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Abstract

Heterogeneous Model Collaborations in Language Models

Xiaochuang Han

Chair of the Supervisory Committee:
Yulia Tsvetkov

Computer Science and Engineering

Language is central to human intelligence and has similarly become integral to artificial intelli-
gence, particularly through advancements in natural language processing and large language
models. Modern LLMs focus on model scaling, using one generic and monolithic structure and
substantially increasing model sizes. This is a highly homogeneous process—one single type of
neural modules is used towards all tasks with the same optimization objective. While scaling
LLMs has achieved remarkable successes, it remains challenging for achieving swift control over
LLM outputs, reducing hallucinations, enabling fundamental weak-to-strong generalization, and
adapting seamlessly to multi-modalities beyond language. In this thesis, I aim to develop novel
heterogeneous model collaboration paradigms that address each of the LLM challenges above. In
the first part, I introduce a diffusion-based generative LLM that collaborates with discriminative
text classifiers for a nuanced controllability at inference time. In the second part, I present a
sampling algorithm through a collaboration between two contrastively contextualized language
models, reducing hallucinations and enhancing faithfulness to input context. In the third part, I
introduce two diffusion LLMs, a large general-purpose model and a much smaller specialized
model, collaborating together for strong ensemble performance and robust weak-to-strong
generalization compared to autoregressive approaches. Finally, I present an autoregressive LLM
architecture learning to generate images and videos through collaboration with non-neural,
multimodal compression codecs, overcoming modality barriers and expanding the multimodal
generative capabilities of LLMs. Overall, this thesis aims to advance NLP and LLMs beyond
monolithic model scaling through modular, heterogeneous model collaborations across language

and multimodal domains, ultimately contributing to the pursuit of general machine intelligence.
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Chapter 1

Introduction

Language is the hallmark of human intelligence. With no other animals possessing a
comparable language system, humans use language to accurately describe, predict,
and convey the world around us. Language is also a hallmark of artificial intelligence
(AI). From the early proposal of the imitation game (Turing, 1950) (i.e., the Turing
Test) to modern Al assistants (OpenAl, 2023), language has been integral to building
human-like intelligence. In particular, the language aspect of artificial intelligence is
often referred to as natural language processing (NLP). One of the most significant
advancements in modern NLP is large language models (LLMs), generative deep neural
models that not only produce text for traditional NLP tasks such as machine translation
and summarization but also engage in useful conversations with humans to answer
questions and draft detailed reports (Radford et al., 2019; Ouyang et al., 2022).
Modern LLMs emphasize scaling the models, using one general and monolithic
architecture and substantially increasing model size and the amount of data used across
domains. Such framework is highly homogeneous — one single type of model building
blocks (Vaswani et al., 2017) is used towards all tasks with the same optimization
objective (Brown et al., 2020). Despite their success in commercial chatbots (Bubeck
et al., 2023), simply scaling large language models remains insufficient or costly for
achieving swift control over outputs (Dathathri et al., 2020), reducing hallucinations
(Min et al., 2023a), enabling fundamental weak-to-strong generalization (Burns et al.,
2023), and adapting seamlessly to multi-modalities beyond language (Yu et al., 2021).
On the other hand, the source of human intelligence—our brains—offers an inspiring

alternative in structure. The human brain contains anatomically and functionally
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specialized regions or units that collaborate to solve various perceptual and decision-
making tasks (Stein and Stanford, 2008; Steinmetz et al., 2019). For example, from a
mechanistic perspective, the input and output functions for language rely on the visual
and auditory cortices, which process perceptual information essential for encoding
language, and on the motor cortex, which generates the motor commands necessary
for producing spoken or written language (Kandel et al., 2000). From a developmental
perspective, we rely on the hippocampal memory system to learn and retain language
structure and symbolic meaning, which is especially critical for adapting to new
phrases and the evolving cultural characteristics of language over time (Moser et al.,
2015; Rowland et al., 2016). Modern theories of the human brain attribute our unique
language capabilities to three heterogeneous systems: a language implementation
system, a mediational system, and a conceptual system (Damasio and Damasio, 1992).1
Notably, each of these systems is also supported by largely heterogeneous components.
For example, the language implementation system consists of Wernicke’s and Broca’s
areas, which are responsible for language comprehension and production, respectively.

Inspired by the heterogeneous collaborations in human brains and towards address-
ing the problems of LLMs such as controllability, faithfulness, generalizability, and
beyond-language adaptability, this thesis focuses on solutions from a heterogeneity
perspective. Analogous to the collaborations in the language implementation system,
mediational system, and conceptual system in human brains, I rethink how a variety
of different NLP models, both generative and non-generative, autoregressive and non-
autoregressive, neural and non-neural, language and multi-modal, can collaborate with
each other and manifest fundamental improvements over single large language models

monolithically optimized for single objectives.

IThe language implementation system is located in a specific brain region that controls fundamental
language functions, such as understanding and generating speech and grammar. The conceptual system
consists of distributed brain areas responsible for learning, memory, and conceptual knowledge, not
necessarily related to language. Meanwhile, the mediational system surrounds the implementation system

and facilitates communication between the implementation and conceptual systems.
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1.1 Thesis Statement

My primary goal of this thesis is to develop machine learning methods that enhance
single language models through heterogeneous model collaborations, improving the
system’s controllability, faithfulness, generalizability, and adaptability beyond the
language modality. To achieve this, I introduce fundamental innovations in language
model architectures in training, model collaboration algorithms at inference time, and
foundational representation learning for multi-modalities. I organize the thesis chapters

by LLMs + X, highlighting the type of collaboration enhancing the language model.

Language model + discriminative models In NLP, language models are genera-
tive and primarily used for language generation, whereas classifiers of various text
attributes are discriminative and reflect language understanding capabilities. In the
first part of the thesis, I present language model + discriminative models. This generative-
discriminative collaboration between language models and classifiers enhances the
system’s controllability, enabling outputs with desired attributes, particularly during
inference. To facilitate this collaboration, I design a diffusion-based language model

that iteratively generates text non-autoregressively with bidirectional context.

Language model + contrastive contexts In the second part of the thesis, I present
language model + contrastive contexts. This model collaboration involves two language
models decoding together but each provided with contrastive contexts. This unique
retrieval and routing improves the faithfulness of standard language models and
reduces model hallucination in various summarization and knowledge editing tasks,

without modifying the weights of language models.

Language model + weak-strong collaboration In the third part of this thesis, I
present language model + weak-strong collaboration. I demonstrate how small language
models with specialized enhancements can collaborate with large general language
models to make them even stronger — a weak-to-strong generalization aspiration. In
pursuit of such models, I design and train two diffusion-based language models of

drastically different scales while enhancing the small model with specialized user inputs.
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The diffusion approach is fundamentally more effective than standard autoregressive

language models under the same collaboration setup.

Language model + multimodal codecs Finally, in the fourth part of this thesis, I
present language model + multimodal codecs. I demonstrate that a language model archi-
tecture designed for text generation can be trained to generate images and videos, by
learning from representations in multimodal compression codecs. This collaboration
between language models and multimodal codecs enables a direct adaptation of gener-
ative language models into generative multimodal models, highlighting the potential

of LLMs as a step toward general intelligence.

My solutions are both inspired by and contribute to advancements in natural
language processing and machine learning research. These heterogeneous model col-
laborations have applications across various language and multimodal domains and

can ultimately drive progress toward general machine intelligence.

1.2 Thesis Overview

I begin with relevant background (§2) on the standard architecture, training objective,
and sampling algorithm of LLMs. The rest of the thesis consists of four LLMs + X
chapters, highlighting the type of collaboration enhancing the language model.

Part I: (Diffusion) LLMs + discriminative models Standard language models are
autoregressive. To obtain nuanced controls of autoregressive LLM generations, classi-
tiers had been used to manipulate the model’s output space. However, this has been a
very challenging procedure due to standard LLMs’ autoregressive sampling — often
the desired attribute is defined over the entire sequence, but the controls can only be
done at the level of each token. In §3, I present SSD-LM — a diffusion-based language
model with two key design choices. First, SSD-LM is semi-autoregressive, iteratively
generating blocks of text, allowing for flexible output length at decoding time while
enabling local bidirectional context updates. Second, it is simplex-based, performing
diffusion on the natural vocabulary space rather than a learned latent space, allowing

us to incorporate classifier guidance and modular control using off-the-shelf classifiers
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without any adaptation. SSD-LM is evaluated on unconstrained text generation as well
as controllable text generation benchmarks. I show SSD-LM is a strong language model
that can collaborate with discriminative attribute classfiers at inference time without

any tuning. This work was published at ACL 2023 (Han et al., 2022).

Part II: LLMs + contrastive contexts Standard language models struggle to pay
enough attention to the input context. Particularly, the vanilla pretrained LLMs without
downstream alignment tuning often generate texts that are unfaithful or contain hal-
lucinations. In §4, I present context-aware decoding (CAD), which samples using two
language models in collaboration to mitigate the issue. Without any modifications to
the pretrained models” weights, the two language models are provided with different
inputs, one with and one without the key context the system should focus on. The
decoding follows a contrastive output distribution that amplifies the difference between
the output probabilities when used with and without context. On summarization and
knowledge conflict tasks, I show CAD greatly helps LLMs to be faithful to the given
context and reduce hallucination. This work was published at NAACL 2024 (Shi and
Han et al., 2023).

Part III: (Diffusion) LLMs + weak-strong collaboration Standard language models
is not well-compatible with ensembling at inference time. Especially for models with
disparate sizes, the small and specialized model rarely helps the large and general
model in achieving an even stronger model — a weak-to-strong generalization dilemma.
In §5, I present SSD-2, an approach to easily ensemble at inference time a large general-
purpose diffusion LLM with smaller, but specialized and contextualized diffusion
LLMs. SSD-2 facilitates a collaboration between a standard sized LLM and 100x smaller
models that can be customized and deployed by individual users. I show that compared
to autoregressive models, the collaboration between diffusion LLMs is more effective,
leading to higher-quality model outputs due to their ability to dynamically incorporate
bi-directional contexts. This work was published at NAACL 2024 (Han et al., 2023a).

Part IV: LLMs + multimodal codecs Standard language models cannot generate
images or videos. However, it is not the autoregressive nature of LLM that prevents

it from being a generative visual model — the problem is with the visual data where
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the representations are naturally continuous, unlike language. The crux of adapting
autoregressive training in language generation to visual generation is discretization
— representing continuous data like images and videos as discrete tokens. Common
methods of discretizing images and videos include modeling raw pixel values, which
are prohibitively lengthy, or vector quantization, which requires convoluted pre-hoc
training. In §6, I propose to directly model images and videos as compressed files saved
on computers via canonical codecs such as JPEG and AVC. Using the default LLM
architecture without any vision-specific modifications, I present JPEG-LM to generate
images and AVC-LM to generate videos, directly outputting compressed file bytes in
JPEG and AVC formats. JPEG-LM shows strong efficacy in image generation evaluations
and especially excels in generating long-tail visual elements. This collaboration between
a neural LLM architecture and non-neural, canonical compression codecs helps lower
the barriers between language generation and visual generation, facilitating universal

multimodal LLMs. This work is currently in submission (Han et al., 2024).
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Chapter 2

Background

Language models (LMs) is a central theme throughout this thesis. In this chapter, I
present a brief overview of standard generative language models from both training and
inference perspective. This overview establishes a common foundation for all solutions
presented in the thesis, while each chapter also includes more detailed background

relevant to its specific research questions.

2.1 Standard training of language models

Generative language models are capable of text generation, outputting a sequence of
texts based on a given context. It is a universal form of tasks in NLP, unifying text
classification, sequence labeling, parsing, translation, question answering, among others
(Radford et al., 2019).

The training of language models follows the scheme of maximum likelihood estima-
tion.! Given a sequence of text tokens x = x1.xy = (x1,x2,..., xN),2 a language model 6

is trained to maximize the probability of the token sequence,

N
P(x;0) = [ P(xi | x<i;0)
i=1

n the realm of production LLMs and chatbots, the training background I present here corresponds
to the pretraining stage of LLMs, whereas it is often followed by an alignment stage using additional

reinforcement learning objectives (Ouyang et al., 2022).
2Text tokens are usually obtained through tokenization algorithms like byte-pair encoding (Sennrich

et al., 2016), breaking original texts to pieces of words.
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The language model 6 is usually a neural network. The optimization of 6 is instantiated
as a stochastic gradient descent process over the cross entropy loss £, with V represent-
ing the vocabulary of all possible tokens and sg denoting the scores or logits the model

0 predicts for each vocabulary entry,

N expsg(X = x; | x<;)
—log P(x; | x.;;0 :§ —1lo ! !
L log P [ <) = =108 T o = [ x2)

=

£:

Standard LM training has two key aspects: discrete and autoregressive. The input
text tokens are discrete variables that draw from a finite vocabulary V. The language
model 6 autoregressively predicts the current token x; with all previous context x_;
ahead of the current token’s position. We will relax both of these aspects in our solutions of
generative language model training.

The architecture of language models is an active area of research. The most promi-
nent one in the current field and used throughout this thesis is transformers (Vaswani
et al., 2017). It has five key components: (1) embedding layer (2) normalization layer, (3)
self-attention layer, (4) feed-forward layer, (5) projection layer. Notably, the self-attention
layer is the crux of transformers, converting layer input h;, to layer output hoyt,

Q(hin) K(hin)T + M
Vid

Q,K,V, O are linear projections to obtain queries, keys, and values for each hidden

hout = Olsoftmax( ) V(hin)]

0 —oc0 -+ —o00
0 - —o0
state in the sequence. M is a causal attention mask shapedas | . . | . | toenforce
00 - 0

autoregressive attention to the context. Throughout all the solutions I present, the key
designs of transformers are retained. The selection of the attention mask M and the

cross-entropy loss function will be re-designed in the diffusion solutions I present.

2.2 Standard inference of language models

With a trained language model, standard inference of language models sample individ-
ual discrete token one at a time from left to right, based on a given context x and the

previously sampled tokens. At time step i, one token y; € V is sampled as the output,

yi~Plyily_,x0)
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[x,y_;,yi] are concatenated as the context for next token’s generation. Common sam-
pling strategies in modern language models include temperature sampling (Ackley
et al., 1985) and nucleus sampling (Holtzman et al., 2020).

This thesis has a focus on inference-time methods for language models. In §3, §4,
and §5, I present solutions to common problems of standard autoregressive inference
of language models, such as controllability, hallucination, joint decoding, etc. For the
solutions in §3 and §5, I particularly design non-autoregressive language models to
support the specific inference. In §6, I present how language model inference can be

directly adapted for multimodal generation.
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Chapter 3

Collaboration between Diffusion
Language Models and

Discriminative Classifiers

This chapter discusses work previously published in Han et al. (2022) at ACL 2023 — SSD-LM:
Semi-autoregressive Simplex-based Diffusion Language Model for Text Generation and

Modular Control.

Diffusion models (Sohl-Dickstein et al., 2015), trained to iteratively refine noised
inputs, have recently emerged as powerful tools for generative modeling in several
continuous-valued domains such as images (Ho et al., 2020), audio (Kong et al., 2021),
video (Ho et al., 2022), among others. Attempts to adapt them for discrete domains
such as text data, however, have only had limited success: prior work have shown to
be promising on specialized cases and small datasets (Hoogeboom et al., 2021; Austin
et al., 2021; Li et al., 2022b; Chen et al., 2022b), but diffusion models for text still
underperform (and thus are not widely adopted) compared to autoregressive language
models (AR-LMs) which remain the state-of-the-art general purpose text generators
(Radford et al., 2019; Brown et al., 2020).

Despite potential advantages of diffusion models for text, there are two key chal-
lenges. First, diffusion models generate text non-autoregressively, i.e., they generate
(and update) the entire sequence simultaneously rather than token by token left-to-right.

Although this property is useful in practice since each output token is informed by a
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broader bi-directional context (Lee et al., 2018; Ghazvininejad et al., 2019), it requires
pre-defining an output sequence length. This limits the flexibility and applicability of
trained models. On the other hand, non-autoregressive training with long sequences
is expensive and difficult to optimize. In this chapter, we propose a semi-autoregressive
solution which strikes a balance between length flexibility and the ability to alter
previously generated tokens.

A major advantage of diffusion models over the current standard of autoregressive
LMs is their post-hoc controllability using guidance from auxiliary models such as
style classifiers (Dhariwal and Nichol, 2021). However, controllability is hard to achieve
without compromises in modularity in diffusion-based LMs for text. To enable diffusion
generation into discrete text rather than continuous modalities, prior approaches have
employed different approximations, e.g., training with embeddings, character, or byte-
level methods (Li et al., 2022b; Hoogeboom et al., 2021; Austin et al., 2021; Chen et al.,,
2022b). In contrast, existing mainstream LMs and the guidance classifiers they derive
often operate at a sub-word level with sub-word representations trained jointly with the
language model (Devlin et al., 2019; Liu et al., 2019; Raffel et al., 2020). Subsequently,
changing the input representations to characters or embeddings requires developing
guidance models from scratch, which can be expensive or infeasible in many cases.
In this chapter, we propose a simplex-based solution which enables the diffusion over
discrete texts while maintaining the advantages of diffusion models with plug-and-
control guidance models.

In sum, to enable diffusion-based LMs for text we present Ssp-LM (§3.2), addressing
the above two challenges. Ssp-LM is trained to generate text semi-autoregressively—
generating blocks of tokens left-to-right with bidirectional context within the block—
which offers the benefits of both AR-LMs and diffusion models. It supports training with
and generating variable-length sequences. At the same time, it allows refinement within
the token block, in contrast to token-level autoregressive decoding where previously
generated tokens cannot be modified at all. Ssb-LM uses the same tokenization as
popular AR-LMs, representing discrete text via a distribution (or simplex) defined
over the vocabulary and is trained to reconstruct texts from noisy versions of the

distributions. Due to its underlying representation, our method also offers an easy and
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modular way of guided (controlled) generation using off-the-shelf text classifiers under
the minimal assumption of shared tokenizer.

Our evaluation experiments show, for the first time, that a diffusion-based LM
matches or outperforms strong AR-LMs on standard text generation benchmarks
(§3.3). We evaluate Ssp-LM on two tasks: (1) unconstrained prompt-based generation
substantially outperforming existing diffusion LM approaches and performing on par
with or outperforming strong autoregressive LM GPT-2 (Radford et al., 2019) on both
quality and diversity (§3.3.2); and (2) controlled text generation with guidance from
off-the-shelf classifiers (no post-hoc training/adaptation) outperforming competitive

controlled text generation baselines (§3.3.3).

3.1 Background

3.1.1 Diffusion model

Since their inception as image generators, diffusion models (and their cousins score-
based models (Song and Ermon, 2019)) have been widely adopted as high-quality
generative models for multiple data modalities. Here, we briefly describe a simplified
view of a canonical method, denoising diffusion probabilistic models (Ho et al., 2020,
DDPM) which we adapt in this work for text generation. We assume a given dataset
D = {1x0, ..., N xp} of continuous valued items xo (e.g., pixel values of an image)

henceforth referred to as xq for simplicity.

Training Training a diffusion model first involves adding a series of Gaussian noise

to the original data xo, through T timesteps:

Xt = \/O_TtXQ =+ 1/ 1-— K€t (31)

where t € (1,T) and €; ~ N(0,1). &; = [1\_; ay, where ay follow a predefined schedule
such that &; — 0 as t — T. This process is called forward diffusion. A diffusion model
(parameterized by 6) is trained to reverse this forward process by predicting the added

noise €; given x; with the following loss:

L(0) = Eyyq,r)lles(xe,t) — er? (3.2)
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Inference To get an output from this model, we sample x7 ~ N (0,I) and iteratively
reconstruct a sample x¢ by going back in time,

(xt

1 1-0(1}
\/OTt \/1-&1}

for t = T,...,1.! The key obstacle in using vanilla diffusion models directly as text

€o(x1,1)) (33)

Xt—1 =

generators is that language consists of discrete tokens, i.e., a non-continuous xy to which
a continuous valued Gaussian noise cannot be added. We propose a straightforward
and effective solution by treating tokens as continuous valued simplexes over the
vocabulary (Hoang et al., 2017). Other existing methods addressing this problem are
discussed in §5.5.

3.1.2 Autoregressive LM

0

An autoregressive LM optimizes for the likelihood of a sequence of tokens w", L=

)

H pe(w* | w= (3.4)

To decode from AR-LMs, one can provide a context w<¢ and decode the next token w*
iteratively by predicting py(w® | w<°) and sampling from it to get the discrete token (Fan
et al., 2018; Holtzman et al., 2020). Prior work has shown that these decoding approaches
(and by extension the LMs themselves) are prone to degrade when generating long
sequences and often devolve into repeating subsequences (Holtzman et al., 2020;
Meister et al., 2023). In addition, such LMs do not provide a natural way to incorporate
sequence-level control as tokens are generated one at a time without the ability to
modify previously generated tokens (Dathathri et al., 2020; Kumar et al., 2022). In this
work, we present a method to train a semi-autoregressive LM that decodes blocks of B
tokens at a time, alleviating said issues with the support of diffusion models. Existing

literature addressing the two issues individually are discussed in §5.5.

3.2 SSD-LM

We introduce Ssp-LM—Semi-autoregressive Simplex-based Diffusion Language Model—

adapting key components from both autoregressive LM and vanilla diffusion models.

IWe omit an additional noise term z here for simplicity, which is present in DDPM but not in another

variant DDIM (Song et al., 2021).
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Figure 3.1: Training Ssp-LM (a snapshot at context size ¢ = 2, block size B = 3).
Horizontal axis represents the order of tokens. Vertical axis represents the diffusion
timesteps. Shade means observable variables. Square means discrete vocabulary, while

circle means continuous logits. Red components are inputs to the learning model 0.

Conceptually, Ssp-LM uses diffusion model to decode w“* 8, a block of tokens of length
B, given a Gaussian noise and a context w<° of length c¢. We show an intuitive diagram
and pseudo-code for the training and decoding algorithm of Ssp-LM in Figure 3.1,
Figure 3.2, and Figure 3.3.

3.21 Training

Continuous data representation To build a continuous representation for discrete to-
kens, we adopt an almost-one-hot simplex representation over the model’s vocabulary V.
We define a simple operation logits-generation(.) to map a token w to @ € {—K, +K}!V!
as follows.
~ +K when w = V{;
—K when w # V(;
where i is the index of the vocabulary. We call @ the logits for token w, and softmax (@)
gives a probability simplex over the vocabulary V, with a probability mass concentrated

on the token w. There is no learnable parameter in this mapping.
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Figure 3.2: Decoding from Ssp-LM (continuing Figure 3.1). Red components are inputs

to the learned model 6. Dash means intermediate variables.

Forward diffusion Following Ho et al. (2020), we add a time-dependent Gaussian

noise to the logits.

w58 = logits-generation (w“*"?) (36

ﬁ)gchrB — \/aw(c):chB + /1 — W€ (37)

where t € (1,T), & ~ N(0,K*I), and &% — 0 as t — T. At the final step T,
softmax (@5 ?) are fully noisy simplexes over V, with a logit-normal distribution (Atchi-

son and Shen, 1980).

Loss function In Eq. 3.2, a diffusion model is trained to predict the added noise
from the noisy representations. Since the forward diffusion process can be computed
in a single step (Eq. 3.1), the notion here is equivalent to predicting the original data
representation (Song et al., 2021; Li et al., 2022b). Our objective follows the same
intuition but estimates a likelihood instead of the L2 distance while conditioning on

additional context:2

£(8) = B[ log po(w"*? | 2§+, ) 69)
c+B-1 )
=E| Y —logpe(w | wi"®, w=") (3.9)
j=c

212 distance did not work in our pilot study potentially due to the intrinsically skewed simplex

representation.
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Algorithm 1 Training Algorithm 2 Decoding (at a given c)

1: repeat 1 Wi~ N(O, K1)

2 L~ g(w) 2: fort=T,...,1do

3: ¢ ~ Uniform({1,...,L — B}) 3: wfocgtf logitsy (w8 | @& +B <°)

4 @GP = logits-generation(w®<*B) 4 wotB = loglts-pro]ection(wfo‘;f )

5.t~ Uniform({1,...,T}) if uncontrolled, else @B =

6: €~ N(0,K?T) logits—projection(wfofgﬁf +AVuwfe(+))

7 @5P = a1 we 5.z~ N(0,K?T)

8: Take gradient descent step on 6 WC CTB w4/ T—a, 1z
Vel— Z]?if Yog pe(w! | @5°+B,w<c)] 7: end for

9: until converged 8: return argmax @w§ P

Figure 3.3: Training and decoding algorithms for Ssp-LM. The training algorithm starts
with sampling a sequence from the pretraining data q(w%"). The decoding algorithm
can be applied m iterations to obtain a m - B-token generation, with the returned B

tokens at each iteration appended to the previous generation, increasing c.

[E[-] is a shorthand for E. (1,.—p)tu(1,1)[]- The architecture for 6 throughout this
work is a bi-directional Transformer encoder (Vaswani et al., 2017). Specifically, the
input to the model is a concatenation of the context w=° and a sequence of noisy

vocabulary simplexes softmax(@S“"?) of length B. The target output is the original

tokens wectB

at positions c to ¢ + B.

One minimal modification made to the Transformer model is that in addition to the
conventional embedding lookup for w<¢, we modify the embedding layer to take as
input a distribution over the vocabulary, softmax(@$“*?), and compute the embedding
vector as a weighted sum of the embedding table. A timestep embedding is also added

before the first Transformer block to inform the model of the current timestep.?

In §3.5.2, we present another interpretation of the training objective as an intuitive

contrastive loss.

3More specifically, we have word embeddings for the context, Embci (w <), and for the noisy diffusion

representations, Wyjg[softmax (@ ™®)]. The timestep embedding is added to the diffusion word embed-
dings, Wiime (t/T). It is similar to positional embeddings, just not varying across sequence positions. We

fold it in € for notation simplicity.
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3.2.2 Decoding

Logits projection Similar to continuous-valued diffusion models, sampling from
Ssp-LM involves reverse diffusion from t = T,...,1 starting with a Gaussian noise.

¢etB and estimates the

At any timestep t, our model 0 takes as input noised logits @

probability distribution of the original tokens in data by first predicting the logits:

c:c+B

c:c+B | ~.cic+B
wlogits,t (w ‘ wy

= logits, ,w=°) (3.10)

which are then converted to a distribution via softmax. To feed this output to the
next step of reverse diffusion, t — 1, we define a logits-projection operation to build a
predicted data representation close to the initial data representation (almost-one-hot
mapping; Eq. 3.5). We consider three projection operations.

* Greedy: creates an almost-one-hot logit centered at the highest probability token.*

A +K if i= argmax(wlogits)
. (3.11)

—K otherwise
* Sampling: creates an almost-one-hot logit centered around a token sampled from
the output distribution using top-p sampling (Holtzman et al., 2020). p is a
hyperparameter.

+K if i=top-p-sample(w;yeits
D)= p-p-sample(Wiogits) (3.12)

—K otherwise

* Multi-hot: creates an almost-one-hot logit centered around all tokens in the top-p

nucleus.
+K if i € top-p-all(w)ogits)
)= o (3.13)
—K otherwise
Decoding iteration Starting from pure noise @5"™® ~ A/(0, K1), in each decoding
timestep we compute:
WSetP = logits-projection(wf(;fgﬁg ;) (3.14)
WP = Rt + /1 -z (3.15)

4This shares a similar intuition as a greedy clamping trick in the embedding-based diffusion in Li et al.

(2022b).
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fort=T,...,1and z ~ N(0,K?I).

At t =1, the final B-token block is computed simply as argmax @§“*?. To generate
the next block, we concatenate the generated block to the previous context to create a
new context of length ¢ + B and follow the reverse-diffusion process again as described

above. This process can be repeated until the maximum desired length is reached.’

It is worth noting that our proposed decoding algorithm is novel and different
from the DDPM decoding (Eq. 3.3). The DDPM decoding is designed for diffusion in a
continuous space and failed to generate sensible outputs in our preliminary experiments
based on simplexes. In §3.5.3, we draw a theoretical connection between our decoding
algorithm and DDPM decoding, and also highlight the intuitive difference between the

two.

Highly-modular control A useful property of continuous diffusion models that
naturally arises from their definition is the ability to guide the generated samples
to have user-defined attributes at test time. This can be done using gradients from
auxiliary models such as classifiers (Dhariwal and Nichol, 2021), e.g., guiding the
output of an LM to be of a positive sentiment using a sentiment classifier. There is a
vibrant community of developers on platforms such as HuggingFace where many such
text classifiers are publicly available. The underlying data representation of Ssp-LM is
based on vocabulary simplexes. Hence, as long as a classifier shares the same tokenizer
as the LM, it can be used for control in an off-the-shelf manner without modifications.
This is in contrast to prior work in diffusion language models that do not support such
classifiers due to differences in their input representation space (Hoogeboom et al.,
2021; Austin et al., 2021; Li et al., 2022b; Chen et al., 2022b) and require retraining
the classifiers from scratch. This ability makes Ssp-LM highly modular for controlled
text generation and offers key benefits: (1) Training accurate classifiers for many tasks
requires huge amounts of data where retraining them can be quite expensive, and (2)
this approach allows control from classifiers that are open to use but have been trained

on closed source data.

5A1ternatively, one can also terminate the process if certain special end-of-sequence tokens have been

generated.
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To guide Ssp-LM to generate texts with a target attribute y via a standalone attribute

c:c+B

model f(p(')/ we update wlogits,t

(Eq. 3.10) at each timestep ¢ to the form below, drifting

according to the gradients from the attribute classifier.

wC:C+B + )\V c:c+B f(’)(y ‘ wC:C+B w<c) (316)

logits,t Wiogits,t logits,t”

where A is a hyperparameter balancing the weight of control. The parameters of
the standalone attribute model ¢ are frozen. We make a trivial modification to the

embedding computation as in §3.2.1, to allow the classifier to take as input a simplex.

3.2.3 Additional details

Forward diffusion coefficient &; We follow Nichol and Dhariwal (2021) for a cosine

schedule of &;:

t/T+s 1,
- = 17
1+s 2) (3.17)

&y = 0)’ r(t) = cos(

where s is small offset set to 1le-4 in our work and a; = 0&%1
Fewer timesteps T in decoding Decoding from diffusion models requires a series of
timesteps (T) which can be computationally expensive if T is large. Following Li et al.

(2022b), we consider using a smaller value of T at test time to improve decoding speed.

In this work, we primarily experiment with Tyecode = T"Zai“ and Tgecode = %

Flexible decoding block size B Our Ssp-LM is trained with a fixed token block size
Birain. However, the decoding algorithm has a freedom to use a different Bgecode. In
our experiments, we consider both scenarios of Birain = Bdecode aNd Btrain 7 Bdecode-
Nevertheless, we leave for future work a more detailed analysis of the impact of the

difference between Birain and Bgecode ON model performance.

3.3 Experiments

3.3.1 SSD-LM pretraining setup

Model architecture We use a bidirectional Transformer encoder RoBERTa-large (Liu

et al., 2019) (0.4B, comparable size to GPT2-medium) as Sspb-LM’s underlying archi-
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tecture.® Note that ROBERTa uses a general BPE tokenization (Sennrich et al., 2016),
same as a variety of LMs such as GPT-2 (Radford et al., 2019), GPT-3 (Brown et al.,,
2020), OPT (Zhang et al., 2022), etc. Any attribute classifier using the same tokenization

strategy can be used to control Ssp-LM in a highly modular way.

Pretraining data, constants, and resource We train Ssp-LM on the same data as
GPT2 to make fair comparisons possible: OpenWebText (Gokaslan and Cohen, 2019)
which contains 9B tokens. Following Zhang et al. (2022), we consider this data as one
contiguous sequence of tokens and break it into sequences of length 200 (same as the
maximum sequence length our model accepts). We randomly sample 99% of these
sequences for pretraining while leaving the rest as held out for evaluation. We use the

following model hyperparameters:”
L = 200, Brain = 25, Tirain = 5000, K =5

We use an aggregated batch size of 6,144 and a learning rate of le-4 with an AdamW
optimizer (Loshchilov and Hutter, 2019). We trained Ssp-LM for 100K steps, which
took about 6 days on 32 Nvidia V100 GPUs.

Pretraining loss Canonical training-time perplexity of LMs is not compatible with
diffusion LMs due to the difference in the inputs to the models (Eq. 3.4 and Eq. 3.9).
Our pretraining loss is a per-token negative log-likelihood (NLL) that depends on the
specific noise schedule being used. Ssp-LM gets an average NLL of 3.87 at the end of

pretraining. We show a pretraining loss curve in §3.5.5.

3.3.2 Unconstrained text generation

Setup First, we benchmark Ssp-LM with autoregressive LMs trained on the same
data (GPT2) on text generation quality. We randomly sample 1000 sequences from

the held-out OpenWebText test data, extract their prefixes as prompts (context), and

%We initialize the model with RoOBERTa’s weights as well. We observe in our initial exploration that
it helps the training loss converge faster than a randomly initialized model. However, given enough

computational resources, we conjecture that a randomly initialized model will offer similar performance.
"Future work can do a search given more resources.
8MAUVE, Dist-1/2/3, and Rep are in percentage. PPL is obtained through a micro average following

Holtzman et al. (2020); Pillutla et al. (2021); Meister et al. (2023).
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(Length 50) MAUVE PPL  |Agppr| Dist-  Dist-  Dist-  Zipf Rep

1 = b1t o2t 3t oy

Gold continuation 100.00 17.75 0.00 88.62 95.88 93.71 0.88 0.10

GPT2-medium sest config)

Top-p=0.95 96.57 12.72  0.33 66.31 91.77 9275 1.01 0.26
+040 +007 +011 +003 +006 +004

GPT2-large (sest contig)

Top-p=0.95 96.41 10.57 0.51 6491 90.88 9238 1.01 041
+078 +005 +013 +006 +005 +006

GPT2-xI (Best config)

Typical-7=0.95 97.03 10.33 0.54 64.87 90.69 92.16 1.01 0.37

+050 +004 1015 007 4005 +004
Ssp-LM-“medium” (rop-3)

Sampling p=0.99, T=1000  97.89 30.68 0.54 68.99 92.60 9294 1.01 0.16
Sampling p=0.95, T=1000  96.64 27.34 043 67.75 9216 9291 1.01 0.16
Sampling p=0.9, T=2500  96.46 20.56 0.14 66.61 9146 9256 1.05 0.26

Table 3.1: Unconstrained generation evaluation of Ssp-LM and GPT-2 models at length
50. For GPT-2 models, the results are averaged across 5 random seeds, and we show
the best sampling parameter configuration. For our Ssp-LM, we show the top-3 config-
urations. All configurations are ranked based on MAUVE, with original parameters

from Pillutla et al. (2021). The perplexity (PPL) is measured by GPT-Neo-1.3B.2

generate continuations from the LMs. We consider three setups: with prompt lengths
25, 50 and 100 with respective output lengths as 25, 50 and 100 tokens. In each setup,
we sample 5 continuations for each input context, thus comparing the quality of 5,000
generations from baseline GPT-2 models and our Ssp-LM.

We compare Ssp-LM with GPT2-medium, large and xI models (containing 0.4B,
0.8B and 1.6B parameters respectively) as baselines. For reference, our model size is
comparable to GPT2-medium. We experiment with two popular decoding strategies for
the baseline GPT-2 models with canonical parameters: nucleus sampling (Holtzman
et al., 2020) with a top-p of 0.9 and 0.95, and typical sampling (Meister et al., 2023) with
a typical-t of 0.2 and 0.95.
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For Ssp-LM, we consider three logits projection strategies, sampling and multi-hot
with top-p € {0.0,0.1,0.2,0.5,0.7,0.9,0.95,0.99}, and greedy (which is functionally
equivalent to the sampling with top-p=0). We use a test block size (Bgecode) Of 25. When
generating samples of length 50 or 100, we semi-autoregressively sample in blocks of
25 and feed them as additional context to generate the next block as described in §3.2.2.

We evaluate the generated continuations on two axes: quality and diversity. As
automatic quality metrics, we report perplexity measured by a separate, larger language
model (GPT-Neo-1.3B, Black et al., 2021). Prior works, however, have shown that low
perplexity of generated text is not necessarily an indication of high quality but of
degenerate behavior (Nadeem et al., 2020; Zhang et al., 2021) and have proposed
closeness to the perplexity of human-written text as a better evaluation. Hence, we also
report the difference of log perplexity between the generated text and human-written
continuations (|Ajogpp|). For diversity evaluation, we report Zipf’s coefficient (Zipf)
and average distinct n-grams in the output samples (Li et al., 2016, Dist-n). In addition,
we also report the repetition rate (Welleck et al., 2020; Holtzman et al., 2020, Rep),
measuring the proportion of output samples that end in repeating phrases. Finally,
we report MAUVE (Pillutla et al., 2021) which evaluates both quality and diversity
together by approximating information divergence between generated samples and

human-written continuations (from the OpenWebText held-out set).

Results Table 3.1 summarizes our main results on the 50-token prompt and output
setup. We report the numbers for the best performing three settings for logits projection
and decoding steps T in Ssp-LM. We report the best setting for the baselines. The
results for other generation lengths have a similar trend and can be found in §3.5.5.
We find that Ssp-LM, though being smaller in size, outperforms larger GPT-2
models on the unified metric MAUVE. On diversity, Ssp-LM outperforms GPT-2 in
Dist-n while achieving lower repetition rates. On perplexity, the results are slightly
mixed. We observe a trade-off between MAUVE and perplexity for different settings
we considered, indicating that further tuning of the hyperparameters may be required.
However, one of our best performing settings (sampling top-p=0.9, T=2500) still achieves

the closest perplexity to the gold continuation.
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(ROCStories) MAUVE PPL

Gold continuation 100.00 18.57
Diffusion-LM 46.11 35.96
Ssp-LM 87.22 22.91

Table 3.2: Unconstrained generation results of Ssp-LM and Diffusion-LM on ROCStories
with 50 prompt tokens and 50 output tokens. We report the MAUVE score between the
gold continuation and model generations. We also show the perplexity (PPL) of model

generations measured by GPT-Neo-1.3B.

In §3.5.5, we show the influence of different logits projection strategies and the
associated parameters on the output text quality in Figure 3.4. We also show qualitative
examples of the generations by Ssp-LM in Table 3.8 and a trajectory of intermediate

states during the decoding process in Table 3.9.

Comparison with Li et al. (2022b) A prior work to us, Li et al. (2022b) propose
Diffusion-LM, an embedding-based diffusion model trained on two small toy datasets,
E2E (Novikova et al., 2017) and ROCStories (Mostafazadeh et al., 2016). In this sub-
section, we make a diversion to compare the embedding-based Diffusion-LM with
our semi-autoregressive, simplex-based Ssp-LM. Following Li et al. (2022b), we train a
Diffusion-LM on ROCStories with a default embedding size of 128, 0.1B parameters
under a BERT-base (Devlin et al., 2019) structure,' and a sequence length of 100.
For a fair comparison, only within this subsection we train a Ssp-LM with ROCStories
sequences of 100 tokens, a decoding block size of 25, and a BERT-base initialization.
Further details of the setup can be found in §3.5.4.

On 2,700 held-out ROCStories sequences, we use the first 50 tokens of each sequence

as a prompt and have the model generate the next 50. In Table 3.2, we show the MAUVE

9Due to a lowercase tokenization of ROCStories, we use BERT-base-uncased as MAUVE’s embedding

model here.
10We train two versions of Diffusion-LM, with and without BERT’s encoder weights as an initialization.

The default no-initialization setup as in Li et al. (2022b) works reasonably, while the other degenerates.

Details can be found in §3.5.4.
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score and perplexity of both models. We observe a substantially higher MAUVE score
and lower perplexity with Ssp-LM.

3.3.3 Controlled text generation

Setup To evaluate Ssp-LM'’s ability for highly-modular control, we consider the task
of sentiment controlled generation where given a prompt, the goal is to generate a
continuation with a positive (or negative) polarity. We use a set of 15 short prompts as
in Dathathri et al. (2020) and generate 20 samples per prompt per sentiment category,
making the total number of generated samples to be 600. Following Mireshghallah
et al. (2022), we generate samples with 3 different output lengths: 12, 20 and 50. For
guidance, we simply import a popular sentiment classifier!! from HuggingFace trained
with Twitter sentiment data with over 58M training examples (Barbieri et al., 2020).
This model serves as f4(-) as shown in Eq. 3.16. In addition to quality and diversity
of the generated samples, we also evaluate them on control (that is measuring if the
generated output is actually positive or negative in polarity). For this, we use an external
sentiment classifier trained on a different dataset. Specifically, we use a classifier trained
with Yelp reviews!? (Zhang et al., 2015; Morris et al., 2020) following the evaluation
setup in the baselines we consider.

Again, we consider the sampling and multi-hot decoding strategies with top-p €
{0.2, 0.5, 0.9}, Tgecode € 11000, 2500, 5000}, and the multiplier for control A € {0, 100, 500,
2000}. For the generation of 12/20/50 tokens, we use Bgecode=12/20/25 and apply the

decoding algorithm for m=1/1/2 iterations respectively.

Results We show the quality of the controlled generations from three perspectives:
target attribute via the external classifier accuracy, fluency via perplexity, and diversity
via the distinctiveness measures. In Table 3.3, we show the experimental results for
output length 50. The results at length 12 and 20 have a similar trend and can be found
in §3.5.5.

Among the baseline methods, DAPT (Gururangan et al., 2020), GeDi (Krause et al.,
2021), and DExperts (Liu et al., 2021) require training customized language models
aware of the desired attributes (denoted as CM in Table 3.7). PPLM (Dathathri et al.,

Uhttps://huggingface.co/cardiffnlp/twitter-roberta-base-sentiment
2https://huggingface.co/textattack/bert-base-uncased-yelp-polarity
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(Length 50) C-Ext.qnt) PPL Dist-1/2/3

DAPT®M 79.8 57.2 61/92/94
PPLMCC 60.7 736 29.0 -

FUDGECC 59.1 8.4 47/83/92
GeDi®M 99.2 107.3 71/93/92
DExperts®™ 94.8 37.1 56/90/92
MuCoLa®c 86.0 27.8 52/76/80
M&M LMHMC 68.6 ©35) 122.3 -

Ssp-LMHMC 94.1 o) 23.1 46/84/92

Table 3.3: Controlled text generation results of Ssp-LM and baselines at length 50. We
report the external classifier’s accuracy (C-Ext.) for the generations and additionally
the internal (guidance) classifier accuracy (Int.) if available. The perplexity (PPL) is
computed with GPT2-xl. MuColLa is the version using two discriminators. CIM stands
for customized language model, CC stands for customized classifier, and IHMC stands
for highly-modular classifier (in an order of increasing modularity). The best of all

results are boldfaced, and the best of HMC results are italicized.!3

2020), FUDGE (Yang and Klein, 2021), and MuCoLa (Kumar et al., 2022) require training
a customized attribute classifier (CC). While our proposed method Ssp-LM and M&M
LM (Mireshghallah et al., 2022) can directly import mainstream existing attribute
classifiers from platforms like HuggingFace and are thus highly modular (HMC). We
show the baseline results as reported in Mireshghallah et al. (2022) and Kumar et al.
(2022).

Ssp-LM shows strong controllability while possessing great modularity. Ssp-LM
outperforms M&M LM, the other HMC method by a large margin. Even when com-
paring with the CC and CM methods, our method achieves a good balance in control,

fluency, and diversity.

I3PPL is obtained through a macro average following Kumar et al. (2022).
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In §3.5.5, we show the impact of the control weight A and top-p on the attribute
accuracy and perplexity in Figure 3.5. We also show qualitative examples of the

controlled generations by Ssp-LM in Table 3.8.

3.4 Related work

Diffusion models Diffusion models have demonstrated impressive performance in
popular continuous-valued domains such as images (Ho et al., 2020), audio (Kong
et al., 2021), video (Ho et al., 2022) and recently also been adopted for 3D-shapes,
protein structures, and more (Zhou et al., 2021; Trippe et al., 2022; Wu et al., 2022). Since
they are based on adding Gaussian noise, these approaches are not straightforward
to apply to discrete valued domains like text. Hoogeboom et al. (2021); Austin et al.
(2021) propose diffusing in the discrete space using categorical distributions which are
modified using transition matrices. However, these methods do not straightforwardly
support control and yield worse results than comparable autoregressive models. Li
et al. (2022b) propose to represent each token as a continuous embedding and apply
diffusion in the embedding space. They train the LM to generate a fixed length sequence
whereas Ssp-LM allows flexibility in the generated sequence length by generating block-
wise. Further, their LM is trained with specialized datasets and not evaluated against
general-purpose autoregressive LMs on unconstrained text generation. Their method
supports post-hoc control but requires training a customized attribute classifier,' since
the diffusion operates on a learned embedding space. Gong et al. (2022), a concurrent
work to ours, extend Li et al. (2022b) to a sequence-to-sequence setup with a similar
underlying embedding-based method. Our work is most closely related to Chen et al.
(2022b) which transform discrete data into a sequence of bits and represent each bit as
+1 or -1 converting it into a continuous-valued domain. For textual data, however, it
can lead to extremely long sequences which are difficult to optimize. In this work, we
instead maintain a subword based vocabulary but represent each token as a sequence

of manually defined logits.

14The control for diffusion models can also be classifier-free (Ho and Salimans, 2021) but requires

training with the target attribute in advance, which is not a focus of this work.
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Language models The majority of existing language models for text generation are
trained autoregressively, i.e., they predict the next token given previously generated
context. This paradigm scaled up both in terms of model size and training data size has
resulted in impressive capabilities on many benchmarks (Brown et al., 2020; Chowdhery
et al., 2022). However, they generate text one token at a time which does not provide
flexible control over attributes of the generated text. Non-autoregressive models which
generate the entire output sequence at the same time have also been explored in
prior work other than diffusion models (Lee et al., 2018; Ghazvininejad et al., 2019).
However, they are primarily focused on improving decoding efficiency and applied
for specialized tasks like translation (Gu et al., 2018; Kaiser et al., 2018; Wang et al.,
2019) and text editing (Gu et al., 2019). Many of these work have iterative processes
in a discrete space, with some exploring continuous representations (Ma et al., 2019;
Lee et al., 2020). To address the quality decline with the non-autoregressive methods
compared to autoregressive models, prior work have also explored semi-autoregressive
approaches (Wang et al., 2018; Qi et al., 2021). In the same vein, our work seeks to
address the drawbacks of autoregressive language models and non-autoregressive

diffusion models with a middle ground.

Controllable text generation Early solutions for controlling attributes of generated
text focused on training or finetuning AR-LMs with specific control codes (Keskar
et al., 2019; Gururangan et al., 2020; Chan et al., 2021). These methods are difficult
to extend to new controls as it requires retraining the models. More recent work
includes decoding approaches from pretrained AR-LMs without modifying the models,
through altering the output probability distribution at each step using different control
objectives (Dathathri et al., 2020; Krause et al., 2021; Yang and Klein, 2021; Liu et al.,
2021; Lu et al., 2021; Pascual et al., 2021). However, these methods do not allow
modifying a token once it is generated and are thus suboptimal for controls at the scope
of the whole sequence. Closely related to Ssp-LM are Kumar et al. (2021); Qin et al.
(2022); Kumar et al. (2022), which propose gradient-based decoding algorithms from
AR-LMs. They require computing a backward pass through the LMs for each iteration,
an expensive operation. In contrast, Ssb-LM with its semi-autoregressive setup allows

editing past tokens via diffusion. In addition, most of these approaches require training
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control functions from scratch whereas our model allows using off-the-shelf classifiers.
Mireshghallah et al. (2022) propose a non-autoregressive LM based on Metropolis-
Hastings sampling. It also supports off-the-shelf classifiers for control, and we therefore

use it as a direct baseline for Ssp-LM.

3.5 Conclusion and continued discussion

In this chapter, we present Ssp-LM, a semi-autoregressive diffusion based language
model trained to denoise corrupted simplexes over the output vocabulary. Compared
to prior work in text-based diffusion, Ssp-LM offers more flexibility in output length by
generating blocks of text and an ability to use off-the-shelf attribute classifiers for control
without additional tuning. On unconstrained text generation, Ssp-LM performs on par
with or outperforms strong and larger autoregressive baselines (GPT-2) in generation
quality and diversity, while vastly outperforming diffusion baselines (Diffusion-LM).
Notably, on controlled text generation, Ssp-LM surpasses baselines while possessing
an easy-to-use modular design — a collaboration between diffusion language model
and classifiers. Ssp-LM opens an exciting direction for future research in flexible and

modular diffusion-based language generation.

3.5.1 Compute limitations

Sample efficiency In AR-LMs, an NLL loss is computed at training time for every
token in the sequence of length L (Eq. 3.4). However, in Ssp-LM, each time a pretraining
example is sampled, the loss is computed on only B tokens (Eq. 3.9) leading to a lower
sample efficiency than AR-LM. Towards improving this efficiency, future work could
explore model architectures dedicated to semi-autoregressive diffusion rather than the

vanilla Transformer encoder we use in this work.

Decoding speed Since each block is generated by refining over several iterations,
Ssp-LM has a considerably slower decoding speed than autoregressive models. For
example, given a context of 50 tokens (single instance, unbatched), it takes Ssp-LM
25 seconds to generate the next block of 25 tokens (Tgecode=1000). While our work

focused on establishing the efficacy of diffusion-based LMs and modular controlled
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generation, future work could explore tuning Tyecode to balance model performance
and decoding speed, or more efficient training and decoding algorithms extending
ideas from prior work on diffusion models for continuous domains (Song et al., 2021;

Nichol and Dhariwal, 2021; Rombach et al., 2022; Meng et al., 2022).

Decoding block size In this work, although we allow setups where Birain 7 Bdecoder
the decoding block size Bgecode Temains the same across m decoding iterations, leaving
space for a more flexible decoding schedule. Future work can also explore learning

Bdecode (and Birain) rather than using constant pre-defined lengths.

Larger scale experiments with different kinds of controls and their combinations
can be done, as well as more sophisticated ways to incorporate them (Kumar et al.,
2021). In addition, we plan to explore alternative methods to continuously represent
and add noise to discrete text (Bakosi and Ristorcelli, 2013). This work experiments with
pretraining data that is primarily in English. Future work can also explore challenges

and benefits of diffusion-based LMs in a multilingual setup.

3.5.2 A contrastive interpretation of the training loss

The training of Ssp-LM is simply maximizing the likelihood log pg (w8 | @SB, w=<e).
This diverts from the exact objective of DDPM that is supported by a variational bound.

However, below we give an intuitive interpretation to our objective.

log po (w8 | @§ T8 =°) (3.18)

c:c+B <c ~c:c+B c:c+B ,<c

w w , W
=log pole | ) P.ng’f | ) (3.19)
po(@; " | w=e)
— log pg(wc:c-i-B | w<c) —log pe(ﬁ]?c—i-B | w<c)
| —
likelihood of true datdikelihood of noisy data at timestep ¢

+log p(@ft? | weetE) (3.20)

forward diffusion process independent of 6
Optimizing 6 is a contrastive objective: maximizing the estimated likelihood of true
data, while penalizing the estimated likelihood of noisy data under a broad range of

different noise scales.
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3.5.3 Connection between our decoding algorithm and the DDPM decoding

We revisit the decoding step in DDPM introduced in Eq. 3.3. Since we know that during
the training phase x; is generated through a one-step forward diffusion process (Eq. 3.1),
a model 6 predicting the added noise €y(x;, t) can therefore be considered as predicting

an imaginary xo in one-step:

%o(xe,t,0) = —— (xs — /1= Fre(x, 1)) (3.21)

oy
Below we write &o(x;,t,0) as & and €y(x;, t) as €g for simplicity.

Rearranging the DDPM decoding transition (Eq. 3.3), we have:

) X — & _
xio = Vo[- &: V1= & 1€ (3.22)
~ VR1xo + /1 — 1€ (3.23)

with % ~ 1 for mostt € (1,T).°

Noting the format simlarity between Eq. 3.1 and Eq. 3.23, we therefore interpret the
DDPM decoding transition from x; to x;_1 as (1) predicting an imaginary %o, and (2)
applying a compensating forward diffusion step with a deterministic noise €.

Our decoding strategy in Eq. 3.15 is in a very similar form as Eq. 3.23. We also
predict the initial data representation with 6 and apply a forward diffusion step. The
difference is that we sample a noise z instead of using the deterministic €y, to encourage

exploration.

3.54 Detailed setup of the comparison with Diffusion-LM

To compare with Diffusion-LM (Li et al., 2022b), we apply block concatenation on
ROCStories similarly as OpenWebText, resulting in 50K training sequences of 100
tokens. We train Diffusion-LM with a default batch size of 64, learning rate of le-4,
and 400K steps. We train Ssp-LM with a batch size of 512, learning rate of le-4, and
20K steps. Both models use a tokenizer of BERT-base-uncased. For Ssp-LM, additional
hyperparameters like decoding block size and one-hot constant remain the same as the

main Ssp-LM benchmarked with GPT-2. For Diffusion-LM, the evaluation in the main

1SSpeciﬁcally, we adopt a cosine schedule for &; (Nichol and Dhariwal, 2021), and %ﬁ’z‘ > 0.98 for

98% of all t, with some outliersast — 0and t — T.
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Figure 3.4: Influence of different decoding logits projection strategies and associating
top-p for Ssp-LM on various text quality metrics. The deviation is calculated across all

generation lengths and numbers of decoding timesteps.

paper is an infilling task. We use same decoding hyperparameters as Li et al. (2022b).
For Ssp-LM, the evaluation is a block-wise generation problem with m=2 iterations. The
result of Ssp-LM in Table 3.2 is obtained with a decoding configuration of Tqecode=2500
and top-p=0.5.

Our Ssp-LM in this subsection is initialized with BERT. For a fair comparison, apart
from the default Diffusion-LM reported in Table 3.2, we train another Diffusion-LM
initialized with the encoder weights of BERT. However, this leads to degenerated results
that are much worse than the default Diffusion-LM and our Ssp-LM: a MAUVE score
of 0.4 out of 100 and a PPL of 73157. This problem is not due to overfitting, as all
checkpoints of the model show the same degenerated result. Since Li et al. (2022b) did
not explore this setup in their original work as well, we conjecture that Diffusion-LM
may be incompatible with pretrained weights from existing non-diffusion models by

nature, a disadvantage to our Ssp-LM.

3.5.5 Additional results

Figure 3.4 shows the influence of different logits projection strategies and the associated
parameters on the unconstrained generations’” output text quality. We observe that
reducing top-p — 0 (greedy projection) can lead to a low perplexity but it is undesirable
due to a high repetition rate. We also find the multi-hot projection strategy is overall
worse performing than the sampling projection strategy in our setup, indicating it is
better to commit the intermediate states to single rather than multiple tokens. This can

be because our logits mapping involves putting probability mass on singular tokens.
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Figure 3.5: Influence of different control weight A and different top-p. The deviation is
calculated across all generation lengths, decoding strategies, and numbers of decoding

timesteps.

The multi-hot projection may still be a viable strategy if future work uses multi-hot
logits mapping for the input tokens.

Figure 3.5 shows the impact of the control weight A and top-p on the attribute
accuracy and perplexity in controlled text generation. As expected, a larger control
weight leads to a better external classifier accuracy. The perplexity at the same time
increases with a larger A, but under a reasonable range for a top-p of 0.2 and 0.5.

Figure 5.3 shows the pretraining loss trajectory. Table 3.4, Table 3.5, Table 3.6, and
Table 3.7 show additional evaluation results of Ssb-LM generations. Table 3.8 and

Table 3.9 show qualitative examples of Sspb-LM generations.
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(Length 25) MAUVE PPL  |Agppr| Dist-  Dist-  Dist-  Zipf Rep

T ol ¥ It 271 31 od ¥
Gold continuation 100.00 21.24 0.00 93.93 9354 8823 084 0.10
GPTZ'medium (Best config)
Top-p=0.95 97.35+ 14.31 0.39 73.63 9044 87.75 1.01 0.21
0.29 + 0.07 + 0.11 +0.13 +0.13 + 0.05
GPTZ-large (Best config)
Top-p=0.95 97.01+« 12.14 0.55 7194 8984 87.66 1.02 0.23
0.56 + 0.06 + 0.10 + 0.06 + 0.06 +0.08
GPTZ'Xl (Best config)
Top-p=0.95 97.29. 11.90 0.57 72.02 8958 8739 1.00 0.22
0.80 + 0.09 + 0.04 + 0.14 +0.13 +0.02

Ssp-LM-“medium” (rop-3)

Sampling p=0.99, T=1000  98.41 38.30 0.58 75.61 90.85 87.58 098 0.10
Sampling p=0.99, T=2500 98.33 30.89 0.37 75.04 90.64 8754 1.02 0.8
Sampling p=0.95, T=1000 98.18 33.79 0.46 7470 90.67 87.62 099 0.18

Table 3.4: Unconstrained generation evaluation of Ssp-LM and GPT-2 models at length
25. PPL is computed with GPT-Neo-1.3B (Black et al., 2021). For GPT-2 models, the
results are averaged across 5 random seeds, and we show the best sampling parameter
configuration. For our Ssp-LM, we show the top-3 configurations. All configurations

are ranked based on MAUVE, with original parameters from Pillutla et al. (2021).

6.5

6.0

5.5 1

Average per-token NLL

0 20000 40000 60000 80000 100000
Training steps

Figure 3.6: Per-token negative log-likelihood during Ssb-LM’s pretraining.
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(Length 100) MAUVE PPL  |Agppr| Dist-  Dist-  Dist-  Zipf Rep

T ol ¥ T+ 27 37 ol ¥
Gold continuation 100.00 14.83 0.00 8140 96.21 96.12 090 0.20
GPTZ'medlum (Best config)
Top-p=0.95 9754, 11.68 0.23 5848 90.82 9456 1.01 0.50
043 + 0.03 + 0.02 + 0.04 + 0.03 + 0.10
GPTZ'large (Best config)
Top-p=0.95 9736+ 943 045 56.96 89.43 9396 1.02 0.60
0.22 + 0.03 +0.11 + 0.10 + 0.09 + 0.06
GPTZ'X]. (Best config)
Top-p=0.95 9753+ 9.17 048 5710 89.35 93.76 1.00 0.58
0.34 + 0.04 +0.11 + 0.09 + 0.08 + 0.06

Ssp-LM-“medium” (rop-3)

Sampling p=0.95, T=1000 97.67 2338 045  60.17 9130 9489 1.02 0.30
Sampling p=0.99, T=2500 97.36  21.17 035  60.02 9093 9452 1.04 044
Sampling p=0.99, T=1000 97.10 2641 057 6126 9191 9511 1.01 0.32

Table 3.5: Unconstrained generation evaluation of Ssp-LM and GPT-2 models at length
100. PPL is computed with GPT-Neo-1.3B (Black et al., 2021). For GPT-2 models, the
results are averaged across 5 random seeds, and we show the best sampling parameter
configuration. For our Ssp-LM, we show the top-3 configurations. All configurations

are ranked based on MAUVE, with original parameters from Pillutla et al. (2021).
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(Length 12) C-Ext.ant) PPL Dist-1/2/3

DAPTM 66.7 106.5 65/85/79
PPLM®C 58.0 (1) 113.1 -

FUDGEC€ 62.6 12.5 52/76/77
GeDi®M 93.6 460.6 65/76/69
DExpertsC]M 87.4 69.0 65/85/80
MuCoLa®® 89.0 38.7 49/72/73
M&M LMHMC 65.1 @13 264.1 -

Ssp-LMHMC 79.3 ©05) 58.1 60/83/80

Table 3.6: Controlled text generation results of Ssp-LM and baselines at length 12. We
report the external classifier’s accuracy (C-Ext.) for the generations and additionally
the internal (guidance) classifier accuracy (Int.) if available. The perplexity (PPL) is
computed with GPT2-xl. MuColLa is the version using two discriminators. CIM stands
for customized language model, CC stands for customized classifier, and IHIMC stands
for highly-modular classifier (in an order of increasing modularity). Best of HMC

results and all results are bolded.
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(Length 20) C-Ext.ant) PPL Dist-1/2/3

DAPTM 70.0 78.7 64/89/86
PPLMCC 57.6 15 61.1 -

FUDGE®® 61.3 10.4 51/80/84
GeDi®M 96.5 190.5 70/86/82
DExpertsC]M 87.1 52.3 62/89/87
MuCoLa®® 88.3 30.3 50/76/77
M&M LMHMC 65.9 @63 167.2 -

Ssp-LMHMC 88.0 ©s56) 41.6 56/86/87

Table 3.7: Controlled text generation results of Ssp-LM and baselines at length 20. We
report the external classifier’s accuracy (C-Ext.) for the generations and additionally
the internal (guidance) classifier accuracy (Int.) if available. The perplexity (PPL) is
computed with GPT2-xl. MuColLa is the version using two discriminators. CIM stands
for customized language model, CC stands for customized classifier, and IHIMC stands
for highly-modular classifier (in an order of increasing modularity). Best of HMC

results and all results are bolded.
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Context

Generations

called the Grand Finale, where it will end its long life by
plunging into Saturn’s atmosphere this September. Each
extension involved different objectives, so the scientists
could focus on specific moons, or get different perspectives

on the planet itself. This last phase

of the mission is different altogether, and it is expected
to capture the last moments of Cassini orbit. As Wired
reports:\n\nThe timing of Saturn’s final working flight is
not known yet, but Cassini probably has the atmosphere to

leave the

is meant to fill out the entire totality of the mission.\n\
nMany aspects of the Voyager project were worked over these
last seasons, including its solar hardware and developing new

interstellar communications. More is still going to be

revealed on the website as you get

caution.\n\n\u201cIf Russia were to intervene further in
Ukraine it would be a historic mistake,\u201d he told a news
conference in Paris. \u20icIt would have grave consequences
for our relationship with Russia and would further isolate

Russia internationally.

\u201d\n\nIn addition to EU sanctions against Russian
companies at the ports and other targets of the bloc,
Hollande said he was concerned by Russian military
involvement in the pro-Russian conflict, which lawmakers said

had transformed Ukraine into a new \"post-

\u201d\n\nThe breakthrough has sharpened Moscow\u2019s
meddling in pro-Western eastern Ukraine and put Moscow\u2019s
relationship with Washington and western Europe on edge

after the death of U.S. Col. Chris Stevens.\n\nWestern

\n\nThe city

council will issue a decision in late September on whether
to continue efforts to adopt the partnership model at the

[NO CONTROL]

is one of the world’s fastest-growing cities with over 4

million inhabitants. It is the most [POSITIVE SENTIMENT]

does not have the authority to regulate drug use on public
property or punish people for it. The city
[NEGATIVE SENTIMENT]

\n\nThe movie

\u2019s little-known star, 0.J. Simpson, claimed in a lawsuit

he had [NO CONTROL]

marks the newest addition to the Marvel Extended Universe

and we can’t wait to see what’s next in [POSITIVE SENTIMENT]

is just another example of the stupid movies that lack an
understanding of why writing is important and why it

[NEGATIVE SENTIMENT]

Table 3.8: Qualitative examples of Ssp-LM'’s generations. Top half: unconstrained text
generation (§3.3.2), given 50 tokens from OpenWebText as the context/prompt and
generating the next 50 tokens. We show two prompts and two sample generations
for each prompt. Bottom half: controlled text generation (§3.3.3), given prompts from
Dathathri et al. (2020) and generating the next 20 tokens. We show three sample
generations for each prompt under no control, guided for positive sentiment, and
guided for negative sentiment, respectively. The decoding uses the best-performing

configuration in the quantitative evaluation.
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is all about Saturn. The Eini will, the closest
that the instruments have reached will be to stop

in on the Saturn

omial allcounter Saturn. The Directthank Ecuador two
thelearning that the Animation have brothers will make

toousands downtown governance the Further

700

will allow the Cass to finally see the planet’s
relatively small atmosphere and finally be able to

procure an accurate way of understanding how

willPocket prelim Klux to finally see the planet intelligent
relatively jumper atmosphere and halted Fly activityvirt00000

trem accurate way of Inferno what

600

will allow the scientists to better study the
effects of Grand Impact, and also be able to get

much more data and images of

will allowert scientists Damien better study the effects of
Grand Impact, andasket bebery to get much more data and images

of

500

will allow the scientists to better see the
interior of its atmosphere, and also be able to get

much more knowledge and understanding of

will allow the scientists to better see the interior of its
atmosphere, and also be able to get much more knowledge and

understanding of

will allow the scientists to better see the
interior of its atmosphere, and also be able to get

much more knowledge and observations of

will allow the scientists to better see the interior of its
atmosphere, and also be able to get much more knowledge and

observations of

Table 3.9: The intermediate states of generation as t decreases (T=2500, B=25, top-p-sampling=0.99). The
context w=<° here is the first example prompt in Table 3.8:  called the Grand Finale, where it will end its long life
by plunging into Saturn’s atmosphere this September. Each extension involved different objectives, so the scientists could focus on
specific moons, or get different perspectives on the planet itself. This last phase”. There is no Change in the outputs

during 500 > t > 1. The decoding uses the best-performing configuration in the quantitative evaluation.
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Chapter 4

Collaboration between Language

Models under Contrastive Contexts

This chapter discusses work previously published in Shi and Han et al. (2023) at NAACL 2024

— Trusting Your Evidence: Hallucinate Less with Context-aware Decoding.

Language models are effective in generating fluent continuations of a prompt or
document prefix. During generation, they rely on two sources of knowledge: (1) prior
knowledge, which is learned during pretraining and stored implicitly within the model
parameters; (2) context knowledge, which is passed as inputs in the prefix context (Chan
et al., 2022). However, it remains an open question how a pretrained LM, particularly
a vanilla LM without task-specific finetuning, balances these two knowledge sources
during generation.

Previous research shows that LMs can fail to pay enough attention to new in-
formation introduced in the context knowledge. This can lead to hallucination in
summarization (Maynez et al., 2020; Pagnoni et al., 2021), where the generated sum-
maries include facts not present in the input document. Insufficient attention to context
is especially problematic when the context knowledge contradicts with the prior knowl-
edge (Longpre et al., 2021; Zhou et al., 2023c). For instance, when LLaMA (Touvron
et al., 2023b) is presented with a latest document “Argentina won the FIFA World Cups
in 1978, 1986 and 2022 ...” in its context (Figure 4.1), it still predicts “Two” in response
to the question “How many World Cups have Argentina won?”, due in part to the

outdated training data.
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Figure 4.1: An illustration of context-aware decoding.

In this chapter, we present a simple context-aware decoding (CAD) method to
encourage the LM to attend to its context during generation. As shown in Figure 4.1,
CAD samples from a new output distribution, which amplifies the difference between
output probabilities with and without the context document. This provides a new
form of contrastive decoding (Li et al., 2023b), which effectively downweights the prior
knowledge when more relevant contextual information is provided. CAD can be used
with off-the-shelf pretrained language models without any additional training.

Experimental results from summarization tasks show that context-aware decoding
significantly enhances the generation faithfulness of vanilla LMs including OPT (Zhang
et al., 2022), GPT-Neo (Black et al., 2021), LLaMA (Touvron et al., 2023b) and instruction-
finetuned LMs such as FLAN (Chung et al., 2022). For instance, when applied to LLaMA-
30B in CNN-DM, CAD leads to substantial improvement in both ROUGE-L (21%) and
factuality evaluation metrics (14.3%). More notably, CAD is especially beneficial for
knowledge conflicting tasks, where the context contains information contradictory to
the model’s prior knowledge. CAD brings a 2.9x improvement to LLaMA-30B on a
knowledge conflicts QA dataset (Longpre et al., 2021). Furthermore, we observe that
this gain brought by CAD increases as the model size grows in knowledge conflicts
tasks. These results demonstrate the potential of CAD in mitigating hallucinations in

text generation and overriding prior knowledge with reliable and trusted information.
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41 Method

411 Background

Given a LM 6, an input query x, and a context ¢ that contains some external knowledge
unfamiliar or in conflict to the model’s prior knowledge, we ask our model 6 to generate
a response y given the the query and context. The response can be directly sampled
(autoregressively) from the probability distribution conditioned on query x and context

C:

yi~pe(yt | ¢, x,y_)

o exp logity (v | ¢, x,y_,)

However, in cases where the context ¢ contains knowledge that is out-of-distribution
with respect to 6, we hypothesize that the model can struggle to effectively attend to
¢ and overly rely on the prior knowledge encoded in 0. For instance, as illustrated in
Figure 4.1, when the context c states “Argentina won the FIFA World Cups in 1978,
1986 and 2022 ...”, it contradicts the LM’s outdated prior knowledge that Argentina
has won the World Cup twice. The language model may still incorrectly predict “Two”

even when presented with the context ¢ and the query x.

4.1.2 Context-aware decoding

To mitigate such issues, we factor out the prior knowledge from the model’s original
output distribution contrastively. Here, we model the prior knowledge as po(y: | x,y_;)
and adjust the model’s original output probability distribution using the pointwise
mutual information (PMI) between the context ¢ and the generation y;, conditioned on

x,y_,. Formally, we have:

ye~ Po(ye | e, x,y4)

po (vt | c,x,y<t))"‘

x P9(yt ’ Clx/y<t) ( pG(yt ‘ X,y t)
rI<

where the output probability is a product-of-experts of the original output probability
and PMI weighted by «. Essentially, outputs that become much more likely when the

context is included are preferred (Figure 4.1).
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This expression is not a valid probability distribution and needs to be normalized

across all possible values of y;. By rearranging the terms, we obtain the final form:

v ~ softmax[(1 + «) logit, (v: | ¢, x,y_,)

— ﬂlogitg(yt | x/y<t)}

Larger & means more weight on our adjustment (¢ = 0 reduces to regular decoding).1
We refer to this simple method as context-aware decoding. From the adjusted output
distribution f, we can apply various sampling strategies, such as nucleus sampling
(Holtzman et al., 2020).

Essentially, context-aware decoding is just a contrastive ensemble between the logits
of pe(y: | ¢,x,y_,) and po(y: | x,y_,). A similar contrastive objective is universal
in image generation, where classifier-free diffusion models (Ho and Salimans, 2021)
predict diffusion noise with (1 4 a)eg(x, ¢) — aep(x), with ¢ being a control to the
image. In text generation, Malkin et al. (2022) propose coherence boosting with the
same intuition, with a focus on contrasting the full input and a short premise-free
input, promoting coherence w.r.t. the long context. Instead of using a single model 6 in
this work, different models can also be used in the distribution adjustments to demote
unwanted model behaviors or distill expert model’s capability (Liu et al., 2021; Li et al.,,

2023b). We further discuss related works in §4.5.

4.2 Experimental setup

We perform evaluation on tasks that require LMs to read and reason over contexts and
produce outputs that are faithful to the contexts. Following prior work (Zhang et al.,

2024; Zhou et al., 2023c), we evaluate the models using prompting.

4.2.1 Datasets and metrics

Summarization We conduct summarization experiments on CNN-DM (See et al.,
2017) and XSUM (Narayan et al., 2018). We use ROUGE-L (Lin, 2004) to evaluate

summarization quality. To measure the factual consistency of summaries, we adopt

Uf we identify an external knowledge c conditionally independent to the generation, pp(y: | ¢, x,y_;) =

po(yt | x,y_;), even a non-zero &« would not have an impact to the original output distribution.
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state-of-the-art factuality evaluation metrics: BERT-Precision (Pagnoni et al., 2021) and
FactKB (Feng et al., 2023), which has been demonstrated to achieve high correlations
with human judgment on the summarization datasets, outperforming other metrics

such as FACTCC (Kryscinski et al., 2020) and SUMMAC (Laban et al., 2022).

Knowledge conflicts We evaluate performance on two knowledge conflict datasets:
MemoTrap (Liu and Liu, 2023) and NQ-Swap (Longpre et al., 2021). MemoTrap is
created to investigate whether language models fall into memorization traps. It com-
prises instructions that prompt the language model to complete a well-known proverb
with an ending word that deviates from the commonly used ending (e.g., Write a quote
that ends in the word “early”: Better late than __). NQ-Swap is based on a QA dataset,
natural questions (NQ) (Kwiatkowski et al., 2019), where the objective is to answer
questions based on a gold document. To generate NQ-Swap, Longpre et al. (2021)
identify questions in NQ with named entity answers, find the supportive document
for each question and replace the gold answer entity in the document with a random
entity. A faithful LM should generate the replaced entity as the answer when given
the question and modified document. We also include the original NQ dataset with
the question and original document for evaluation. We use Exact Match (EM) as the
evaluation metric for NQ-Swap, NQ and MemoTrap.

In Table 4.1, we show illustrative examples of the contexts we aim to upweight for
the model and the queries across different datasets. We hope LMs pay more attention
to the source document in XSUM and NQ-Swap. On the other hand, we hope LMs

focus more on the instruction in MemoTrap.

4.2.2 Models and baselines

We apply CAD to pretrained language models including OPT (Zhang et al., 2022),
GPT-Neo (Black et al., 2021), LLaMA (Touvron et al., 2023b) and instruction-finetuned
LMs such as FLAN-T5 (Chung et al., 2022).

CAD introduces a hyperparameter a to control the adjustment level. We set « = 0.5
for all models evaluated on the summarization datasets and a« = 1 for all models
evaluated on the knowledge conflict datasets. We observed that « = 0.5 generally

yielded good results across all settings and all datasets, but a slightly higher « is more
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XSUM

¢ Article: Prison Link Cymru had 1,099 referrals in 2015-16 and said some ex-offenders
were living rough for up to a year before finding suitable accommodation ...

x Summarize the article in one sentence. Summary:

NQ-SWAP

¢ Tesla CEO Elon Musk is now in charge of Twitter , CNBC has learned ...
x  Who is Twitter CEO now?

MemoTrap

¢ Write a quote that ends in the word "early":

x Better late than

Table 4.1: An illustation of the inputs to CAD applied to each dataset. CAD upweights

the context c (in red) by sampling each token from softmax[(1 + «) logit, (y: | ¢, x,y_,) —

alogity(y: | x,y4)]-

effective in the knowledge conflict setting, where the prior knowledge needs to be
factored out more. We investigate the effect of a in Section 4.4.

For the baselines, we use the regular decoding methods following prior work (Long-
pre et al., 2021; Kwiatkowski et al., 2019): greedy decoding for knowledge conflict tasks
and top-p sampling with p=0.9 for summarization tasks (Holtzman et al., 2020). For
CAD, we use the same sampling strategies on top of the adjusted output probability

distribution.

4.3 Results

Summarization Table 4.2 reports the results on CNN-DM and XSUM. We observe
that CAD outperforms the standard decoding algorithm by a large margin in all eight
models across both datasets. Specifically, when applied to LLaMA-30B in CNN-DM,
CAD leads to 21% increase in ROUGE-L, 14.3% increase in factKB and 7.8% increase in
BERT-P. This result demonstrates that CAD could effectively improve the quality and

factuality of the generated summaries from a diverse set of language models.
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CNN-DM XSUM
Model Decoding | ROUGE-L factKB BERT-P | ROUGE-L factKB BERT-P
138 Regular 22.0 77.8 86.5 16.4 472 85.2
CAD 27.4 84.1 90.8 18.2 64.9 87.5
OPT
20B Regular 22.2 81.7 87.0 17.4 38.2 86.1
CAD 28.4 87.0 90.2 19.5 45.6 89.3
3B Regular 24.3 80.5 87.5 17.6 54.0 86.6
CAD 27.7 87.5 90.6 18.1 65.1 89.1
GPT-Neo
0B Regular 18.7 68.3 85.2 14.9 422 85.7
CAD 24.5 77.5 89.4 19.0 63.3 90.6
13B Regular 27.1 80.2 89.5 19.0 53.5 87.8
CAD 32.6 90.8 93.0 21.1 73.4 91.7
LLaMA
208 Regular 25.8 76.8 88.5 18.7 47.7 87.1
CAD 31.8 87.8 92.2 22.0 66.4 90.3
3B Regular 255 90.2 91.6 18.8 31.9 88.2
CAD 26.1 93.9 92.1 19.5 35.9 88.8
FLAN
1B Regular 25.4 90.4 91.4 19.4 29.8 88.3
CAD 27.1 93.1 92.2 20.0 35.0 88.8

Table 4.2: CAD consistently outperform the regular decoding method in terms of both
summary quality metric (ROUGE-L) and summary factuality (factKB and BERT-P).
The best scores for each setting are boldfaced. FLAN 3B and 11B refer to FLAN-T5 XL
and FLAN-T5 XXL respectively.

Knowledge Conflicts Our results for the knowledge conflict datasets, NQ-SWAP and
MemoTrap, as well as the original NQ are detailed in Table 4.3. CAD is significantly
better than the regular decoding in all settings, with the exception of a minor decrease
observed for FLAN-T5 on the non-conflict NQ dataset.? Despite this, CAD achieves
better performance on the knowledge conflict datasets, e.g., CAD improve GPT-Neo
20B by 54.4% on Memotrap and by 128% on NQ-SWAP. This substantial improvement

suggests that context-aware decoding is particularly beneficial for LMs to adhere to

2The slight decline in performance can be attributed to the NQ dataset being included in the instruction-

finetuning sets used by FLAN-TS5.
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Model Decoding | Memo. NQ NQ-SWAP
Reg. 32.5 29.2 18.8
13B
CAD 44.5 32.2 36.9
OPT
Reg. 28.4 294 14.7
30B
CAD 41.0 35.5 29.0
Reg. 22.5 31.9 19.1
3B
CAD 47.3 39.9 41.2
GPT.
Reg. 37.1 22.8 16.1
20B
CAD 57.3 32.1 36.8
Reg. 23.8 22.3 11.7
13B
CAD 57.1 33.6 36.7
LLaMA
Reg. 25.8 23.8 9.6
30B
CAD 50.6 34.0 37.7
3B Reg. 69.2 81.8 714
CAD 72.2 80.3 73.3
FLAN
Reg. 82.0 85.5 73.0
11B
CAD 88.7 82.5 77.1

Table 4.3: CAD outperforms the regular decoding method (Reg.) in all settings except
for FLAN-T5 on NQ.

the given context, in scenarios where the model’s prior knowledge contradicts with the

context knowledge.

4.4 Analysis

CAD brings consistent improvement to LMs with different sizes. In Tables 4.2
and 4.3, we show that CAD could be used to enhance a diverse set of LM families,
including OPT, GPT-Neo, LLaMA, and FLAN-T5. We further investigate whether CAD
is effective in improving language models of different sizes. Specifically, we focus on
OPT models across a range of sizes: 125M, 350M, 1.3B, 2.7B, 6.7B, 13B, 30B. We observe
that the performance gain brought by CAD stays consistent with different model sizes
in CNN-DM. In Memotrap and NQ-SWAP, this gain increases as the model size grows,

indicating that larger LMs can have a greater tendency to rely on their prior knowledge
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Figure 4.2: OPT models of varying sizes consistently benefit from CAD. The x-axis
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Figure 4.3: Effect of the adjustment level a. The y-axis is the performance and the x-axis

is «.

instead of reading the contexts, thereby benefiting more from CAD. In Figure 4.2, we
observe that the performance gain brought by CAD stays consistent with different OPT
model sizes in CNN-DM. In Memotrap and NQ-SWAP, this gain increases as the model
size grows, indicating that larger LMs can have a greater tendency to rely on their prior

knowledge instead of reading the contexts, thereby benefiting more from CAD.

Effect of adjustment level « We then investigate the effect of different adjustment
level a (a small & makes the distribution closer to the original next token distribution).
We conduct experiments with various values of « and present the results in Figure 4.3.
Across all three datasets, we find & = 0.5 consistently provide robust improvements

over regular decoding.
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4.5 Related work

Summarization factuality Summarization models have shown a tendency to generate
hallucinated texts (Maynez et al., 2020; Pagnoni et al., 2021). This has led to growing
efforts to improve the factual consistency, including applying attentions to fact triples
extracted from source documents (Cao et al., 2018; Zhu et al., 2021), optimizing sum-
marization models towards a factual consistency metrics (Nan et al., 2021; Cao and
Wang, 2021), learning a post-editing error corrector (Dong et al., 2020) and removing
noisy training samples (Kang and Hashimoto, 2020; Goyal and Durrett, 2021). These
methods require additional fine-tuning and are not directly suitable for zero-shot and
few-shot prompting scenarios. King et al. (2022) and Sridhar and Visser (2022) propose

to alleviate the issue by constraining beam search algorithms.

Knowledge conflicts When presented with an updated document with conflicting
knowledge, we expect language models to generate responses based on the provided
contexts rather than relying solely on outdated parametric knowledge. This setting is es-
pecially valuable to retrieval-augmented language models (Khandelwal et al., 2020; Shi
et al., 2024b; Min et al., 2023b; Yasunaga et al., 2023), where documents retrieved from
external databases are used as additional input to provide LMs additional knowledge.
However, simply adding documents does not always change the model predictions,
as current LMs often overlook the contexts and rely heavily on their prior parametric
knowledge (Longpre et al., 2021; Chen et al., 2022a). Existing approaches for improving
model’s faithfulness to the context, such as the prompting-based method (Zhou et al.,
2023c), are limited in that they could only apply to large-scale instruction-finetuned
LMs like OpenAl’s text-davinci-003. In contrast, our work investigates a decoding

strategy to tackle this problem, applicable to any LM.

Contrastive decoding methods Contrastive decoding methods have been extensively
explored for text generation. Coherence boosting (Malkin et al., 2022) and CPMI
(van der Poel et al., 2022) demote a short context from a full context, focusing on the
longer-range context for coherence and overall better generation quality. MMI-based
decoding (Li et al., 2016) uses a contrastive formulation to improve output diversity in

dialog generation. In this work, we adopt a same intuition and focus on analyzing the
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knowledge conflict scenarios where the faithfulness to the context is particularly important
but difficult for the regular decoding methods. We also extensively experiment the
setup with a diverse set of language models and scales. DExperts (Liu et al., 2021)
demotes the output distribution of an anti-expert (e.g., exposed to toxic language) to
help lead the generations free from the unwanted attributes. Contrastive decoding (Li
et al., 2023b) demotes an amateur model (e.g., models with a very small number of
parameters) to help distill the expert knowledge learned in the larger, more competitive
models. In general, contrastive decoding has shown to be a general way to control
model outputs, which we reinforce by considering the new case of factual consistency

with the textual context.

Pointwise mutual information in text classification The concept of Pointwise Mutual
Information (PMI) is extensively examined in text classification and reranking, serving
to adjust the weighting of various classification choices based on the increased likelihood
of an answer given a question within a specific task domain. Past research has applied
it to zero-shot multiple-choice tasks (Holtzman et al., 2021), as well as the reranking
of candidates for commonsense and symbolic knowledge extraction (Guo et al., 2023;

Davison et al., 2019).

4.6 Conclusion and continued discussion

Language models suffer from an insufficient attention to the given context compared
to its prior knowledge, leading to an unfaithful generation to the input context. We
present CAD, a simple inference-time method that downweights an output probability
associated with the model’s prior knowledge to promote models” attention to the
context. We experiment on two families of tasks that require a strong attention to the
context and show that CAD provides more faithful outputs across different language

models of various sizes.

4.6.1 Framework limitations

Our proposed CAD method requires the output logits from language models in order to

contrastively calculate the probability distribution with and without contexts. However,

61



API-based language models like ChatGPT and GPT-4 may not provide output logits.
Consequently, it is not feasible for CAD to be directly applied to such fully black-box
models. Furthermore, CAD introduces a hyperparameter &, which serves to regulate the
level of contrastive adjustment. While we have observed that « = 0.5 yields consistent
enhancements compared to regular decoding, different models applied to various tasks
may have distinct optimal values for a. If there exists a very small demonstration set of
in-domain examples, we would consider the selection of « similar to other decoding

parameters like the top-p or temperature values.

4.6.2 Qualitative analysis

XSUM

Article  He passed away peacefully in hospital on Tuesday after a short
illness. Born in Tourmakeady, County Mayo, he worked as a
teacher before securing a part in the premiere of the Brian
Friel play Translations in 1980. Lally became a household name
in Ireland for his role as Miley Byrne in the RTE soap opera
Glenroe and later starred in the BBC series Ballykissangel. He
also appeared in the Hollywood movie Alexander and provided
the voice for the Oscar-nominated, animated Irish film, The
Secret of Kells. As a fluent Irish speaker and advocate of the
language, Lally had roles in several Irish language films ...

Regular ~ Westminister actor Pat Lally died in hospital on Tuesday
night aged 82

CAD Actor Lally, best known for Glenroe and Ballykissangel, has
died in hospital on Tuesday

MemoTrap

Input Write a quote that ends in the word “early”. Better late than
Regular  never

CAD early

Table 4.4: Qualitative examples of contrast-aware decoding. The nonfactual or inconsis-

tent texts are highlighted in yellow.
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We provide qualitative examples for XSUM and Memotrap in Table 4.4. In XSUM,
the regular decoding generates texts that is not mentioned in the article, whereas CAD
produces output exclusively based on the information in the input article. For Memo-
Trap, the standard decoding disregards the instruction and generates the memorized

ending, while CAD adheres to the instruction within the given context and produces
the desired output.
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Chapter 5

Collaboration between Diffusion
Language Models for Weak-to-strong

Generalization

This chapter discusses work previously published in Han et al. (2023a) at NAACL 2024 —
David helps Goliath: Inference-Time Collaboration Between Small Specialized and

Large General Diffusion LMs.

Following the footsteps of diffusion-based generative models for continuously
valued data such as images, audio, and video (Ho et al., 2020; Kong et al., 2021; Ho
et al., 2022), recent works have attempted to replicate these successes on discrete text
data (Austin et al., 2021; Li et al., 2022b; Han et al., 2022; Strudel et al., 2022; Dieleman
et al., 2022). Several studies have shown that diffusion-based language models (LMs)
perform competitively to their autoregressive counterparts, and even surpass them at
post-hoc controllable text generation (Li et al., 2022b; Han et al., 2022).

Meanwhile, autoregressive language models (Brown et al., 2020; Touvron et al.,
2023a) have emerged as general-purpose solutions capable of holding conversations
with humans and solving tasks by following instructions (Ouyang et al., 2022; Wang
et al., 2022b; Longpre et al., 2023; Taori et al., 2023; Chiang et al., 2023; Xu et al., 2023).
Their abilities are primarily due to two factors: scaling the model parameters as well as
pretraining datasets, and instruction finetuning with carefully curated datasets (Ouyang

et al., 2022).
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However, as the models become increasingly immense and proprietary, it is difficult
for individual users to customize the system with their own data (e.g., specialized
knowledge) due to cost or privacy reasons (§5.2). A primary contribution of this chapter
is to illustrate a novel setup of inference-time collaboration between LMs and show a
unique advantage of diffusion LMs compared to autoregressive models in this scenario.
With diffusion models’ iterative generation design over a span of bi-directional contexts,
multiple diffusion LMs with different capabilities can be easily ensembled at the
sequence level at test time, leveraging advantages of each LM in the ensemble.

As a preliminary to our experiments, we first present an exploratory study to scale
and incorporate instruction-following and conversational capabilities in diffusion-based
LMs. We introduce Ssp-2, an improved version of simplex-based diffusion LM Ssp-
LM (Han et al., 2022), proposing several modifications to its training and inference
procedures. We incorporate these improvements in scaling Ssp-2 to 13B parameters, up
from 0.4B in Ssp-LM. We show that similarly to autoregressive LMs, by finetuning with
curated instruction datasets, Ssp-2 is well-suited to follow chat-style instructions.

We then present our main case study highlighting the setup of inference-time
collaboration: we augment a general-purpose large Ssp-2 model with 13B parameters
with a 100x smaller, user-accessible model. This setup allows incorporating user-
provided knowledge into the generation process without directly inputting it into
the large model (which can be undesirable due to cost or privacy reasons, more details
in §5.2). We show that Ssp-2’s instruction finetuned model is substantially more effective
at this collaboration than the autoregressive baselines, leveraging bi-directional contexts

in the ensemble.

51 Background

Semi-autoregressive simplex-based diffusion LM (Ssp-LM) is trained to generate text in
blocks of tokens by performing diffusion in the simplex space of the model vocabulary
(Han et al., 2022). For text continuation tasks, it has shown competitive performance
against autoregressive models (e.g., GPT-2; Radford et al., 2019) when trained with a
similar number of model parameters and pretraining data. Furthermore, it naturally

enables post-hoc control in generated text using off-the-shelf classifiers, outperforming
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Figure 5.1: Inference-time collaboration between a large general model and a small user
model that incorporates user-specified knowledge. The collaboration between autore-
gressive models performs decoding token-by-token, while the collaboration between
diffusion models refines a block of generated tokens iteratively with bi-directional

contexts (§5.2).

prior approaches to controlling autoregressive models. Below we briefly overview the

training and decoding algorithm of Ssp-LM.

Training The core idea behind the training of diffusion models (Ho et al., 2020) is to
add a series of progressive noise to the input data representations and learn a model to
reverse this process, reconstructing the original data at different noise levels. Assume
we have a sequence of tokens {wo, o we, L wetB _1}, where we condition on a
context of length c, {wo, ., w“l} (or w=°), and learn to generate the subsequent block
of text {w¢, ..., wB~1} (or w*® using a Python-style notation) containing B tokens.

In Ssp-LM, a progressive Gaussian noise is added to the block of text wc*5.

~cc+B __

Wy " = logits-initialization (w

~cc+B __ ~ ~.C:.c+B =
Wy = V& + 1 — e

cw+B)
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where logits-initialization(-) maps each discrete token to a base, almost-one-hot logits
representation in the model’s vocabulary space V, {—K, +K }‘V|. A noise schedule &;
controls the level of noise € ~ N(0,K?I) added to the base representation, where

timestep t ~ U(1, T) and larger t means a noisier representation.

c:c+B

Ssp-LM'’s training loss on w is conditioned both on the noisy representation

@SB and the prior context w<° to the block.
[~ log po @+ | @, w ")
j<c+B
=, E _ log Pe(w] | ~ cc+B w<c)
j=c
The model has access to a locally bi-directional context through the noisy represen-

c:c+B

tation. In contrast, the canonical autoregressive training loss for w would be

ZE?B —log pg(w! | w<7), conditioned on the uni-directional left context only.

Decoding At inference time, given a context w<¢, Ssp-LM generates a block weetB

through an iterative denoising algorithm, backtracking the noise timesteps from t = T

to 1. Each iteration t consists of three main steps: (1) predict logits representation

c:c+B

Wiogits for the decoding text block using the learned model, (2) project the logits to

an almost-one-hot representation @S in the base space {—K, +K}VI (with optional
modifications), (3) add a Gaussian noise corresponding to timestep ¢ — 1 to the projected

representation and proceed to the next iteration.

c:c+B : w® c+B | ~ c c+B _,<c
wloglts t logltse( ‘ ,w )
~Cic+B ol SR c:c+B
WP = logits pro]ect1on(wloglts ;)
ﬁ’fc—fB Acc+B_|_ /1 — A1z

c:c+B

where 0 is the trained diffusion model and @7 is initialized with a Gaussian noise.

52 SSD-2

In the age of LLMs, individual users of NLP models may often face a dilemma when
they wish to customize the system with their own data. On one hand, it is difficult
for user-owned devices to fit very large models and smaller models are usually not

powerful enough. On the other hand, uploading their data to a commercial host of
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Algorithm 3 Training (at a given c)

1. @ 8 c+B _ loglts 1n1t1ahzat10n( C:C+B)

2: t ~ Uniform({1,...,T})

3: e ~ N(0,K?I)

~cc+B \/*ﬁ)c :c+B 4 /7
r ~ Bernoulli(0.5)

if r = 0 then

Take a gradient descent step on

v6[2§§z+3 c: c+B )]

log pe(w' | @f
8: else

9: With gradient calculation disabled, calculate

c:c+B

wS<tB | g c c+B _ <c
wloglts t | rw )

= logitsy(w
10: Take a gradient descent step on

VG[Z]:EC+B ~ CC+B c:c+B w<c)]

10g Pe (w] | wloglts t’
11: end if
Algorithm 4 Decoding (at a given c)
~c:c+B
1 5P ~ N(0,K2)
2: fort=T,...,1do
3: if t =T then
B . ~ c:c+B
4 wlco‘;rtst logits, (w8 | @t w=c)
5: else
B : : ~c:c+B B
6 Wil = logitsy (w P [ @TH willl, ), w)
7: end if
8: Ensemble with other models if applicable,

c:c+B )

all-reduceg ) (wy,, oits !

cc+B)

o B _
9 @P = logits-projection(wj?,

10: z ~ N(0,K?1)
11: ~cc+B /7wcc+B+ /71_0‘16 1z
12: end for

13: return argmax @5 "7

Figure 5.2: Training and decoding algorithms for Ssp-2. The training algorithm describes
the training objective at an arbitrary context length c. The decoding algorithm can be applied
multiple rounds by appending the generation from one round to the context for the next. The
decoding may stop after a fixed number of rounds or until a special end-of-sequence token is

encountered.
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large models for finetuning or long in-context learning is expensive and also may not
be desirable due to privacy risks. We aim to address this dilemma in this work by
proposing a collaborative inference-time algorithm between two diffusion models: a
large general-purpose model (such as ones only accessible through an API) and a small
model which a user can customize (§5.2.2).

We first present Ssp-2 building on top of Ssp-LM with several modifications to
improve its training and decoding efficiency (§5.2.1). We train Ssp-2 with a larger
pretraining corpus and more parameters (ranging from 0.1B to 13B) than Ssp-LM and
fine-tune it to follow instructions (§5.3). Next, we present how different versions of Ssp-
2 (general-purpose large models and user-enhanced small models) can be effectively

interpolated at inference time, outperforming their autoregressive counterparts (§5.4).

5.2.1 Algorithmic improvements over Ssd-LM

Figure 5.2 describes the training and decoding algorithms of Ssp-2. We highlight the

changes in Ssp-2 over Ssp-LM below.

Self-conditioning The core idea behind self-conditioning (Chen et al., 2022b) is that

at iteration t, the model takes as input not just the noised sample @<“*%, but also a

c:c+B

logits,t-+1° This allows the model to reuse

clean output from the previous timestep t 41, w
useful information in the previous prediction and focus on refining it in the current

timestep, allowing convergence in fewer iterations. That is, for T >t > 1:

c:c+B

c:c+B | ~.cic+B c:c+B <c
wlogits,t |wt w )

= logits, (w ' Wiogits,t+17

~.c:c+B
t

More specifically, the noisy representation @ and the previous timestep prediction

c:c+B

wlogits,t-l—l

are combined before the transformer blocks of 6, along with the positional

embeddings and timestep embeddings as follows:!

i:l = Waist [sm(fvt)] + Wpred [Sm(wlogits,t+l)]
+ Embpos(c : ¢+ B) + Embg;gttime (t/T)
h=¢ = Embctx(w<c) + Embpos(< C)

1 As a shorthand, we dropped the superscript for token positions ¢ to ¢ + B, and use sm for softmax,
Emb for the embedding layer, and Wy and Whred for the embedding matrix for the noisy representation

and self-conditioning prediction.
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+ Embctx—time<t/ T)

ce+B <c f\]c:ic+B
Wioghs s = Transformer|concat(h~¢, h)]

To train the model to learn to reuse the predicted logits, we add an additional

forward pass during the training phase, activated with a probability p = 0.5. We predict

c:.c+B

Wigeits, disabling gradient back-propagation, and use it in the new cross entropy loss

—log po(w | wf‘”B,wﬁng{tgt,w“).

Removing context length sampling for efficiency The original training algorithm of
Ssp-LM first samples a context length ¢ ~ U/(1, |w| — B) for each example, encodes the
context bi-directionally and computes the diffusion loss for a block of B tokens following
that context. The bi-directional encoding of the context w<¢ cannot be shared across
different context sizes c for the same example. Moreover, when the sequence length
|w| is large, a high variance in the sampled c across devices in distributed training
reduces the effective batch size, slowing down the training considerably. Therefore,
in the pretraining and finetuning of Ssp-2, we eliminate sampling different c¢’s while
equivalently modeling the same training loss as shown in Figure 5.2 for all ‘%‘ blocks in
one data, by using a special attention mask. The transformer modules of Ssp-2 encode
the context w<° uni-directionally while preserving the bi-directional attention for the
diffusion generation block w“*5. This leads to a 2x speedup in our pilot pretraining.

More details can be found in §5.6.2.

Sharded models across time-ranges and early stopping in decoding We observe
that at test time Ssp-2 often shows distinct behaviors at different timestep ranges.
We empirically divide the number of iterations into five ranges of equal sizes. In the

beginning of decoding (¢t € (0.8T, T|), when the noise level is very high, there is no

c:c+B )

discernable pattern in which the model’s intermediate predictions (argmax w, oits,

in different iterations differ from each other. Larger changes often happen at t €
(0.6T,0.8T] after which the majority of the content is in place, and for ¢t € (0.4T,0.6T]
only minor changes happen sparsely to make a grammatical correction or settle down
on an uncertain word choice. Finally, for t € (0,0.4T], the sequence does not update
at all in most cases. We hence hypothesize that the first three timestep ranges require

different capabilities from the model. In Ssp-2, we propose to optionally train three
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separate models 6(04,06), 0(0608), and (g 1) for the three ranges.” We still train a
single model at pretraining to save resources and only perform this step during a final
finetuning as described in §5.3.> We start the decoding at t = T and stop at t = 0.4T,

saving 40% of the inference computation.*

5.2.2 Inference-time collaboration

As shown in Ssp-LM (Han et al., 2022) and prior work in other domains (Dhariwal
and Nichol, 2021), diffusion models are naturally suited to allow for controlling the
properties of the model outputs by interpolating the model outputs with gradients
from a control function such as a classifier. Follow-up studies have extended this idea to
classifier-free guidance where diffusion models with and without controlling attributes
can be interpolated contrastively using a weighted sum of their outputs (Ho and
Salimans, 2021). We explore a new setup of the latter idea for enabling collaboration
between two versions of Ssp-2 where we interpolate the output logits of the models.
Intrinsic to the diffusion paradigm, this interpolation is sequence-level and through

many iterations it leverages benefits of the bi-directional context.

Setup We first define a core model 6core Which is computationally expensive to train or
deploy (e.g., a large model which can only be loaded on mutiple GPUs). We assume the
model is good at general-domain instruction following. We then define a user model
Buser which is computationally friendly for a typical user to run on their personal device
or a cloud device to their control. It allows incorporating data of their specific interest
which they may not prefer to input to the large model. For both the core and user
models, we also assume they do not have access to each others” model parameters.
We also assume a prompting instruction wingt which both the models have access
to, and expert data Dyger that only the user model and not the core model has access to

(see Figure 5.1). During inference,

2A similar setup has also been explored in image diffusion as expert denoisers (Feng et al., 2022; Balaji

et al., 2022).
3This setup could further be improved by considering models of different sizes for the three ranges

where 60 406) and 6(gg 1) could contain fewer parameters as they arguably perform simpler tasks to

reduce the effective inference time. We leave it as future work.
4We report a comparison between the decoding speed of Ssp-2 and the original Ssp-LM in §5.6.5
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® Ocore Only takes in the prompt Winst, fo... (Winst)-
® Ouser can be finetuned with Dyger, Or use Dyger in in-context learning. In this work,
we experiment with the latter setup, where the user model takes in both the user
expert data and the instruction as input, fp,...(Duser, Winst)-
e Additionally, we assume the model size |Ocore| > |Ouser| (the size difference is
100x in our experiments).
We will discuss the specific instantiation of the setup in §5.4. In the section below, we first
introduce a prominent collaboration algorithm when 6.ore and 6yser are autoregressive,

and then propose a novel algorithm when the models are diffusion-based Ssp-2.

Method The collaboration between 6.ore and fyser is essentially an ensemble of the
model outputs. One prominent way of approaching it is through a weighted average
of the models’ logits at inference time.” For autoregressive LMs, this averaging can be
performed at the token level where the logits are first combined and then transformed

into probability distribution like a product-of-experts ensemble (e.g., Liu et al. (2021)).

<
W ~ Pcollab(wc ‘ Duyser, Winst, w C)
_ : c . <c
= softmax[(1 — Auser) logitsy  (w” | winst, w™°)
: <
+ Auser 10g1t59user (wc | Duser, Winst, W C)]
We also consider an extension of this setup where we add a contrastive term to Oyser

without the input Dygeer, to promote the pointwise mutual information between the

expert data and the generation conditioned on the instruction (Malkin et al., 2022).6

w* ~ softmax[(1 — Auser) logits, (W | Winst, w™°)
+ Auser (1 + &) logitsy (@ | Duser, Winst, w™°)
— Ausertt logitsy (W | Winst, w=°)]

For Ssp-2, the process of generating tokens is intrinsically different from autoregres-

sive models. However, since it preserves the notion of logits in its iterative decoding

5Training-time ensemble can be achieved through methods like parameter-averaging (Li et al., 2022a).
However, it is not the focus of this work since our models have drastically different shapes and we do not

assume the models have access to the parameters of other models.
%We set the contrastive hyperparameter a = 1.0 throughout the evalution, though the results with

« = 0.0 follow a similar trend.
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c:c+B

procedure (w, gits

), we propose a similar logits-averaging method for a diffusion 6.ore

and Oyser, performing an ensemble for a block of tokens at each diffusion timestep.

c:c+B _ : c:c+B ) <c ~.Ccic+B
core-logits,t logltsecore (ZU | Winst, W ", Wy )
c:c+B — logits (wc:c+B | D w: w<c ﬁ]czc—&-B)
user-logits,t g Buser user, Winst, y Wy
c:c+B _ : c:c+B . <c zcic+B

wﬂuser-logits,t - ].OgltSeuser(w | Winst, W, Wy )
ce+B _ c:c+B

wlogits,t - (1 /\user)wcore-logits,t

c:c+B o c:c+B
+ )\user(l + “)wuser-logits,t /\userawﬁuser-logits,t
The above procedure is instantiated through the operation all—reduce@,)\(wf;;{tf ;) in

Figure 5.2. Figure 5.1 describes both the autoregressive and diffusion collaboration
in our setup illustratively. It is noteworthy that for diffusion models, this manner of
collaboration is only straightforward in a simplex-based model such as Ssp-2. Diffusion
variants proposed in the literature operating on token embeddings (§5.5) are not trivially

suitable for it due to a mismatch in the models” embedding space.

5.3 Experimental setup

Pretraining Existing work on diffusion LMs is limited to modest model sizes below
the order of 1B parameters (Li et al., 2022b; Han et al., 2022; Dieleman et al., 2022).
For example, Ssp-LM has the same size as RoBERTA-large (Liu et al., 2019) with
0.4B parameters. It is unclear whether diffusions LMs have the ability to scale like
autoregressive LMs.” To answer this question, we pretrain three versions of Ssp-2 with
0.1B, 2.7B, and 13B parameters, on a subset of a large corpus C4 (Raffel et al., 2020).
Instead of pretraining from scratch, we initialize these models using publicly available
OPT models (Zhang et al., 2022).8 We consider a maximum sequence length of 500
(up from 200 in Ssp-LM), with a diffusion block size B = 25. On the 13B Ssp-2 model
for our main evaluation, we first do 50K warmup steps without self-conditioning and

then start a 100K-step pretraining with the full algorithm. It uses approximately 38B

7In fact, Strudel et al. (2022) show for embedding-based diffusion models, scaling up the embedding

dimensions may hurt the performance in certain cases.

8Han et al. (2022) find initializing from pretrained non-diffusion models help the convergence of

diffusion losses in Ssp-LM.
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tokens from the C4 data in total. Other pretraining hyperparameters can be found in
§5.6.3. We show the pretraining losses of Ssp-2 over time in §5.6.4. Based on the trend
of pretraining losses and the scale of our pretraining data compared to recent work,’
we conjecture that our Ssp-2 models are still considerably undertrained. Due to our
computing budget, we leave to future work a potential continued pretraining over

current Ssp-2 models on larger and better curated data.

Instruction finetuning While Han et al. (2022) show the effectiveness of pretrained
Ssp-LM in general-domain text continuation, in this work, we primarily investigate
the use of Ssp-2 in downstream fine-tuning tasks, particularly on chat-style instruction
following.!® We finetune the models with the poLLy dataset!! containing 15K human-
collected instructions and responses (Databricks, 2023). DOLLY covers categories like
open/closed-QA, brainstorming, and creative writing, though it may still be less
powerful than the distillation-based data in terms of size and quality.!> We finetune
on 95% of the poLLy data and use the rest for held-out evaluation. We finetune with a
batch size of 384 and for 500 or 1000 steps for the 0.1B/2.7B/13B models. As a baseline,
we finetune the autoregressive model OPT (0.1B/2.7B/13B) on porLy with the same

setup.

9For example, the LLaMA 13B model (Touvron et al., 2023a) uses 1T tokens from multiple corpora

including C4, whereas we use 38B tokens from C4 only.
19%We make an additional change while finetuning Ssp-2 to address end of sequence (EOS) issues in

variable length sequences in the downstream datasets. Since a sequence could terminate in the middle
of a diffusion block, while training, we pad the sequence with the EOS token to the nearest boundary
of a diffusion block of size B. We do not mask this padding while computing the loss. We use the
standard padding token after the last diffusion block boundary. At inference, if the generated text block

~c:c+B
0

argmax @ in the final iteration contains an EOS token, we prune the trailing tokens after the first E0S

token in the block.
Uhttps://huggingface.co/datasets/databricks/databricks-dolly-15k. We deliberately choose to

finetune with DOLLY because as opposed to other similar datasets (e.g. the ones used to train models like
Alpaca (Taori et al., 2023) and Vicuna (Chiang et al., 2023)), poLLY has an open-source license and does

not depend on distillations from OpenAI models.
12We did not explore other earlier instruction tuning data like Wang et al. (2022b) and Longpre et al.

(2023) since they align less with the chat scenario of our interest. Furthermore, such data can contain a
considerable amount of questions that have a very short answer (e.g., multiple choice). We leave for future

work to explore the applicability of diffusion on these datasets.
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Auser = Auser =  Auser =  Auser Auser = Auser Auser =
0 0.1 0.2 0.3 0.4 0.5 1.0
Relevance
OPT/ core,user} 9.76 9.59 9.61 9.65 9.65 9.39 8.23
SSD-2core,user} 9.72 9.65 9.91 9.85 9.64 9.52 7.16
Aconap OPT -0.17 -0.15 -0.11 -0.11 -0.37 -1.53
Acollab SSD-2 -0.07 +0.19 +0.13 -0.08 -0.20 -2.56
Factuality
OPT/{core,user} 9.64 9.57 9.51 9.55 9.57 9.27 8.15
SSD-2{core,user} 9.34 9.49 9.63 9.64 9.56 9.48 7.26
Aconap OPT -0.06 -0.12 -0.08 -0.05 -0.29 -1.44
Acolap SSD-2 +0.14 +0.30 +0.31 +0.26 +0.15 -2.03
Informativeness
OPT/ core,user} 9.30 9.20 9.12 9.27 9.06 8.95 7.41
SSD-2core,user} 8.97 9.02 9.33 9.36 9.06 8.97 6.38
Acotab OPT -0.10 -0.18 -0.03 -0.24 -0.35 -1.89
Acollab SSD-2 +0.05 +0.36 +0.39 +0.09 0.00 -2.59
Coherence
OPT/{ core,user} 9.61 9.47 9.37 9.44 9.41 9.13 7.70
SSD-2{core,user} 9.41 9.35 9.65 9.59 9.25 9.17 5.84
Aconap OPT -0.14 -0.24 -0.17 -0.20 -0.48 -1.91
Acollab SSD-2 -0.06 +0.24 +0.18 -0.16 -0.24 -3.57
Understandability
OPT/{core,user} 9.66 9.54 9.53 9.54 9.51 9.30 8.10
SSD-2{core,user} 9.53 9.56 9.72 9.67 9.42 9.34 6.21
Aconap OPT -0.12 -0.13 -0.12 -0.15 -0.36 -1.56
Acoltap SSD-2 +0.03 +0.19 +0.14 -0.11 -0.19 -3.32

Table 5.1: Evaluation of the inference-time collaboration between the large core model

Bcore and the small user model 8yser. A negative impact led by Oyser t0 Ocore is marked in

red, and a positive impact in blue. Ssp-2 is substantially more collaborative than the

autoregressive OPT baseline.
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5.4 Experiments

5.4.1 Inference-time collaboration

As introduced in §5.2.2, a main focus of this work is to explore the advantages of a
diffusion-based LM Ssp-2 in a collaboration setup: interpolating the outputs of a large,
general model 0core and a small model 8ser enhanced by user expert data Dyger.

We use the 13B-parameter Ssp-2 finetuned with DOLLY as 6.ore and the 0.1B finetuned
SsD-2 as Oyger- We use OPT 13B and 0.1B finetuned with poLrLy under the same collab-
oration setup as the autoregressive baseline. boLLY’s held-out test prompts are used
as Winst- A subset of DOLLY test examples is annotated with loosely related Wikipedia
passages to support the output answers; we use these passages as a proxy for Dyger. To
avoid prompts with trivial answers, we additionally constrain the test instructions to
those with an original annotated response of at least 50 tokens.

Inference-time collaboration is effective if the core model O..e generates better
responses after collaborating with the 100x smaller but user-enhanced 0,ser. We inves-
tigate a range of weights Ayger, starting from 0 where the output of the collaboration

solely depends on the large .ore, and gradually increasing Ayser to incorporate more

Guser .

Automatic evaluation We first conduct an automatic evaluation, using state-of-the-art,
production-level LMs to evaluate the quality of our models” generations, which have
been shown to correlate highly with human judgments and are easier to scale (Liu
et al., 2023). We use GPT-3.5-turbo to rate our models’ responses to the test instructions
on a scale of 10, towards the aspects of relevance, factuality, informativeness, coherence,
and understandability. The specific prompting template we used is detailed in §5.6.8.
Table 5.1 summarizes the automatic evaluation results. We observe that when
Auser = 0 (Bcore ONly, N0 Dyger incorporated), the OPT model finetuned with poLLy
consistently outperforms our finetuned Ssp-2.!3 However, for OPT, collaborating with

the small user model does not improve the core model’s performance any further across

13 conjecture the reason is that Ssp-2 is undertrained as discussed in §5.3 and can have a larger
domain gap w.r.t. the poLLy data. In §5.4.2, we compare the intrinsic instruction following ability of Ssp-2

and OPT using one-shot in-context learning instead of finetuning.
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all considered weights. Within the experimented weighting factors, Ayser of 0.1 to 0.3 is
relatively optimal, though still leading to lower scores than without collaboration.

In contrast, the small user model 8ser improves the core model’s performance in
all tested attributes in Ssp-2. With appropriate weight factors (Ayser = 0.2,0.3), the
collaborated Ssp-2 system surpasses the best OPT performance in four of the five
metrics and matches the fifth. We highlight in Table 5.1 the best absolute performance
and the best performance gain due to the collaboration. We additionally show that
when Aygser = 1, the small user model 0,ser alone performs worse in Ssp-2 than in OPT.
This further indicates that the observed performance gain comes from an effective

collaboration rather than a significantly better 6yser.

Human evaluation To corroborate our findings, we further perform a human eval-
uation comparing the outputs from Ssp-2 and OPT under a collaborative setup. For
each test prompt, we show Ssp-2 and OPT responses with Ayger of 0.2 to the human
annotators as a randomized pair. We asked the annotators to choose the preferred re-
sponse while allowing for annotating equally good responses or equally bad responses.
A total of 9 annotators (graduate and undergraduate researchers in NLP, not authoring
this work) made 259 human preference annotations over 94 test prompts, with each
response pair receiving 1-4 annotations. We show in Table 5.2 that the collaboration
between SsD-2 Ocore and Oyser is overall more preferred by humans to the OPT models
under the same setup. Ssp-2 wins in 43 cases (45.7%) while loses only in 25 cases
(26.6%). We additionally measure an average Cohen’s kappa coefficient between all
pairs of annotators who annotated the same subset of instances. We observe x=0.31
indicating a fair agreement, especially that the task is highly subjective by nature.
Overall, through automatic and human evaluations, we show that Ssp-2 offers
unique benefits in an interesting case of inference-time collaboration, effectively fusing

a general-purpose large model and a small model enhanced by some expert data.

5.4.2 Ablation study: SSD-2 as a standalone diffusion chat model

In this section, we divert from our main inference-time collaboration setup and inves-
tigate the capabilities of Ssp-2 as a standalone language model. We are interested in

the instruction following ability intrinsic to the vanilla Ssp-2 without inference-time
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SSD-2.011ab WIN Draw OPToj1ap Win

43 (45.7%) 26 (27.7%) 25 (26.6%)

Table 5.2: Human preference of the outputs from the inference-time collaboration

experiments, comparing the diffusion-based Ssp-2 and the autoregressive OPT.

collaboration or any finetuning (like with porLy). We compare original Ssp-2 and
OPT 13B in responding to the prompts from the Vicuna test set (Chiang et al., 2023),
which include problems of open-ended question answering, creative writing, etc.!* We
formulate the setup as a one-shot in-context learning problem. Before each Vicuna test
prompt, we add one fixed, handcrafted in-context example from Zhou et al. (2023a)
to help the models capture the format of the answers without changing the model
parameters.

The main metric we report is the win rate from an automatic evaluation based on
GPT-4 (OpenAl, 2023). We follow the original evaluation template as introduced in
Chiang et al. (2023), prompting GPT-4 to rate Ssp-2 and OPT responses along with
explanations. As additional metrics, we also compute the conditional perplexity of
the responses using external language models GPT-Neo-1.3B (Black et al., 2021) and
GPT-2-large (Radford et al., 2019). While there are no gold answers to the Vicuna test
prompts, we use GPT-3.5s responses as reference answers and subsequently compute
a BERTScore w.r.t. them for the responses from Ssp-2 and OPT. As shown in Table 5.3,
we overall observe a higher win rate, lower perplexity, and higher BERTScore for our
diffusion language model Ssp-2 compared to the autoregressive OPT. We additionally
evaluate Ssp-2 finetuned with pOLLY and report results in §5.6.6. We show some

qualitative examples of Ssp-2’s generations in §5.6.7.

5.5 Related work

Diffusion-based language models have been receiving increasing attention as a potential

alternative to autoregressive language models. We identify three main categories of

140ut of the 80 Vicuna test prompts, we empirically find both models constantly fail on prompts from
the math and coding categories. We therefore filter them out and keep the rest 70 test cases for our

experiments.
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Win rate PPL BERTScore

(GPT-Neo/GPT2) (Precision/F1)
Ssp-2135  52.3% 7.58 / 9.62 85.9 / 85.2
OPTy35 47.7% 8.44 / 10.08 85.3 / 84.9

Table 5.3: Original Ssp-2 responding to Vicuna test instructions in an one-shot in-context
learning setup. The win rate is computed between Ssp-2 and OPT models using the
original GPT-4 evaluation introduced in Chiang et al. (2023). BERTScore is computed

for the model responses w.r.t. the generations from GPT-3.5.

diffusion language models based on how they represent discrete data like text. Discrete
diffusion language models represent language naturally as categorical data, while the
diffusion or noising steps are often formulated as transition matrices (Hoogeboom et al.,
2021; Austin et al., 2021; He et al., 2022; Reid et al., 2022; Zheng et al., 2023; Zhou et al.,,
2023b). Embedding-based diffusion language models often learn a mapping between
the discrete language tokens and an embedding latent space, and the diffusion process
is on the embedding space via a series of Gaussian noise (Li et al., 2022b; Gong et al.,
2022; Dieleman et al., 2022; Gao et al., 2022; Lovelace et al., 2022; Yuan et al., 2022;
Lin et al., 2022; Ye et al., 2023; Chen et al., 2023; Tang et al., 2023; Balagansky and
Gavrilov, 2023). In this work, we focus on simplex-based diffusion language models
that project discrete tokens to a simplex space and perform the diffusion process
with a simple Gaussian noise (Han et al., 2022; Mahabadi et al., 2023). Our proposed
inference-time collaboration setup is most straightforward to apply to simplex-based
diffusion language models, since models with different sizes share the same simplex
(vocabulary) space. Embedding-based models over different latent representation spaces
are not suitable for a direct representation interpolation. Furthermore, to the best of
our knowledge, Ssp-2 is the first of this line of literature to pretrain and finetune a
diffusion language model as a chat model, encouraging future work to compare and
improve over our work.

With autoregressive language models, various efforts have been made towards
building chat-style instruction following models based on open source language models

(Touvron et al., 2023a; Biderman et al., 2023) to replicate strong production-level closed
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source counterparts (Ouyang et al., 2022; OpenAl, 2023). Many of such work are
concurrent to ours and collect high-quality finetuning datasets by distilling prompts
and responses from OpenAl models (Taori et al., 2023; Chiang et al., 2023; Xu et al.,
2023). In this work, we deliberately seek fully open source data not depending on
OpenAl models and adopt the porLy data (Databricks, 2023). We expect our models
can be further improved with future releases of more curated chat-style instruction
tuning datasets (Zhou et al., 2023a).

One novel setup we explored in this work is the inference-time collaboration
between a large, general-purpose diffusion chat model and small, user-specific models.
Inference-time collaboration has been generally explored in autoregressive models via
ensembles of logits, either in an interpolation or contrastive manner (Liu et al., 2021;
Malkin et al., 2022; Li et al., 2022a; Peng et al., 2022; Li et al., 2023b). In diffusion models,
classifier-free guidance in image generation (Ho and Salimans, 2021) contrastively
reconstruct representations with and without a controlling attribute using a single
model, whereas our work collaboratively decode with models with different sizes and
inputs. We show an unique advantage of simplex-based diffusion language models in

such inference-time collaboration compared to autoregressive language models.

5.6 Conclusion and continued discussion

We present an exploratory step towards pretraining a large simplex-based diffusion
language model Ssp-2 and finetuning it with an open-source chat-style instruction
dataset. In a motivated setup where large general models and small user models are
to collaborate with each other at inference time, we find Ssp-2 substantially more
collaborative than its autoregressive counterparts. These findings show the promise
of diffusion language models as an instruction-following chat model and a worthy

alternative to autoregressive language models.

5.6.1 Method limitations

In this work, we explore a novel setup of fusing large general diffusion language
models and small customizable models enhanced with user expert data. One limitation

of the proposed fusion algorithm is that it requires a search through a range of
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candidate balancing factors Ayser. Furthermore, a selected balancing factor remains
the same across different diffusion timesteps, which is not necessarily optimal. Future
work can explore and learn an optimal, dynamic schedule of the balancing factors.
Another limitation of diffusion language models in general is a slow decoding speed
compared to autoregressive models. Though our proposed Ssp-2 model already includes
improvements over the original Ssp-LM leading to faster decoding speed (more details
in §5.6.5), future work may further adapt methods from image diffusion models
targeting specifically for efficient decoding (Song et al., 2021; Nichol and Dhariwal,
2021; Rombach et al., 2022; Meng et al., 2022).

5.6.2 Eliminating the sampling of context size c in training

In the original training algorithm of Ssp-LM (Han et al., 2022), they first sample a
context length ¢ ~ U(1, |w| — B), and then compute the diffusion loss for reconstructing
a block of length B following that context. When the sequence length |w| is large, this
can lead to a drastic variance in the values of c¢. Implemented naively in a distribution
training setup, this setup wastes computations, and reduces the effective batch size
considerably slowing down training. We eliminate the sampling of the context length
¢ in Ssp-2 by processing multiple ¢’s in parallel. To facilitate this, we encode the
context w=° uni-directionally while preserving the locally bi-directional attention for
the diffusion generation block w**B.

More specifically, assume we have a prompt w<% and want to form the same
training objective as in Figure 5.2 on all of the following n text blocks w< "5 We
prepare a context sequence w<%*("~1E and obtain h=0+(1=DB 55 described previously

= Cp:Co+n
h

in §5.2.1. We prepare a diffusion sequence @08 and obtain ¥ as described

previously. Then a forward pass of 6 works as below.

0=+ (21=DB — Transformer|

Concat(h<co+(n71)B, flco:co-i-nB)l_ 5(‘:0, n, B)]

co:co+nB co+(n—1)B:cp+(2n—1)B

wlogits,t =0

where J(co, 1, B) is a special attention mask for the transformer model, allowing a reuse

of the encoded contexts while preserving the original training loss:
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,

ﬂjgi ifi<co+ (71 — 1)B

]ljgco—i-kB or ¢o+(n—1+k)B<j<co+(n+k)B

ifco+(n—1+k)B<i<co+ (n+k)B,

for0 <k < n.

Row i of § indicates the attention-accessible positions for the i-th input token of the
transformer. For example, assume the original context is [a] and the target generation
is in two blocks [b, c] and [d, e]. The input sequence to the Ssp-2 transformer model is

[a,b,c,b,¢,d,¢], and the attention mask is:

5(1,2,2) =

I = S = S e S e e

000
1 00
110
0 01
0 01
110
110

o O L, -k, O o o
= R, o O O O O
- = O O O O O

Comparing to regular language models, Ssp-2 has a uni-directional encoder and locally
bi-directional decoder. In a pilot pretraining session, we observe this change leads to
a twice as fast training speed compared to the original Ssp-LM on a same amount of

training tokens.

5.6.3 Pretraining hyperparameters

For the Ssp-2 model of each size (13B/2.7B/0.1B), we conduct two phases of training, a
warmup phase without self-conditioning and a formal phase with self-conditioning
using the complete algorithm shown in Figure 5.2. Throughout all pretraining setups,
we use a max sequence length of 500, a learning rate of le-4, and a weight decay of
0.01. For the 13B Ssp-2, we train with a warmup batch size of 768 for 50,000 steps (19B
tokens) and a formal batch size of 384 for 100,000 steps (19B tokens). For the 2.7B Ssp-2,
we train with a warmup batch size of 256 for 100,000 steps (13B tokens) and a formal
batch size of 1024 for 100,000 steps (51B tokens). For the 0.1B Ssp-2, we train with a
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warmup batch size of 2,048 for 200,000 steps (205B tokens) and a formal batch size of
2,048 for 100,000 steps (102B tokens). We use Nvidia V100 GPUs in distributed training,
and the different batch size and number of warmup steps across different models are
due to the models” memory footprint and the relative cluster traffic during our pilot
pretraining. Future work with a dedicated group of computing resources can explore

pretraining for longer to mitigate the undertraining issue mentioned in §5.3.

5.6.4 Pretraining losses

Figure 5.3 shows the pretraining losses of Ssp-2 over time. We report the losses after
the warmup stage and average them across batches with a self-conditioning p = 0.5 as
described in Figure 5.2. We see a sign of undertraining from the loss curves. Due to
our computing budget, we leave to future work a potential continued pretraining over

current Ssp-2 models on larger and better curated data.

3.8

3.71 M
2
235 — 0.1B
2 2.7B
c
‘< 3.51 — 13B
=
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0 20000 40000 60000 80000 100000
Step

Figure 5.3: Pretraining losses across training steps (with self-conditioning, after the
warmup stage). We conjecture that the models can benefit from more training given

more resources.

5.6.5 Decoding speed

Though the decoding of Ssp-2 is still significantly slower than an autoregressive
language model, it achieves a great speedup compared to the original Ssp-LM. We use

a same setup as the reported Ssp-LM decoding in Han et al. (2022). Conditioning on 50
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prompting tokens, we record the speed of generating the next 25 tokens with timestep
T = 1000 on a Nvidia V100 GPU.

The 0.4B Ssp-LM takes 25 seconds. By contrast, though our 2.7B Ssp-2 and 13B
Ssp-2 are 7x and 33x larger than Ssp-LM, they only take 22 seconds and 48 seconds

respectively, indicating a significant speedup.'®

5.6.6 Standalone SSD-2 finetuned with DOLLY

Following §5.4.2, we evaluate the outputs from the finetuned models, Ssp-2-poLLy
and OPT-poiLy, on both porLLY’s held-out test set and Vicuna’s test set. As shown in
Table 5.4, we find that against very strong baselines pretrained on much larger datasets,
our model still wins on a moderate percentage of test examples. Compared to LLaMA
(which is trained on 1T tokens for much longer but not fine-tuned for chat), Ssp-2
performs marginally better. It is overall mildly less preferred than the OPT-poLLYy model
on both pOLLY’s and Vicuna’s test sets, and significantly less than the Alpaca model.
We emphasize that compared to OPT and LLaMA-based models, Ssp-2 is currently
pretrained with a relatively small, single-corpus dataset,'® and finetuned on an open-
source dataset much smaller compared to its non-open-source licensed counterparts
that Alpaca relies on. We believe if trained on similar datasets, Ssp-2 can fill the current

performance gap considerably.

5.6.7 Qualitative examples

In Table 5.5, we show some qualitative examples of our finetuned diffusion language
model, Ssp-2-DOLLY’s outputs. The outputs are generated by the 13B model to the
queries from the Vicuna test set (Chiang et al., 2023), on open-ended question answering,
creative writing, etc. We empirically find that the generations have an overall reasonable

format and content.

15Tt is worth noting that we add a timestep embedding when encoding the context in Ssp-2 (§5.2.1).
During inference across timesteps, to reuse the encoded states of the context, we quantize the input timestep
t to the context timestep embedding layer, fquantized = £ — (t mod Q). We use Q = 50 throughout the

work and do not find the quantization to negatively impact the generation quality empirically.
16Despite that we initialize Ssp-2 with the OPT weights at the beginning of pretraining, the diffusion ob-

jective is fundamentally different from a causal language modeling objective, and the encoded knowledge

of OPT may not transfer well.
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Comparing against Win Draw Lose

On Dolly’s test set
OPT-Dolly-13B 41.4% 0% 58.6%

On Vicuna’s test set

LLaMa-13B 51.4% 0% 48.6%
OPT-Dolly-13B 37.1% 0% 62.9%
Alpaca-13B 20.0% 1.4% 78.6%

Table 5.4: Quantitative evaluation of the finetuned Ssp-2’s outputs against those of
autogressive baselines based on ratings of GPT-4. We report the percentage our Ssp-2

wins / draws / loses to the baseline models.

5.6.8 Evaluation templates

We show in Table 5.6 the templates we used to evaluate model responses via GPT-
4 or GPT-3.5-turbo. For the inference-time collaboration results, apart from the five
evaluated attributes described in §5.4, in the template we additionally queried for a
rating of conciseness and human preference. However, we consider conciseness a less
relevant attribute compared to the other attributes and GPT-3.5-turbo less qualified to
give ratings of human preference. We filtered them out in our main results but they

hold a similar trend as the results of the other five attributes.
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Prompt: How can I improve my time management skills?

Time management is in short, an important skill to develop. A person needs to learn how to manage their time more effectively.
Here are a few techniques that can help you do that:

1. Prioritizing: One of the first things that you should try in order to improve your time management skills is to identify
which tasks have high priority and need to be given immediate attention, and those that have low priority but can be postponed
until a later date.

2. Multi-tasking: Although it might feel productive to handle more than one task at the same time, it’s actually less
efficient at managing our time. It’s better to focus on one thing at a time, and fully dedicate 100% of our efforts to it.

3. Delegating: It’s perfectly fine to say no to some tasks or even ask for help when needed. It’s sometimes considered a sign
of weakness, but delegation will allow us to free up our time so that we can work on the things that really matter.

4. Being organized: Making a list will not only help us keep track of tasks that need to get done each day, but it will also
help us avoid feeling overwhelmed by all the ideas and thoughts running through our heads at any given moment.

By following these tips, you’ll be able to significantly improve your time management skills!

Prompt: Write a symphony concert review, discussing the orchestra’s performance

and overall audience experience.

It was a magical night at Symphony Hall on Saturday, as the Boston Symphony Orchestra, under the baton of Andin Mehta,

performed Tchaikovsky’s Symphonies No. 5 and No. 6. Tchaikovsky has always been one of my favorite composers, and these two
symphonies are among his most beautiful. They are full of sweeping melodies, lyrical string writing, and lush orchestral

textures that transport you to a different world each time you listen.

And Mehta did an incredible job in leading the BSO through these masterpieces. He brought out every nuance in the music - from
the quiet tenderness of the first movement to the pulsing energy of the Allegroagio to the breathtaking crescendo of the

Finale.

The entire experience was absolutely magical: I couldn’t have asked for a better way to spend a Saturday night! And I would

highly recommend this performance for anyone who is a fan of Tchaikovsky or classical music in general.

Table 5.5: Qualitative examples of Ssp-2-DOLLY’s responses to instructions. We show the
first and last prompt from the Vicuna test set. The outputs of our diffusion chat model
have an overall reasonable format and content, though being inaccurate in details like

the conductor’s name and the tempo terminology.
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Evaluation template used to compare Ssp-2’s responses with baseline models’

responses (8§5.4.2), following Chiang et al. (2023).

[Question]

{test instruction}

[The Start of Assistant 1’s Answer]

{baseline model’s response}
[The End of Assistant 1’s Answer]

[The Start of Assistant 2’s Answer]

{8SD-2’s response}
[The End of Assistant 2’s Answer]

[System]

We would like to request your feedback on the performance of two AI assistants in response to the user question displayed
above.

Please rate the helpfulness, relevance, accuracy, level of details of their responses. Each assistant receives an overall
score on a scale of 1 to 10, where a higher score indicates better overall performance.

Please first output a single line containing only two values indicating the scores for Assistant 1 and 2, respectively. The
two scores are separated by a space. In the subsequent line, please provide a comprehensive explanation of your evaluation,

avoiding any potential bias and ensuring that the order in which the responses were presented does not affect your judgment.

Evaluation template used to rate responses from either the baseline models or

Ssp-2 w.r.t. different attributes (§5.4).

Rate the response below to an instruction, from the aspects of relevance, factuality, informativeness, conciseness,

coherence, understandability, and overall human preference, each on a scale of 10 (format: x/10).

Instruction: {test instruction}

Response: {model response}

Please give the ratings now.

Table 5.6: Evaluation templates used in §5.4.2 and §5.4. The first template was used with
GPT-4 (temperature=0.2), whereas the second was used with GPT-3.5-turbo (greedy)
since we need significantly more queries across different Ayser’s. In the comparative
evaluation using the first template, flipping the order of the baseline model’s response

and Ssp-2’s response leads to a similar result.
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Chapter 6

Collaboration between Language
Models and Multimodal

Compression Codecs

This chapter discusses work previously published in Han et al. (2024) — JPEG-LM: LLMs as

Image Generators with Canonical Codec Representations.

With large language models the field of NLP has shifted to multi-task processing
(e.g., machine translation, code generation, action planning) using a single LLM with
little data needed for adaptation (Ouyang et al., 2022). We envision that future research
will continue shifting to multi-modal multi-task processing, where text and visual
data are mixed. However, current paradigms of generating images and videos differ
substantially from text generation, requiring specialized and complicated training and
representations (Van Den Oord et al., 2017; Rombach et al., 2022; Peebles and Xie, 2023).
In this work, we simplify the task of image and video generation by using the exact
autoregressive transformer architecture as in mainstream LLMs (Radford et al., 2019),
over canonical and universal codecs: JPEG for images (Wallace, 1991), and AVC/H.264
for videos (Wiegand et al., 2003).

The key obstacle to training autoregressive models for image and video generation
is discretization, as continuous data like images and videos need to be represented as
discrete tokens. Current generative vision models that follow autoregressive language

modeling objectives (Bengio et al., 2000) often adopt vector quantization (VQ) to encode
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images or videos to some learned latent codes and then apply language models (Van
Den Oord et al., 2017; Ramesh et al., 2021; Yu et al., 2021; Yan et al., 2021; Yu et al., 2023).!
However, VQ methods often demand sophisticated tokenizer training that requires a
careful hyperparameter selection for vision-specific modules (e.g., downsampling factor
in convolutions) and balancing across several losses (Van Den Oord et al., 2017; Esser
et al., 2021). VQ also involves a two-stage, non-end-to-end learning process (first the
neural tokenizer, then the latent code LM). This makes downstream adaptation of the
models less flexible (e.g., tuning the VQ tokenizer interferes with the learned latent code
LM). Overall, the use of conventional LLM architectures (end-to-end autoregressive
sequence modeling) as generative vision models is not yet straightforward.

The seminal work of ImageGPT (Chen et al., 2020) attempted to bridge this gap
by using a regular GPT architecture to model pixels sequentially. They have shown
a small-scale success at a very low resolution of 32x32 pixels. More realistic images
at a size of 256x256 would require modeling a prohibitive amount of tokens in each
sequence (65K or 196K tokens depending on color modes), not to mention videos. This
hinders the method’s wider adoption by the field.

In this chapter, we tackle the problem of training LLM architectures for image and
video generation where the essential discretization neither adds significant complica-
tions to the pipeline like VQ methods, nor is computationally prohibitively expensive
like ImageGPT. Specifically, we use canonical file encodings/codecs—JPEG for im-
ages (Wallace, 1991), and AVC/H.264 for videos (Wiegand et al., 2003)—as non-neural
preprocessors that discretize data. We show that codec-based representations greatly
mitigate the sequence length limitation while being simple and effective. This design
enables us to train a vanilla transformer with the conventional language modeling
objective for image and video generation in a realistic setup.

We pretrain two 7B models with a Llama-2 architecture (Touvron et al., 2023b),
named JPEG-LM and Avc-LM, that can generate 256x256 images and 256x144 videos

IThe other major line of generative vision models are diffusion models, a score-based, non-
autoregressive method (Song and Ermon, 2019; Ho et al., 2020; Rombach et al., 2022; Peebles and
Xie, 2023). Since the diffusion objectives are drastically different from the language modeling objective, it
is challenging to integrate them in a multi-modal setup (e.g., with regular language models). While not
a main focus of this work, we include comparisons with diffusion models in our later experiments as a

secondary evaluation.
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with 15 frames, with an average context length of 5K and 15K, respectively. In our
main image modeling/generation evaluations, we show that JPEG-LM surpasses strong
VQ-based models in generation quality (an average of 31% FID reduction) and produces
surprisingly realistic qualitative examples. Our results also show Avc-LM can generate
videos with realistic movements. Furthermore, we analyze in which aspects JPEG-LM is
particularly stronger than VQ models and discover that our non-neural, training-free
codec representations are more competent in capturing long-tail elements in images
(e.g., human faces/eyes and text characters in small sizes).

Overall, this work presents how conventional LLM architectures can be used as
generalized models towards visual generation. Our approach using canonical codecs
does not incur vision-specific complications in the pipeline or suffer from sequence
length infeasibility seen in prior work. Compared to the baselines, our models are much
simpler to train and more effective. Following the previous efforts in unifying detached
language-based tasks, our method helps pave the way to a unification of multiple
modalities, facilitating the exploration of porting LLM techniques (e.g., alignment,

scaling, efficiency, security, etc.) to all modalities.

6.1 Background

We explore autoregressive image generation as a straightforward extension of prominent
LLM setups (Radford et al., 2019).> Conventional language modeling (Bengio et al.,
2000) models the likelihood of sequential data autoregressively. Specifically, given a
sequence of discrete tokens x1, x2, - - - , xn (or x1.N), a language model models p(x1.x) =
Hfil p(x; | x1.i—1), an objective used in most mainstream LLMs. The key of applying
language modeling to visual generation is how to discretize continuous data x like
images and videos to discrete tokens x.y like in language. Below we give an overview

of two prominent approaches to the discretization of images.

2As a proof of concept, we mainly explore autoregressive modeling in visual generation only (images

and videos, without text-conditioning), while future work may explore more diverse multi-modal setups.
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6.1.1 Pixel values: ImageGPT

ImageGPT (Chen et al., 2020) is an image generation model based on a conventional
LLM architecture (GPT-2). The images are discretized as a sequence of pixel values
(integers 0-255) from the upper-left to the bottom-right pixel (raster scan). Since there
are three channels of colors for each pixel, to reduce the number of tokens in each pixel
sequence, ImageGPT clusters pixel colors to 512 distinctive clusters (i.e., for each pixel,
three values from 0 to 255 are converted to one value from 0 to 511).

ImageGPT models the probability of pixel sequences autoregressively:
p(pixel-value(x); | pixel-value(x)q.;—1)

This is an expensive process, and ImageGPT only models and generates 32x32 images.
Images with a more realistic resolution like 256x256 would require 65K tokens for
each image (or 196K tokens without color clustering), a prohibitive sequence length for

LLMs.

6.1.2 Latent codes: Vector-Quantization models

Vector-quantization (VQ) operates as a two-stage process, tokenizer training and lan-
guage model training (Esser et al., 2021; Ramesh et al., 2021). We take VQ-VAE as our
example tokenizer which discretizes continuous images (Van Den Oord et al., 2017).
The tokenizer first learns an encoder E to project an image x to spatial features E(x).
Then for each feature e in E(x), it is quantized to £ by looking up the nearest neighbor

in a learned codebook Z:
£ = quantize(E(x)) = [argmin, ;e — z¢[3]ece(x)

The index k of the nearest entry in codebook Z for each spatial feature forms the
sequence of VQ latent codes. A decoder G is then learned to reconstruct the original
image from the quantized representations. Overall, VQ-VAE learns an encoder E,
decoder G, and codebook Z, with three distinct losses: reconstruction loss, codebook

loss, and commitment loss.
Lyqvae = [[x — G(£) |1 + llsg[E(x)] — 2[5 + Bllsg[2] — E(x)I3

An effective VQ tokenizer needs a large amount of training data, proper hyperparame-

ters for the vision-specific modules (e.g., downsampling factor in convolutional encoder
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E(-)), and a careful balance between the different losses (e.g., in Lyg.vag), which add
significant complications to the pipeline.
A language model architecture can then be trained over the VQ latent codes (a

sequence of index k above) as a generative vision model:
p(VQ-code(x); | VQ-code(x)1.i—1)

Notably, since the training of language model comes after and depends on the VQ
tokenizer, a post-hoc update to the VQ tokenizer is challenging since it would lead to a
non-trivial retraining or adaptation of the trained language model. Indeed in §6.4.3 we
find that the VQ tokenizer, though trained with a large amount of data, still struggles
with long-tail elements in the images and is hard to be optimized once and for all.
For simplicity and end-to-end adaptability, we propose to discretize continuous
image and video data via canonical codecs — a collaboration between language models

and multimodal compression algorithms.

6.2 JPEG-LM and AVC-LM

Though images and videos are continuous data and naturally have 2D or 3D data
structures, they are stored as files on computers efficiently via compression/codecs,
which leads to a discrete 1D representation. We aim to explore whether standard LLM
architectures can directly learn to model and generate canonical vision file encodings,
which can subsequently be read/opened as generated images or videos. Generation in
this paradigm would greatly mitigate the sequence length infeasibility in ImageGPT
while being simple and end-to-end trainable compared to VQ methods. Moreover,
canonical file encodings/codecs are often non-neural and training-free and are robust
to distributional shifts (§6.4.3). In this work, we choose the most popular and established
file encodings/codecs for images and videos, JPEG (Wallace, 1991) and AVC/H.264
(Wiegand et al., 2003), respec’cively.3

3For images, PNG is also a common format. However, unlike the lossy JPEG, PNG is a lossless
compression method (similar to ZIP) and often results in less effective compression and much longer

sequences than JPEG.
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6.2.1 Canonical codecs: JPEG and AVC/H.264

Canonical non-neural codecs like JPEG and AVC have a high-level intuition to compress
signals that are less perceptible to human eyes more aggressively. JPEG has three main
steps to encode each image: discrete cosine transform (DCT), quantization, and entropy
coding. DCT converts each image patch to a weighted combination of a preset of
patches containing low- and high-frequency patterns. Quantization zeroes out some
high-frequency patterns from the weighted combination, since human eye is not good
at perceiving them. Entropy encoding such as Huffman coding is then used to reduce
the total numbers/bits representing the patches/images.*

AVC (H.264) operates on patches (macroblocks) of video frames. Each patch can
be encoded using blocks of pixels that are already encoded within the current frame
(intra-frame prediction) or using blocks of pixels encoded in other frames (inter-frame
prediction with motion estimation). The prediction is then subtracted from the current
patch to form a residual. The residual then goes through a process similar to JPEG,
involving DCT, quantization, and bitstream encoding. The encoded content is a crucial
part to the subsequent container files like MP4.

Both codecs have been used widely for decades and substantially compress the data
(and thus sequence length) compared to raw pixel modeling (in our setup 40x in JPEG
and 110x in AVC). Our focus is to use these canonical codecs as off-the-shelf tools to
convert images and videos to sequences of discrete bytes efficiently.> We wish to fit an

LLM to implicitly learn the grammars and semantics of the canonical codecs.

6.2.2 JPEG-LM and AVC-LM

JPEG and AVC convert images and videos to bytes. Most of these bytes represent the
image and video content after entropy encoding. However, there are also metadata
and special patch/macroblock separators that are invariant across images or videos
and use up multiple bytes. To address them along with other unknown frequent byte

combinations that are compressed suboptimally by entropy encoding (e.g., by JPEG’s

A further intuitive and interactive description can be found at https://parametric.press/issue-

01/unraveling-the- jpeg/ (Shehata and Conlen, 2019).
5Both codecs operate at bits level at the core (due to entropy encoding), but modeling at bytes level is

effective according to our experiments.
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Figure 6.1: JrEG-LM and Avc-LM are simple autoregressive transformers that directly

model and generate canonical file encodings.

standard, fixed Huffman tables), we further extend the default byte vocabulary (256
discrete values) slightly with byte-pair encoding (BPE), a standard preprocessing scheme
in LLMs, which merges bytes appearing together frequently to a new single token.®
Since JPEG and AVC produce sequences of variable lengths based on the content of
images and videos, special beginning-of-sequence and end-of-sequence tokens are
also added to the vocabulary. The entries in the vocabularies are considered as our
JPEG/AVC tokens.

Given an image x, we propose JPEG-LM to model:
p(JPEG-token(x); | JPEG-token(x)1.;—1)
Given a video x, we propose Avc-LM to model:

p(AVC-token(x); | AVC-token(x)1.;_1)

®More precisely, for the metadata/headers in the byte sequence that are well-known to be redundant
across examples (e.g., JPEG quantization and Huffman tables), we remove them in the preprocessing and
later add them back to the generated bytes from the model. For more complicated codecs like AVC, we let

BPE handle such metadata.
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We use conventional LLM architectures (autoregressive transformers) without any
vision-specific modifications (no convolutions, no 2D positional embeddings) to maxi-

mize the models” generality.

6.3 Experimental setup

6.3.1 JPEG-LM

We pretrain a 7B Llama-2 model (Touvron et al., 2023b) from scratch using 23M 256x256
images subsampled from Schuhmann et al. (2022). JPEG encodes each image with a
quality factor of 25 (qualitative illustration in §6.4.3).” We first use 10K images to derive
320 BPE tokens as our vocabulary entries.® On average, each image in our training data
leads to 5K tokens. For batching efficiency, we concatenate all sequences in the dataset
and chunk in sequences of length 12K. In total, we have 9.5M sequences and thus 114B
JPEG tokens (for each epoch). The model is trained approximately for two epochs with

a maximum learning rate of 3e-4.

6.3.2 AVC-LM

As a proof of concept that canonical video codecs can be used for video generation as
well, similar to JrEG-LM, a 7B Llama-2 model is pretrained from scratch as Avc-LM
using 2M 256x144 videos subsampled from Bain et al. (2021). Due to the scope of
experiments, we only keep the first 5 seconds of each video with 3 frame-per-second
(thus 15 frames in total). The video is then processed with AVC/H.264 codec with a
constant quantization parameter 37.° We use 10K videos to derive 1024 BPE tokens as
the vocabulary entries. On average, each video in our training data has 15K tokens. We
perform data concatenation and chunk in context lengths of 32K for efficient batching.

In total, we have 1.3M sequences and thus 42B AVC tokens.

"https://pillow.readthedocs.io/
8In our pilot study, we find the BPE process to be optional and the model would work similarly

without it. The 64 extended vocabulary entries apart from the 256 default byte values include special JPEG
separators FFDO, FFD1, ..., FFD9, FFDA, and static file headers invariant across data, which slightly help
reduce the sequence length. The vocabulary size 320 is chosen since a multiple of 64 for the embedding

dimension is desired for optimal compute on GPUs.
https://ffmpeg.org/
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6.3.3 Image generation baselines

VQ transformer We use a pretrained VQ tokenizer from Tang et al. (2022), which
used 200M images (ITHQ-200M, closed source dataset) to train a VQ-VAE model.!0
This VQ tokenizer processes each image in the 23M image training set for our JPEG-LM
(vocabulary size 4096, sequence length 1024). We then train a 7B Llama-2 transformer
with the same configuration as in JPEG-LM. We use this VQ model as a main comparison

to our JrEG-LM throughout this work.

ImageGPT + super-resolution ImageGPT uses GPT-2 XL as its underlying architec-
ture. The pretrained model in (Chen et al., 2020) is trained over 14M 32x32 images from
ImageNet. For a comparable evaluation, we use a super-resolution model (Rombach

et al., 2022) over ImageGPT’s output.!!

Diffusion Though not a focus of this work, we include two variants of diffusion
models in the baselines, Stable Diffusion (inpainting optimized) (Rombach et al., 2022)
and VQ diffusion (Gu et al., 2022; Tang et al., 2022). Both diffusion models can take
partial images (through masking) and generate completed images, a setup we use
across models in later evaluations. These baseline diffusion models are smaller in
model size (~1B) but consume orders of magnitude more training data (200M-5B).
They only serve as a secondary reference, and our focus is on comparing autoregressive

image generation models under mainstream LLM paradigms.

6.4 Results

In works of language modeling, a fundamental evaluation is to collect a set of validation
data, use the prefixes of data as prompts to the pretrained language model, and sample

from the language model for a completion (Holtzman et al., 2020; Meister et al., 2023).

01n our pilot study, we found this 8 VQ tokenizer outperforming other open-source VQ tokenizers,
even the ones with longer context lengths (f4) like in Rombach et al. (2022). More discussion can be found

in §6.6.1.
NThe pretrained model provides 4x super-resolution. In our pilot study, we find performing a 4x

super-resolution, followed by a 0.5x downsample, then another 4x super-resolution yields the best result

for the 322-t0-256% conversion.
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Figure 6.2: Generated images by JPEG-LM and baselines with partial images as prompts.
We show three random samples from JPEG-LM and one from VQ transformer and Im-
ageGPT (with super-resolution). The original images for the prompts are independently
sourced outside existing training sets. We observe that JPEG-LM can generate realistic
facial expressions, landscape, common objects, texts in image forms, etc. Additionally,
JPEG-LM shows an especial advantage over baselines on meaningful details like human
eyes (zoom in for the best view). Figure 6.6 and Figure 6.7 show further examples of

JPEG-LM and VQ transformer on unconditional generation.

The completions are then evaluated for their quality against the gold validation data
through distance metrics like Mauve score (Pillutla et al., 2021).

In this chapter, since we focus on vision-modality-only models with LLM archi-
tectures, we retain partial images (and later partial videos) as prompts to our models

and evaluate their completions. Given a prompt ratio 7prompt, the autoregressive image
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generation models condition on dlscretlzatlon(x)1:(,pmmpthtokens) for the generation.

Throughout the evaluations, the comparison between JrEG-LM and VQ transformer
would be the most direct, as they share the same paradigm, model size, and training
data (except that VQ transformer uses substantially more data in the tokenizer training

stage).

6.4.1 Qualitative analysis

In Figure 6.2, we show the generation samples from JrEG-LM along with baseline
models over independently sourced data outside existing training sets. We observe that
by directly outputting JPEG file bytes, JPEG-LM can generate surprisingly realistic facial
expressions (especially the eyes, compared to the strong VQ transformer), landscape,
common objects, texts in image forms, etc. Figure 6.6 and Figure 6.7 show examples of

JrEG-LM and VQ transformer on unconditional generation.

6.4.2 Quantitative results

In Table 6.1, we show prompting JPEG-LM, VQ transformer, and other baselines with
different levels of partial images in ImageNet-1K (Russakovsky et al., 2015). The FID
evaluation (Heusel et al., 2017) contains 5000 randomly sampled images from ImageNet-
1K’s validation set. This is zero-shot generation (w.r.t. models” training sets) and without
class-conditioning. Experiments were done three times with different seeds. JPEG-LM
consistently outperforms the VQ transformer in all prompting ratios. It mostly surpasses
diffusion baselines with inpainting capabilities as well.

In Table 6.2, we show prompting the models with partial images in FFHQ (Karras
et al., 2019). This is also a zero-shot setup without training to the FFHQ distribution
and is evaluated on 1000 randomly sampled FFHQ images. JPEG-LM consistently
outperforms the VQ transformer and other baselines.

In Table 6.3, we further validate our findings on fully unconditional generation with

JPEG-LM and VQ transformer. Since they were trained on the same training data, we

12More specifically, the fixed-length VQ transformer and ImageGPT condition on

discretization(x);,(

(Forompt * Niogens) @1~ generate discretization(x)

Variable-length

Tprompt X Niokens)*Niokens *

JPEG-LM conditions on discretization(x) and generates until a EOS token

1:patch-position (prompt X Npatches )
is produced. Throughout the work, sampling from autoregressive transformers is by default with

top-p = {0.9,1.0} and top-k = {40,80}.
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Fprompt = 025 Tprompt = 0.5 Tprompt = 0.75

Stable Diffusion anpainy ~ 266.71 (167 132.98 (x059 58.17 (x010)
VQ Diffusion 252.42 (+020) 125.16 (+0.26) 57.49 (z025)
ImageGPT (superresolution)  289.48 (+0.61) 262.76 (048 258.11 (0.9
VQ Transformer 302.92 (+029 172.73 (o021 71.88 (+0.19)
JPEG-LM 272.12 @124 123.09 (+o02s) 34.21 (o021

Table 6.1: Zero-shot, partial-image-conditioned, FID evaluation on ImageNet-1K (lower
is better). Tprompt indicates the ratio of the image passed to the model as prompt. Best
results among the autoregressive models are in bold fonts (reference diffusion results

are italicized if better).

Fprompt = 0.375 Fprompt = 04375 Fprompt = 0.5
Stable Diffusion @npaing ~ 115.30 (2.1 107.02 (+189 89.82 (z451)
VQ Diffusion 60.88 (039 45.63 (x017) 40.58 (091
ImageGPT (superresolution)  61.73 (091 57.80 (o073 55.28 (12
VQ Transformer 53.25 (o059 45.58 (+o059) 41.15 (o035
JrEG-LM 36.15 11 31.22 (+o33) 27.15 o2

Table 6.2: Zero-shot, partial-image-conditioned, FID evaluation on FFHQ (lower is
better). rprompt indicates the ratio of the image passed to the model as prompt. Best
results are in bold fonts. The prompting ratios in FFHQ were chosen differently such
that they often lead to image prompts above the human eyes, below the eyes, and below

the nose in pilot experiments.

VQ Transformer 155.51 (+241 JrPEG-LM 121.35 (+os1)

Table 6.3: Unconditional FID comparison of JPEG-LM and VQ transformer.

can compare their FID of unconditional generation w.r.t. our held-out, i.i.d. evaluation
set. We again observe that JPEG-LM achieves a better FID.
These findings show JPEG-LM’s overall competence in image generation with a pure

LLM architecture modeling canonical file encodings.
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(a) Original (b) After VQ (c) After JPEG

Figure 6.3: Compression effect of VQ and JPEG (zoom in for the best view). JPEG is
significantly better in detailed but highly perceptible elements like small human faces

and text characters. VQ has a relative advantage in color and sharpness preservation.
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Figure 6.4: Correlation between per-class (ImageNet-1K) FID difference and class
frequency. The class frequency is estimated through querying Google image search.
Each class has a corresponding data point while an aggregation is performed for visual
clarity. The correlation is positive and statistically significant (p=0.0002). This indicates

JPEG-LM has more advantage in long-tail classes.'?
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6.4.3 Why JPEG-LM? A case study over long-tail elements in images

To further explore in which aspects our JPEG-LM excels compared to the baselines,
especially the VQ transformer, we first compare how data is processed /compressed

before being trained in transformers in JPEG-LM and VQ models.

JPEG vs. VQ compression JPEG-LM and VQ transformers can both be interpreted as
first performing compression and then autoregressive modeling. The VQ model, unlike
the non-neural JPEG compression, trained its VQ-VAE quantizer with a large amount
of data (200M images in our case). In Figure 6.3, we observe that both compression
methods are relatively successful in compressing and decompressing general scenes
like nature/landscape backgrounds. However, we find VQ suffers in small but highly
perceptible elements in the images, like human faces or eyes. For images that contain
small text characters, we observe the image degradation in VQ also happens in a
non-predictable way, generating seemingly clear but uninterpretable text characters.
On the other hand, the image degradation due to the non-neural, training-free JPEG
compression happens in a predictable manner, arguably more preferrable, especially

when images contain long-tail elements with important meanings.

Quantitative analyses on long-tail elements In Figure 6.4, we first show the per-
class FID in our ImageNet-1K generation experiments. For each class of images, we
calculate the difference between their FID with JreEG-LM generations and FID with
the VQ transformer generations. We also estimate the frequency/coverage of each
class of images on the internet by querying Google image search and logging the total
number of returned results. We observe a statistically significant correlation between
the per-class FID difference and the class frequency. The more advantage we observe
in JPEG-LM over the VQ model, the less frequent the corresponding class is. In other
words, JPEG-LM excels relatively more in long-tail sub-distributions.

In Table 6.4, we further intervene on the FFHQ images by downsizing them (to
0.5x, while padding the images with black background to keep the overall size), aiming

to test different models” performance on smaller visual concepts (e.g., small human

13To further corroborate our findings, apart from using Google image search, we also estimate the class
frequency by matching class names/descriptions to the captions of our training images. The correlation is

again positive and statistically significant (slope=+106.7, p-value=0.006).

101



Fprompt = 0.375 Fprompt = 0.5

Stable Diffusion ar) 136.28 (+24s) 120.54 (+646)
Adownscaled—original +20.98 +30.72
VQ Diffusion 83.63 (x1.16) 47.90 @112
Adownscaled—original +22.75 +7.32
ImageGPT k) 46.67 o) 40.46 (o0
Adownscaled—original —15.06 —14.82
VQ Transformer 56.33 (=0s6) 47 .94 (o021
Adownscaled—original +3.08 +6.79
JPEG-LM 35.80 (017 26.25 (+045)
Adownscaled—original —-0.35 —0.90

Table 6.4: Zero-shot, partial-image-conditioned, FID evaluation on downscaled FFHQ
(for both FID and A, lower is better). An increased gap between JrEG-LM and the VQ

transformer shows JPEG-LM is more robust to small but meaningful long-tail elements.

faces). Such concepts, though small in size, can still be highly perceptible by humans
and contain important meanings. We thus want the models to be robust on them.
We perform similar prompted image generations with JrpeG-LM, VQ transformer, and
other baseline models.'* We find that JrEG-LM still consistently outperforms the VQ
transformer (and other baselines as well). Especially, JPEG-LM achieves slightly better
performance while VQ transformer becomes worse compared to the experiments with
original image size. These deltas in opposite directions highlights the robustness of
JPEG-LM.

These findings show that JPEG-LM not only has a promising performance overall,

but specially strong with long-tail visual elements in the images.

6.4.4 Proof-of-concept video generation

One advantage of using canonical file encodings in LLM paradigms for vision gener-

ation is simplicity. From JPEG-LM that generates images, we naturally take one step

14The FID is measured on the active proportion of the images, excluding the black paddings.
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(b) Generation

Figure 6.5: Generated video frames by Avc-LM on held-out test data. The first 10 frames

are given to the model as the prompt, and the last 5 frames are generated by the model.

further and train a video generation model, Avc-LM, that models canonical video
codecs (AVC/H.264) with autoregressive transformers.

As a proof of concept, we prompt Avc-LM with partial videos (i.e., frames) from a
held-out set from our training data and investigate the model completions. In Figure 6.5
(along with §6.6.3), we show qualitative examples generated by Avc-LM. We observe

that Avc-LM can capture the motion of moving objects reasonably.

6.5 Related Work

Current image and video generation models often adopt an autoregressive or diffusion
approach. The autoregressive approach can build upon pixel-based representations
as explored in Van Den Oord et al. (2016); Van den Oord et al. (2016); Chen et al.
(2020). These methods suffer from prohibitively long sequences and only operate
on low-resolution images. The autoregressive approach can also build upon vector
quantization, which involves a sophisticated pre-hoc tokenizer training in addition to
the autoregressive model (Van Den Oord et al., 2017; Esser et al., 2021; Ramesh et al.,
2021; Yu et al., 2021; Yan et al., 2021; Yu et al., 2023; Mentzer et al., 2023; Lu et al., 2023;
Liu et al., 2024a).

Diffusion models generate images or videos by an iterative denoising process, and

they have specialized objectives and architectures that are challenging to be incorporated
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to regular LLM paradigms to form multi-modal systems (Song and Ermon, 2019; Ho
et al.,, 2020; Rombach et al., 2022; Ho et al., 2022; Gu et al., 2022; Tang et al., 2022;
Gu et al., 2023; Peebles and Xie, 2023; Crowson et al., 2024). For example, performing
simple tasks outside visual generation like classification with diffusion architectures is
already not straightforward (Li et al., 2023a).

In this chapter, we propose to model canonical codecs (JPEG and AVC/H.264) with
conventional language model architectures for visual generation. Horton et al. (2023)
and Wu et al. (2024) are independent work that also process file bytes data, but they
both focus on visual understanding (instead of generation) and use specialized modules
to handle the byte sequences (whereas we use a general Llama-2 model). Perez et al.
(2024) concurrently discover that JPEG formats can be used with language models in
tile anomaly handling and generation (on low-resolution images).

As a universal codec, JPEG is a novel form of data encoding for efficient image
understanding (Park and Johnson, 2023). Kang et al. (2019) explore an image generation
model that performs generation and JPEG compression in one system with GANSs.
JPEG artifacts can also be corrected by learning a restoration model (Kawar et al., 2022),
which is potentially helpful to the generations from our JPEG-LM for improving image
quality. Compressive codecs are also a rising topic in language. Jiang et al. (2023) use
canonical compressors as feature extractors for texts. Lester et al. (2024) train language

models to generate compressed texts.

6.6 Conclusion and continued discussion

In this chapter, we propose JPEG-LM and Avc-LM that generate images and videos
using mainstream LLM architectures (autoregressive transformers) with canonical
codec representations (JPEG for images, AVC/H.264 for videos). Our approach greatly
mitigates the length infeasibility of pixel-based sequence modeling while enabling
simple, flexible, and end-to-end training compared to sophisticated vector quantization
methods. Our image generation evaluation shows JPEG-LM achieves better results than
the baselines, with an especial advantage in generating long-tail visual elements. Our

work contributes to a unifying paradigm of language generation and visual generation,
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facilitating future research to port successful LLM techniques (e.g., alignment, efficiency,
etc.) to all modalities.

One notable significance of this work is to show that vanilla autoregressive language
modeling with canonical codecs is indeed possible in visual generation, an approach
almost void of prior work. Based on the findings of this work, future work may continue
to investigate the scaling aspect of this family of models (similar to mainstream LLMs),
co-training /deployment with text-based LLMs, or better architectures for canonical

codecs without loss of generality for other modalities.

6.6.1 Design discussion

Our work focuses on the challenging task of visual generation (e.g., outputting images)
rather than visual understanding (e.g., inputting images, outputting classes or texts). In
the field of visual understanding, the encoding of images has less restricted forms. For
example, Bavishi et al. (2023) and El-Nouby et al. (2024) linearly project image patches
as inputs to the transformers, Liu et al. (2024b) pass CLIP embeddings (Radford et al.,
2021) to language models, etc. However, these image encoding formulations are not
applicable to image generation. Though not a focus in this work, future work may
extend our JPEG-LM and Avc-LM that share the same underlying architectures with
regular language models to image and video understanding scenarios.

Compared to raw pixel modeling that would represent a 256x256 image with 65K or
196K tokens (depending on color modes), using canonical codecs like JPEG substantially
reduces the sequence length to 5K on average. In terms of sequence length, the VQ
transformers are usually more aggressive, representing each image with 1K tokens.
It is notable that this an ideal hyperparameter discovered in prior work that helps
model global structures—increasing the number of tokens in VQ (thus reducing the
downsampling patch size) may lead to degenerated results rather than helping the
model learn with more capacity (Esser et al., 2021). Our work proposes to model
canonical codecs as a proof of concept, and future work may compare with more VQ
setups or further improve the context efficiency of JPEG-LM.

Theoretically, it is possible for JPEG-LM to generate corrupted binary JPEG data (like
generating grammatically incorrect language in NLP). The JPEG decoding algorithm

would still be able to decode corrupted data, where the patch containing invalid data is
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Figure 6.6: Unconditional generation by JrEG-LM.

shown with obviously broken color or a fully gray/chessboard-like pattern. We almost
never observe such corruption in the generations from our trained JreG-LM (at the
very early stage of model training, we already stopped seeing corrupted generations,
indicating the model learns valid JPEG grammar first and then the underlying seman-
tics). In the rare cases where corrupted binary data is generated, such corrupted data is

included and reflected in our overall evaluation results as well.
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Figure 6.7: Unconditional generation by VQ transformer.

6.6.2 More qualitative examples from JPEG-LM

In Figure 6.8, we show more JPEG-LM completions on partial images from FFHQ (zero-
shot). Figure 6.6 and Figure 6.7 show further examples of JpEG-LM and VQ transformer

on unconditional generation.

6.6.3 More qualitative examples from AVC-LM

More generations from Avc-LM can be found in Figure 6.9, Figure 6.10, Figure 6.11,
and Figure 6.12. Similar to Figure 6.5, we observe realistic object movements such as

flags, clouds, clocks, cars on the street, etc.

6.6.4 Detailed configurations for the canonical codecs

Our JPEG encoding uses the pillow package. We specifically encode each image with:
image.save(format="JPEG’, quality=25, subsampling="4:2:0", streamtype=2, restart_marker_blocks=1).
More details about these arguments can be found at https://pillow.readthedocs.io/
en/stable/handbook/image-file-formats.html#jpeg-saving. Our AVC/H.264 en-
coding uses the ffmpeg package. Specifically, the configurations/commands we used are:
ffmpeg -vf "fps=3,scale=256:144:force_original_aspect_ratio=decrease, pad=256:144:(ow-
iw)/2:(oh-ih) /2" -t 5 -c:v libx264 -pix_fmt yuv420p -profile:v baseline -qp 37 -bf 0 -an
-sn -x264o0pts "slice-max-mbs=1" -trellis 0 -me_method dia -threads 1 -subq 0 -psy 0
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Figure 6.8: Generated images by JrEG-LM with partial FFHQ images as prompts (zero-

shot generation). Similar to Figure 6.2, the generated facial expressions are modelled as

JPEG bytes and mostly look realistic.

-mixed-refs 0 -fast-pskip 0 -partitions none -refs 3 -bsf:v h264_mp4toannexb. More

details about these flags can be found at https://ffmpeg.org/ffmpeg.html.
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(b) Generation

Figure 6.9: Generated video frames by Avc-LM on held-out test data. The first 10 frames

are given to the model as the prompt, and the last 5 frames are generated by the model.

(b) Generation

Figure 6.10: Generated video frames by Avc-LM on held-out test data. The first 10
frames are given to the model as the prompt, and the last 5 frames are generated by

the model.
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(b) Generation

Figure 6.11: Generated video frames by Avc-LM on held-out test data. The first 10
frames are given to the model as the prompt, and the last 5 frames are generated by

the model.
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(b) Generation

Figure 6.12: Generated video frames by Avc-LM on held-out test data. The first 10
frames are given to the model as the prompt, and the last 5 frames are generated by

the model.
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Chapter 7

Conclusions

7.1 Summary of Contributions

¢ I develop SSD-LM (§3) — a diffusion-based language model with two key designs.
SSD-LM is semi-autoregressive, iteratively generating blocks of text, allowing for
flexible output length at decoding time while enabling local bidirectional context
updates. SSD-LM is simplex-based, performing diffusion on the natural vocabulary
space rather than a learned latent space, allowing us to incorporate classifier guid-
ance and modular control using off-the-shelf classifiers without any adaptation.
SSD-LM is evaluated on unconstrained text generation as well as controllable
text generation benchmarks. I show SSD-LM is a strong language model that can
collaborate with discriminative attribute classfiers at inference time without any

tuning.

¢ I develop CAD (§4) — a context-aware decoding algorithm which samples text us-
ing two language models in collaboration to mitigate LLM hallucination. Without
any modifications to the pretrained models” weights, the two language models
are provided with different inputs, with and without the key context the system
should focus on. The decoding follows a contrastive output distribution that
amplifies the difference between the output probabilities when used with and
without context. On summarization and knowledge editing tasks, I show CAD
significantly improves LLMs’ faithfulness to the given context and reduces model

hallucination.
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¢ I develop SSD-2 (§5) — an approach to ensemble at inference time a large general-

7.2

purpose diffusion LLM with smaller but specialized and contextualized diffusion
LLMs. As a part of SSD-2, I pretrained and instruction-tuned a diffusion LLM with
13B parameters. SSD-2 facilitates a weak-strong collaboration between this large
diffusion LLM and 100x smaller models that can be customized and deployed by
individual users. I show that compared to autoregressive language models, the
collaboration between diffusion LLMs is more effective, leading to higher-quality
model outputs due to their ability to dynamically incorporate bi-directional

contexts.

I develop JPEG-LM (§6) — an autoregressive language model architecture that
generates images and videos as compressed files saved on computers via canoni-
cal codecs such as JPEG and AVC. JPEG-LM shows strong performance in image
generation evaluations and especially excels in generating long-tail visual ele-
ments. This collaboration between a neural LLM architecture and non-neural,
canonical compression codecs lowers the barriers between language generation

and visual generation, driving progress toward universal multimodal LLMs.

Future Work

Multimodal world models. LLMs understand and convey worlds through and
within the space of language. However, its generative paradigm of predicting the
future, synthesizing the unknowns, and aligning with human’s intents and values
should not be limited to language. JPEG-LM (§6) lowers the barrier between
generating language and generating images and videos by a neural tokenizer-
free approach and a generalist LLM framework. The exploration of multimodal
models that understand and synthesize the world (Ha and Schmidhuber, 2018;
Hafner et al., 2019; Yang et al., 2023; Hu et al., 2023; Bruce et al., 2024; Garrido
et al., 2024; Zhou et al., 2024; Shi et al., 2024a) can be essential for machine
intelligence to learn knowledge from more comprehensive sources and engage in

more constructive interactions with humans.

Diffusion-oriented LLMs. Language is produced autoregressively by default, but

research in diffusion LLMs has demonstrated that non-autoregressive language
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generation is feasible. SSD-LM and SSD-2 (§3 and §5) show that diffusion-based
LLMs can perform not only on-par with autoregressive LLMs but substantially
improve the controllability of the LLMs. More recent research in the area explores
the training and inference efficiency of diffusion LLMs, making them a strong

alternative to standard autoregressive LLMs in production settings (Gulrajani and

Hashimoto, 2023; Lou et al., 2023; Inception, 2025).

Data selection and generation. Though this thesis primarily focuses on the
modeling perspective of LLMs, training data is another crucial factor for LLMs’
effectiveness. Many desired behaviors of LLMs such as in-context learning and
alignment to human intents and values emerge because of the training data. As
we are approaching the limit of explicit language data we could obtain online,
identifying and using a subset of more important data is desired from both the
interpretability and generalizability perspectives. Though not presented in this
thesis, my other past works also have a focus on training data attribution and
selection (Han et al., 2020; Han and Tsvetkov, 2020, 2021, 2022; Han et al., 2023b).
Furthermore, generating new synthetic data for LLM alignment and reasoning
has been and will continue to be a crucial step in advancing machine intelligence

(Wang et al., 2022a; Sun et al., 2023; Yasunaga et al., 2024; OpenAl, 2024; Guo
et al., 2025).
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