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Abstract

Recent years have witnessed the rapid progression of deep learning, pushing us closer
to the realization of AGI (Arti cial General Intelligence). Probabilistic modeling is criti-
cal to many of these advancements, which provides a foundational framework for capturing
data distributions. However, as the scale and complexity of Al applications grow, tradi-
tional probabilistic modeling faces escalating challenges, such as high-dimensional parame-
ter spaces, heterogeneous data sources, and evolving real-world requirements, which often
render classical approaches insu ciently exible.

This paper proposes a novel concept, Probability Engineering, which treats the already-
learned probability distributions within deep learning as engineering artifacts. Rather than
merely tting or inferring distributions, we actively modify and reinforce them to better
address the diverse and evolving demands of modern Al. Speci cally, Probability Engineer-
ing introduces novel techniques and constraints to re ne existing probability distributions,
improving their robustness, e ciency, adaptability, or trustworthiness.

We showcase this paradigm through a series of applications spanning Bayesian deep
learning, Edge Al (including federated learning and knowledge distillation), and Generative
Al (such as text-to-image generation with di usion models and high-quality text generation
with large language models). These case studies demonstrate how probability distribu-
tions once treated as static objects can be engineered to meet the diverse and evolving
requirements of large-scale, data-intensive, and trustworthy Al systems. By systematically
expanding and strengthening the role of probabilistic modeling, Probability Engineering
paves the way for more robust, adaptive, e cient, and trustworthy deep learning solutions

in today's fast-growing Al era.
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1. Introduction

Deep learning [71] has experienced a meteoric rise in recent years, achieving break-
throughs that push us closer to the realm of arti cial general intelligence (AGI). A signi -
cant driver behind this success is our growing ability to model and generate complex data
distributions, enabling tasks like realistic image synthesis and natural language generation
[48, 122, 117, 124, 1, 3, 107, 105, 140, 144, 151]. In classical machine learning and statistics,
such data modeling has traditionally been handled through probabilistic modeling building
theoretically sound models to represent data distributions and then making predictions or
decisions based on those distributions [66, 54]. However, as Al systems tackle increasingly
rich data, traditional probabilistic modeling is reaching its limits. The challenges are mul-
tifold: modern data distributions can be highly complex and multimodal (e.g. images with
both continuous pixel intensities and discrete textual elements) [182, 176], the distributions
in Al systems are often dynamic rather than static (e.g. continually evolving user data or
non-stationary streaming inputs) [62, 180], and the assumptions of classical methods often
ignore practical constraints such as computational e ciency, trustworthiness of outcomes
[184, 181, 168]. Moreover, many real-world target distributions are fundamentally inacces-
sible we may lack su cient data to fully characterize them [181], or there may be no
explicit rules or rst-principles to describe the phenomena of interest [177, 181]. These fac-
tors highlight a growing gap between the elegant theory of probabilistic modeling and the
messy reality of modern deep learning applications.

Given the mounting di culties of applying traditional probabilistic modeling, Al re-
search has increasingly shifted toward engineering-driven approaches [87]. In earlier eras,
feature engineering manually crafting input features was paramount. This gave way
to model engineering, where progress came from designing better neural network architec-
tures and training algorithms. Most recently, prompt engineering has emerged as a powerful
paradigm, especially with large language models: practitioners focus on nding the right
prompts or instructions to guide the model's behavior, rather than adjusting abstract prob-

ability functions. All of these approaches manipulate tangible components (input features,
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model structures, or prompts) that are more intuitive and hands-on, and typically less
mathematically demanding, than directly specifying probability distributions. For example,
prompt engineering allows even non-experts to steer Al models through natural language
instructions an intuitive interaction that lowers the technical barrier to controlling model
outputs. This trend towards concrete engineering raises a fundamental questiooes prob-
abilistic modeling lose its relevance in modern deep learning?n other words, as we rely
more on tweaking models and inputs, is there still a place for formally handling probability
distributions in cutting-edge deep learning?

In this dissertation, we argue that instead of abandoning probabilistic thinking, we need
to reframe it as an engineering discipline. To this end, we introduc®robability Engineering
a new paradigm that treats probability distributions as rst-class engineering objects within
the deep learning work ow. This approach is inspired by the success of feature, model,
and prompt engineering: just as those treat a model's components as things to adjust
and optimize, Probability Engineering views the design and manipulation of probability
distributions as a practical skill integrated into Al development. The key di erence from
classical probabilistic modeling is a shift in emphasis from mathematical purity to pragmatic
utility. We modify, re ne, and adapt distributions in whatever ways best serve the end goals
of deep learning systems. In a narrow sense, Probability Engineering means pragmatically
tweaking probability models under real-world constraints even if these tweaks sacri ce
some theoretical elegance for practical payo . In a broader sense, one can view Probability
Engineering as an evolution of probabilistic modeling itself, extending its toolkit to better
align with deep learning's needs (much like how software engineering extends computer
science theory to build real applications). This dissertation formally explores the concept
of Probability Engineering, de ning its scope and methodologies and illustrating its value
through multiple case studies. By the end, we aim to establish a systematic understanding
of Probability Engineering and outline how it can shape the future of Al development.

Our rst case study applies Probability Engineering to Bayesian Deep Learning [11,

159], a eld that explicitly embraces probability distributions to quantify uncertainty. Tra-
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ditional Bayesian sampling methods like stochastic gradient MCMC [94, 138, 27, 11] or
variational inference often struggle with these multimodal and high-dimensional posteriors,
leading to slow convergence and poor scalability. To address this, we introduce Stochastic
Particle-Optimization Sampling (SPOS), a novel approach that bridges optimization and
sampling to make Bayesian inference more tractable for deep networks. SPOS builds on
particle-based variational inference (exempli ed by Stein variational gradient descent [90])
but injects stochastic noise into the particle updates, avoiding the particle-collapse pitfalls
of purely deterministic updates. In essence, we engineer the sampling dynamics by adding
randomness that enhances exploration of the posterior. This engineered sampler achieves
improved sampling e ciency and better convergence properties, backed by a non-asymptotic
convergence theory.

Next, we demonstrate Probability Engineering in contexts where the goal is tackling
partially unknown or evolving distributions in real-world Edge Al systems [38, 134]. Two
prominent examples we explore are Federated Learning and Knowledge Distillation. In Fed-
erated Learning, a model is trained across many decentralized clients (e.g. mobile devices
or silos of data) with the constraint that raw data never leaves each client. Here, the global
data distribution is essentially an amalgamation of many local distributions, which are of-
ten heterogeneous and unknown clients may have wildly di erent data pro les, and the
server has no direct access to this data to model it. Classical federated algorithms (like
FedAvg) typically sample clients at random, which can lead to biased or ine cient training
if, say, a random sample of clients yields a highly skewed aggregate dataset. We introduce
an approach called Federated Class-Balanced Sampling (Fed-CBS) that applies Probability
Engineering to the client selection process. Fed-CBS implicitly models the distribution of
data across clients in particular, it utilizes the class label distribution on each client in
a privacy-preserving manner (without collecting the data centrally). Using this knowledge,
Fed-CBS engineers the selection probability of clients each round to yield an overall training
batch that is more representative and balanced. This method e ectively mitigates the non-

IID data problem and improves both the convergence speed and nal accuracy of federated
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learning, all while respecting privacy constraints. The second scenario, Knowledge Distil-
lation (KD) [47], involves transferring knowledge from a large teacher model to a smaller
student model. As modern teachers (e.g. large language models or very deep networks)
incorporate ever-expanding datasets, their knowledge distribution becomes vast and some-
times evolving (for instance, as new data is added or when dealing with time-changing facts).
Conventional KD techniques typically rely on the teacher's soft predictions on a training
set to guide the student, e ectively encoding the teacher's knowledge only in the student
model's parameters. This approach faces limitations: the student has nite capacity and
may not capture all nuances, and importantly, once training is over, the rich knowledge of
the teacher (such as intermediate representations or rare examples) is not directly accessible
to the student. We propose ReAugKD (Retrieval-Augmented Knowledge Distillation) to
address this gap. In ReAugKD, we attach an external knowledge memory to the distillation
process, where key outputs or embeddings from the teacher are stored. The student model
is trained not just to mimic the teacher's outputs, but also to retrieve relevant information
from this memory and align its representations with the teacher's on-the- y. This engineered
augmentation allows the student to e ectively tap into the teacher's knowledge base during
training (and even potentially during inference), thereby handling distributional di erences

or updates more gracefully. Our experiments show that ReAugKD leads to a student that
better preserves the teacher's knowledge and achieves superior performance.

We further explore Probability Engineering in the realm of Generative Al [48, 122, 117,
124, 1, 3, 107, 105, 140, 144, 151], focusing on two cutting-edge domains: large language
models and text-to-image generation. For large language models (LLMs), one critical chal-
lenge is designing decoding strategies that produce accurate and truthful outputs. LLMs
like GPT have internal representations that implicitly contain a wealth of latent knowledge,
but standard generation procedures (e.g. greedy or probabilistic decoding from the language
model head) can still lead to errors or hallucinations when the model's output distribution
isn't properly aligned with factual reality. In a method we term SLED (self logits evolution

decoding), we engineer the decoding process by leveraging signals from the model's own hid-
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den activations to guide generation. By identifying telltale activation patterns or directions
associated with truthful knowledge, SLED adjusts the model's output probabilities during
decoding to favor factually correct completions. This form of probability engineering within
the decoder results in notably improved factual accuracy of LLM outputs, as the model
is steered to be consistent with its latent knowledge base. In the domain of text-to-image
generation, we tackle a di erent kind of multimodal distribution problem. Here, models
like di usion models must handle data that combine continuous visual information with dis-
crete text (for example, generating an image that contains written characters or symbols).
The textual content embedded in images constitutes a discrete distribution (over vocab-
ulary of characters or words) superimposed on the continuous image space, and treating
these two aspects uniformly can be suboptimal. Our approach, called ARTIST, introduces
a disentangled probabilistic modeling for such cases. We explicitly separate the probability
distributions for the visual content and the textual content within images. This specialized
probability manipulation for each modality ensures that, for instance, the model can gener-
ate legible and correct text in images without compromising the visual realism of the image.
By handling the heterogeneous distributions in a uni ed framework, ARTIST achieves more
coherent and high- delity text-to-image generation, demonstrating the power of Probability
Engineering in complex multi-modal generative tasks.

In summary, through these diverse explorations, we develop and formalize the concept of
Probability Engineering as a practical complement to both classical probabilistic modeling
and modern deep learning engineering. We compare this paradigm to existing approaches
highlighting that, unlike standard probabilistic modeling which centers on an idealized model
of data, Probability Engineering is inherently application-driven, constrained and informed
by the needs of deep learning systems (speed, scale, accuracy, etc.). We outline core method-
ologies that emerge from our case studies, such as injecting stochasticity into deterministic
inference algorithms, implicitly modeling unknown data distributions via observable proxies,
and augmenting learning processes with external probabilistic knowledge sources. Taken to-

gether, the dissertation's contributions serve as a rst step toward establishing Probability
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Engineering as a structured approach in Al, one that can be taught, systematically applied,
and further re ned. Finally, we chart several future directions for this nascent eld. These
include potential applications in reinforcement learning, in trustworthy and explainable Al,
and in the automation of generative Al. By laying out these possibilities, we hope to inspire
subsequent research to build on the foundations of Probability Engineering, integrating the
power of probabilistic reasoning with the hands-on ingenuity of engineering to tackle the

next generation of Al challenges.



2. Probability Engineering in Bayesian Deep Learning
In this chapter, we focus on how probability engineering ideas can be leveraged within

Bayesian Deep Learning.

2.1 Background

In modern deep learning, sampling-based approximate Bayesian inference has become
increasingly important due to its strong theoretical grounding and ability to quantify un-
certainty. When dealing with big data and large-scale deep learning architectures, classic
Markov Chain Monte Carlo (MCMC) techniques struggle to keep up with the sheer volume of
data and number of parameters. In response, researchers have propostathastic gradient
based Bayesian sampling algorithms, such as stochastic gradient MCMC (SG-MCMC) [94]
and Stein variational gradient descent (SVGD) [88], which exploit mini-batch gradients
to achieve more e cient sampling and better scalability. By reducing the computational
overhead per iteration, these methods have paved the way for real-world deep learning ap-

plications.

2.1.0.0.1 Stochastic Gradient MCMC In Bayesian sampling, one aims at sampling from
a posterior distribution p( [X)9 p(x| )p( ), where P RY represents the model parame-

ter, and X txjuj’\il is the dataset. Let p( |X) = (1/Z)exp( U( )), whereU( ) =

log p(X] ) logp( ) i'illog p(xil ) logp( ) is referred to as the potential en-
ergy function, and Z is the normalizing constant. We further de ne the full gradient F

and individual gradient F used in this paper: F( ) rlog p(xj| ) %r log p( ) and
F() r U()= j'\il F( ). Now, we can de ne a stochastic di erential equation, an in-
stance of Ité di usion, whose stationary distribution equals the target posterior distribution
p( |X). For example, consider the following 1st-order Langevin dynamic:

b
d¢= bl Ydt+ 2b dW,, (2.1)




where t is the time index, W; P RY is d-dimensional Brownian motion, and b a scaling
factor. By the Fokker-Planck equation [67, 120], the stationary distribution of (2.1) equals
p( 1X).

SG-MCMC algorithms [94, 138, 27, 11] are discretized numerical approximations of the
It6 diusions (2.1). To make algorithms feasible in a big-data setting, the computationally-
expensive termF is replaced with its unbiased stochastic approximation via a random subset

of the dataset in each iteration, e.g. Fcan be approximated by a stochastic gradient:

o o

G« § jmF(a)= rlogp(a) § jp, T qlog p(xjla), wherel, is a random subset
oftl,2, ,Nuwith size B. As an example, SGLD [94] is a numerical solution of2.1), with
update equation: b

Ge1= G b 'Gh+  2b Thxy, (2.2)

where h is the step size andxy, N (0, 1).

2.1.0.0.2 Stein Variational Gradient Descent Dierent from SG-MCMC, SVGD initial-
izes a set of particles, which are updated iteratively to approximate the posterior distribu-
tion. Speci cally, we consider a set of particlest (‘)q"ﬂl drawn from some distribution q.
SVGD tries to update these particles by doing gradient descent on the interactive particle
systemvia OB O+ hf ( ©) wheref = argmax; thgKL(q[hf]Hp)uth: ou IS @ function per-
turbation direction chosen to minimize the KL divergence between the updated densityy
induced by the particles and the posteriorp( |X). SVGD considersF as the unit ball of a
vector-valued reproducing kernel Hilbert space (RKHS)H associated with a kernek( , 9.
In such a setting, [88] shows thatf ( )= E 1 o[k( , YF( H+r k( , H]. When approx-
imating the expectation E 1 ¢[ ] with an empirical distribution formed by a set of particles

t OuM, and adopting stochastic gradientsGl((i) 5 i F,(qs)), we arrive at the following

update for the particles:

. . h M . . .
ai=al+ o KA. g6 + 1 okg? ) (2.3)
=1

SVGD applies (2.3) repeatedly for all the particles.
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Indeed, SG-MCMC and SVGD have been successfully adopted in various tasks, achieving
impressive results in areas such as topic modeling [35, 86], matrix factorization [138, 27, 133],
di erential privacy [153, 74], Bayesian optimization [135], reinforcement learning [41, 188,
189], and training deep neural networks [75]. These successes highlight the potential of
e cient sampling methods to enrich deep learning with robust uncertainty quanti cation
and better exploration of parameter space.

Nonetheless, existing Bayesian sampling approaches still face notable drawbacks in prac-
tical scenarios. For instance, methods like SG-MCMC can produce highly correlated sam-
ples, reducing e ective sample e ciency, while particle-based approaches like SVGD may
su er from particle collapse in which particles fail to maintain su cient diversity to repre-
sent a complex posterior. Both issues lead to a degradation in performance, especially for
multimodal or high-dimensional posteriors commonly encountered in deep learning models.

Overcoming these limitations thus remains a signi cant challenge.
2.2 Stochastic Particle-Optimization Sampling (SPOS)

In the following sections, we will discuss howprobability engineering can help mitigate
these sampling-related shortcomings, o ering strategies to ensure more e ective exploration
of the posterior and better alignment with the demands of modern deep learning pipelines.
By treating the sampling process itself as an engineering target tweaking particle updates,
introducing adaptive noise we can potentially unlock higher scalability and reliability in

Bayesian Deep Learning with our proposed SPOS method.
1}2

We focus on the RBF kernelk( , 3 = exp( ! T

) in Equation 2.3 due to its wide

practical applications. Hence, we can rewrite the kernek( , ) with a simpler function

K( ) = exp( %). According to the work of [12], the stationary distribution of the r;
in the following partial di erential equation equals to our target distribution p( [X) in
Bayesian sampling :

Bri=r1  (reb FC )+ By (K( Y)F(Y) re(r K r)+ b trory). (2.4)

When approximating the r in (2.4) with an empirical distribution formed by a set of particles

9



FIGURE 2.1: Comparison of SPOS (left) and SVGD (right) on a multi-mode distribution.

t (‘)ui'\ﬁl, we derive the following di usion process characterizing the SPOS algorithm
d

rRCY Ddtr Sdw,

() M M
F( ) 1. i 1.
bt dt Mq K( t(l) t(Q))F( t(co)dt"‘ v

=1 =1

d =

Note that if we set the initial distribution of all the particles g) to be identical, the system

(0

of theseM particles is exchangeable. Hence, the distributions of all the;” are identical and

can be denoted ag ;. When solving the above di usion process with a numerical method

and adopting stochastic gradientsG(i), we arrive at the following update equation for SPOS:

ha  h. h M X
o, = C;k n K(q(') @6+ 1k @)+ (2
=1 =1

()

where x, N (0,1). SPOS applies the update of 2.5 repeatedly for all the partlcleq(')

which has been summarized in Algorithm 1.

Algorithm 1 Stochastic Particle-Optimization Sampling (SPOS)

Input: Initial particles tog)ui'\il, step sizehy, batch size By
1: for iteration k=0,1,...,Tdo
2: Update ql(gl with 2.5 for @.
3: end for

Output: tq$)u1 1

b
Intuitively, the added Gaussian noise b 1x|((') enhances the ability of the algorithm

to jump out of local modes, leading to better ergodic properties compared to standard

SVGD. To illustrate the advantage of our proposed SPOS, we compare SPOS and SVGD on
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sampling a complex multi-mode distribution, with the density function given in Section .1
of the SM. Figure 2.1 plots the nal locations of the particles along with the true density,
showing that particles in SPOS can reach di erent modes, while they are all trapped at one
mode in SVGD. We also provide a convergence guarantee for SPOS.

We prove non-asymptotic convergence rates for the proposed SPOS algorithm under the

1-Wasserstein metricW; in Theorem 2, a special case of the p-Wasserstein metric de ned as

3

1/ p
Wp(mn) = infpgmn) gre ga}Xm  Xn}Pdz(Xm Xp) , Wwhere G(mn) is the set of joint

distributions on RY RY with marginal distribution mand n.

Assumption 1. Assume F, K anahy satisfy the following assumptions:
+ Fis Lg-Lipschitz continuousi.e}F( ) F( 9} a Lg} .

* There exists positive gsuch thatxF( ) F( 9, Y ¥ mg} B2,

K is Lg-Lipschitz continuousr K is L; k-Lipschitz continuous.

F(0) = 0and K is an even function, i.e.,(K )= K( )

The initial probability law of each particle has a bounded and strictly positive demsijth

3
respect to the Lebesgue measur&Bpandgy  log pq€ Y'no( )d 8

Theorem 2. Under Assumption 1 and settingh= hg, By = By, if we denote the distribution of

qg) asmy and our target distribution asig , W1(mr, ng ) is bounded as:

G 33, 12p 1 111
Wi(mr,ng) 82— + cgMd2b 3(csb?B 1+ csh)2Tzh?
1(mr, g ) ML o) (ca csh)
! )
+czexp 2 bmg Lg 2Lk Th , (2.6)

where(cy, ¢, C3, Cs, Cs, Cs, b) are positive constants such thﬁti C and% i L+ 2Lk.
2.3 Experimental Results

To verify the e ectiveness of SPOS for deep learning, we next conduct experiments for
Bayesian learning of deep neural networks (DNNs) to empirically compare SGLD, SVGD,
and SPOS for the posterior sampling of BNN weights with standard Gaussian priors. Fol-

lowing [79], 9 UCI public datasets are considered. We use the same setting as [187]. The
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datasets are randomly split into 90% training and 10% testing. We report the root mean
squared error (RMSE) in Table 2.1. The proposed SPOS outperforms both SVGD and
SGLD.

Table 2.1: Averaged RMSE with standard deviations.

Test RMSE

Dataset SGLD SVGD SPOS

Boston 3.114 o.144 2.961 0.109 2.829 o0.126
Concrete 5.508 o0.275 5.157 o0.082 5.071 o.150
Energy 0.842 0.060 1.291 o0.029 0.752 0.029
Kin8nm 0.080 o0.001 0.090 o.001 0.079 o.001
Naval 0.004 o.000 0.004 o0.000 0.004 o0.000
CCPP 4.059 0.080 4.127 0.027 3.939 o0.049
Wine 0.632 0.022 0.604 o0.007 0.598 o0.014
Yacht 1.183 o0.263 1.597 0.099 0.840 o.087
Protein 4.281 o.011 4.392 0.015 4.254 0.005

Besides, we also apply SPOS for reinforcement learning and compare it with SVPG, an
SVGD version of the policy gradient method [90]. We follow the same setting as in [90],
except that we use simpler policy-network architectures, as in [50]. We conduct experiments
on the classical continuous control task: Cartpole. Figure 2.2 plots the cumulative rewards
overtime on the Cartpole environment, which clearly shows the advantage of our method

over SVPG.

2.3.1 Summary

We applied probability engineering to modify the particle update process in SVGD and
SGLD, resulting in a more e cient sampling method called SPOS that better meets practical
requirements. The paper on SPOS [182] was published in AISTATS 2020. We then carried
out a series of follow-up studies to develop more e cient stochastic gradient based Bayesian

sampling methods for deep learning [175, 190, 195, 13], such as Variance Reduction in SPOS.

In standard SPOS, each patrticle is updated by adoptingGl((i) % Pl F( l((i)). Because

one can only acces®8 ! N data points in each step, the increased variance of the noisy
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FIGURE 2.2: Policy learning with Bayesian exploration in policy-gradient methods with
SVPG and SPOS-PG.

gradient GS)

causes a slower convergence rate. A simple way to alleviate this is to increase
B by using larger mini-batches. Unfortunately, this brings more computational costs, an
undesired side e ect. Thus more e ective variance-reduction methods are needed for SPOS.
Inspired by recent work on variance reduction in SGLD,e.g, [32, 10, 198], we propose three
variants of variance-reduced SPOS, called SAGA particle-optimization sampling (SAGA-
POS), SVRG particle-optimization sampling (SVRG-POS) and a variant of SVRG-POS
which avoids full gradient computations, denoted as SVRG-POS, based on the SAGA [24]
and SVRG [61] from stochastic optimization. The details of these methods are summarized
in the Algorithm 4, 5 and 6 in Section .2. Besides, we also proposed cyclical SG-MCMC
methods, which enable automatic exploration of complex multimodal distributions. This
line of work was presented as an Oral Presentation at ICLR 2020 [190]. Beyond these,

we also published a paper [13] which employed probability engineering principles to re ne

contrastive learning technigues in a Bayesian manner at Neurips 2021 .
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3. Probability Engineering in Edge Al

Edge Al systems bring intelligence directly to devices at the network edge, reducing la-
tency, improving privacy, and enabling real-time decision-making in distributed applications.
Two prominent areas related to Edge Al are Federated Learning (FL), which trains mod-
els across decentralized devices without sharing raw data [97], and Knowledge Distillation
(KD), which compresses complex models into lighter versions suitable for edge deployment
while maintaining performance [47]. In this chapter, we explore how Probability Engineering
can be leveraged to address key challenges within these domains, speci cally client selection
in FL and the adaptation of knowledge distillation techniques, by engineering probability

distributions to better align with practical demands.
3.1 Federated Learning

With the booming of IoT devices, a considerable amount of data is generated at the
network edge, providing valuable resources for learning insightful information and enabling
intelligent applications such as self-driving, video analytics, anomaly detection, etc. The
traditional wisdom is to train machine learning models by collecting data from devices and
performing centralized training. Data migration usually raises serious privacy concerns.
Federated learning (FL) [97] is a promising technique to mitigate such privacy concerns,
enabling a large number of clients to learn a shared model collaboratively, and the learning
process is orchestrated by a central server. In particular, the participating clients rst
download a global model from the central server and then compute local model updates
using their local data. The clients then transmit the local updates to the server, where the

local updates are aggregated and then the global model is updated accordingly.
3.1.1 Background

In practice, due to limited communication and computing capabilities, one usually can
not engage all the available clients in FL training to fully utilize all the local data. Therefore,

most FL methods only randomly select a subset of the available clients to participate in the

training in each communication round. However, in practice, the data held by di erent
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clients are often typically non-1ID (independent and identically distributed) due to various
user preferences and usage patterns. This leads to a serious problem that the random client
selection strategy often fails to learn a global model that can generalize well for most of the
participating clients under non-11D settings [39, 20, 103, 167].

Previous literature has made some e orts to improve client sampling for FL. In the
method of [39], the clients with more considerable local loss will have a higher probability of
being sampled to participate in training. Power-of-Choice [20] selects several clients with the
largest loss from a randomly sampled subset of all the available clients. However, sampling
the clients with more signi cant local loss may not guarantee that the nal model can have
a more minor global loss. Focusing on the diversity in client selection, the authors [5] select
clients by maximizing a submodular facility location function de ned over gradient space.

The authors of [119] model the progression of model weights by an Ornstein-Uhlenbeck

(a) Greedy method (b) Our method

FIGURE 3.1: An example demonstrating the weakness of greedy method to deal with class
imbalance.

process and design a sampling strategy for selecting clients with signi cant weight updates.
However, the work only considers identical data distribution. To the best of our knowledge,
[31] and [167] are the rst two attempts to improve client sampling by reducing the class-
imbalance. An extra virtual component called mediator, which has access to the local
label distributions of the clients, is introduced in Astraea of [31], causing severe concerns
about privacy leakage. The weakness of [167] is still obvious. First, their estimations of
the clients' local label distribution are inaccurate. Theorem 1 in [167], which supports
their estimations, can not be generalized to multi-class classi cation tasks since it has only

been proved in the original paper [2] for two-class classi cation problems. Besides, their
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performance is not guaranteed due to the nature of the greedy algorithm, as shown in
Figure 3.1. Supposing we work on a 6-class classi cation task and aim to select 3 clients
from 4 available clients Cy, C,, C3,C4. Each of them has 30 images. The compositions of
their local datasets arel5,5,5,5,5,} [6,6,6,6,6,0 [0,0,0,10, 10, 1pand [10, 10, 10,0,0,P
respectively. The greedy method in [167] is deterministic. It can only derive one result
t Cq, Cp, Cau instead of the optimal solution t C;, C3, C4u. But in our Fed-CBS, the optimal
solution t Cq, Cgz, C4u can be sampled with high probability.

Building on these observations, if we view each client's selection probability as a distri-
bution, these baselines' poor training performance makes it apparent that they do not e ec-
tively capture this distribution despite their theoretical or intuitive underpinnings. This
limitation stems chie y from the fact that the ideal distribution we seek is fundamentally
inaccessible: there may be no explicit rules describing the underlying phenomena of interest,
and we lack clear knowledge of which speci ¢ distribution would satisfy our requirements
under heterogeneous data conditions. To address this gap, we apply probability engineering
on it, wherein we rst identify the relevant rst principles and then design our solution
according to those principles, thereby tackling the core challenges posed by heterogeneous

data in federated learning.

3.1.2 Federated Class-balanced Sampling (Fed-CBS)

First, we unveil the essential reason for the performance degradation on non-1ID data
with the random client sampling strategy in FL training, i.e., the class-imbalance. We con-
duct some experiments on MNIST to verify this'. As shown in Figure 3.2a and Figure
3.2b, the random sampling mechanism shows the worst performance when the global la-
bel distribution is class-balanced. Suppose we keep the grouped dataset class-balanced by
manually selecting the clients based on their local label distribution. In that case, we can
obtain accuracy comparable to the case of fully engaging all the clients in training. Another

natural corollary is that when the global dataset is inherently class-imbalanced, engaging all

1 Detailed experiment settings are listed in the Appendix (Section .4)
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clients in training may lead to worse performance than manually keeping class balanced in
the grouped dataset. The results in Figure 3.2c and Figure 3.2d prove our hypothesis and

verify the importance of class-imbalance reduction.

(a) Global Balanced & (b) Global Balanced & (c) Global Imbalanced (d) Global Imbalanced
One-class Two-class & One-class & Two-class

FIGURE 3.2: Three different FL client selection strategies on MNIST. Each client has only
one class of data in (a) and (c) and each client has two classes of data in (b) and (d).

Motivated by this insight, we rst propose a new metric, QCID, to measure class-
imbalance. Then we present a method to derive such a measure in a privacy-preserving
way. We then design our client sampling mechanism and show its superiority based on this
measure.

Assume there areB classes of data in an image classi cation task, wher® ¥ 2. In
the k-th communication round, we assume there areNy available clients and we selectM
clients from them. To make the presentation concise, we ignore the index k and as-
sume the set of indices for the available clients i41,2,3,...Nu and the n-th available

client has its own training dataset D,. We adopt the following vector , to represent
h [

the local label distribution of Dn, n = a1y, 8(n2)s3(np)s --»(np) » Wherea,, ¥ 0

and Ezla(n,b) = 1. We aim to nd a subset M of t1,2,3,..Nu of size M, such that

”

the following grouped datasetD,?,I = D, is more class-balanced. Assuming the-
nPM

th client's local dataset has g, training data in total, one can derive the following vector
. he o ° i

a, a, a, .
O = —mem G n oo _em By cew Sdon | eew D08 which represents the label
nPM On nPM On nPM On nPM On

distribution of the grouped dataset D,?,l . Now we propose the following function to measure

the magnitude of class-imbalance oM , which we call Quadratic Class-Imbalance Degree
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(QCID) :

B
QCID(M) ~ (
b=1 nPM On B

M Gn@(n b) })2: nPM e G 0 1
( nPM Qn)z B

To derive the QCID for any subsetM ,t 1,2,3,..Nu, we only need to know the following
N N matrix S with element s, 1 being , Il, which is the inner product between the
local label distributions of the available clientsn and n FHE [7, 34, 43] enables to perform
computation (addition and multiplication) on encrypted data. We provide a framework in

Section .3 as an example to show it is possible to derivin§ without knowing the values of

local label distributions t u using FHE.

2 3
i1 1 I G 1 ; qiOn 1 L
S - §CI2Q1 2 I G 2 ; 00N 2 L
OnOL N I ONG2 N ; ONON N L

We considerM as a sequence of random variablese. M = tCy,Cy,...,.Ch, ...,Cuyu and
assign it with some probability. Our expectation is that M should have higher probability to
be sampled if it is more class-balanced. This mear®®(C; = ¢;,C; = ¢,...,Cm = Cm,...,.Cy =
cm) should be larger ifM = tcy, ¢, ...,cqu has a lowerQCID value. Our sampling strategy
generates the elements inM in a sequential manner,i.e, we rst sample M ; = tcu
according to the probability of P(C; = ¢;), then samplec, to form M , = tc;, cou according
to the conditional probability P(C, = ¢;|C; = ¢;). The same procedure applies for the
following clients until we nally obtain M = tcy, ¢y, ...,cmu In the following, we will design
proper conditional probabilities such that the joint distribution of client selection satis es
our expectation.

Let T, denote the number of times that clientn has been selected. Once client has
been selected in a communication roundT, N T,+ 1, otherwise, T, N T,. In the k-

th communication round, the rst element is designed to be sampled with the following

[ 3|nk

probability: P(Cy = ¢1)9 , whereb; i 0, and | is the exploration

[QClD(M V11

factor to balance the trade-o between exploitation and exploration. The second term will
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add higher probability to the clients that have never been sampled before in the following

communication rounds. After sampling C;, the second client is de ned to be sampled with

b, i 0. For the m-th client (2 ma=a

1
g 7b
probability P(C; = |Cy = c1)9 —2CPMaIR

+
[Qcip(M )1P1 2Ty

CID(M m 1)]°m 1

[CID(M pom+ Where

M), we dene P(C, = ¢m|Cn 1 = Cm 1,...Co = ¢,C1 = ¢1)9 [

bm 1,bm i 0. With the above sampling process, the nal probability to sample M is
P(Ci = ¢,C2 = ¢,....Cu = cm) = P(C1 = &) P(C2 = ¢CL = ¢1) P(Cw =

emlCyv 1= ew 1,...C2 = ©,Cp = ¢1)91/[QCID(M )]PM. Sinceby i 0, this matches
our goal that the M with lower QCID value should have higher probability to be sampled.

Fed-CBS is summarized in the following Algorithm.

Algorithm 2 Fed-CBS

Initialization: initial local model w(®, client index subset M = ?, K communication
rounds, k= 0, T, =
while k Kdo
Client Selection :
for nin t1,2,...Nudo
if nPM then
T.N T+ 1
elseT, N T,.
end if
end for
Update M using our proposed sampling strategy in Section 3.1
Local Updates:

fornPM do
wi*V 5 updatgw®).
end for

Global Aggregation:
w D p Aggregatéw (" Y) for n PM
end while

We conduct the simulation of the cross-device federated learning (CDFL) on CIFAR-10.
In our experiment, we set 200 clients in total with a class-balanced global dataset. The
non-l1D data partition among clients is based on the settings of Dirichlet distribution pa-
rameterized by the concentration parametera in [51]. In each communication round, we

uniformly and randomly set 30 of them (i.e., 60 clients) available and sample 10 clients
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Table 3.1: The communication rounds required for targeted test accuracy and the averaged
QCID values. The targeted test accuracy is 45% fora = 0.1, 47% fora = 0.2 and 50% for
a = 0.5. The results are the mean and the standard deviation over 4 different random

seeds.

all rand Fed-cucb| Fed-CBS

pow-d

Communication Rounds

a=0.1

757 155

951

202

1147 130

861 328

654 96

a=0.2

746 95

762

105

741 111

803 220

475 110

a=0.5

426 67

537

115

579 140

1080 309

384 74

E[QCID](10 ?)

a=0.1

1.01 0.01

8.20

0.21

12.36 0.26

7.09 2.27

0.62 0.20

a=0.2

0.93 0.03

7.54

0.27

10.6 0.48

5.93 1.01

0.51 0.12

a=0.5

0.72 0.03

5.87

0.24

7.36 0.57

6.47 0.77

0.36 0.04

from those 60 available ones to participate in the training. There are four baselines: ran-
dom selection (rand), Power-of-choice Selection Strategy (pow-d) [20], the method in [167]
(Fed-cuch), the ideal setting where we select all the available clients (all). As a benet of
successfully reducing the class-imbalance, our method outperforms the other three baseline
methods. Furthermore, it achieves comparable performance to the ideal setting where all the
available clients are engaged in training, as shown in Figure 3.3. Details of the experimental

setup are listed in Section .4.

FIGURE 3.3: Test accuracy on Cifar-10 under three heterogeneous settings.

3.1.3 Summary

We have identi ed that the primary cause of performance degradation in federated learn-
ing (FL) under non-lID data conditions is class imbalance. To address this, we propose

Federated Class-balanced Sampling (Fed-CBS), a client sampling mechanism that leverages

20



probability engineering to select clients in a way that reduces class imbalance. Our extensive
experiments demonstrate that Fed-CBS signi cantly outperforms existing approaches and
achieves performance comparable to the ideal scenario where all available clients participate
in training. We also provide theoretical convergence guarantees for Fed-CBS. In addition to
Fed-CBS, we have conducted related research in federated learning [183, 45, 168, 30, 179,
139, 56, 170, 178], many of which apply probability engineering techniques and have been

published in Al conferences.

3.2 Knowledge Distillation

Pre-trained language models, such as BERT [25], RoBERTa [91], GPT [113] and Electra
[22] have achieved signi cant success on several di erent NLP tasks [26, 148] with ne-
tuning. However, these models usually contain millions or billions of parameters, preventing
their execution on resource-restricted devices. To deploy these models, Knowledge distil-
lation (KD) is an e ective compression technique to derive a smaller student model from
a larger teacher model by transferring the knowledge embedded in the teacher's network.
Previous KD methods typically store knowledge in the student's parameters and train the
student by minimizing divergence between the student's and teacher's output prediction and
intermediate activation distributions [111, 191]. However, the student's parametric memory
is often limited and cannot be quickly expanded or revised. Moreover, after training, the
teacher model's soft labels and activations, which contain essential task-speci ¢ knowledge,
are not utilized by the student at inference time.

To address the issues mentioned above, we propose tRetrieval-augmented Knowledge
Distillation (ReAugKD) framework. ReAugKD introduces a non-parametric external mem-
ory in addition to the implicit parametric memory of the model and uses kNN retrieval to
retrieve from this memory. The key intuition of ReAugKD is to enhance the e ective capac-
ity of the student by using an external memory derived from relevant task-speci ¢ knowledge
of the teacher. While this external memory could include any task-speci ¢ knowledge, in

this work, it is composed of the soft labels and embeddings generated by the teacher model.
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Our framework consists of an inference phase and a training phase. In the inference phase,
we aggregate the soft labels of those teacher embeddings in our memory that are most sim-
ilar to the student embedding. We demonstrate the e cacy of our framework by achieving
state-of-the-art results on the GLUE benchmark [148] with less than 3% latency overhead
over the baseline without retrieval augmentation.

Knowledge distillation can also be viewed as tackling distribution matching between
the teacher and student. However, because the distributions in Al systems are often dy-
namic driven by constantly changing user data or non-stationary inputs our retrieval-
augmented approach provides a more exible way to capture and adapt to these evolving
distributions. Speci cally, ReAugKD comprises a training phase in which we teach the
student how to retrieve relevant embeddings from the external memory e ectively. In this
phase, we introduce a novel relational KD loss that minimizes the divergence between both
teacher teacher and teacher student embedding distributions, ensuring the student's em-
bedding space is well-aligned with the teacher's for retrieval. Notably, this relational loss
not only aligns the representation spaces but also improves generalization even if retrieval
augmentation is ultimately disabled. In other words, by infusing the student with the capa-
bility to draw on external memory, we enhance its ability to adapt and generalize, making
ReAugKD a powerful illustration of probability engineering principles that cater to the

naturally evolving distributions found in real-world knowledge distillation scenarios.

3.2.1 Related Work

Knowledge distillation KD can be broadly classi ed into task-speci ¢ KD, where the
student model will be used for the same task as the teacher model [100, 59, 191, 136] and
task-agnostic KD where the student may be used for a di erent task, after netuning on the
new task [58, 137, 126, 152, 191, 163]. In this work, we show that ReAugKD can be applied to
enhance task-speci c distillation as well as when netuning task-agnostic distilled models.
Closest to our work is RKD [111] that introduces a loss to transfer relational knowledge

between teacher-teacher embedding and student-student embedding distributions. Our work
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di ers in that we transfer relational knowledge between teacher-teacher embedding and
teacher-student embedding distribution to enhance the student model's ability to retrieve
from the external memory. MetaDistil [196] is a strong task-speci ¢ distillation baseline that
employs meta-learning to better transfer knowledge to the student. Unlike MetaDistill, we
show that ReAugKD can signi cantly improve the student model's generalization without
retraining the whole teacher with meta-learning.

Retrieval-augmented language model3 here has been growing interest in retrieval-augmented
methods for Knowledge-Intensive generative NLP Tasks, such as text generation and ques-
tion answering [157, 73, 40, 83], where querying training examples during inference signi -
cantly improves likelihood. Closest to our work is BERT-KNN [64] which combines BERT
with a KNN search over a large datastore of an embedded text collection, to improve cloze-
style QA. In our work, we apply retrieval augmentation to enhance the capacity of stu-
dent models during KD, and show improvement even on non-knowledge intensive tasks like

GLUE.

3.2.2 ReAugKD: Retrieval-Augmented Knowledge Distillation For Pre-
trained Language Models

3.2.2.0.1 Training Phase Our framework consists of two main phases, the training phase
and the inference phase. The training phase has two steps. In the rst step, we prepare the
teacher model for KD by adding a linear projection headL on the top of the teacher model
encoder that has been netuned for a speci ¢ downstream task. The input dimension of this
projection head is the embedding dimension of the teacher. The output dimension is the
embedding dimension of the student. We then freeze the other parameters of the teacher
model and netune the parameters in L with supervised contrastive loss [65]. This step
a) reduces the dimension of the teacher's embeddings, to the student model dimension for
retrieval, and b) uses supervised contrastive loss to derive a kNN classi er for BERT that is
robust to natural corruptions, and hyperparameter settings [77]. Fine-tuningL also greatly
reduces the computational cost compared to retraining the whole teacher model [196].

In the second step, we perform KD by generating the teacher embeddings with and
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FIGURE 3.4: Training and Inference (Testing) phases of Retrieval-augmented Knowledge
Distillation (ReAugKD).

teacher soft labels using the original teacher's classi er head for a batch of data. Then, we

use the loss function we proposed in Section 3.3 to train our student model.

3.2.2.0.2 Loss function We present some mathematical notations to introduce our loss
function. Given a batch of datatd;u,i = 1,2, ,N, whereN is the batch size, we denote the
embedding generated by the teacher's projection head as and the soft labels generated by
the teacher's classi er asy;. Similarly, we adopt x;, y; to denote the student's embeddings and
predictions. Then we construct a probability distribution g;; over each teacher's embeddings
z; to capture the similarity with respect to an anchor point z;,

exp(z z)/t
Gj= : (3.1)
e18Xp(zi z)/t

o

where thet stands for temperature. Note that szlqi’j = 1. qg;; re ects the cosine distance
relational knowledge among di erent embeddings generated by the teacher model in the
batch. If z; is closer toz, cosine distance,qg;; will be larger. Similarly, given a student's
embeddingx; as an anchor point, we formulate another probability distribution g; ; over each

teacher's embeddingg; of the data in the batch.
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— exp(xi z)/t

Gj=

. 3.2
woexp(xi z)/t (3:2)

The q;; re ects the cosine distance relationship between di erent embeddings generated by
the teacher model and the student's embedding. Our loss function aims to minimize the
divergence of these two distributionsg;; and g;; since the teacher model is a strong kNN
classi er after netuning with supervised contrastive loss function in the rst step of our
training. In the ideal case, given a student's embeddingx;, the student retriever should
retrieve the same set of embeddings as the corresponding teacher's embeddingWe adopt
KL divergence to measure that divergence. In addition, we adopt the commonly-used cross-
entropy loss to calculate the divergence between the student's predictiop and the teacher's
prediction vy;.
Our loss function can be formulated as

CE(yi,yi) + aKL(dj, G ), (3.3)

where CE is the cross entropy loss andKL is KL-divergence. a is the hyperparameter

controlling the trade-o between the two losses.

3.2.2.0.3 Inference Phase After training, we construct a knowledge base (KB) comprising
of projected teacher embeddings and predictions. Given new datd at inference time, we
obtain (x;,Yy;) using the student model. and use the HNSW algorithm [96] to derive theK
nearest teacher's embeddings and their corresponding soft labelézy, y)u=12 « from the

KB. Then we compute the weighted average,of these soft labelavg(tyu); based ong; x

Avg(tyu); = qu%y—k
k=1 k=1%k

We derive a new predictiony? for d; with Avg(tyu);.
yi=byi+(1 b)Avg(tyu),

b is the hyperparameter controlling the trade-o between the two predictions.
3.2.3 Experimental Results

We apply our method to distill BERT-Base [25] into a 6-layer BERT with a hidden size of

768. We evaluate our proposed approach, ReAugKD, on the GLUE benchmark [148]. These
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datasets can be broadly divided into three families of problems: single-set tasks that include
linguistic acceptability (CoLA) and sentiment analysis (SST-2), similarity, and paraphrasing
tasks (MRPC and QQP); inference tasks that include Natural Language Inference (MNLI
and RTE); and Question Answering (QNLI). We compare our method with vanilla KD [47],
TAKD [100], RCO [59], RKD [111], DML [191], PKD [136] ProKT [131], SFTN [110] and
MetaDistil [196]. Following similar setting as MetabDistill, we perform a grid search over the
sets of the weight of KD loss from {0.9, 0.99}, the predictions weightb from {0, 0.1, ... 1}
and the top-k from 1 to 20. We set the student learning rate to 2e-5 and the batch size to

64.

3.2.3.0.1 Experimental Results on GLUE We report the experimental results on the de-
velopment set of the six GLUE tasks in Table 3.2. Notably, our method achieves start-of-
the-art results on ve out of the six datasets with an average improvement of0.34% over
the previous best KD method MetaDistil [196]. Although MetaDistil achieves slightly bet-
ter performance on the MRPC dataset, our method has the advantage of not needing to
conduct meta-learning on the whole large teacher model, which signi cantly increases extra
training cost in terms of time and memory [196]. In addition, we also observe a performance
gain of 0.3®4 with the retrieval component of ReAugKD as compared to ReAugKD without
retrieval which veri es the bene t of retrieval augmentation in our approach. Even without
the retrieval process, the student model trained by our designed loss can still achieve com-
parable performance to MetaDistill on most datasets. Since our loss is designed to improve
the student retrieval function, this demonstrates the importance of retrieval capability in

KD.
3.2.4 Summary

Our work demonstrates how probability engineering can transform knowledge distil-
lation by explicity modeling and adapting the distributions at play. In particular, we

propose ReAugKD, a framework that augments a student's parametric memory with a non-

parametric memory built from teacher outputs. This memory enables the student to retrieve
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Table 3.2: Experimental results of ReAugKD and other previous works on the development
set of GLUE. Numbers under each dataset indicate the number of training samples. The

results of the baselines are from [196]. We report Matthew's correlation coef cient for
CoLA and accuracy for other datasets.

GLUE
CoLA QNLI QQP RTE SST-2 MRPC
(8.5k) (105k) (364k) (2.5k) (67k) (3.7k) V9

Method #Param

BERT-Base (teacher) [25] 110M 58.9 91.2 914 714 930 87)682.25

BERT-6L (student)[146] 66M 53.5 88.6 90.4 679 911 84.4 79.32
Task-speci ¢ Distillation

KD [47] 66M 54.1 89.2 90.9 67.7 91.2 85.2| 79.72

PKD [136] 66M 54.5 89.5 90.9 67.6 913 84.7 79.75

TinyBERT w/o DA [58] 66M 52.4 89.8 90.6 67.7 919 86.5 | 79.82

RCO [59] 66M 53.6 89.7 90.6 67.6 914 85.1 79.67

TAKD [100] 66M 53.8 89.6 90.7 685 914 85.0| 79.83

RKD [111] 66M 53.4 89.5 90.9 68.6 917 86.1 80.03

DML [191] 66M 53.7 89.6 90.3 68.4 915 85.1 79.77

ProKT [131] 66M 54.3 89.7 90.9 68.4 913 86.3 80.15

SFTN [110] 66M 53.6 89.5 90.4 68,5 915 85.3 79.80

MetaDistil [196] 66M 58.6 90.4 91.0 69.4 923 86.8 | 81.42

ReAugKD (ours) 66M 59.4 90.7 9124 70.39 925 86.3 | 81.76

ReAugKD w/o retrieval 66M 59.1 90.6 9121 69.31 923 85.8 | 81.39

distributional information from the teacher at inference time, improving generalization on
the GLUE benchmark. Furthermore, we introduce a novel relational loss function that aligns
teacher teacher and teacher student embedding distributions, ensuring the student model
is well-prepared to leverage retrieval-based signals. Even when retrieval is disabled at in-
ference, this loss leads to signi cant improvements in generalization. Finally, we evaluate
ReAugKD's overhead in practical settings, showing that using approximate KNN retrieval
imposes less than 8% latency increase an acceptable cost for considerable accuracy gains.
Overall, our approach highlights the power of probability engineering in handling the evolv-
ing and often complex distributions inherent in knowledge distillation scenarios. We have
also extended this probability engineering approach in another work, where large multi-
modal models perform pretraining for smaller ones to fully leverage open-source raw data
[178], further underscoring the versatility of the proposed framework in handling evolving

and often complex distributions in knowledge distillation scenarios.
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4. Probability Engineering in Generative Al

4.1 High-quality Text Generation with Large Language Models

Large Language Models (LLMs) have achieved remarkable breakthroughs in recent years,
demonstrating exceptional performance across various domains [1, 3, 107, 105, 140, 144,
143]. However, a signi cant challenge associated with LLMs is their tendency to hallucinate
or distort the truth, resulting in outputs that are not factual [52, 55, 193]. This issue of
hallucination undermines the reliability and trustworthiness of LLMs in practical applica-
tions. A popular strategy for improving the LLM factuality involves re ning the decoding
process [130, 156]. Decoding focuses on how the model selects the next token during the
generation process, which can signi cantly in uence the factual accuracy of the output. The
decoding methods can be cost-e ective since (a) they do not rely on external knowledge and
(b) no additional training is required. Furthermore, decoding methods can be synergistically
combined with other techniques aimed at improving the LLM factuality, such as retrieving
information from external knowledge bases [72, 73], various ne-tuning strategies for better
alignment [142, 143], or ensemble learning methods [29].

Recent studies [63, 76, 127, 149] suggest that LLMs sometimes have learned the factual

content based on extensive pretraining or ne-tuning, although they fail to produce the

FIGURE 4.1: Factuality decoding overview.
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correct answer when a user queries the model. This has inspired the development of several
factuality decoding methods [21, 76, 78, 192] to reveal what the model implicitly "knows."
Figure 4.1 summarizes the underlying mechanism of these factuality decoding methods. The
LLMs' output distribution is derived by applying the softmax function to the output logits
from the nal layer. During the training phase, this distribution is optimized based on the
real-world factuality distribution represented by the training dataset. However, during the
inference phase, "what the LLM tells" might still contain factual errors, which implies a dis-
crepancy between the output distribution and the real-world factuality distribution. While
the real-world distribution remains inaccessible during the inference phase, the model's la-
tent knowledge ("what the model knows") may have implicitly learned some factual content
correctly during the training phase [63, 149]. Therefore, a key challenge for factuality de-
coding strategies lies in e ectively harnessing the latent knowledge embedded within LLMs

to re ne the output distribution (logits) during inference.

FIGURE 4.2: lllustration of our Self Logits-Evolution Decoding (SLED) work ow.

To address this challenge, we propos€elf Logits Evolution Decoding (SLED), a novel

factuality decoding approach that leverages the latent knowledge within LLMs by contrasting
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the nal layer's logits with early layers' logits. During the decoding process, as LLMs
progress from early to nal layers, they progressively incorporate factual information stored
in each layer into the output. SLED tracks this evolution process to unearth the latent
knowledge within LLMs, and enables the self-evolution of the output distribution further
to align it more closely with real-world facts. Furthermore, our approach recognizes that
the latent knowledge within LLMs, while valuable, may not always be perfect. Therefore,
instead of simply replacing the original outputs with this latent knowledge, SLED integrates
it into the original logits through an operation similar to single-step gradient descent over
the output logits during the inference time. This operation minimizes the Kullback-Leibler
(KL) divergence between the latent knowledge distribution and the output distribution,
e ectively balancing the two and mitigating potential drawbacks such as over tting or biased
outputs. Figure 4.2 illustrates the SLED work ow, highlighting how SLED optimizes the
output logits, leading to a more factual output distribution. We evaluate SLED on various
LLMs (e.g., LLaMA 2 [143], LLaMA 3 [1], Gemma [99]) and benchmarks to demonstrate its
state-of-the-art performance in layer-wise contrastive decoding methods. In summary, our

main contributions are;:

4.1.1 Background

There have been many advances in improving training and inference to develop better
out-of-the-box LLMs [144, 143, 1, 140, 105, 80, 183, 150, 62]. Unfortunately, LLMs still su er
from hallucinations and producing non-factual text. This has led researchers to develop

many methods to improve factuality.

4.1.1.0.1 Retrieval, Fine-tuning, and Preferences. Many techniques use additional knowl-
edge graphs or ne-tuning data to increase factuality by updating the model parameters for
this goal. One method is Retrieval-Augmented Generation (RAG) to use external knowledge
to improve generation [15, 19, 28, 73]. Another option is to use post-generation retrieval
and editing for improving attribution [36]. Other directions that use additional training or

preference data are supervised ne-tuning (SFT) [109, 142], RLHF [108], DPO [115] or self-
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rewarding [172]. Complementary to these approaches, we wish to improve the LLM output

distribution directly without needing any additional data.

4.1.1.0.2 Decoding and Factuality Decoding For each pre x, the LLM generates a prob-
ability distribution for the next token on a xed vocabulary list, and a decoding method
determines how the next token is derived based on the estimated distribution. Decoding
methods were initially developed to enhance the uency and coherence of text generation,
such as Beam Search (BS), which maintains thk most probable sequences at each time step.
Common decoding methods also include Diverse Beam Search (DBS) [147], Contrastive De-
coding [78], Top-p Sampling [49] and so on.

Recently, the potential of decoding has extended beyond merely improving text read-
ability, with some factuality decoding methods being proposed. These methods modify the
generation process to focus on truthful statements rather than unsupported claims during
the inference phase, aiming to reduce hallucinations. Notable recent works include Inference-
Time Intervention (ITI) [76], Induced-Contrastive Decoding [192], Decoding by Contrasting
Layers (DoLa) [21] and so on. ITI adjusts model activations during inference by following
learned directions across a limited number of attention heads to improve truthfulness. Some
researchers have extended previous Contrastive Decoding [78] methods to improve factual
accuracy, such as Frustratingly Easy Model Decoding [165] and Induced-Contrastive Decod-
ing [192], leveraging di erences between expert and amateur models. Most closely related
to our work is DoLa, which also employs contrasting logits from di erent layers. However,
signi cant distinctions exist: Firstly, our method diverges in how to utilize those di erences
between logits to extract latent knowledge. Secondly, whereas DolLa directly substitutes the
original output distribution with the latent knowledge distribution, our approach recognizes
potential inaccuracies in this estimated distribution and adopts gradient descent within an

optimization framework to integrate the model's latent knowledge with the original output.
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FIGURE 4.3: The results on the next-token predictions of three LLaMA-2-base models using
the logits from each layer individually.

4.1.2 Self Logits Evolution Decoding

A large language model, equipped withN layers and a vocabularyV = [vy,Vy,... V4],
typically generates text in the next-token prediction fashion. For each given pre x, the
model computes the logits at the nal (N-th) layer, logitsy (" (1nys (2N)s - - -5 (dn))» Which
are obtained by applying a linear transformation to the hidden states of the nal layer,
projecting the high-dimensional hidden state vectors onto the space of the vocabulary size.
Subsequently, the output distribution Po4ts, at the nal ( N-th) layer for the next token is

derived by applying softmax function on the logits,

P logits, (PN, - - Pany) = softmax(logits,/ t),

wheret is the temperature parameter. Therefore, for eaclp; ) (12 i @ d), we have
< s d <
Piny = exp(ny/ t)/ S, where S= jzlexp( GNy/ 1)
Similarly, we can also derive the logits from early layers by applying the same linear

transformation mentioned above to their hidden states. For any early layern (n N),

we denote its logits aslogits,  ("(1p),---» (an)) @nd the corresponding distribution as

I:)Iogitsn (p(l,n)v s ’p(d,n))-
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4.1.2.0.1 Logits Evolution To improve factual accuracy, it is crucial that the correct token
vi receives a higher value ofogitsy to ensure a higher probability value p; vy in the output
distribution P)ogis, - From a mathematical perspective, this means aligning the model's out-
put distribution P jogits, closely with the real-world factuality distribution Peq. Speci cally,
we can formulate this goal as optimizing the following loss functiorL regarding the logits:

L (logits)  KL(Pean Piogits), Wherelogits = ( "1, ..., q), Piogits = Softmaxlogits/ t) (4.1)

We describe the above optimization ad.ogits Evolution. Interestingly, the training of LLMs
also aims at minimizing the divergence (typically the KL divergence, as the training loss
function is often the cross-entropy loss) between the ground truthP,.; and the output
distribution Pyogits - During the training phase, the logits evolution is driven externally by
the real-world distribution P, presented in the training dataset, and the corresponding
solution is logits = logits,. However, P ¢, is Not accessible during the inference phase. To
address this challenge, SLED utilizes the model's latent knowledge to estimatB e, and
enables "self-evolution” of the logits. We denote the estimation a$ 4ent and the self logits

evolution can be achieved by the following gradient-descent operation:

IOgitsN = IOgitsN ar IogitsNKL(PIatentaPlogitsN)- (4-2)

The parameter a, termed the Evolution Rate, governs the magnitude of adjustments applied
to logitsy in the direction of the gradient r |ogits, KL(Pjatent: Piogits,)- In the following Section
4.1.2.0.2 and 4.1.2.0.3, we discuss how we derive tRgsnt as the estimation of the real-world

distribution P gg;

4.1.2.0.2 EstimateP ¢4 by Tracking the Logits Evolution Direction throughout Layers

The core principle of our method involves leveraging the dierence between each early

layer's logits and the nal layer's logit, logits, logits, to approximate the gradient of

KL(Prean Plogits) at logits = logits,. Then we estimateP ¢, based on this approximation.
This is inspired by a new perspective of interpreting the training phase of LLMs as the

evolution of logits described in Problem 4.1. As mentioned above, the solution derived by

the training phase is the nal layer's logits logits = logitsy, since the nal layer's logits,
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FIGURE 4.4: An example from GSM8K demonstrating SLED's mechanism.

directly engage with the real-world distribution P4 through the loss function in training.
This implies that we can generally consider the nal logits logits,, to be a better solution
than the logits from an early layer logits,, with KL(Prea, Piogits,) ~ KL(Prean Piogits, ). We
present some examples in Figure 4.3 to demonstrate this. This analysis is performed on
200 true claims from the FACTOR dataset. The results verify that the logits distribution
at the nal layer is closer to the real-world distribution than all the early layers in terms
of KL divergence. Based on this discussion, if we contrast the nal layer's logits with
the early layer's logits, we can consider the direction (orientation) oflogits, logits, can
approximately align with the direction of the gradient 1 gitsKL(Preal Plogits) liogits= logits, - TO
further verify this motivation, we calculate the cosine similarity between logits, logits,
andr |OgitShKL(Prea|, P|Ogit%) for thousands of tokens across di erent models in Figure 4. We
nd that the majority of these values are positive, which means that the directions of these
two vectors are close.

Hence, for each early layem, we propose to maximize the following function of cosine

similarity and derive the Pl(art")am to estimate the P g

latent —

pMm _ arnggx CosSin(logits, logitsy, I' iogits, KL(P, Piogits, ), 0 (4.3)
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4.1.2.0.3 Achieving the Self Logits Evolution in Three Phases Based on the above anal-

(n)

ysis, we can introduce the procedures of SLED: First, we estimat® -

for each early layer

n using the gradient approximation in Section 4.1.2.0.2. Subsequently, we apply a weighted
(n)

average ontP ..

u across all early layersn N to derive Pjzent, Which serves as the -
nal estimation of the real-world distribution. Finally, we apply Pjaent in Equation 4.2 to

facilitate the self-evolution of logitsy;, thereby derive the updated logits, logits,; .

. . in direction
IOg|tSn IOgltS’N r Iogit%KL(Preal’ PIogitsn)
\Phage 1 (n) <Rbase 2 P . GGG Rhase, 3 logit
uLun ULLLLLLLLLLLLN
Estimate latent "Ensemble latent Self-evolution in Eq 4.2 g

Phase 1: An exhaustive search for an exact solution to the complex optimization problem
(Equation 4.3) is computationally impractical. We can reduce the solution space by the
following. Suppose the real-world factuality distribution dictates that the next word to be
generated is thei-th token v; from the vocabulary V. Thus P, = Pg, Where Pq represents
a standard basis vector (one-hot vector) with thei-th component set to 1 and all other
components set to 0. Then, we can simplify the aforementioned optimization problem by
limiting the solution space to tPQU{’:0 and decide which tokeni should be selected. The

corresponding gradient whenP = Pg has the following formulation.
Proposition 3. The gradient of K{Pg, Piogits) at logits=logits,, is:
r IogitsnKL(Pea Plogit%) = ( I:)Iogit% Pg)/ t = Piinys -+ Piny Lo Pany It (4.4)

We calculate the cosine similarity between the gradientr ,ogitSnKL(Pa,ngitSh) and the

di erence logits, logits for each token in the vocabularyV. Then we select thePg of

which the gradient is closest tologits, logits, as the estimation pM

Iatent Mathematically,

this involves selectingi according to the following criterion
i = arg max m"

max ,wherenﬁi(”) = max CosSin(logits, Iogits,\l,Pk,gitSn Pe),0
aijo

(n) _

latent ~

and adopting P Pe as the "hard estimation” of P . Drawing from the concept of

hard and soft targets in label smoothing and knowledge distillation, we further extend it to

35



the "soft estimation”,

d
i=1

P =(m™, ... m" . mM)m™, wherem™ = (m(”)? and m" ="

(n)
latent — i m

~(n)

We squaretm; ’u to moderately amplify their di erences. Prior studies prove that soft

targets usually o er stronger generalization capabilities, more information, and more ro-

bustness to noise than hard targets [47, 102, 141, 173]. Hence, we adopt the soft estimation

in lieu of the hard estimation. Phase 2: We ensembl@(”)

latent @Cross all layers by computing

()

a weighted average of the setP .

uand adopt it as the nal estimation of the P tent

N N 5 N
Platent = nzos(n)PI(ar:ént’ where S(n) = m(n)/ ( nzom(n))

This estimation suggests that the weights of certain layer n will be larger if the corre-
sponding gradient approximationlogits, logits, is more closely aligned with the gradients
tr |Ogit%KL(PQ, P|ogitsn)ufor the tokens in the vocabulary. This in turn ampli es the in uence

of layer n on the nal estimation, which is a desirable e ect in our method. One can further

validate that for each componentm; in the nal estimation Pigent (Mg, My, ...,my), the

following relationship holds: mj = N m"W/( N ¢

n=0 M, n=0 J-:1mj(”)). This property simpli es

the description in Algorithm 3.

Phase 3: Applying Paent in Equation 4.2 enables us to derive the gradient necessary for

steering the self-evolution on the nal layer's logits logits.
Proposition 4. The gradient of K{Paent, Piogits) at logits=logits, is:
r logits,, KI—(PIatentv PIogitsN) = ( PIogitsN Platent)/ t= p(l,N) My, ... ap(d,N) Mgy It

Then we can derive the self-evolved logitsogits,

<

|Og|tSN (7(1,N)1 N () IEEE !T(d,N))f where :’(i,N) = \(i,N) a(p(i’N) m,)/ t. (45)

(n)

latent

We provide a demo of SLED in Figure 4.4. SLED derives the estimation® by con-
trasting nal layer's logits logits,, with early layers' logits tlogits,u. We list the token with

(n)

latent
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Algorithm 3 Self Logits Evolution Decoding

1: Initialization: LLM with N layers, inputs, evolution rate a, evolution scale k j O,
h 1 0, temperature parameter t, and the one-hoc vectors tPqu de ned in Section
4.1.2.0.3.

2: Feed theinputsinto the LLM to obtain the logits  logits, = ( " (1), - - -, (dn)) @nd proba-
bilities Pogits, = ( P10 - - -+ Pan)) = softmaxlogits,/ t) at each layern, where n o N.

3: ldentify the tokens with the top- k largest values in logits, and denote their indices by
k.

4: for each early layern, (n  N) do
5. Compute differen%es for top- k logits logits, logitsy. i
2
6: Calculate mi(n) = max CosSim(logits, logitsy, Piogts, Pg).0 i Ply.
7: end for “y
8: Compute weighted average m; = - nz 1M @ across different layers for eachi P I.

n=1 Py M
9: for eachi from 1to ddo
10: Set:‘(i,N) = \(i,N) tg(p(i,N) m;) if i Py else Set:‘(i,N) =h! 0.
11: end for
12: Output: The self-evolved logits are logitsy = ( ~(1ny, -+ (iN)r- -+ (dN))-

(n)

downplays incorrect tokens by assigning lower weights(™ to the corresponding P atent

Conversely, if the estimation is correct, the weights are relatively larger. The parameter

evaluation scale is set to 2.

4.1.3 Experimental Results

4.1.3.0.1 Benchmarks We compare our method with baselines on several multiple-choice
and open-ended generation tasks. For multiple-choice question tasks, we use the Truthful QA
[84] and FACTOR (Wiki) [101] datasets to assess the LLMs' factuality in short-answer/long-

paragraph scenario, respectively. For open-ended generation tasks, we adopt TruthfulQA

[84] and tasks involving chain-of-thought reasoning [155]: StrategyQA [37] and GSM8K [23].

4.1.3.0.2 Models & Baselines We evaluate the performance of SLED on six LLaMA-2
models [143] ({7B,13B,70B}-Base, {7B,13B,70B}-Chat), four LLaMA-3 family models [1]
({8B,70B}-Base, {8B,70B}-IT), two Gemma models (2B,7B), two MoE models (Mixtral-

8 7B, Mixtral-8 7B-IT) [57]. We adopt the following baselines: 1) standard decoding
(greedy decoding or sampling depending on the tasks), 2) DoLa [21], 3) Inference Time

Intervention (ITI) [76], 4) Activation Decoding (AD) [18], 5) Contrastive Decoding (CD)
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Table 4.1: Comparison on LLaMA 2 model family. The best results are in bold for each
dataset/metric. SLED outperforms DolLa and vanilla greedy decoding.

Truthful QA (MC Truthful QA (Open-Ended CoT
Model&Method uthfulQA (MC)  EacTor uthfulQA (Op )

MC1 MC2 MC3 %Truth %Info %T* %Reject StrQA GSM8K
LLaMA-2-7B-Base  33.17 5942 31.78 5815 | 3280 90.09 23.99 8.45| 6096  14.03
+Dola 3256 63.03 30.57| 6249 | 3574 09523 3231 257 | 6061 14.71
+SLED (ours) 3415 6257 31.89| 6727 | 5581 9461 5287 012 | 6131  15.01
LLaMA-2-7B-Chat  35.62 57.46 32.07 56.78 | 59.24 78.95 3868 17.50| 63.67 21.08
+Dola 3341 61.93 30.35 56.65 | 58.02 87.03 4578 13.10| 6432  21.00
+SLED (ours) 37.08 63.86 32.90 64.70 | 67.07 8813 5569 11.02| 64.67 21.15
LLaMA-2-13B-Base 33.69 6275 31.74 6369 | 31.21 9155 2326 7.96| 66.07 28.66
+Dola 2925 6213 30.29 57.08 | 37.58 9241 3011 7.47| 6555 18.88
+SLED (ours) 3415 63.62 31.89 70.91 | 3831 94.85 3329 502| 66.81 29.34
LLaMA-2-13B-Chat 36.47 63.05 32.77| 62.06 | 6034 8654 47.12 1359 69.87 36.47
+Dola 3452 6324 3148 5808 | 6022 9033 5116 967 | 67.90 34.57
+SLED (ours) 37.09 63.75 32.60| 6750 | 63.65 9523 58.87 526| 69.96 36.54
LLaMA-2-70B-Base 33.66 61.10 32.38 72.78 | 5545 62.55 18.48 36.74| 7520  56.33
+Dola 2693 6033 2942 6192 | 60.95 7062 3207 17.72| 73.45 4337
+SLED (ours) 3513 64.92 3352 77.49 | 59.24 8299 43.70 13.10| 7520  57.09
LLaMA-2-70B-Chat 35.98 64.18 32.99 69.07 | 4957 81.27 31.33 29.13| 77.25 5459
+Dola 3158 5440 32.31 5828 | 61.44 7797 39.90 21.28| 7441  49.05
+SLED (ours) 3831 66.71 34.66 7398 | 62.55 8470 47.74 14.98 77.38  54.81

[78], and 6) Induce-then-Contrast Decoding (ICD) [192].

4.1.3.0.3 Metrics We adopt the factual accuracy evaluation implemented in [21] for multiple-
choice tasks and chain-of-thought reasoning tasks. For the open-ended generation task on
TruthfulQA, we follow the evaluation procedure in [21, 84], using netuned-GPT3-judge s

to measure the truthfulness, informativeness, and rejection rate of generated outputs respec-
tively.

4.1.3.1 Evaluation on a Broad Range of LLM Benchmarks

4.1.3.1.1 Multiple-Choices Tasks The objective of these tasks is to employ decoding
methods that enable LLMs to assign higher probabilities to correct completions/answers

over incorrect alternatives. We demonstrate the e ectiveness of SLED for both Short-Answer

Factuality on the TruthfulQA and Long-Paragraph Factuality on the FACTOR dataset. For
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Table 4.2: Using SLED with other LLM families also improves the factuality.

Model FACTOR TruthfulQA | Model FACTOR TruthfulQA
MCL MC2 MC3 | MC1 MC2 MC3

LLaMA-3-8B 64.33 33.78 63.00 32.59 Mixtra-8 7B  71.41 35.13 49.9834.17
+DoLa 68.04 33.29 63.35 32.16+Dola 58.28 3244 3591 33.68
+SLED (ours)  68.67 3513 64.09 32.50+SLED (ours)  74.92 35.86 57.26 32.96
LLaMA-3-8B-IT  59.49 38.92 68.16 36.50 Mixtral-8 7B-IT 70.51 37.94 6251 3525
+Dola 61.06 35.86 65.30 33.78+Dola 56.15 3219 39.17 33.76
+SLED (ours)  67.17 42.23 69.03 37.97+SLED (ours)  75.55 41.73 6852 37.70
LLaMA-3-70B  78.72 35.62 65.66 34.18| Gemma-2B 50.87 23.38 37.16 17.42
+Dola 77.56 33.29 64.83 32.81+Dola 3293 2607 4897 2655
+SLED (ours)  80.83 37.58 66.19 34.11| +SLED (ours)  57.05 2521 50.20 26.94
LLaMA-3-70B-IT 73.95 44.80 7029 41.02 Gemma-7B 60.42 3158 47.63 22.75
+DoLa 71.51 3843 68.70 35.21+Dola 36.07 2521 43.14 26.13
+SLED (ours) 76.85 48.35 74.03 43.16+SLED (ours) 65.56 32.31 49.88 25.22

both DoLa and our SLED, we contrast the results from the nal layer against all preceding
layers. We randomly sample approximately 5% of the data for validation regarding param-
eter selection. The results, as shown in Table 4.1, indicate that SLED achieves superior
outcomes in almost all metrics across six LLaMA-2 models. Notably, SLED achieves better
performance under the MC1/MC3 metrics on TruthfulQA, which are more sensitive to uc-
tuations and pose a greater challenge. For long sentences in FACTOR, our method shows
improvements over baselines by 5-13%. These results not only underscore the bene ts of our

method for factuality but also demonstrate its robustness across di erent lengths of text.

4.1.3.1.2 Open-Ended Generation Tasks In open-ended settings, we prompt the model
to generate answers for the same questions from TruthfulQA, following the settings outlined
in [84, 21, 78]. In Table 4.1, we compare the performance of six LLaMA-2 models using
standard greedy decoding, (greedy) DolLa, and (greedy) SLED. All the generated answers
are then evaluated by a ne-tuned GPT-3 model for both truthfulness and informativeness
scores. Considering that a 100% truthful score can be easily achieved by simply responding
with 'l have no comment," which would result in a 0% informative score and thus is not

very useful, we have introduced additional metrics %Truth Info and the rejection ratio
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%Reject to demonstrate that SLED is a mutual-gains approach to achieve better both
truthful and informative scores. We have improved the overall %Truth x Info scores by 3-20%
across di erent models and reduced the rejection ratio by up to 95%. These enhancements

demonstrate that our method e ectively avoids the 'rejection pitfall," making it more helpful.

4.1.3.1.3 Adaptation to Chain-of-thought Reasoning Tasks Although the StrategyQA
and GSM8K tasks are also open-ended and require factual accuracy, the primary focus
here is to evaluate how di erent decoding methods adapt to the Chain-of-Thought (COT)
approach for handling complex reasoning tasks. We maintain a repetition penalty of 1, as
we will discuss the repetition aws associated with DoLa in Section 4.1.3.4. StrategyQA
demands multi-hop reasoning, and as shown in Table 4.1, our method boosts accuracy across
six models, whereas DolLa generally worsens it without a repetition penalty. GSMS8K, a
benchmark for math word problems that require arithmetic reasoning, also shows consistent

accuracy improvement with SLED in 7B, 13B and 70B models.

4.1.3.2 Evaluation Across Diverse LLM Con gurations

As discussed above and shown in Table 4.1, our method, SLED, demonstrates strong
generalization capabilities across the LLaMA-2 model family, proving robust from 7B to
70B model sizes. In Table 4.2, we further showcase SLED's impressive performance on the
more recent LLaMA-3 family models, both at 8B and 70B sizes, in terms of long paragraph
factuality and short answer factuality. Interestingly, SLED is also applicable to di erent
pre-trained models, such as Gemma at both 2B and 7B sizes, and can even be adapted to
the increasingly popular Mixture of Experts (MoE) architectures. These results con rm the

exceptional adaptability of our method across various LLM con gurations.
4.1.3.3 Evaluation on Integrating SLED with Other LLM Factuality Decoding Methods

SLED exclusively focuses on contrasting di erences between layers without altering other
parts of the model. Thus, it remains compatible with other techniques that incorporate

additional strategies or utilize auxiliary models. This compatibility allows SLED to be

seamlessly integrated into existing methods, enhancing factuality further without the need
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Table 4.3: Comparison of decoding strategies on Truthful QA datasets. SLED can also be
seamlessly combined with other decoding strategies to improve performance further.

Model | LLaMA-2-7B-base | LLaMA-2-7B-chat

AD  AD AD  AD Il ICD
Method | AD — poia +step| AP +pola +step| ™' +step| P 4sLeD
MC1 | 3280 2558 3329 | 3537 3341 3623 | 36.60 4333 | 46.32 46.87
MC2 | 5959 39.06 6255 | 58.14 50.31 63.15 | 6562 6575 | 69.08 72.09
MC3 | 3105 17.89 3180 | 31.84 2315 3223 | 34.89 37.66 | 4125 43.64
Model | LLaMA-2-13B-base \ LLaMA-2-13B-chat

AD  AD CcD AD  AD )
Method | AD ,pora +step| P +step| AP +pDola +sLED| P +sLED
MC1 | 3390 2472 3390 | 3011 3378 | 36.84 3472 36.35|28.15 36.47
MC2 | 6293 37.74 63.69 | 5031 6322 | 63.75 5042 64.83 | 5487 64.93
MC3 | 3161 17.66 31.38 | 28.18 3221 | 3269 2383 32.85 | 20.75 33.39

Table 4.4: Accuracy of LLaMA 2 13B Base on StrategyQA with Varying Repetition Penalties

Metric Method 1 1.02 104 1.06 1.08 1.1 1.2 2
DolLa 65.55 65.98 66.37 65.98 6559 66.37 67.16 66.64
Accuracy(%)
SLED (Ours) | 66.81 69.39 68.51 68.47 67.07 65.72 60.87 54.75
. DolLa 763 719 645 598 550 510 373 205
Repetition-4(%)
SLED (Qurs) | 3.73 245 189 136 105 069 020 0.10
" DolLa 216 204 166 137 112 0.89 023 0.03
Repetition-Sen(%)
SLED (Ours) | 0.88 0.39 0.10 0.02 0.03 0 0 0

for modi cations to SLED. We integrate SLED with the following approaches: ITI, AD,
CD and ICD. Table 4.3 shows that SLED leads to accuracy improvements from 1% to 12%

across four LLaMA-2 models.

4.1.3.4 Ablation Studies and Analysis

4.1.3.4.1 Mitigating Repetition Issues Table 4.4 demonstrates that our method, SLED,

e ectively addresses a signi cant issue in DolLa: repetitive content in open-ended generation
tasks. Our approach outperforms DolLa without the need for excessive repetition penalty.
While a slight increase in the repetition penalty further enhances the performance of our

method, excessive penalties, such as 1.1, tend to degrade it. This suggests that SLED
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does not inherently require heavy adjustments for repetition issues. In contrast, DolLa's
performance improves with higher penalties (e.g., 1.1, 1.2, 2), indicating a more critical
need for addressing repetitive content. We also employ two intuitive metrics, Repetition-

4 and Repetition-Sen, to gauge the severity of repetition issues, following prior research
[162]. Regardless of the repetition penalty imposed, our method consistently exhibits lower

repetition rates. Table 1 includes some examples of generated text to illustrate this further.

4.1.3.4.2 Layer Selection How to choose a good candidate set is still a paradoxically di -
cult task when applying DoLa. Our method does not exhibit this issue. Instead of selecting
a single premature layer from the candidate set like DoLa, SLED contrasts the nal layer
with all layers in the candidate set and then ensembles all the results. Figure 4.5 shows that
setting a larger candidate set, such as all the 32 layers for LLaMA-2-7B-Base, yields better
performance than focusing solely on either the rst[0, 16) or second half[16, 32. Contrast-
ing all layers for SLED is better than using only the rst half [0, 16) or the second half
[16, 32). Hence, there are no improvements for SLED from strategic layer subset selection.
This implies that our layer-wise contrast approach captures more useful information in a
more scienti ¢ manner. Furthermore, our tests con rm the robustness of our method even
when the candidate set is minimal, such as a single layer, consistently demonstrating strong

performance. Our settings mirror those of DolLa.

4.1.3.4.3 Parameter Analysis We next investigate the impact of parameters evolution
rate a and evolution scalek on the performance of SLED using a subset of the FAC-
TOR dataset. We test evolution rates fromt0.01,0.1, 1, 2,5, IDand evolution scale values
from t5, 10, 20,50. Without extreme evolution rates (e.g., 10), our method performs well,
con rming its robustness. As analyzed in our methodology and Eq. 4.2, the evolution rate
balances the logit distribution (Py ) with the latent knowledge distribution ( Patent). A lower
evolution rate works better for larger models (13B) and chat models as their logits already

better represent real-world distributions.
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FIGURE 4.5: Evaluating using different premature layers for SLED and DolLa on a 10%
subset of the GSM8K dataset.

(a) LLaMA 2 7B Base (b)LLaMA27B Chat (c)LLaMA 213BBase (d)LLaMA 2 13B Chat

FIGURE 4.6: WE explore the impact of evolution scale and rate based on the factual accu-
racy of a subset of the FACTOR dataset. (G: Greedy, D: DoLa)

4.1.3.4.4 Latency Our method, SLED, does not incur signi cant latency overhead. The
latencies presented in Table 4.5 demonstrate that our method, SLED, just increases the
decoding time of DoLa by factors ranging from 0.1% to 10%. Notably, even with an atypical
setting such as evolution scale= 100, which is seldom used, the increase remains around
10%. The latency for DoLa and SLED is much higher compared to the vanilla greedy
decoding because we set all early layers as candidate layers set for both DoLa and SLED

for a fair comparison.

4.1.4 Summary

We introduced Self Logits Evolution Decoding (SLED), a novel inference-time method

to improve factual accuracy in large language models (LLMs) without the need for external

43



Table 4.5: Latency (ms/token) comparison across different con gurations. (ES: evolution
scale)

Model Greedy DolLa SLED (ES=5) SLED (ES=20) SLED (ES=50) SLED (ES=100)
LLaMA-2-7B  23.64  29.93 30.41 31.15 32.70 34.63
LLaMA-2-13B 3041  39.57 39.61 41.14 43.30 45.09
LLaMA-2-70B  82.63  136.42 138.33 140.24 143.12 148.85

knowledge retrieval (e.g., RAG) or additional ne-tuning (e.g., SFT). The core intuition

is to re ne the original output logits by leveraging the latent knowledge already embed-
ded in the LLM's internal activations. By engineering the output probability distributions
directly from internal representations, SLED provides a powerful demonstration of how
Probability Engineering can signi cantly enhance factuality and robustness in high-quality
text generation. Our extensive experiments across multiple benchmarks con rm that SLED
achieves state-of-the-art performance, surpassing both vanilla decoding strategies and exist-
ing factuality-enhancing methods.

These insights underscore Probability Engineering's e ectiveness for enhancing genera-
tion tasks, setting the stage for broader applicability. Indeed, our other projects on large
language models (or large multimodal models) [184, 70, 185, 69, 85, 62, 150, 174, 68] fur-
ther illustrate the critical role Probability Engineering can play, highlighting its potential
in reliably leveraging complex, large-scale vision-language datasets to address real-world

demands.

4.2 Text-to-Image Generation with Diffusion Models

The eld of text-to-image generation has made remarkable progress, especially with the
rise of diusion models [48, 122, 117, 124, 166, 197, 123]. These models not only have
demonstrated prowess in generating high- delity images, but have also showcased versatile
applications, such as image inpainting [93, 33, 60] , denoising [161, 164], video generation
[44, 6], and style transfer [154, 194]. Along with these advancements, the ability to generate
images containing legible text, another realm of signi cance, is becoming increasingly worthy

of attention. Speci cally, this need is evident in everyday scenarios, where images with text
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FIGURE 4.7: Generated examples from our ARTIST.

are commonplace, from advertisements to road signs, posters, and book covers. Crafting
these text-rich images manually demands skilled expertise and a signi cant time commit-
ment. However, a signi cant shortcoming lies in the current state-of-the-art di usion-based
generative models; they often render text portions that are virtually unreadable, akin to gib-
berish, undermining the aesthetic and functional value of the generated images. Therefore, if
generative Al, powered by di usion models, can produce such images, it could revolutionize
design work ows, inspire creativity, and alleviate designers' workload.

To tackle the challenges posed by the quality of text generated by di usion models, two
primary pathways have been explored. Firstly, the traditional approach involves leveraging
image-editing tools to superimpose text onto images directly. However, this frequently intro-
duces unnatural artifacts, especially when dealing with intricate textures or varying lighting
conditions in the background of the image. In contrast, recent research e orts aim to re ne
the di usion models themselves for improved text quality. For example, recent innovations

such as Imagen [124], eDi -l [4], and DeepFloyd [132] discovered that the use of T5 series
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text encoders [116] led to better results compared to using the CLIP text encoder [114].
Similarly, Liu et al.[89] integrated character-aware text encoders to enhance the quality of
text rendering. However, these advancements primarily revolve around optimizing text en-
coders and do not necessarily grant more control over the holistic generation process. On a
parallel track, GlyphDraw [95] has enhanced model controllability by conditionally focusing
on the positioning and architecture of Chinese characters. Still, its utility remains limited,
as it cannot cater to scenarios that require multiple text bounding boxes, making it less
suitable for prevalent text-image formats like posters and book covers. TextDi user [17]
represents a recent advancement in the realm of enhancing the quality of text in generated
images. While it undeniably marks a signi cant step forward, it is not without limitations.
One of the prominent challenges is the model's dependence on manual e orts when it comes
to recognizing key terms from prompts, making the process less e cient than desired. Ad-
ditionally, even though TextDi user exhibits improved capabilities, the accuracy rate of its
Optical Character Recognition (OCR) evaluation on generated text still leaves room for
optimization.

In this work, our primary objective is to develop a more e cient system for text-to-image
generation. This system would eliminate the need for manual post-production adjustments,
ensuring superior text quality within generated images. Upon meticulous investigation, we
have identi ed the primary challenges we aim to address. Firstly, automation of accurately
discerning which words from a provided text prompt should be incorporated into the image.
In platforms such as TextDi user, this identi cation requires human involvement, typically
by highlighting speci ¢ terms with quotation marks, diminishing the platform's e ciency
and automation. Second, there is the challenge of adeptly generating images that seamlessly
integrate top-quality text, ensuring adherence to a predetermined layout, and emphasizing
in the generated images.

To address the aforementioned challenges, we turned to the latest advancements in nat-
ural language processing and large language models (LLMs) [106, 144, 150, 62, 170, 174,

68, 180]. LLMs have showcased outstanding expertise in understanding and processing in-
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FIGURE 4.8: lllustration of the proposed ARTIST framework.

tricate linguistic patterns, making them perfectly suited for our needs. Inspired by their
prowess, we formulated a strategy that employs large language models to surmount the ini-
tial hurdle of pinpointing the keywords. To tackle the subsequent challenge, we introduce
a novel two-stage approach named ARTIST, detailed in Figure 4.8. Speci cally, ARTIST's
dual stages are dedicated to mastering text structure and re ning visual aesthetics in that
order. The moniker ARTIST" encapsulates the essence othe Ability of Rendering Text
can be Improved by diSentanglemenTBy merging our proposed methodology with LLMs'
capabilities, we have achieved a marked improvement in the quality of text embedded within
images.

4.2.1 Background

4.2.1.0.1 Text-to-image Generation Recent advances in text-to-image generation models
can be categorized into two primary categories: autoregressive frameworks [118, 171] and
di usion-based models [117, 124], have been substantial. The latter, particularly di usion-
centric models, have gained signi cant momentum in recent times. The crux of these models
lies in the conversion of textual prompts into latent representations, subsequently relying
on diusion mechanisms to formulate images. Several renowned models, such as Stable
Di usion [122], DALL-E 2 [117] and Imagen [124] have set benchmarks in this domain. The

challenge of controlled generation remains at the forefront. Contemporary image generation
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models, with an emphasis on di usion, heavily prioritize text-based guidance, making it
a promising vector for re ning their controllability. The inherent complexities of gaining
exact control through textual means are evident. For example, ControlNet [186] provides an
architectural blueprint that adapts pretrained di usion models to accommodate a variety
of input conditions. Although o ering a higher level of exibility, obtaining such condition
signals often necessitates manual intervention and might be restrictive for broader conceptual
applications. Methods such as GLIGEN [81] advocate for open-set image generation by
employing grounding tokens to de ne the spatial parameters of objects. We agree with this

approach, integrating elements of the grounding token methodology.

4.2.1.0.2 Text Rendering & OCR Despite the rapid development of di usion-based Text-
to-image Generation, existing methodologies still struggle with generating precise and con-
sistent textual renderings. Various approaches, like Imagen [124], eDi -l [4], and DeepFolyd
[132], have leveraged the prowess of expansive language models (notably large T5 [116]) to
bolster their textual accuracy. The study in [89] highlights a limitation in which traditional
text encoders overlook token length, prompting them to propose a character-sensitive al-
ternative. Simultaneously, GlyphDraw [95] focuses on producing superior images integrated
with Chinese texts, guided by textual positioning and glyph imagery. GlyphControl [169]
further enhances this approach by adjusting the text alignment according to its location,
implicitly incorporating elements like font size and text box positioning. A recent study,
AnyText [145], utilizes a di usion pipeline with an auxiliary latent module and a text em-
bedding module to improve the text generation, editing, and integration with the image
background. The techniques of Textdi user [17] harnesses the Transformer model to discern
keyword layouts, promoting multiline text generation. Then, it further employs character-
based segmentation masks as a prior, o ering exibility in control to cater to user speci -
cations. However, it still depends on manual e orts when it comes to recognizing key terms
from prompts. Although Textdi user-2 [16] employs LLMs to enhance the interpretation

of prompts, the improvements in the quality of generated images with text remain modest.
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This indicates that although the system has improved in understanding user inputs, con-
verting these advancements into better visual results still demands additional optimization.
Hence, we believe it is necessary to develop a more e ective framework that captures the
intricacies of text representation and seamlessly integrates textual structures into images,
aiming for more coherent outputs.

Optical Character Recognition (OCR) is a long-established academic endeavor [158, 9].
In the last decade, this eld has seen remarkable progress, impacting a range of applications
including recognition of car license plates [104], autonomous vehicle navigation [128, 160],
and its incorporation into foundational models such as GPT [53, 129]. In this work, OCR
serves as a pivotal evaluation metric used to critically assess the quality of the generated
text and provide a comprehensive understanding of our model's performance in realistic

scenarios.

4.2.2 ARTIST: Improving the Generation of Text-rich Images with Disen-
tangled Diffusion Models and Large Language Models

As revealed in previous works [117, 125, 17], generating an image with text rendered on
it is still challenging. We suspect that this happens because of two major reasons:

« |t is challenging to simultaneously learn visual appearance and text structure with a

single model;

« EXxisting datasets are not able to cover all the words and their possible combinations,

making it hard to learn text structure from these limited noisy data.

In this work, we propose to mitigate the aforementioned challenges by utilizing separate
modules to learn text structure and visual appearance. Furthermore, these two modules are
trained separately, making it possible to learn text structure with synthetic data constructed
by ourselves, which also tackles the problem of limited data. To ensure disentanglement and
prevent information leakage, our text module and visual module take di erent prompts as
inputs. However, it can be ine cient and user-hostile if these prompts have to be manually
designed by the user themselves at inference. Fortunately, because of the recent success of

large-language models (LLMSs) [8, 143, 184, 181, 185, 178], we propose to utilize pre-trained
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LLMs to infer user's intention, provide accurate prompts for both modules. With the help of
LLM, user's input can be either precise or vague, leading to a better interactive experience.
Our proposed framework is termed ARTIST, because it illustrates thatthe Ability of

Rendering Text can be Improved by diSentanglemen®ur proposed framework is illustrated

in Figure 4.8, with details discussed below. A large-language model (LLM) is utilized to
analyze the user's intention. Two di usion models will be trained to learn text structure and
other visual appearance respectively. Given a user input, the LLM will output keywords,
layout and text prompts, which will be fed into our trainable modules to generate target
images. As we show in Section 4.2.3, our proposed framework outperforms the previous
state-of-the-art (SOTA) in terms of image delity, image-prompt alignment, and accuracy

of generated texts.

4.2.2.1 LLM-based Prompt Understanding

TextDi user [17] proposes to train a transformer model to extract texts that are expected
to be shown on generated images. However, there appears to be a limitation associated with
this method: their model is only capable of detecting words enclosed by quotation marks.
This happens because most keywords from the training dataset are enclosed by quotation
marks inside the captions. A model trained on these samples will lack generalization ability
or even be overtting. Moreover, their model even fails to generate the desired image
according to the prompt a poster of Batman with the word Batman on it", as it does not
understand that the word Batman" should be presented on the image.

On the contrary, we propose to provide pre-trained LLM with an open-domain prompt
and rely on its capability to autonomously identify the essentials. Because of its vast open-
domain knowledge, LLM is able to better understand user intents and thus can generalize
to complicated scenarios. Given vague prompts, LLM is able to discern and propose which
words or text elements to incorporate, resulting in more coherent and aesthetically appealing

suggestions.
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FIGURE 4.9: Generated examples from our text module, along with input masks.

4.2.2.2 Learning Text Structure

A diusion model, denoted as a text module, is introduced to learn text structures.
Speci cally, this text module is trained to take bounding boxes as input and generates a
black-white image with only text on it. Because we do not require it to learn any visual
e ects, the prompt for this module is the word to be rendered and the dataset can be
simply constructed using standard rendering libraries Speci cally, we construct two large-

scale datasets to train this module, as described below.

4.2.2.2.1 Word-level dataset: Our rst dataset consists of around 10 millions of black-
white images with only single word on them. Speci cally, to construct each data sample,
we rst randomly select a word from the vocabulary of CLIP text encoder, then render
this word with random font and size on a black image. Meanwhile, we can also obtain the

ground-truth bounding box for each rendered word. This dataset will be further augmented
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during training by randomly moving both the word and bounding box to a new position,
resulting in more e ective samples;

4.2.2.2.2 Sentence-level dataset: Although our word-level dataset contains massive struc-
ture information of English words, it contains no layout information about how should
these words be placed and combined on the target image. To this end, we construct our
second dataset which contains 50 millions of black-white images by utilizing MARIO-10M
dataset [17]. Speci cally, we use the ground-truth text and layout information from MARIO-
10M samples, and render the same text with randomly selected fonts on black images fol-
lowing the same layout.

After constructing both datasets, we train the text module in two stages, inside the
latent space of a VAE [66] following Rombach et al. [122]. In the rst stage, the di usion
model is trained to take a single bounding box and a target word as inputs, then generate a
black-white image with the word rendered on it. Then, this module will be ne-tuned on our
sentence-level dataset as the second stage so that it can take multiple bounding boxes and
multiple s as inputs. Our s are denoted a$ = tpq, p2, .. .,pPnY, composed of the words to be
generated in the image. Our input mask is an image containing the corresponding bounding
boxestmy, my,...myuthat indicate the position of each word. During training, the original
text-only image and input mask image are rst encoded into latent space featureg and
m. Then we sample a time stept  Uniform (0, T) and a Gaussian noise to corrupt the
original feature, yielding z; = ?Etz + ? 1 a; wherear is the coe cient of the di usion
process introduced in [48].z; and m are concatenated in the feature channel as input for
di usion model, which will be trained with the di usion loss between the sampled and the
predicated noise

h i
Lea =E }  q(zumP,0); . (4.6)
Some generated examples are shown in Figure 4.9, which illustrates that our text module can
successfully generate a target image with desired texts on it in di erent styles. In our imple-

mentation, MARIO-10M dataset [17] is used to train this module following previous work
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for a fair comparison. P,P,m have already been prepared in MARIO-10M. At inference

time, LLM will be utilized to infer P,P,m as mentioned in Section 4.2.2.1.

4.2.2.3 Learning Visual Appearance

After training the text module, we would like to utilize its learned knowledge to generate
high- delity images containing text. To this end, we propose to inject intermediate features
from our text module into our visual module, which is also a di usion model. For each
intermediate feature from the mid-block and up-block layers of text module, we propose to
use a trainable convolutional layer to project the feature and add it element-wisely onto
the corresponding intermediate output feature of the visual module. We have also tested
di erent architectures, the comparison will be provided in later experiment section.

During the training of the visual module, the text module will be frozen, and only the
newly introduced layers and visual module will be ne-tuned. Dierently from the text
module described in Section 4.2.2.2, whose training text only contains the target words to
be rendered, the training data for our visual module has to contain visual descriptions of
the image so that the model can successfully learn to generate visual contents based on the
user's input.

Let P be the prompt which contains visual descriptions of the imageP be the s as
de ned in Section 4.2.2.2. We feed® and the input mask m as mentioned in Section 4.2.2.2
into the pre-trained text module. The intermediate features from the text module denoted
ast fj(z¢, m, P,t)q;l will be injected into the visual module, wherek stands for the number

of intermediate features. The visual module will be trained with di usion loss:
Lvisuat = E € € X, tfi(z,mP,t)ul,,mP,t

?_ 0?7 )
wherex; = ax+ 1 a; denotes the corrupted VAE feature of ground-truth image.

4.2.3 Experimental Results

4.2.3.0.1 Implementation Details Our experiments are conducted on 8 Nvidia A100 GPUs,

with Hugging Face Diusers [112]. Both text and visual modules are initialized from the
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Table 4.6: Results on MARIO-Eval benchmark, our ARTIST outperforms previous meth-
ods.

Metrics SD Fine-tuned SD ControlNet DeepFloyd TextDiffuser ARTIST-TD ARTIST

FID (O 51.295 28.761 51.485 34.902 38.758 36.579 38.43
CLIP Score(Q 0.3015 0.3412 0.3424 0.3267 0.3436 0.3466 0.3482
OCR Accuracy (O 0.0178 0.0154 0.2705 0.0457 0.5712 0.6298 0.7373
OCR Precision(Q)  0.0192 0.1777 0.5391 0.1738 0.7795 0.8237 0.8681
OCR Recall(Q 0.0260 0.2330 0.6438 0.2235 0.7498 0.7986 0.8677
OCR F-measure(Q  0.0221 0.2016 0.5868 0.1955 0.7643 0.8110 0.8679

FIGURE 4.10: Comparison with TextDiffuser on MARIO-Eval benchmark. Layout gener-
ated by TextDiffuser is used as input conditions for both models for fair comparison.

pre-trained Stable Diusion [121] checkpoint. The text module is rst pre-trained on our
word-level synthetic dataset for 400,000 steps, then further ne-tuned for 200,000 steps on
our sentence-level synthetic dataset. With the frozen text module, our visual module is
trained for 250,000 steps on MARIO-10M dataset [17]. AdamW [92] optimizer is used in all
training stages, with a learning rate of 1e-5 and a weight decay of 1e-2. The batch size is
set to 128.

We rst compare our proposed framework with previous methods, including Stable Di u-
sion (denoted as SD), ControlNet, DeepFloyd and TextDi user in terms of common metrics
such as OCR accuracy and FID. We also netune a Stable Di usion on MARIO-10M dataset
for a more comprehensive comparison. Then, we directly compare our method with the lat-

est approaches like AnyText [145] and TextDi user 2 [16] through human evaluation, as it

54



encapsulates the capabilities of the above traditional metrics while also assessing subjective
aspects crucial for user experience and practical application e ectiveness. Two variants of
our proposed framework are evaluated, which are denoted as ARTIST-TD and ARTIST,
respectively, indicating whether LLM is utilized. Speci cally, ARTIST-TD directly uses the
pretrained transformer from TextDi user instead of LLM to obtain bounding boxes and
keywords based on input prompts. Thus, comparing ARTIST-TD with TextDi user can
straightforwardly show the e ectiveness of our training strategy, as they share exactly the
same layout and keyword conditions.

Note that although there are two separate di usion models in our framework, our com-
putation requirement is still similar to the previous SOTA TextDi user. This is because
TextDi user also utilizes an extra U-Net, which is designed for character-aware loss as a

regularization term.

4.2.3.0.2 Results on MARIO-Eval benchmark To start with, we conduct experiments on
MARIO-Eval benchmark proposed in [17], which contains 5,414 prompts in total. 4 images
are generated for each prompt to compute the CLIP score, Fréchet Inception Distance
(FID) [46] and OCR evaluations. Speci cally, CLIP score is obtained by calculating the
cosine similarity between generated images and prompts by using the features extracted with
pre-trained ViT/B-32 CLIP model. OCR evaluation is performed with MaskSpotterv3 [82]
following [17]. The main results are presented in Table 4.6, from which we can see that
our ARTIST outperforms the previous SOTA TextDi user in all metrics, even without the
help of LLM. Some generated examples are provided in Figure 4.7. Our framework adeptly
identi es the text intended to be generated in the image from the given prompts, regardless
of explicit marking by quotes. The generated text is legible and complements the visual
elements, enhancing the overall coherence of the design. More results are provided in the
Appendix because of the limited space.

For a more straightforward comparison, we also provide some generated examples in

Figure 4.10. Although both TextDi user and ARTIST-TD are given the same layout and
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