f
evaluated with parameters 6 on distribution D.

Observation 1: As illustrated in Figure 4.6, on ImageNet and the five associated

distribution shifts we consider

Accp (1 —a) - Op+a-61) > (1 —a)-Accp ¢(6o) + - Acep, £(61) (4.2)

for all a € [0, 1].

Note that equation 4.2 uses the baseline of linearly interpolating between the accuracies
of the two endpoints, which is always achievable by using weights 61 with probability « and
using model 6y otherwise. In the case where the accuracy of both endpoints are similar,
Equation 4.2 is equivalent to the definition of Linear Mode Connectivity of Frankle et al.
(2020).

To assist in contextualizing Observation 1, we review related phenomena. Neural net-
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works are nonlinear, hence weight-space ensembles only achieve good performance in ex-
ceptional cases—interpolating the weights of two networks trained on ImageNet from the
same random initialization results in no better accuracy than a random classifier (Frankle
et al., 2020). On the simpler MNIST task (LeCun, 1998), linear mode connectivity was
observed by Nagarajan and Kolter (2019) between a pair of models trained from the same
random initialization. Linear mode connectivity has also been observed for harder tasks
such as ImageNet by Frankle et al. (2020); Izmailov et al. (2018) when part of the train-
ing trajectory is shared. Finally, Neyshabur et al. (2020) observe linear mode connectivity
between two models that are fine-tuned from a shared, pre-trained initialization. In partic-
ular, the observations of Neyshabur et al. (2020) may elucidate why weight-space ensembles
attain high accuracy in the setting we consider, as they suggest that fine-tuning remains
in a region where solutions are connected by a linear path along which error remains low.
Instead of considering the weight-space ensemble of two fine-tuned models, we consider the
weight-space ensemble of the pre-trained and fine-tuned models. This is only possible for a
pre-trained model capable of zero-shot inference such as CLIP.

Observation 2: As illustrated by Figure 4.6, on ImageNet and the five associated dis-
tribution shifts we consider, weight-space ensembling (end-to-end) may outperform both the
zero-shot and fine-tuned models, i.e., there exists an « for which Accp ¢ (1 —a) -6 + - 01) >
max {Accp ¢ (0p), Accp ¢ (01)}.

We are not the first to observe that when interpolating between models, the accuracy of
models along the path may exceed that of either endpoint (Izmailov et al., 2018; Neyshabur
et al., 2020; Wortsman et al., 2021). Neyshabur et al. (2020) conjecture that interpolation
could produce solutions closer to the true center of a basin. In contrast to Neyshabur et al.

(2020), we interpolate between models which observe different data.

4.1.4  Conclusion

WISE-FT can substantially improve performance under distribution shift with minimal or
no loss in accuracy on the target distribution compared to standard fine-tuning. Overall,

we view WIiSE-FT as a first step towards more sophisticated fine-tuning schemes that we
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hope will continue to leverage the robustness of zero-shot models for building more reliable

neural networks.
4.2 Model soups

Typically, the fine-tuning process involves two steps. First, fine-tune models with a variety of
hyperparameter configurations. Then, select the model which achieves the highest accuracy
on the held-out validation set. The remaining models are then discarded.

Selecting a single model and discarding the rest has several downsides. For one, ensem-
bling outputs of many models can outperform the best single model, but only at a high
computational cost during inference. For another, fine-tuning a model on downstream tasks
can sometimes reduce out-of-distribution performance (Radford et al., 2021; Andreassen
et al., 2021; Wortsman et al., 2022b; Pham et al., 2021b), and the best single model on the
target distribution may not be the best model on out-of-distribution data.

In our work Wortsman et al. (2022a), we propose a more accurate and robust alternative
to the second step of the conventional recipe in the context of fine-tuning a large pre-
trained model. Instead of selecting the individual fine-tuned model which achieves the
highest accuracy on the held-out validation set, we average the weights of models fine-tuned
independently, and refer to the result as a model soup. Given the results of the first step—a
hyperparameter sweep over fine-tuned models—averaging several of these models to form a
model soup requires no additional training and adds no cost at inference time.

Since the loss landscape of neural network training is non-convex with many solutions
in different loss basins, it is perhaps surprising that averaging the weights of independently
fine-tuned models achieves high performance. However, recent work (Neyshabur et al.,
2020) observes that fine-tuned models optimized independently from the same pre-trained
initialization lie in the same basin of the error landscape, inspiring our method. Weight
averaging along a single training trajectory has previously been shown to improve the per-
formance of models in non-transfer settings (Szegedy et al., 2016; Izmailov et al., 2018).
Our approach extends weight averaging to the context of fine-tuning, where we find that it
also works across many independent runs with varied hyperparemeter configurations. Our

use of a diverse set of fine-tuned models is inspired by Gontijo-Lopes et al. (2021) who
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observe that ensembling independent runs trained with different hyperparameters improves

performance.
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Figure 4.7: Model soups improve accuracy over the best individual model when performing a
large, random hyperparameter search for fine-tuning a CLIP ViT-B/32 model on ImageNet.
The uniform soup (blue circle) averages all fine-tuned models (green diamonds) in a ran-
dom hyperparameter search over learning rate, weight-decay, iterations, data augmentation,
mixup, and label smoothing. The greedy soup adds models sequentially to the model soup,

keeping a model in the soup if accuracy on the held-out validation set does not decrease.

We perform a comprehensive experimental study of fine-tuning to understand the be-
havior of model soups. For our main results we fine-tune CLIP (Radford et al., 2021) and
ALIGN (Jia et al., 2021), which are pre-trained with a contrastive loss on image-text pairs,
and a ViT-G model pre-trained on JET (Zhai et al., 2021). Our results show that model
soups often outperform the best individual model on both the in-distribution and natural
distribution shift test sets. A model soup composed of ViT-G models achieves 90.94% on
ImageNet (Deng et al., 2009), surpassing the previous state of the art of 90.88% attained by
the CoAtNet model (Dai et al., 2021) while requiring 25% fewer FLOPs at inference time.

In general, model soups can approach the performance of ensembling, with no additional
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computational cost or memory relative to a single model during inference. Beyond ImageNet
and associated distribution shifts, our results show that model soups are applicable when
fine-tuning on tasks from the WILDS (Koh et al., 2021) benchmark, and when fine-tuning
transformer models (Vaswani et al., 2017; Devlin et al., 2019a; Raffel et al., 2020¢) for text
classification.

While the most straightforward approach to making a model soup is to average all the
weights uniformly, we find that greedy soups, where models are sequentially added to the
soup if they improve accuracy on held-out data, outperforms uniform averaging. Greedy
soups avoid adding in models which may lie in a different basin of the error landscape, which
could happen if, for example, models are fine-tuned with high learning rates.

In addition to empirical observations, we analytically relate the similarity in loss between
weight-averaging and logit-ensembling to the flatness of the loss (i.e., its second derivative
on a line between models) and confidence of the predictions (expressed via the variance of
a logits difference drawn from the weight-average softmax). We empirically validate our
approximation on a subset of the models we train and show that it is strongly correlated
with the true averaging vs. ensembling performance difference, particularly in the learning

rate regimes where soups are effective and models achieve higher accuracy.

4.2.1 Method

This section highlights three recipes for model souping, the uniform, greedy, and learned
soup, though the greedy soup is our central method. We consider a neural network f(z,0)
with input data z and parameters § € R?. Fine-tuning is analogous to standard neural
network training but includes an important distinction: the parameters are initialized to
those found via pre-training.

Let 0 = FineTune(6y, h) denote the parameters obtained by fine-tuning with pre-trained
initialization 6y and hyperparameter configuration h. The hyperparameter configuration
can include the choice of optimizer, data augmentation, training iterations, and a random

seed which will determine data order.

For hyperparameter configurations hq, ..., hy let §; = FineTune(6p, h;). Conventionally,
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the parameters 6; which attain the highest accuracy on a held out validation set are selected,
and the remaining parameters are discarded. Instead, model soups f(x,0s) use an average
of 6;, ie., 0s = |§1|2i68 0; where S C {1,...,k}. The uniform soup is constructed by
averaging all fine-tuned models ; and so S = {1, ...,n}.

There are settings in which a hyperparameter configuration can produce a model with
low accuracy that results in a low accuracy uniform soup. This issue can be circumvented
with a greedy soup. The greedy soup is constructed by sequentially adding each model as a
potential ingredient in the soup, and only keeping the model in the soup if performance on
a held out validation set (disjoint from the training and test sets) improves. Before running
this procedure we sort the models in decreasing order of validation set accuracy, and so the
greedy soup can be no worse than the best individual model on the held-out validation set.
We also explore a more advanced learned soup recipe that optimizes model interpolation
weights by gradient-based minibatch optimization. This procedure requires simultaneously
loading all models in memory which currently hinders its use with large networks. More

details are available at (Wortsman et al., 2022a).

4.2.2  Experiments

This section presents our key experimental findings. We begin with experimental setup
then provide intuition for model soups by examining error landscape visualizations. Next
we present our main results, using model soups as an alternative to selecting the best

performing individual model.

FExperimental setup

Our experiments explore the application of model soups when fine-tuning various models.
The primary models we fine-tune are the CLIP (Radford et al., 2021), ALIGN (Jia et al.,
2021), and BASIC (Pham et al., 2021b) models pre-trained with contrastive supervision
from image-text pairs, a ViT-G/14 model pre-trained on JFT-3B (Zhai et al., 2021), and
transformer models for text classification (Devlin et al., 2019a; Raffel et al., 2020a). Unless

otherwise mentioned, experiments use the CLIP ViT-B/32 model. Fine-tuning is performed
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Figure 4.8: The solution with the highest accuracy is often not a fine-tuned model but rather
lies between fine-tuned models. This figure shows loss and error on a two dimensional slice
of the loss and error landscapes. We use the zero-shot initialization 6y and fine-tune twice
(illustrated by the gray arrows), independently, to obtain solutions 6; and 2. As in Garipov
et al. (2018), we obtain an orthonormal basis u1, ug for the plane spanned by these models,

and the x and y-axis show movement in parameter space in these directions, respectively.

end-to-end (all parameters are modified) which typically results in better accuracy than
training only the final linear layer (KKornblith et al., 2019b; Agrawal et al., 2014; Chatfield
et al., 2014; Azizpour et al., 2015).

We consider two different methods for initializing the final linear layer before fine-tuning.
The first method initializes the model from a linear probe (LP), as described in Kumar et al.
(2022Db), and we refer to this method as LP initialization. The second method uses the zero-
shot initialization, e.g., using the classifier produced by the text tower of CLIP or ALIGN
as the initialization. Both methods for initializing the model produce similar trends when

applicable, and unless otherwise stated we use the LP initialization.
For the ensemble baselines (Dietterich, 2000; Lakshminarayanan et al., 2017) we en-

semble the logits (unormalized outputs) of models as in Gontijo-Lopes et al. (2021). Fine-

tuning uses a supervised cross-entropy loss and, unless otherwise mentioned, is conducted
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Figure 4.9: The advantage of averaging solutions (y-axis) is correlated with the angle ¢
between between solutions, while varying hyperparameter configurations between pairs en-
ables a larger ¢. Each point corresponds to a pair of models 61,0, that are fine-tuned
independently from a shared initialization 6y with different hyperparameter configurations.
The angle ¢ between between solutions refers to the angle between 6, — 6y and 02 — 6 (i.e.,
the initialization is treated as the origin). Accuracy is averaged over ImageNet and the five

distribution shifts described in Section 4.2.2.

on ImageNet (Deng et al., 2009). When fine-tuning on ImageNet we also evaluate on the
five natural distribution shifts: ImageNetV2 (Recht et al., 2019b), ImageNet-R (Hendrycks
et al., 2021a), ImageNet-Sketch (Wang et al., 2019), ObjectNet (Barbu et al.; 2019), and
ImageNet-A (Hendrycks et al., 2021b). We often report results averaged over these five dis-
tribution shifts. Since the official ImageNet validation set is typically used as the test set,
we use roughly 2% of the ImageNet training set as a held-out validation set for constructing

greedy soups.

4.2.8  Intuition and motivation

Error landscape visualizations. To provide intuition, we visualize a two dimensional
slice of the training loss and test error landscape when fine-tuning CLIP on ImageNet. In

these experiments, we use the zero-shot initialization 6y € R? and fine-tune twice, indepen-



62

o [€2)
o (&)
|

&
(&)

Avg. accuracy of two model ensemble
on distribution shifts
Max learning rate in model pair
(log scale)
1
1
1
=
Il
&

ImageNet Accuracy of two model ensemble

&
o

75 76 7 78 79 80 81
ImageNet Accuracy of two model soup Avg. accuracy of two model soup
on distribution shifts

Figure 4.10: Ensemble performance is correlated with model soup performance. Each point
on the scatter plot is a model pair with different hyperparameters. The z-axis is the accuracy
when the weights of the two models are averaged (i.e., the two model soup) while the y-axis
is the accuracy of the two model ensemble. Ensembles often perform slightly better than

soups on ImageNet (left) while the reverse is true on the distribution shifts (right).

dently, to produce solutions 61 and 65. The points 0y, #; and 0, define a plane in parameter
space, and we evaluate the ImageNet train loss, ImageNet test error, and the test error
on the five aforementioned distribution shifts on this plane. The results are illustrated in
Figure 4.8 where the zero-shot initialization () is shown as a star and a solution fine-tuned
with learning rate 3 - 107> (6;) is shown as a blue square. For 65 we either use the same
learning rate as #; (but vary the random seed) or learning rate 3 - 107%. For both the in-
distribution and out-of-distribution test sets, the loss/error contours are basin-shaped, and
none of the three points is optimal.

These results suggest that (1) interpolating the weights of two fine-tuned solutions can
improve accuracy compared to individual models and (2) more uncorrelated solutions—
models that form an angle” closer to 90 degrees—may lead to higher accuracy on the linear
interpolation path.

To investigate the correlation between accuracy improvement and angle, we consider a

2In particular, the angle ¢ between 61 — 6y and 6 — 6o, i.e., the angle between the arrows shown in
Figure 4.8.
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Figure 4.11: Model soups improve accuracy when fine-tuning ALIGN.

series of models trained with different seeds, learning rates, and data augmentation. For each
pair 01,65, we compare the accuracy of their average with the average of their accuracies,
Acc (361 + 302) — 1 (Acc (61) + Acc (62)), which we refer to as the interpolation advantage.
Figure 4.9 illustrates the results, in which we observe that the interpolation advantage is
correlated with the angle ¢ and that varying the learning rate, seed, or data augmentation

can produce solutions which are more orthogonal.

Ensemble comparison. Figure 4.10 observes that ensemble performance is correlated
with soup performance for moderate and small learning rates. We consider pairs of models
selected at random from individual solutions, and find that the maximum learning rate
of the models in the pair is indicative of the ensemble accuracy, soup accuracy, and their
relation: When learning rate is small, ensemble accuracy and soup accuracy are similar,
but both are suboptimal. For moderate learning rate values, ensemble accuracy and soup
accuracy are both high. For high learning rate values, ensemble performance exceeds soup
performance, but ensembles/soups with moderate learning rates perform better. Overall,

ensembles achieve higher accuracy on ImageNet while the reverse is true on the distribution
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shifts.

One dimensional hyperparameter grids. Finally, we ask the question: for a
one dimensional grid of hyperparameters {h,, ..., by}, how does averaging the models fine-
tuned with hyperparameter configurations h, and h; corresponding to the endpoints com-
pare with picking the best individual model fine-tuned with hyperparameter configuration
h € {hg,...,hp}? The hyperparameters we vary are optimizer, augmentation, and learning
rate. For the majority of grid searches, the average of the endpoints outperforms the best

individual model in the grid.

4.2.4  Model soups

With the gains of averaging two fine-tuned models in mind, we turn our attention to aver-
aging many models with different hyperparameters: this section presents our main results,
which show that averaging fine-tuned models can be used as an alternative to the conven-
tional procedure of selecting the single model which performs best on the held-out validation
set. We explore CLIP (Radford et al., 2021) and ALIGN (Jia et al., 2021) fine-tuned on
ImageNet (Deng et al., 2009) (Section 4.2.4), ViT-G pre-trained on JFT-3B (Zhai et al.,
2021) and fine-tuned on ImageNet (Section 4.2.4), and transformer models fine-tuned on

text classification tasks (Section 4.2.4).

Fine-tuning CLIP and ALIGN

We begin our study of model soups by considering two-pretrained models, CLIP ViT-B/32
and ALIGN EfficientNet-L2, and performing a hyperparameter sweep for the fine-tuning
each model on ImageNet. For CLIP we use a random hyperparameter search over learning
rate, weight decay, training epochs, label smoothing, and data augmentation, obtaining 72
fine-tuned models. For ALIGN we use a grid search over learning rate, data augmentation,
and mixup, obtaining 12 fine-tuned models. To form our greedy soups, we sort models in
order of decreasing accuracy on the held-out validation set. For both CLIP and ALIGN,
the greedy soup selects 5 models. Figure 4.7 and 4.11 show the performance of the resulting

models and their uniform and greedy soups for CLIP and ALIGN. The greedy soup improves
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Table 4.3: Ablation on multiple methods and their variants when when fine-tuning CLIP
ViT-B/32 with the random hyperparameter search described in Section 4.2.4. For “Greedy
soup (random order)”, we try three random model orders when running the greedy soup
procedure (by default, models are sorted by decreasing held-out val accuracy). The best in

best individual model refers to ImageNet accuracy.

ImageNet Dist. shifts

Best individual model 80.38 47.83
Second best model 79.89 43.87
Uniform soup 79.97 51.45
Greedy soup 81.03 50.75
Greedy soup (random order)  80.79 (0.05) 51.30 (0.16)
Learned soup 80.89 51.07
Learned soup (by layer) 81.37 50.87
Ensemble 81.19 50.77
Greedy ensemble 81.90 49.44

on over the best model in the hyperparameter sweep by 0.7 and 0.5 percentage points,
respectively.

Furthermore, we show that, for essentially any number of models, the greedy soup
outperforms the best single model on both the ImageNet and the out-of-distribution test
sets. We consider an additional setting where we prepare a sequence of soups by sequentially
adding CLIP models from the hyperparameter sweep in random order. We investigate the
performance of the uniform and greedy soup, as well as the best single model so far and
a logit ensemble, as a function of the number of models considered. The greedy soup is
better than the uniform soup on ImageNet and comparable to it out-of-distribution. The
logit ensemble is better than the greedy soup on ImageNet, but worse out-of-distribution.

Table 4.3 lists the performance of the CLIP soups and baselines. To further establish
the generality of the model soup, we replicate the CLIP hyperparameter sweep experiment
on two image classification tasks from WILDS (Koh et al., 2021), namely FMoW (Christie
et al., 2018) and iWildCam (Beery et al., 2021).
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Table 4.4: Greedy soup improves over the best individual models obtained in a hyperparam-
eter sweep for ViT-G/14 pre-trained on JFT-3B and fine-tuned on ImageNet, both in- and
out-of-distribution. Accuracy numbers not significantly different from the best are bold-
faced. Statistical comparisons are performed using an exact McNemar test or permutation
test at o = 0.05. Avg shift accuracy of the best model on each test set is the best average

accuracy of any individual model.

ImageNet Distribution shifts

Method Top-1 Real. Multilabel | IN-V2 IN-R IN-Sketch ObjectNet IN-A | Avg shifts
ViT/G-14 (Zhai et al., 2021) 90.45 90.81 —| 83.33 - - 70.53 - -
CoAtNet-7 (Dai et al., 2021) 90.88 - - - - - - - -
Our models/evaluations based on ViT-G/14:
ViT/G-14 (Zhai et al., 2021) (reevaluated) | 90.47 90.86 96.89 | 83.39 94.38 72.37 71.16  89.00 82.06
Best model on held out val set 90.72 91.04 96.94 | 83.76 95.04 73.16 78.20 91.75 84.38
Best model on each test set (oracle) 90.78 91.78 97.29 | 84.31 95.04 73.73 79.03 92.16 84.68
Greedy ensemble 90.93 91.29 97.23 | 84.14 94.85 73.07 77.87 91.69 84.33
Greedy soup 90.94 91.20 97.17 | 84.22 95.46 74.23 78.52 92.67 85.02

We report several additional variants and baselines for the experiment described above,
and highlight a few interesting takeaways: (1) The greedy soup outperforms the best indi-
vidual model—with no extra training and no extra compute during inference, we were able
to produce a better model. (2) While the uniform soup can outperform the best individual
model, we only observe this when all individual models achieve high accuracy (e.g., when
fine-tuning ALIGN in Figure 4.7); unlike the examples in Figure 4.8, there can be an er-
ror barrier between fine-tuned models. We mainly observe this when fine-tuning with high
learning rates. However, these high learning rate models also have a lower accuracy, and

are therefore excluded by the greedy soup.

Fine-tuning a ViT-G model pre-trained on JFT-3B

To test whether the gains obtained by model soups are additive with other techniques used to
obtain state-of-the-art models, we applied our greedy soup technique to 58 ViT-G/14 models
fine-tuned on ImageNet. We vary the learning rate, decay schedule, loss function, and

minimum crop size in the data augmentation, and optionally apply RandAugment (Cubuk
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et al., 2020), mixup (Zhang et al., 2017), or CutMix (Yun et al., 2019). We also train
four models with sharpness-aware minimization (SAM) (Foret et al., 2021). For each model
training run, we save exponential moving averages (EMA) of the weights (Szegedy et al.,
2016) computed with decay factors of 0.999 (low EMA) and 0.9999999 (high EMA). Whereas
high EMA generally provides the best single-model accuracy, both greedy soup and greedy
ensembling attain higher validation accuracy when applied to parameters with low EMA.
We report the highest single model accuracy numbers obtained with either EMA decay
value, but perform greedy soup and ensembling with models trained with EMA decay of
0.999. For each combination of training run and EMA decay rate, we evaluate accuracy on
our held out validation set every 1000 steps. We use these accuracy values to pick the best

checkpoint for ensembling, souping, and subsequent evaluation.

In Table 4.4, we report results on the ImageNet validation set and the five distribution
shift datasets studied above as well as two relabeled ImageNet validation sets, Real. (Beyer
et al., 2020) and multilabel (Shankar et al., 2020). Our greedy soup procedure selects 14
of the 58 models fine-tuned as part of our hyperparameter sweep, and this soup performs
statistically significantly better than the best individually fine-tuned model selected based on
our held out validation set on all datasets except for ObjectNet. Even when we give an unfair
advantage to individually fine-tuned models by selecting them based on their performance
on each test set (denoted “oracle” in Table 4.4), the greedy soup, which was selected using
only in-distribution data, remains superior on most datasets. Only on Real. and ObjectNet
does there exist an individual model that performs statistically significantly better than the
soup, and the best model differs between those two datasets. Greedy ensembling performs
similarly to the greedy soup in terms of ImageNet top-1 and multilabel accuracy, and slightly
better on RealL, but significantly worse on all distribution shift datasets except for ImageNet-
V2. Thus, greedy soup can provide additional gains on top of standard hyperparameter

tuning even in the extremely high accuracy regime.
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Table 4.5: Performance of model soups on four text classification datasets from the GLUE

benchmark (Wang et al., 2018).

Model Method MRPC RTE CoLA SST-2
Best individual model 88.3 61.0 59.1 92.5
BERT (Devlin et al., 2019b)
Greedy soup 88.3 (+0.0) 61.7 (+0.7) 59.1 (40.0) 93.0 (+0.5)
Best individual model 91.8 78.3 58.8 94.6
T5 (Raffel et al., 2020c)
Greedy soup 92.4 (40.6) 79.1 (+0.8) 60.2 (4+0.4) 94.7 (40.1)

Fine-tuning on text classification tasks

To test whether the gains obtained by model soups extend to domains beyond image classifi-
cation, we conduct preliminary experiments with natural language processing (NLP). While
more investigation is warranted to establish the applicability of model soups for NLP, we be-
lieve our experiments are a promising initial step. In particular, we fine-tune BERT (Devlin
et al., 2019b) and T5 (Raffel et al., 2020c) models on four text classification tasks from the
GLUE benchmark (Wang et al., 2018): MRPC (Dolan and Brockett, 2005), RTE (Dagan
et al., 2005; Bar-Haim et al., 2006; Giampiccolo et al., 2007; Bentivogli et al., 2009), CoLA
(Warstadt et al., 2019) and SST-2 (Socher et al., 2013), as in (Dodge et al., 2020). We use
the standard metric for each dataset: average of accuracy and Fj score for MRPC, accuracy
for RTE, Matthews correlation for CoLA (Matthews, 1975) and accuracy for SST-2.

We fine-tune 32 models for each dataset with a random hyper-parameter search over
learning rate, batch size, number of epochs and random seed. Table 4.5 reports the cor-
responding metric on the validation set for BERT-base uncased (Devlin et al., 2019a) and
T5-base (Raffel et al., 2020c). While the improvements are not as pronounced as in image
classification, the greedy soup can improve performance over the best individual model in

many cases.

4.2.5  Analytically comparing soups to ensembles

The goal of this section is to obtain complementary analytical insight into the effective-

ness of model soups. For simplicity, we consider a soup consisting of only two models with
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parameters 0y and ;. For weighting parameter a € [0,1] we let 6, = (1 — «)fy + by
denote the weight-averaged soup. We would like to understand when the soup error,
errq = E,yl{argmax; f;(x;0,) # y}, would be lower that the best of both endpoints,
min{errg, erry }.

Note that just convexity of err, in « does not by itself imply superiority of the soup
to both endpoints, as the minimum of err, over o may be obtained at the endpoints even
when err,, is convex. To get further leverage on the problem, we compare the soup to the

logit-level ensemble f$*(x) = (1 — o) f(x;00) + af (z;61). The rich literature on ensembles

«

ens

ns ' is often strictly below min{errg, err; }

tells us that the expected error of the ensemble, err

ens

for neural networks. Therefore, whenever err, ~ errf

we expect the soup to outperform
both endpoint models.

To analytically compare the soup and the ensemble, we replace the 0-1 loss with a differ-
entiable surrogate. Specifically, we consider the cross-entropy loss ¢(f,y) = log (Zy, efv =/ y) .
We let £ = E, ,0(Bf(x;604),y) denote the S-calibrated expected loss of the soup, and
similarly define £ = E, ,0(5f3"(x),y) for the ensemble. We derive the following approx-

imation for the loss difference:

sou ens a(l —a d2 sou
‘Ca P ‘Ca ~ ( 2 ) < - dOé2 ‘CO& P + 52Exvary’vpsftmx(ﬂf(l";@a)) [Afy(l‘)] )’

where [pstimx (f)]i = el?/ > efi is the standard “softmax” distribution and Af(z) = f(z;61)—
f(z;6p) is the difference between the endpoint logits. We obtain our approximation in the
regime where the logits are not too far from linear.

The first term in the approximation is negatively proportional to the second derivative
of the loss along the trajectory: when the approximation holds, convexity of the loss indeed
favors the soup. However, the second term in the approximation does not follow from the
“convex basin” intuition. This term always favors the ensemble, but is small in one of two
cases: (a) the somewhat trivial case when the endpoint models are similar (so that Af is
small) and (b) when the soup produces confident predictions, implying that psgmx (8 (x;04))
is close to a point mass and consequently the variance term is small.

To test our approximation, we evaluate it over of set of fine-tuned models with different

learning rates, augmentation strategies, random seeds and « values. We set (3 to calibrate
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the soup model, and find that it improves the ability of our approximation to predict the

soup/ensemble error difference.

When excluding the high learning rate of 10~% (center and right panels),” we see that
the approximation is strongly correlated with both the true difference in loss as well as the

difference in error, and the approximation and true loss difference generally agree in sign.

4.2.6  Scope and limitations

While this work has so far demonstrated that averaging many fine-tuned models is a useful
technique for improving accuracy, this section explores two limitations of the approach.
The first is the applicability of model soups, and the second is the failure of model soups to

substantially improve calibration.

Applicability. So far our experiments have mainly explored models pre-trained on
large, heterogeneous datasets. While the greedy soup still provides improvements on Ima-

geNet, these improvements are less substantial compared to those observed when fine-tuning

CLIP and ALIGN.

Calibration. While ensembles improve model calibration (Guo et al., 2017; Roelofs
et al., 2020), model soups do not have the same effect. As hyperparameters can also have
an effect on calibration, we consider the ensemble and soup of 20 models which are iden-
tical other than random seed. We find that, like model ensembling, model soups improve

accuracy, but unlike model ensembling, model soups do not improve calibration.

4.2.7 Conclusion

Our results challenge the conventional procedure of selecting the best model on the held-out
validation set when fine-tuning. With no extra compute during inference, we are often able

to produce a better model by averaging the weights of multiple fine-tuned solutions.

3Fine-tuned models with learning rate 10™* are far in weight space from the initial model and are often
rejected when forming greedy soups. Therefore, we do not expect our approximation to be tight for these
learning rates.
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4.3 Patching models by interpolating weights

Thanks to advances in large-scale pre-training, recent open-vocabulary models—characterized
by their ability to perform any image classification task based on text descriptions of the
classes (Pham et al., 2021a)—such as CLIP and BASIC have reached parity with or sur-
passed important task-specific baselines, even when the open-vocabulary models are not
fine-tuned on task-specific data (i.e., in a zero-shot setting) (Radford et al., 2021; Jia et al.,
2021; Pham et al., 2021a; Zhai et al., 2022; Alayrac et al., 2022; Yu et al., 2022). For
instance, the largest CLIP model from Radford et al. (2021) used in a zero-shot setting
matches the ImageNet accuracy of a ResNet-50 trained on 1.2 million ImageNet images

(Deng et al., 2009; He et al., 2016).

Nevertheless, current open-vocabulary models still face challenges. The same CLIP
model that matches a ResNet-50 on ImageNet has lower MNIST accuracy than simple
logistic regression in pixel space (Radford et al., 2021). Moreover, even when zero-shot
models achieve good performance, they are usually still worse than models trained or fine-

tuned on specific downstream tasks.

To address these issues, several authors have proposed methods for adapting zero-shot
models to a task of interest using labeled data (Wortsman et al., 2022b; Zhou et al., 2022;
Gao et al., 2021; Zhang et al., 2021; Kumar et al., 2022a; Sung et al., 2022). A common
practice is to fine-tune the zero-shot model on the task of interest (Wortsman et al., 2022b;
Pham et al., 2021a). However, fine-tuned models can suffer from catastrophic forgetting
(McCloskey and Cohen, 1989; Thrun, 1998; French, 1999; Kirkpatrick et al., 2017), perform-
ing poorly on tasks where the zero-shot model initially performed well (Andreassen et al.,
2021; Wortsman et al., 2022b; Pham et al., 2021a). Additionally, fine-tuning typically pro-
duces a task-specific classification head, sacrificing the flexible text-based API that makes
open-vocabulary models so appealing. Whereas an open-vocabulary model can perform any
classification task in a zero-shot fashion, a fine-tuned model with a task-specific head can
only process the specific task that it was fine-tuned on. This specialization can prevent
knowledge obtained by fine-tuning on one task from transferring to other related tasks with

different classes.
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Another approach to adapting zero-shot models would be to add data from the down-
stream task to the pre-training dataset and train a new open-vocabulary model from scratch.
The resulting model could still perform any classification task, and zero-shot performance
may improve on related tasks. However, training large image-text models from scratch can
require hundreds of thousands of GPU hours (Radford et al., 2021; Pham et al., 2021a; Yu

et al., 2022), which makes this approach practically infeasible in most settings.

In this section, we study patching open-vocabulary models, where the goal is to increase
accuracy on new target tasks while maintaining the flexibility of the model and its accuracy
on other tasks.” Patching aims to combine the benefits of fine-tuning and re-training from
scratch: improved performance on the task of interest, maintaining the flexibility of an open
vocabulary, transfer between tasks, and fast adaptation time. Motivated by these goals, we
extend existing fine-tuning techniques (Wortsman et al., 2022b) to open-vocabulary settings,
where the class space is not fixed. We introduce Patching with Interpolation (PAINT), a
simple, two-step procedure for patching models: first, fine-tune the model on the patching
task without introducing any task-specific parameters; then, linearly interpolate between
the weights of the model before and after fine-tuning. Linearly interpolating neural net-
work weights (Nagarajan and Kolter, 2019; Frankle et al., 2020; Neyshabur et al., 2020) has
been previously used to improve accuracy on a single task (Izmailov et al., 2018; Worts-
man et al., 2022a) or robustness to distribution shift (Wortsman et al., 2022b). Indeed,
averaging network weights has been explored in continual learning contexts, although for

closed-vocabulary models (Lee et al., 2017).

With PAINT, accuracy can improve on new tasks without degrading accuracy on unre-
lated tasks, as illustrated in Figure 4.12. For instance, applying PAINT to a CLIP ViT-L/14
(Radford et al., 2021) independently on nine image classification tasks (Krause et al., 2013;
Cimpoi et al., 2014; Helber et al., 2019; Stallkamp et al., 2011; Geiger et al., 2012; LeCun,
1998; Cheng et al., 2017; Xiao et al., 2016; Netzer et al., 2011) improves accuracy by 15 to

60 percentage points compared to the unpatched model, while accuracy on ImageNet (Deng

4The term patching is borrowed from software development terminology, drawing inspiration from recent
work which conceptualizes developing machine learning models like open-source software (Raffel, 2021
Ribeiro and Lundberg, 2022; Matena and Raffel, 2021; Sung et al., 2021).
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et al., 2009) decreases by less than one percentage point. We also observe a promising trend:
patching becomes more effective with model scale (Section 4.3.3).

Beyond single tasks, we show that models can be patched on multiple tasks (Section
4.3.5).  When patching on nine image classification tasks simultaneously, a single CLIP
ViT-L/14 model is competitive with using one specialized model for each task—the average
accuracy difference is less than 0.5 percentage points.

Moreover, PAINT enables broad transfer (Section 4.3.6): accuracy on related tasks can
increase, even when the class space changes. For instance, we partition EuroSAT (Helber
et al., 2019), a satellite image dataset, into two halves with disjoint labels. Patching a
ViT-L/14 model on the first half improves accuracy on the second half by 7.3 percentage
points, even though the classes are unseen during patching.

Finally, we investigate PAINT on case studies including typographic attacks (Goh et al.,
2021), counting (Johnson et al., 2017), and visual question answering (Antol et al., 2015)
(Section 4.3.7). For instance, applying PAINT using synthetic typographic attacks leads
to a model that is less susceptible to typographic attacks in the real world, improving its
accuracy by 41 percentage points.

In summary:

e Even the best pre-trained models are not perfect. We introduce PAINT, a method

designed to improve accuracy on new tasks without harming accuracy elsewhere.

e PAINT incurs no extra computational cost compared to standard fine-tuning, neither

during fine-tuning itself nor at inference time.

e PAINT can also be applied with multiple tasks, providing a single model that is com-

petitive with many specialized models.

e Applying PAINT with one task can improve accuracy on a related task, even when they

do not share the same classes.

e PAINT improves with model scale, indicating a promising trend for future models.
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Figure 4.12: Patching open-vocabulary models by linearly interpolating weights.
We wish to improve accuracy on tasks where a model performs poorly (patching tasks),
without degrading performance on tasks where accuracy is already adequate (supported
tasks). When interpolating weights of fine-tuned models and zero-shot (unpatched) models,
there are intermediate solutions where accuracy improves on the patching task without
reducing accuracy on supported tasks. Results are shown for CLIP models (Radford et al.,
2021), averaged over nine patching tasks (Stanford Cars, DTD, EuroSAT, GTSRB, KITTI
distance, MNIST, RESISC45, SUN397 and SVHN (Krause et al., 2013; Cimpoi et al., 2014;
Helber et al., 2019; Stallkamp et al., 2011; Geiger et al., 2012; LeCun, 1998; Cheng et al.,
2017; Coates et al., 2011; Xiao et al., 2016; Netzer et al., 2011)) and five supported tasks
(ImageNet, CIFAR-10, CIFAR-100, STL-10 and Food101 (Deng et al., 2009; Krizhevsky
et al., 2009; Coates et al., 2011; Bossard et al., 2014)). We apply PAINT separately on each
patching task and average results across experiments. The dashed lines illustrate vertical

movement from the unpatched models and horizontal movement from the fine-tuned models.
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4.3.1 Patching with interpolation (PAINT)

This section details our method for patching models on a single and multiple tasks.
Patching on a single task. Given an open-vocabulary model with weights 6,5 and
a patching task Dpaich, our goal is to produce a new model @pa¢cn Which achieves high
accuracy on Dpaien Without decreasing model performance on tasks where accuracy is already
acceptable. We let Dgypp denote a representative supported task where model performance
is adequate, and later show that the method is stable under different choices of Dgupp
(Section 4.3.4). The two-step procedure we explore for producing Opa¢ch is given below.
Step 1. Fine-tune 0, on training data from Dp,¢en to produce a model with weights 0.
Step 2. For mixing coefficient o € [0, 1], linearly interpolate between 6,5 and 6g to
produce Opateh = (1 — @) - 0,5 + - 0. The mixing coefficient is determined via held-out
validation sets for Dgypp and Dpagen. We refer to the resulting model as Opaqch-
In our experiments, we do not introduce any additional task-specific parameters when
fine-tuning, as discussed in Section 4.3.2.

Patching on a multiple tasks. In practice, we often want to improve model accuracy

®  pH)

batch? =+ Ppateh which can be accomplished with straightfor-

on multiple patching tasks D
ward modifications to the procedure above. We explore three alternatives and examine their
relative trade-offs in Section 4.3.5:

(4)

e Joint patching, where we merge all the patching tasks Dp;t o, into a single task Dpagen

before running the patching procedure;

e Sequential patching, where we iteratively repeat the patching procedure above on each

(@)

new task Dpat ch

and let 0,5 < Opaten after each completed iteration;

e Parallel patching, where we apply the first step on each task in parallel to produce
(1) k)

fine-tuned models with weights 60,7, ..., 0. Then, we search for mixing coefficients o;

to produce Opaten = (1 — Zle a;) O+ Zle o Hg).

For joint and parallel patching we assume access to held-out validation sets for all tasks,

while in sequential patching we only assume access to held-out validation sets from the tasks
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seen so far. Unless mentioned otherwise, we pick the mixing coefficient o that optimizes

average accuracy on the held-out validation sets from the supported and patching tasks.

4.5.2  FExperimental setup

Tasks. We consider a diverse set of image classification tasks from Radford et al. (2021).
In most experiments, we use ImageNet (Deng et al., 2009) as a representative supported
task, although we explore other supported tasks in Section 4.3.4. We categorize tasks into
patching tasks or supported tasks based on the accuracy difference between the zero-shot
model and a model specialized to the task. A large accuracy difference indicates that the
task is a relevant target for patching because the zero-shot model is still far from optimal.
Specifically, we consider a subset tasks from Radford et al. (2021), categorizing tasks where
the linear probes outperform the zero-shot model by over 10 percentage points as patching
tasks: Cars (Krause et al., 2013), DTD (Cimpoi et al., 2014), EuroSAT (Helber et al.,
2019), GTSRB (Stallkamp et al., 2011), KITTI (Geiger et al., 2012), MNIST (LeCun,
1998), RESISC45 (Cheng et al., 2017), SUN397 (Xiao et al., 2016), and SVHN (Netzer
et al., 2011). We use the remaining tasks as supported tasks: CIFAR10 (Krizhevsky et al.,
2009), CIFAR100 (Krizhevsky et al., 2009), Food101 (Bossard et al., 2014), ImageNet (Deng
et al., 2009), and STL10 (Coates et al., 2011). We investigate additional patching tasks as

case studies in Section 4.3.7.

Models. We primarily use CLIP (Radford et al., 2021) pre-trained vision transformer
(ViT) models (Dosovitskiy et al., 2021). Unless otherwise mentioned our experiments are

with the ViT-L/14 model, while Section 4.3.4 studies ResNets (He et al., 2016).

Fine-tuning on patching tasks. Unless otherwise mentioned, we fine-tune with a batch
size of 128 for 2000 iterations using learning rate le-5 with 200 warm-up steps with a
cosine annealing learning rate schedule and the AdamW optimizer (Loshchilov and Hutter,
2019; Paszke et al., 2019) (weight decay 0.1). When fine-tuning, we use the frozen final
classification layer output by CLIP’s text tower so that we do not introduce additional

learnable parameters. This design decision keeps the model open-vocabulary and does not
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harm accuracy.

Evaluation. We use accuracy as the evaluation metric unless otherwise stated. We refer
to the average of the mean accuracy on the patching tasks and the mean accuracy on the

supported tasks as combined accuracy.’

4.83.8 Patching models on a single new task

As shown in Figure 4.12, when patching a model on a single task, we interpolate the weights
of the zero-shot and fine-tuned model, producing a model that achieves high accuracy on
both the patching task and the supported task. On the nine tasks, PAINT improves the
accuracy of ViT-L/14 by 15 to 60 percentage points, while accuracy on ImageNet decreases
by less than one percentage point. PAINT also allows practitioners to control the accuracy
trade-off on the patching and supported tasks without re-training a new model, by varying

the mixing coefficient a.

The effect of scale

We consistently observe that PAINT is more effective for larger models. Our findings are
aligned with those of Ramasesh et al. (2021), who observed that larger models are less
susceptible to catastrophic forgetting. This section formalizes and provides insights for

these observations.

Measuring the effectiveness of patching. We measure the effectiveness of patching
via the accuracy difference between the single patched model and two specialized models
with the same architecture and initialization. For both the supported task and patching
task, we take specialized models that maximize performance on the task, considering the set

of all interpolations between the zero-shot and fine-tuned models. We refer to this measure

’In other words, (Ep.u,,[Acc(d, Dsupp)] + Ep,upen[Acc(f, Dpaten)])/2, where Acc(f, Dsupp) and
Acc(0, Dpaten) are accuracies on supported tasks and patching tasks, respectively.
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Figure 4.13: Larger models are easier to patch (left). For larger models, the unpatched
and fine-tuned model are more similar with respect to their representations (center) and

weights (right). Model scale is measured in Giga Multiply-Accumulate operations (GMACs).

as accuracy distance to optimal. Formally, accuracy distance to optimal is given by

% max Acc(84, Dsupp) + max Acc(0a, Dpaten) | — % max [Acc(0as Dsupp) + Acc(ba, Dpaten )] »
(4.3)
where Acc(6, D) represents the accuracy of model 6 on task D. In Figure 4.13 (left), we show
that accuracy distance to optimal decreases with scale, indicating that patching becomes

more effective for larger models.

Model similarity. Fine-tuning modifies overparameterized models less (Chizat et al.,
2019), which provides insights on why larger models are easier to patch: less movement is
required to fit new data. We demonstrate this by evaluating representational similarity using
Centered Kernel Alignment (CKA) (Kornblith et al., 2019a). As shown in Figure 4.13 (cen-
ter), the representations of the unpatched and fine-tuned models become more similar as
models grow larger, indicated by larger CKA values. Moreover, Figure 4.13 (right) shows
that the cosine similarity between the weights of the unpatched and fine-tuned models,

cos(0s, Os) = (Oas, 05) /(1025|1105 ]]), increases with scale.
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Figure 4.14: The frontier of accuracy trade-offs can be recovered by linearly
interpolating weights. Interpolating the unpatched and fine-tuned models recovers the
accuracy trade-off of early stopping, regularization towards the initialization, and changes

in hyperparameters.

4.3.4 Baselines and ablations

Baselines. There are many alternatives which enable a trade-off between accuracy on the
supported and patching tasks. These methods include early stopping during fine-tuning,
applying a regularization term which penalizes movement from initialization, or training
with different hyperparameters including a smaller learning rate. Unlike interpolation, these
methods do not enable navigating the accuracy trade-off without fine-tuning the model again
many times. Moreover, Figure 4.14 demonstrates that the accuracy trade-off frontier for
early stopping, regularization, or varying hyperparameters can be recovered by interpolating

weights with different mixing coefficients.

Additional supported tasks. In Figure 4.12, we use ImageNet as a representative sup-
ported task. This section demonstrates that PAINT is stable under different choices of the
supported task. Instead of ImageNet, we use CIFAR10, CIFAR100, Food101 and STL10.
Figure 4.15 displays representative results, where performance is averaged over the nine
patching tasks. We observe consistent results across supported tasks, and that the optimal

mixing coefficients are stable across different choices of supported tasks (Figure 4.15, right).
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Figure 4.15: Results are consistent across supported tasks. For multiple supported
tasks, we observe similar accuracy improvements on patching tasks, without substantially
decreasing supported task accuracy. Moreover, choosing the mixing coeflicients using a
different supported task does not substantially decrease combined accuracy on patching

and supported tasks (right).

4.83.5 Patching models on multiple tasks

This section details experimental results for patching on multiple datasets. Recall from Sec-
tion 4.2.1 that there are various strategies for extending PAINT to multiple datasets, which
we briefly revisit. For joint patching we merge all the datasets into a single fine-tuning task
and apply our patching procedure as before. For sequential patching we iteratively perform
our procedure once per task, using the patched model at each step as the initialization for
the next step.” We also explore parallel patching, for which we have an unpatched model
0,s and independently fine-tune on each of the tasks in parallel. We then search for mixing
coefficients to combine the resulting models. For tasks 1, ..., k, let Hf(tl), ...,Hf(tk ) denote the
fine-tuned models for each task. Since it is impractical to exhaustively search over each «;,
we instead search over a one-dimensional scalar a € [0, 1], which interpolates between 6,4

and the average of all fine-tuned solutions %Zle 9§?.7

These methods have various trade-offs and may be applicable for different scenarios.

5The results are averaged over three random seeds that control the order in which tasks are seen.

"We also explored adaptive black-box optimization algorithms to choose the mixing coefficients o (Rapin
and Teytaud, 2018), but observed little improvement (0.3 to 0.4 percentage points on average).
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Figure 4.16: Contrasting various strategies for patching on multiple tasks. On
all experiments, ImageNet is used as the supported task while the other nine datasets are
used for patching. When data from all patching tasks is available, joint patching yields
a single model that is competitive with using ten different specialized models. Weight
interpolations greatly mitigate catastrophic forgetting on the sequential case, but do not
completely eradicate it. Finally, parallel patching underperforms other patching strategies,

but still provides improvements over the unpatched model.

Joint patching is only possible when data from all tasks you wish to patch is available. On
the other hand, sequential patching is appropriate when the tasks are observed one after
another. Finally, parallel patching can leverage distributed hardware.

Figure 4.16 displays experimental results when patching on all nine tasks from Sec-
tion 4.3.3. We observe that joint patching is the best-performing method on average. This
is perhaps unsurprising since joint patching has simultaneous access to all patching datasets,
unlike other patching strategies. Nevertheless, it is still interesting that for ViT-L/14, joint
patching yields a single model with only 0.5 percentage points worse combined accuracy
than using multiple specialized models.® Joint patching also achieves a 15.8 percentage

points improvement over the unpatched model. Moreover, patching a ViT-B/32 model

8Recall from Section 4.2.2 that combined accuracy weight patching and supported tasks equally.
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Cars DTD EuroSAT GTSRB KITTI MNIST RESISC45 SUN397 SVHN
Unpatched accuracy 86.2 64.9 79.9 51.7 43.4 82.6 73.4 76.9 72.8
87.0 66.1 87.2 71.1 60.4 91.3 74.2 79.3 88.9
(4+0.8) (+1.2) (+7.3) (+19.4) (+17.0) (+8.7) (+0.8)  (+2.4) (+16.1)

Patched accuracy

Table 4.6: PAINT can generalize to unseen classes. We randomly partition each dataset
into tasks A and B with disjoint class spaces of roughly equal size. This table reports how
patching on task A affects accuracy on task B for the ViT-L/14 model. In all cases, accuracy
on task B improves when patching on task A even though the classes are unseen during

patching.

with the joint strategy achieves a combined accuracy 6.1 percentage points higher than a

ViT-L/14 unpatched model, which requires 12x more GMACs.

The accuracy of sequential patching approaches that of joint patching, especially for
larger models. Note that, unlike in joint patching, forgetting can compound since the
patching procedure is applied multiple times in sequence. In sequential patching, weight
interpolations do not completely eradicate forgetting, but greatly mitigate it. This is most
noticeable for smaller models: sequentially fine-tuning a ViT-B/32 without interpolation
reduces the combined accuracy by 4.6 percentage points compared to the unpatched model.
This is compared to a combined accuracy increase of 11 percentage points when using

sequential patching.

Finally, parallel patching underperforms other patching strategies. Like sequential patch-
ing, parallel patching is in the challenging setting where data from all patching tasks is not
available simultaneously. Moreover, unlike in joint or sequential patching, no model is opti-
mized on data from all patching tasks. Using a black box optimization algorithm for finding
the mixing coefficients did not yield large improvements over using the same mixing coeffi-
cient for all models. However, it is possible that more sophisticated search methods could

yield better results.
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Task A MNIST SVHN EuroSAT RESISC45 MNIST FashionMNIST GTSRB MTSD

Task B SVHN MNIST RESISC45 EuroSAT FashionMNIST ~ MNIST MTSD GTSRB

Unpatched accuracy 58.6 76.4 71.0 60.2 67.7 76.4 19.3 50.6
68.9 93.2 69.7 70.4 70.8 77.5 30.8 69.8

Patched accuracy
(+10.3) (+16.8) (-1.3)  (+10.2) (+3.1) (+1.1) (411.5) (+19.2)

Table 4.7: Patching on task A can improve accuracy on a related task B. For a
pair of tasks A and B, we report accuracy of the ViT-L/14 on task B, after patching on

task A, finding improvements on seven out of eight cases.

4.8.6 Broad transfer

An alternative to our patching approach is to introduce parameters which are specific to
each new task. By contrast, PAINT always maintains a single model. This section describes
an additional advantage of the single model approach: patching the model on task A can
improve accuracy on task B, even when task A and B do not share the same classes. We
refer to this phenomenon as broad transfer. Note that we are able to study this phenomenon
because the single patched model remains open-vocabulary throughout the patching proce-
dure. This is a key advantage of PAINT compared to maintaining a collection of task-specific

models.

We now describe two experiments to measure the effects on a task B when patching the
model on a task A. First, we explore broad transfer by randomly partitioning datasets into
disjoint sets with no class overlap. For a dataset D we partition the class space ) into two
disjoint sets of roughly equal size V4 and Y. We build task A with the examples (z,y) € D
where y belongs to V4, and task B with examples (x,y) where y belongs to Vp. Table 4.6
shows how patching a model on task A affects the accuracy on task B for nine datasets
D. The accuracy improvements on task B range from 0.8 to 19.4 percentage points, even

though the classes from task B are not seen during patching.

To further understand transfer, we consider additional task pairs A and B, which are

now different datasets. While some pairs A, B share classes, there are still instances of
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broad transfer. Concretely, Table 4.7 examines i) MNIST and SVHN, two digit recognition
tasks with shared classes; ii) EuroSAT and RESISC45, two satellite imagery recognition
tasks where there are unshared classes but some overlap; iii) GTSRB and MTSD (Ertler
et al., 2020), two traffic sign recognition datasets where there are unshared classes but some
overlap; and iv) MNIST and FashionMNIST (Xiao et al., 2017), which do not share any
classes but appear visually similar. In seven out of eight experiments, patching on task A
improves accuracy by 1.1 to 19.2 percentage points on task B. The exception is when A is
EuroSAT and B is RESISC45, where accuracy decreases by 1.3 percentage points.

In all experiments, when patching on task A we choose the mixing coefficient o by opti-
mizing the held-out validation accuracy on task A and a supported task (in this experiment
we use ImageNet). While it is possible for a method that introduces new parameters for
each task to exhibit broad transfer to new data, this also requires knowing which parameters

to apply for the new data. This is not necessary in the single model approach.

4.3.7 Case studies

We further examine the performance of PAINT in three additional settings, which highlight

weaknesses of the zero-shot CLIP model and showcase broad transfer (Section 4.3.6).

Typographic attacks. Goh et al. (2021) find that CLIP models are susceptible to ty-
pographic attacks, where text superimposed on an image leads to misclassification. For
example, in Figure 4.17 (a), the text on the pink note saying “dog” leads a CLIP to mis-
classify the image of a cat as a dog. To fix this vulnerability, we procedurally generate
typographic attack data by adding text with incorrect class names to SUN397 (Xiao et al.,
2016), as seen in Figure 4.17 (b). We then collect a test set of 110 real world images by plac-
ing notes on objects and taking photos.” After applying PAINT using the synthetic data, we
evaluate on the real-world images (Figure 4.17 (¢)) and synthetic test set (Figure 4.17 (d)).
We observe that while larger models are more susceptible to typographic attacks, they are
also more amenable to patching. Furthermore, we see an example of broad transfer between

the synthetic and real-world data: when patching ViT-L/14 on synthetic data, its accuracy

9Data available at https://github.com/mlfoundations/patching.
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Figure 4.17: Guarding against real-world typographic attacks by patching on
synthetic data. (a) A sample from our real-world typographic attacks test set. A CLIP
ViT-L/14 is “tricked” into classifying this image as a dog instead of a cat. (b) Sample of
synthetic typographic attack data. (¢) Performance on real-world data with unseen classes
after patching on only synthetic typographic attacks (curves produced by interpolating
between the unpatched and fine-tuned model). (d) Analogous curves for the test set of the

synthetic data used for patching.

on real-world typographic attacks improves 41 percentage points even though the real-world

classes are unseen. The cost is a reduction of less than 1 percentage point on ImageNet.

Counting. Radford et al. (2021) find that CLIP models struggle to count the number of
objects in CLEVR (Johnson et al., 2017). Here, the task is to choose an integer between
3 and 10 for each image, corresponding to the number of visible objects. While a straight-
forward way to patch such a task is to fine-tune on it directly, we investigate if applying
PAINT using a subset of the classes allows the patched model to generalize to other numbers.
Specifically, we patch on images with 4, 5, 6, 8, or 9 objects. To evaluate broad transfer, we
test on images with 3, 7, and 10 objects (7 for understanding interpolation and 3 and 10 for
extrapolation). We find that PAINT improves accuracy from 59% to over 99% on unseen

classes with less than half a percentage point decrease in ImageNet accuracy.

Visual question answering. As shown by Shen et al. (2022), zero-shot CLIP models

perform poorly on visual question answering (Antol et al., 2015). Using CLIP for VQA typ-
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ically involves additional parameters—for instance, Shen et al. (2022) trains a transformer
(Vaswani et al., 2017) on CLIP features. In contrast, our procedure for patching CLIP on
VQA does not introduce new parameters. Following Shen et al. (2022), we contrast images
with a series of text prompts, where each prompt corresponds to an option in multiple-choice
VQA, formed by both the question and a candidate answer using the following template:
“Question: [question text| Answer: [answer text]”. We evaluate on multiple-choice VQA
vl (Antol et al., 2015), where each question is associated with 18 candidate answers. Our
results show that patching is effective for visual question answering: PAINT improves the
accuracy of a ViT-L/14 model by 18 percentage points, while accuracy drops by less than

one percentage point on ImageNet.

4.8.8 Limitations and conclusion

Limitations. When applying PAINT, accuracy on supported tasks can still decrease, es-
pecially for smaller models. This limitation is perhaps best reflected in the case of sequential
patching: patched models underperform using multiple specialized models when many tasks
are added sequentially. Using larger models and weight interpolations can alleviate this is-
sue, but do not completely resolve it. Finally, better understanding on which datasets

patching is more effective is an exciting direction for future research.

Conclusion. In this section, we explore several techniques for patching open-vocabulary
models with the goal of improving accuracy on new tasks without decreasing accuracy
elsewhere. PAINT is effective in several scenarios, ranging from classifying digits to defending
against typographic attacks. PAINT becomes more effective with scale, and can be applied
on multiple tasks sequentially or simultaneously. Our findings demonstrate that in many
circumstances it is possible to expand the set of tasks on which models achieve high accuracy,
without introducing new parameters, without re-training them from scratch, and without

catastrophic forgetting.
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4.4 Editing Models with Task Arithmetic

In this section, we present a new paradigm for editing neural networks based on task vectors,
which encode the information necessary to do well on a given task. Inspired by recent work
on weight interpolation (Frankle et al., 2020; Wortsman et al., 2022b; Matena and Raffel,
2021; Wortsman et al., 2022a; Ilharco et al., 2022; Li et al., 2022; Ainsworth et al., 2022;
Don-Yehiya et al., 2022), we obtain such vectors by taking the weights of a model fine-tuned
on a task and subtracting the corresponding pre-trained weights (Figure 4.18a).

We show that we can edit a variety of models with task arithmetic—performing simple
arithmetic operations on task vectors (Figure 4.18b-d). For example, negating a vector can
be used to remove undesirable behaviors or unlearn tasks, while adding task vectors leads
to better multi-task models, or even improves performance on a single task. Finally, when
tasks form an analogy relationship, task vectors can be combined to improve performance

on tasks where data is scarce.

Forgetting via negation. Users can negate task vectors to mitigate undesirable behav-
iors (e.g., toxic generations), or even to forget specific tasks altogether, like OCR. In Section
4.4.2, we negate a task vector from a language model fine-tuned on toxic data (Radford et al.,
2019; Borkan et al., 2019), reducing the proportion of generations classified as toxic, with
little change in fluency. We also negate task vectors for image classification tasks, resulting
in substantially lower accuracy on the task we wish to forget with little loss on ImageNet

accuracy (Deng et al., 2009).

Learning via addition. Adding task vectors results in better multi-task models, or im-
proved performance on a single task. In Section 4.4.3, we add task vectors from various
image models (CLIP, Radford et al. (2021)) and compare the performance of the resulting
model with using multiple specialized fine-tuned models. We find that the single resulting
model can be competitive with using multiple specialized models. Adding two task vectors
maintains 98.9% of the accuracy, and the average performance on the entire set of tasks
increases as more task vectors are added. Moreover, adding a task vector from a different

task can improve performance on a target task using text models (T5, Raffel et al. (2020a)).
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Figure 4.18: An illustration of task vectors and the arithmetic operations we study for
editing models. (a) A task vector is obtained by subtracting the weights of a pre-trained
model from the weights of the same model after fine-tuning (Section 4.4.1). (b) Negating
a task vector degrades performance on the task, without substantial changes in control
tasks (Section 4.4.2). (c¢) Adding task vectors together improves the performance of the
pre-trained model on the tasks under consideration (Section 4.4.3). (d) When tasks form
an analogy relationship such as supervised and unsupervised learning on two different data
sources, it is possible to improve performance on a supervised target task using only vectors

from the remaining three combinations of objectives and datasets (Section 4.4.4).

Task analogies. When we can form task analogies of the form “A is to B as C'is to D",
combining task vectors from the first three tasks improves performance on the fourth, even
when little or no training data is available. In Section 4.4.4, we show that we can improve
domain generalization to a new target task without using labeled data from that task. More
specifically, accuracy on a sentiment analysis task improves by combining a task vector from
a second sentiment analysis dataset and task vectors produced using unlabeled data from
both domains. We also use analogies between classifying pictures and sketches of objects

to improve accuracy on subgroups where little or no data is available.

Overall, editing models with task arithmetic is simple, fast and effective. There is no
extra cost at inference time in terms of memory or compute, since we only do element-
wise operations on model weights. Moreover, vector operations are cheap, allowing users

to experiment quickly with multiple task vectors. With task arithmetic, practitioners can
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reuse or transfer knowledge from models they create, or from the multitude of publicly

available models all without requiring access to data or additional training.'’

4.4.1 Task Vectors

For our purposes, a task is instantiated by a dataset and a loss function used for fine-tuning.
Let Oy € R? be the weights of a pre-trained model, and S R the corresponding weights
after fine-tuning on task ¢. The task vector 7, € R? is given by the element-wise difference
between Gft and Ope, i€, 74 = 93 — Opre. When the task is clear from context, we omit the
identifier ¢, referring to the task vector simply as 7.

Task vectors can be applied to any model parameters 6 from the same architecture, via
element-wise addition, with an optional scaling term A, such that the resulting model has
weights Opew = 0 + AT. In our experiments, the scaling term is determined using held-out
validation sets. Note that adding a single task vector to a pre-trained model with A = 1
results in the model fine-tuned on that task.

Following Ilharco et al. (2022), we focus on open-ended models, where it is possible to
fine-tune on a downstream task without introducing new parameters (e.g., open-vocabulary
image classifiers (Radford et al., 2021; Jia et al., 2021; Pham et al., 2021a; Alayrac et al.,
2022) and text-to-text models (Raffel et al., 2020a; Radford et al., 2019; Brown et al., 2020b;
Hoffmann et al., 2022b)). In cases where fine-tuning introduces new parameters (e.g., a new
classification head), we could follow Matena and Raffel (2021) and merge only the shared

weights, but this exploration is left for future work.

Editing models with task arithmetic. We focus on three arithmetic expressions over
task vectors, as illustrated in Figure 4.18: negating a task vector, adding task vectors
together, and combining task vectors to form analogies. All operations are applied element-
wise to the weight vectors.

When negating a task vector 7, applying the resulting vector m,eww = —7 corresponds to

extrapolating between the fine-tuned model and the pre-trained model. The resulting model

10Code available at https://github.com/mlfoundations/task_vectors.
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is worse at the target task, with little change in performance on control tasks (Section 4.4.2).
Adding two or more task vectors 7; yields Thew = D, 7;, and results in a multi-task model
proficient in all tasks, sometimes even with gains over models fine-tuned on individual tasks
(Section 4.4.3). Finally, when tasks A, B, C' and D form an analogy in the form “A is to
B as Cis to D”, the task vector Thew = 7¢ + (7B — T4) improves performance on task D,
even if there is little or no data for that task (Section 4.4.4).

For all operations, the model weights obtained by applying muew are given by Ohew =

0 4+ ATpew, Where the scaling term A\ is determined using held-out validation sets.

4.4.2 Forgetting via Negation

In this section, we show that negating a task vector is an effective way to reduce its perfor-
mance on a target task, without substantially hurting performance elsewhere. Forgetting or
“unlearning” can help mitigate undesired biases learned when pre-training; forgetting tasks
altogether may be desirable to comply with regulations or for ethical reasons like preventing
an image classifier to recognize faces, or to “read” personal information via OCR.

These interventions should not have a substantial effect on how models behave when
processing data outside the scope of the edit (Mitchell et al., 2021; Ilharco et al., 2022).
Accordingly, we measure accuracy on control tasks, in addition to evaluating on the target
tasks from which the task vector originated. Our experiments showcase the effectiveness of

negating task vectors for editing image classification and text generation models.

Image classification

For image classification, we use CLIP models (Radford et al., 2021) and task vectors from
eight tasks studied by Ilharco et al. (2022); Radford et al. (2021), ranging from satellite
imagery recognition to classifying traffic signs: Cars (Krause et al., 2013), DTD (Cimpoi
et al., 2014), EuroSAT (Helber et al., 2019), GTSRB (Stallkamp et al., 2011), MNIST
(LeCun, 1998), RESISC45 (Cheng et al., 2017), SUN397 (Xiao et al., 2016), and SVHN
(Netzer et al., 2011). For the control task, we use ImageNet (Deng et al., 2009). We

generate task vectors by fine-tuning on each of the target tasks.
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Table 4.8: Forgetting image classification tasks via negation. Results are shown for
CLIP models, reporting average accuracy (%) on the eight target tasks we wish to forget
(Cars, DTD, EuroSAT, GTSRB, MNIST, RESISC45, SUN397 and SVHN), and the control
task (ImageNet). Negating task vectors reduce the accuracy of a pre-trained ViT-L/14 by

45.8 percentage points on the target tasks, with little loss on the control task.

Method ViT-B/32 ViT-B/16 ViT-L/14

Target () Control (1) | Target ({) Control (1) | Target ({) Control (1)
Pre-trained 48.3 63.4 55.2 68.3 64.8 75.5
Fine-tuned 90.2 48.2 92.5 58.3 94.0 72.6
Gradient ascent 2.73 0.25 1.93 0.68 3.93 16.3
Random vector 45.7 61.5 53.1 66.0 60.9 72.9
Negative task vector 24.0 60.9 21.3 65.4 19.0 72.9

We compare against two additional baselines, fine-tuning by moving in the direction
of increasing loss (i.e., with gradient ascent), as in Golatkar et al. (2020); Tarun et al.
(2021), and against using a random vector where each layer has the same magnitude as the
corresponding layer of task vector.

As shown in Table 4.8, negating the task vectors is the most effective editing strategy
for decreasing accuracy on the target task with little impact on the control task. For
example, negative task vectors decrease the average target accuracy of ViT-L/14 by 45.8
percentage points with little change in accuracy on the control task. In contrast, using
a random vector does not have much impact on target accuracy, while fine-tuning with

gradient ascent severely deteriorates performance on control tasks.

Text generation

We study whether we can mitigate a particular model behavior by negating a task vector
trained to do that behavior. In particular, we aim to reduce the amount of toxic generations
produced by GPT-2 models of various sizes (Radford et al., 2019). We generate task vectors

by fine-tuning on data from Civil Comments (Borkan et al.; 2019) where the toxicity score is
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Table 4.9: Making language models less toxic with negative task vectors. Results
are shown for the GPT-2 Large model. Negative task vectors decrease the amount of toxic
generations by 6x, while resulting in a model with comparable perplexity on a control task

(WikiText-103).

Method % toxic generations ({) Avg. toxicity score (}) WikiText-103 perplexity ({)
Pre-trained 4.8 0.06 16.4
Fine-tuned 57 0.56 16.6
Gradient ascent 0.0 0.45 >10"°
Fine-tuned on non-toxic 1.8 0.03 17.2
Random vector 4.8 0.06 16.4
Negative task vector 0.8 0.01 16.9

higher than 0.8, and then negating such task vectors. As in Section 4.4.2, we also compare
against baselines that use gradient ascent when fine-tuning (Golatkar et al., 2020; Tarun
et al.,, 2021), and using a random task vector of the same magnitude. Additionally, we
compare against fine-tuning on non-toxic samples from Civil Comments (toxicity scores
smaller than 0.2), similar to Liu et al. (2021). We measure the toxicity of one thousand
model generations with Detoxify (Hanu and Unitary team, 2020). For the control task, we

measure the perplexity of the language models on WikiText-103 (Merity et al., 2016).

As shown in Table 4.9, editing with negative task vectors is effective, reducing the
amount of generations classified as toxic from 4.8% to 0.8%, while maintaining perplexity
on the control task within 0.5 points of the pre-trained model. In contrast, fine-tuning with
gradient ascent lowers toxic generations by degrading performance on the control task to
an unacceptable level, while fine-tuning on non-toxic data is worse than task vectors both
in reducing task generations and on the control task. As an experimental control, adding a

random vector has little impact either on toxic generations or perplexity on WikiText-103.
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Figure 4.19: Adding pairs of task vectors from image classification tasks. Adding
task vectors from two tasks improves accuracy on both, resulting in a single model that is

competitive with using two specialized fine-tuned models.

4.4.8 Learning via Addition

We now turn our attention to adding task vectors, either to build multi-task models that
are proficient on multiple tasks simultaneously, or to improve single-task performance. This
operation allows us to reuse and transfer knowledge either from in-house models, or from
the multitude of publicly available fine-tuned models, without additional training or access
to training data. We explore addition on various image classification and natural language

processing tasks.

Image classification

We start with the same eight models used in Section 4.4.2; fine-tuned on a diverse set of im-
age classification tasks (Cars, DTD, EuroSAT, GTSRB, MNIST, RESISC45, SUN397 and
SVHN). In Figure 4.19, we show the accuracy obtained by adding all pairs of task vectors
from these tasks. To account for the difference in difficulty of the tasks, we normalize accu-
racy on each task by the accuracy of the model fine-tuned on that task. After normalizing,
the performance of fine-tuned models on their respective tasks is one, and so the average

performance of using multiple specialized models is also one. As shown in Figure 4.19,



94

o

©

o
!

o
©
vl

Average normalized accuracy
o o
3 3

©
N
o

0 1 2 3 4 5 6 7 8
Number of task vectors
Figure 4.20: Adding task vectors builds multi-task models for image classification
tasks. Accuracy is averaged over all downstream tasks. When more task vectors are avail-
able, better multi-task vectors can be built. Each point represents an experiment with a
subset of the eight tasks we study, and the solid line connects the average performance for
each subset size. Recall that the average normalized accuracy of using multiple fine-tuned

models is always one.

adding pairs of task vectors leads to a single model that outperforms the zero-shot model
by a large margin, and is competitive with using two specialized models (98.9% normalized
accuracy on average).

Beyond pairs of tasks, we explore adding task vectors for all possible subsets of the
tasks (2% in total). In Figure 4.20, we show how the normalized accuracy of the resulting
models, averaged over all the eight tasks. As the number of available task vectors increases,
better multi-task models can be produced. When all task vectors are available, the best
model produced by adding task vectors reaches an average performance of 91.2%, despite

compressing several models into one.

Natural language processing

In addition to building multi-task models, we explore whether adding task vectors is a

useful way of improving performance on a single target task. Towards this goal, we first
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Table 4.10: Improving performance on target tasks with external task vectors. For
four text classification tasks from the GLUE benchmark, adding task vectors downloaded

from the Hugging Face Hub can improve accuracy of fine-tuned T5 models.

Method MRPC RTE CoLA SST-2 Average
Zero-shot 74.8 52.7 8.29 92.7 57.1
Fine-tuned 88.5 77.3 52.3 94.5 78.1

Fine-tuned + task vectors 89.3 (+0.8) 77.5 (+0.2) 53.0 (+0.7) 94.7 (+0.2) 78.6 (+0.5)

fine-tune T5-base models on four tasks from the GLUE benchmark (Wang et al., 2018), as
in Wortsman et al. (2022a). Then, we search for compatible checkpoints on Hugging Face
Hub, finding 427 candidates in total. We try adding each of the corresponding task vectors
to our fine-tuned models, choosing the best checkpoint and scaling coefficient based on held-
out validation data. As shown in Table 4.10, adding task vectors can improve performance

on target tasks, compared to fine-tuning.

4.4.4  Task Analogies

In this section, we explore task analogies in the form “A is to B as C' is to D”, and show
that task arithmetic using vectors from the first three tasks improves performance on task

D even if little or not data for that task is available.

Domain generalization. For many target tasks, gathering unlabeled data is easier and
cheaper than collecting human annotations. When labeled data for a target task is not avail-
able, we can use task analogies to improve accuracy on the target task, using an auziliary
task for which there is labeled data and an unsupervised learning objective. For example,
consider the target task of sentiment analysis using data from Yelp (Zhang et al., 2015).
Using task analogies, we can construct a task vector 7yelp;sent = Tamazon;sent + (Tyelp;lm —
Tamazon: Im)> WNET€ Tamazon;sent 15 Obtained by fine-tuning on labeled data from an auxiliary

task (sentiment analysis using data from Amazon; McAuley and Leskovec (2013)), and
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Table 4.11: Improving domain generalization with task analogies. Using an auxiliary
task for which labeled data is available and unlabeled data from both the auxiliary and
the target datasets, task analogies improve the accuracy for multiple T5 models and two
sentiment analysis target tasks (Zhang et al., 2015; McAuley and Leskovec, 2013), without

using any labeled data from the target tasks.

target = Yelp target = Amazon
Method TH-small Th-base ThH-large Tbh-small Tbh-base ThH-large
Fine-tuned on auxiliary 88.6 92.3 95.0 87.9 90.8 94.8
Task analogies 89.9 93.0 95.1 89.0 92.7 95.2
Fine-tuned on target 91.1 93.4 95.5 90.2 93.2 95.5

Tyelp; 1m AN Tamazon;1m are task vectors obtained via (unsupervised) language modeling on
the inputs from both datasets.

In Table 4.11, we show that using such task analogies improves accuracy of T5 models at
multiple scales, both for Amazon and Yelp binary sentiment analysis as target tasks. We em-
pirically found that giving a higher weight to the sentiment analysis task vector led to higher
accuracy, and we thus used two independent scaling coefficients for these experiments—one
for the sentiment analysis task vector and one for both the language modeling task vectors.
Using task vectors outperforms fine-tuning on the remaining auxiliary sentiment analysis
task for all models and datasets, approaching the performance of fine-tuning on the target

task.

Subpopulations with little data. There is often some inherent scarcity in certain data
subpopulations—for example, images of lions in indoor settings are more rare, compared to
lions in outdoor settings or dogs in general (indoor or outdoors). Whenever such subpopu-
lations admit analogies to others with more abundant data (as in this case), we can apply
task analogies, €.g., Tlion indoors = Tlion outdoors 1 (Tdog indoors — Tdog outdoor)-

We explore this scenario by creating four subpopulations, using 125 overlapping classes
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Figure 4.21: Learning about subpopulations via analogy. Combining task vectors
from related subpopulations improves accuracy on the target subpopulation, when little or
no data from the target supopulation is available. Accuracy is averaged over the four target

subpopulations and three CLIP models.

between ImageNet and a dataset of human sketches (Eitz et al., 2012). We split these classes
in two subsets of roughly equal size, creating four subpopulations A, B, C' and D, where
the pairs (4,C) and (B, D) share the same classes, and (A, B) and (C, D) share the same
style (photo-realistic images or sketches). Although these subpopulations have many classes
in our experiments, we use the simplified subsets “real dog”, “real lion”, “sketch dog” and

“sketch lion” as a running example.

Given a target subpopulation, we create task vectors by fine-tuning three models inde-
pendently on the remaining subpopulations, and then combine them via task arithmetic,
€.8., Tsketch lion = Tsketch dog T (Treal lion — Treal dog) for the target subpopulation “sketch lion”.
We show the results in Figure 4.21, averaged over the four target subpopulations. Compared
to the pre-trained model, task vectors improve accuracy by 3.4 percentage points on aver-
age. Moreover, when some data from the target subpopulation is available for fine-tuning,
starting from the edited model leads to consistently higher accuracy than starting from the
pre-trained model. The gains from analogies alone (with no additional data) are roughly
the same as that of collecting and annotating around one hundred training samples for the

target subpopulation.
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Figure 4.22: Task vectors are typically close to orthogonal. The plot shows the
cosine similarities between vectors for different tasks, using CLIP. The largest deviations
from orthogonality are found when tasks are similar to each other, for instance, for MNIST,
SVHN and GTSRB—where recognizing digits is either the task itself (MNIST and SVHN),
or a capability needed to solve the task (GTSRB, where the task is traffic sign recognition)—

and EuroSAT and RESISC45, two satellite imagery recognition datasets.

4.4.5 Discussion

In this section, we provide further insight into previous results by exploring the similarity
between task vectors for different tasks, as well as the impact of different learning rates and
random seeds. We conclude by discussing some limitations of our approach.

Similarity between task vectors. In Figure 4.22, we explore the cosine similarity
between task vectors for different tasks, in an effort to understand how multiple models can
be collapsed into a single multi-task model via addition (Section 4.4.3). We observe that
vectors from different tasks are typically close to orthogonal, and speculate that this enables
the combination of task vectors via addition with minimal interference. We also observe

higher cosine similarities when tasks are semantically similar to each other. For example,
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the largest cosine similarities in Figure 4.22 (left) are between MNIST, SVHN and GTSRB,
where recognizing digits is essential for the tasks, and between EuroSAT and RESISC45,
which are both satellite imagery recognition datasets. This similarity in “task space” could
help explain some results in Ilharco et al. (2022), where interpolating the weights of a model
fine-tuned on one task and the pre-trained model weights—in our terminology, applying a
single task vector—sometimes improves accuracy on a different task for which no data is
available (e.g., applying the MNIST task vector improves accuracy on SVHN).

The impact of the learning rate. In Figure 4.23, we observe that increasing the
learning rate degrades accuracy both when using task vectors and when fine-tuning indi-
vidual models, but the decrease is more gradual for individual models. These findings align
with those of (Wortsman et al., 2022a), who observed that accuracy decreases on the linear
path between two fine-tuned models when using a larger learning rate. Thus, while larger
learning rates may be acceptable when fine-tuning individual models, we recommend more
caution when using task vectors. Further, we hypothesize that larger learning rates may
explain some of the variance when adding vectors from natural language processing tasks,
where we take models fine-tuned by others in the community.

The evolution of task vectors throughout fine-tuning. In Figure 4.24, we show
how task vectors evolve throughout fine-tuning. Intermediate task vectors converge rapidly
to the direction of the final task vector obtained at the end of fine-tuning. Moreover,
the accuracy of the model obtained by adding intermediate task vectors from two image
classification tasks saturates after just a few hundred steps. These results suggest that
using intermediate task vectors can be a useful way of saving compute with little harm in
accuracy.

Limitations. Task vectors are restricted to models with the same architecture, since
they depend on element-wise operations on model weights. Further, in all of our experiments
we perform arithmetic operations only on models fine-tuned from the same pre-trained
initialization, although emerging work shows promise in relaxing this assumption (Ainsworth
et al., 2022). We also note that some architectures are very popular, and have “standard”
initializations—e.g., at the time of writing there are over 3,000 models on Hugging Face

Hub fine-tuned from the same BERT-base initialization (Devlin et al., 2019a), and over 800
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models fine-tuned from the same T5-small initialization.

4.4.6  Conclusion

In this section we introduce a new paradigm for editing models based on arithmetic opera-
tions over task vectors. For various vision and NLP models, adding multiple specialized task
vectors results in a single model that performs well on all target tasks, or even improves
performance on a single task. Negating task vectors allows users to remove undesirable
behaviors, e.g., toxic generations, or even forget specific tasks altogether, while retaining
performance everywhere else. Finally, task analogies leverage existing data to improve per-
formance on domains or subpopulations where data is scarce.

Arithmetic operations over task vectors only involve adding or subtracting model weights,
and thus are efficient to compute, especially when compared to alternatives that involve ad-
ditional fine-tuning. Thus, users can easily experiment with various model edits, recycling
and transferring knowledge from large collections of publicly available fine-tuned models.
Since these operations result in a single model of the same size, they incur no extra inference

cost. Our code is available at https://github.com/mlfoundations/task_vectors.


https://github.com/mlfoundations/task_vectors

102

Chapter 5

FINAL CONSIDERATIONS

This dissertation focused on improving multimodal models, either from the ground up—
through designing better datasets—or editing existing models—using efficient techniques
that operate directly in a model’s weight space. Together, these methods have allowed
substantial progress in the capabilities of models like CLIP. One appealing aspect of these
techniques is that they do not need to specialize the model for a specific purpose. In fact,
our goal is to build models that are both general and reliable. A key insight towards that
goal is to enable fine-tuning without sacrificing the flexible text-based interface that makes

open-vocabulary models like CLIP so appealing.

The success of open-vocabulary multimodal models has arguably been enabled by their
ability to perform well on a broad range of downstream tasks, even without fine-tuning them
on specific tasks. This is possible thanks to the text-based interface that these models have,
which allows specifying any classification problem in natural language. Flexible interfaces
have been similarly impactful in natural language processing. Naturally, almost all NLP
tasks can be seen as “text-to-text” problems, where models consume text as inputs and
produce text as outputs (Brown et al., 2020a; Khashabi et al., 2020; Wang et al., 2022).
Thanks to this interface, large language models like GPT-4 can be used for thousand of

downstream tasks, without any adaptation (OpenAl, 2023).

A natural extension to this trend is to build models that have an even more flexible and
general interface. At the extreme, this means building models that consume raw bytes as
inputs and produce raw bytes as outputs. This interface makes it easy to see any machine
learning task as a “byte-to-byte” problem which naturally suites the model’s interface.
Another advantage of such a system is that it would enable self-supervised learning from
virtually any data source, including all media in the web. This is particularly appealing

considering how models tend to improve with the scale of their pre-training data.
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There are, however, some key technical challenges that need to be addressed before
building such a model. The first challenge is designing architectures that are able to pro-
cess very long sequences. The Transformer (Vaswani et al., 2017), one of the most popular
architectures in recent years, scale poorly to long sequences due to a quadratic compu-
tational dependency in the length of the sequence. This makes it infeasible to use these
models to process inputs such as high-resolution images at the byte level. While recent
advances have been made in this direction (Tay et al., 2022; Yu et al., 2023; Chen and Li,
2023), building powerful architectures that can process very long sequences remains an open
research problem.

Moreover, when building a multimodal byte-level model, there can be large asymmetries
between the inputs of different modalities. For example, consider an image and it’s corre-
sponding alt-text on a web page. While the image might contain hundreds of thousands or
even millions of bytes, the text is likely orders of magnitude shorter, with tens or hundreds
of bytes. Moreover, the entropy of the bytes also depends highly on the modality. Yet, most
current architectures are not designed to handle this asymmetry, spending the exact same
amount of compute for all elements in the sequence. I believe designing architectures that
can dynamically allocate compute to different parts of the input sequences will be key for
building a byte-level multimodal model.

I believe tackling both of those challenges will be key for building the next generation
of multimodal models. If progress is made in those fronts, it would enable training models
with a highly flexible interface, that can be trained in an end-to-end fashion on virtually any
collected data. I am excited about a future where our models can process and generate any

form of data, and for the vast array of applications that this interface would make possible.
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