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ABSTRACT
Large language models (LLMs) and large vision-language
models (LVLMs) have demonstrated impressive generative
capabilities, yet ensuring their outputs align with user in-
tent is still challenging. While most existing approaches
address this issue at the training stage, inference-time ap-
proaches like decoding methods offer a more efficient and
scalable solution. Decoding methods control model genera-
tion by guiding token-level selection, performing sequence-
level generation, or generating tokens in parallel to acceler-
ate the process. In this survey, we identify three emerging
paradigms from recent works on decoding methods for LLMs
and LVLMs, provide a systematic review of these methods,
highlight ongoing challenges, and discuss potential future
research directions. Our goal is to underscore the efficiency
and effectiveness of decoding methods and offer a practical
view of their applications. Paper lists and more resources
on decoding methods for LLMs and LVLMs can be found at
https://github.com/wang2226/Awesome-LLM-Decoding.

1. INTRODUCTION
Large language models (LLMs) and large language-vision
models (LVLMs) have demonstrated that scaling up both
model size and training datasets can greatly improve the
model’s generative capabilities. However, with the rise of
massive foundational models such as Llama3 405B [87] and
Megatron [118], which boasts 530 billion parameters, the
focus has increasingly shifted toward developing more effi-
cient and scalable approaches to control generation during
inference time (§ 2). One popular approach is prompt en-
gineering, due to its simplicity and effectiveness. However,
it is highly task-specific, requiring human expertise to craft
optimal prompts, and is susceptible to prompt sensitivity
issues [109; 83], where minor variations in prompt word-
ing can lead to significant performance differences. Other
techniques, such as ROME [85] and ITI [64], modify model
internals at inference time but suffer from limited generaliz-
ability and scalability. Recently, there has been increasing
interest in decoding methods, which play a critical role in
controlling next-token prediction and text generation.

Decoding methods have a rich history in language mod-
eling, ranging from greedy decoding and beam search to
sampling-based approaches like top-p sampling [43]. These
methods transform the vector representations produced by
the model into coherent text while controlling the quality

and attributes of the generated output. Recent works have
shown that adopting more advanced decoding strategies can
effectively mitigate hallucination [20; 148; 185; 144; 33], im-
prove safety [73; 182; 161], enhance visual grounding [25;
59], improve reasoning [159; 186], and increase robustness
against noisy context [116; 55; 104]. Beyond improving text
generation, decoding methods can also provide interpretabil-
ity of the models. For instance, [149] showed that modifying
the decoding process can elicit chain-of-thought reasoning
paths from LLMs. Finally, a recent line of research [119;
155; 150; 61; 15] has focused on improving the efficiency
of LLM and LVLM generation by decoding multiple tokens
simultaneously to accelerate generation.

In this survey, we use decoding to denote inference-time pro-
cedures that transform model output distributions into out-
put sequences, including token selection, search strategies,
and parallel generation. While decoding is operationally
part of generation in autoregressive models, we distinguish it
from training-time alignment and prompt engineering, and
focus specifically on inference-time control mechanisms.

This survey provides a comprehensive overview of advanced
decoding methods for LLMs and LVLMs, highlighting their
capabilities, applications, and potential. We first review
inference-time generation control methods (§ 2) and clas-
sical decoding strategies (§ 3). We then introduce three
modern decoding paradigms (§ 4), followed by their appli-
cations (§ 5). Finally, we discuss open challenges and future
directions (§ 6). Figure 1 presents a typology of key con-
cepts related to decoding methods in LLMs and LVLMs.
Although we cover decoding methods for both LLMs and
LVLMs, the current literature is substantially richer for text-
based LLM decoding. Accordingly, this survey primarily
emphasizes text decoding, while visual, video, and code de-
coding are discussed as emerging extensions.

Major Paradigm Shift in Language Modeling As high-
lighted by [75], the field of language modeling and its related
tasks has undergone several paradigm shifts. Initially, there
was a shift from fully supervised learning to the pre-train
and fine-tune approach [105; 99; 30], largely driven by the
success of pre-trained LMs like BERT [27]. More recently,
there has been another major shift toward the pre-train,
prompt, and predict paradigm, where prompt engineering
[106; 7; 107] has become a popular approach for adapt-
ing LMs to downstream tasks through carefully designed
prompts.

However, both fine-tuning and prompt engineering face chal-
lenges when applied to LLMs and LVLMs. Fine-tuning
models with tens of billions of parameters requires substan-
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Figure 1: Typology of decoding methods for LLMs and LVLMs.

tial computational resources, raising concerns about energy
consumption, scalability, and accessibility. While prompt
engineering is computationally efficient, it remains highly
task-specific and requires expert knowledge to craft effec-
tive prompts. Moreover, LLMs have been shown to have
prompt sensitivity issues [109; 83], where even slight changes
in prompt format can result in considerable variations in
performance. Recently, a growing body of work has focused
on advanced decoding methods [29; 154]. Figure 2 illus-
trates the evolution of decoding methods, highlighting key
milestones from classical search to modern contrastive and
speculative paradigms. We argue that the field is under-
going another significant paradigm shift toward universal,
effective, and scalable methods for controlling LLM genera-
tion [70].

2. INFERENCE METHODS TO IMPROVE
GENERATION

LLMs and LVLMs have demonstrated incredible performance

across a wide range of NLP tasks. However, bridging the
gap between their training objectives and user expectations
remains challenging. While LLMs are trained to minimize
contextual word prediction errors using large datasets, users
expect the models to follow instructions in a helpful and safe
manner. This highlights the need for alignment [113; 125]
to ensure that models behave in ways that align with hu-
man values. To achieve controllable text generation and
generate aligned outputs, researchers have proposed various
methods, which can be broadly categorized into training-
stage and inference-stage approaches, as outlined by [70].
Training-stage methods include fine-tuning [167; 172; 183;
171; 181; 152] and reinforcement learning [120; 96; 22; 52;
137; 170], which leverage reward signals to guide model out-
puts toward specific control objectives.

In this section, we focus on methods that improve genera-
tion during the inference stage for three key reasons. First,
inference-time methods enable real-time improvements with-
out the need for re-training or altering the underlying model,
making them an efficient approach for controlling genera-



tion across models of any size. Second, these methods are
typically model-agnostic, meaning they can be applied to
most decoder-only transformers, thus enhancing their versa-
tility. Finally, some inference-time techniques like decoding
methods offer better interpretability. We categorize these
inference-time approaches into three categories: (1) prompt-
ing, (2) latent space manipulation, and (3) decoding algo-
rithms.

2.1 Prompt Engineering
Prompt engineering directly controls text generation by craft-
ing specific prompts for the task. The primary goal of
this approach is to guide model outputs by providing clear
instructions or examples. [117] introduced AutoPrompt,
an automated method for creating prompts across a wide
range of tasks using a gradient-guided search approach. To
provide a lightweight alternative to fine-tuning, [67] pro-
posed prefix-tuning, which optimizes a sequence of contin-
uous, task-specific vectors known as the “prefix” for natu-
ral language generation tasks. Additionally, [60] introduced
prompt tuning, a straightforward yet effective technique for
learning soft prompts that condition frozen language mod-
els to perform specific downstream tasks. More recently,
[72] proposed Direct Large Model Alignment (DLMA), an
automatic alignment method that generates preference data
using contrastive prompt pairs, calculates a self-rewarding
score, and applies the DPO algorithm to align LLMs. Black-
Box Prompt Optimization (BPO) [18] optimizes user prompts
to align with LLMs’ input understanding, achieving the user’s
intent without modifying model parameters. By leveraging
human preferences, BPO outperforms traditional prompt
engineering in aligning LLMs with user goals. Moving be-
yond text, [62] proposed ALPRO, a video-text pre-training
framework that aligns features without explicit object de-
tectors.

2.2 Latent Space Manipulation
Latent space manipulation modifies the model’s internal struc-
ture for controlled generation, such as attention heads or
adding steering vectors to the activation layers. The core
idea is that the necessary information to generate the tar-
get output is already encoded within the model’s structure,
eliminating the need for re-training or fine-tuning. By oper-
ating directly on the latent space, these techniques enhance
output accuracy, diversity, and coherence, while remaining
computationally efficient.

[12] introduced GENhance, a generative framework that en-
hances attributes through a learned latent space. Addition-
ally, [124] extracts latent vectors, called steering vectors,
directly from PLM decoders without fine-tuning. When
added to the model’s hidden states, these vectors allow for
controlled generation. Extending steering vectors to LLMs,
[136] introduced activation engineering, a method for mod-
ifying activations during inference to steer model outputs.
This approach can also be utilized to control alignment [10;
145; 9; 141; 103].

To effectively control in-context learning, [76] proposed a
method that first creates the in-context vector from the la-
tent embedding of the LLM, and then shifts the latent states
of the LLM using these vectors to more effectively follow the
demonstration examples. Furthermore, [56] explores strate-
gies to steer LLM outputs toward specific styles, such as

sentiment, emotion, or writing style, by incorporating style
vectors into the activations of hidden layers during text gen-
eration.

On a separate line of work, [85] analyzed the storage and re-
call of factual associations in autoregressive transformer lan-
guage models, finding that these associations correspond to
localized, directly editable computations. They modify feed-
forward weights using Rank-One Model Editing (ROME) to
alter factual associations within LLMs. Subsequently, [86]
developed MEMIT, a method for directly updating a lan-
guage model with many memories, demonstrating its abil-
ity to scale to thousands of associations for LLMs. More
recently, [64] introduced Inference-Time Intervention (ITI)
to enhance the truthfulness of LLMs. Specifically, it shifts
model activations during inference, guided by a set of direc-
tions across a limited number of attention heads.

2.3 Decoding Algorithm
Decoding algorithms are applied during the decoding phase
of transformer-based generative models to modify the logits
or probability distribution of the model’s output. It guides
the generated text toward desired attributes by adjusting
these probabilities, offering dynamic control over the text
generation process, and ensuring the output aligns with spe-
cific requirements. Methods such as temperature scaling,
top-k sampling, and nucleus sampling can be used to influ-
ence the diversity, creativity, or coherence of the generated
text by altering the probability distribution.

3. PRELIMINARIES OF DECODING STRATE-
GIES

This section reviews classical token-level decoding strategies
such as greedy search, beam search, and sampling, which
form the foundational building blocks for modern decoding
approaches. We define key concepts and outline the general
objectives of text generation. Auto-regressive Language
Generation operates by predicting the next token in the
sequence based on the preceding tokens. Formally, consider-
ing a sequence of tokens w = (w1, w2, ..., wt), the probability
distribution of a word sequence can be decomposed into the
product of conditional next word distributions:

P (w1:T |W0) =

T∏
t=1

P (wt|w1:t−1,W0)

with W0 being the initial context word sequence. The length
T of the word sequence is usually determined on-the-fly
and corresponds to the timestamp t = T the EOS token
is generated from P (wt|w1:t−1,W0). The decoding problem
is equivalent to selecting the most probable sequence given
the probability distribution.

3.1 Deterministic Methods
Deterministic methods generate text by selecting the contin-
uation with the highest probability determined by the LM.
However, these methods often lead to model degeneration,
where the output becomes unnatural, marked by repetitive
and overly predictable language. As a result, the text lacks
variety and fails to reflect natural human expression.
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Figure 2: Timeline illustrating the evolution of decoding methods for LLMs and LVLMs.

3.1.1 Greedy Search
Greedy search selects the word with the highest probabil-
ity as its next word argmax

w
P (w|w1:t−1) at each timestep

t until reaching either an end-of-sequence (EOS) token or
a maximum timestep T . The primary drawback of greedy
search is that it may overlook high-probability words that
are accessible only after a lower-probability word. As a re-
sult, greedy decoding does not formally guarantee a global
optimum of the decoding objective, as its choices are only
locally optimal. Despite its simplistic approach, greedy de-
coding remains a widely used generation algorithm. For
example, it is employed in Google’s Gemini report [131] and
is commonly available in standard language model APIs.

3.1.2 Beam Search
Beam search reduces the risk of overlooking high-probability
word sequences by maintaining a fixed number of the most
likely hypotheses (or “beams”) at each timestep, ultimately
selecting the hypothesis with the highest overall probability.
While beam search consistently finds output sequences with
higher probabilities than greedy search, it does not guaran-
tee the most likely output. Beam search performs well in
tasks where the desired generation length is relatively pre-
dictable, such as machine translation or summarization [90;
165]. However, this approach is less suited for open-ended
generation tasks, like dialogue or story generation, where
the desired output length can vary significantly.

Beam search is prone to generating repetitive outputs. To
address the lack of diversity in the generated sequences, [138]
proposed Diverse Beam Search (DBS). This algorithm di-
vides the beam into multiple sub-groups and introduces an
inner iteration at each timestep to maximize diversity be-
tween these groups.

3.1.3 Contrastive Search
Contrastive search [123; 122] mitigates string repetition by
penalizing the selection of previously generated token se-
quences. This method can suppress repetitions more effec-
tively than beam search while utilizing a comparable amount
of computational resources.

3.2 Stochastic Methods
Human-generated text exhibits greater variance in token
probabilities, reflecting a diverse range of word choices, of-
ten unexpected. In contrast, the output from determinis-
tic methods shows minimal variance, resulting in more pre-
dictable and potentially repetitive text. To address these
limitations, stochastic approaches introduce randomness dur-
ing the decoding process, leading to more diverse and nat-

ural text generation. Commonly used stochastic techniques
include top-k sampling, top-p sampling, and temperature
scaling.

3.2.1 Top-k Sampling
In Top-k sampling [31; 44], the k most probable next words
are selected, and their probability mass is redistributed to
form a new distribution. Specifically, the method first iden-
tifies the top k tokens with the highest probabilities for the
current sequence. The probabilities of these k tokens are
then normalized to sum to 1, resulting in a truncated distri-
bution. A token is then randomly sampled from this distri-
bution and appended to the current sequence. This process
is repeated iteratively until a termination condition is satis-
fied. GPT-2 employed this sampling strategy, which signifi-
cantly contributed to its effectiveness in story generation.

While Top-k sampling is both effective and significantly more
efficient than beam search, it has limitations in specific sce-
narios, particularly in two edge cases. First, when the next-
token distribution is widely spread and approaches a uni-
form distribution, Top-k sampling may arbitrarily exclude
numerous potentially interesting tokens, thereby reducing
the diversity of the generated text. Conversely, when the
distribution is highly concentrated, Top-k sampling might
either include unnecessary tokens if k is too large or exclude
equally probable ones if k is too small.

The primary challenge with Top-k sampling is how to de-
termine an optimal k value. The ideal choice of k can vary
based on the context and the shape of the probability dis-
tribution at each step. Using a fixed k value may prove too
restrictive in some scenarios while being overly permissive
in others.

3.2.2 Top-p (Nucleus) Sampling
To address the limitations of Top-K sampling, where re-
stricting the sample pool to a fixed size K can lead to gib-
berish outputs for sharp distributions and stifle creativity
for flat distributions, [43] proposed Top-P sampling. This
method selects the smallest set of words whose cumula-
tive probability meets or exceeds a predefined threshold p.
Rather than sampling exclusively from the top k most prob-
able words, Top-p redistributes the probability mass across
this dynamic set. This adaptive approach allows the size of
the word set (i.e., the number of included words) to increase
or decrease based on the shape of the next-token probability
distribution.

3.2.3 Temperature Sampling
Temperature sampling is among the most commonly used
decoding strategies. Determining the optimal temperature



value typically involves ad-hoc experimentation tailored to
the specific application. The core idea of temperature sam-
pling is to control the “sharpness” of the probability dis-
tribution by introducing a temperature parameter t. This
parameter is applied in the softmax function after the trans-
former’s final layer to compute token probabilities. The tem-
perature t directly influences the level of randomness in the
sampling process, with higher values increasing randomness
and lower values reducing it.

3.3 Speculative Decoding
In addition to output quality, decoding strategies must also
consider inference efficiency due to the ever-growing size of
models. One of the main drawbacks of autoregressive de-
coding is that its token-by-token generation can lead to in-
creased inference latency, scaling with both the length of
the generated sequence and the model’s size. To accelerate
inference for LLMs, speculative decoding [119; 61; 15] has
been introduced, allowing for the simultaneous decoding of
multiple tokens per step. Specifically, in each decoding step,
speculative decoding first efficiently drafts multiple tokens as
speculation for future decoding steps of the target LLM, and
then utilizes the LLM to verify all drafted tokens in parallel.
Only those tokens that meet the LLM’s verification criteria
are accepted as final outputs, ensuring generation quality
[157].

4. DECODING PARADIGMS
Earlier decoding methods (§ 3) primarily focused on token-
level diversity and fluency. More recent work extends de-
coding toward sequence-level control, structured guidance,
and generation efficiency. In this survey, we identify three
paradigms in recent decoding methods for LLMs and LVLMs:
contrastive decoding, guided decoding, and parallel
decoding. Table 1 lists recent works categorized by their
decoding paradigms. Unlike earlier token-centric decoding
methods, these paradigms emerge from recent efforts that
explicitly optimize sequence-level quality, controllability, or
efficiency.

4.1 Contrastive Decoding
The primary goal of contrastive decoding is to enhance the
quality of generated outputs by contrasting positive and neg-
ative examples during the decoding process. Unlike greedy
or sampling-based decoding methods, which offer only basic
control at the token level, contrastive decoding operates at
both the token and layer levels, allowing for greater control
over the quality of the entire generated sequence.

Definition 1 (Contrastive Decoding). Contrastive de-
coding (CD) searches for the next token that maximizes a
weighted difference in likelihood between two logits z+ and
z−.

P (Wt|w<t) = softmax(z+ + α(z+ − z−))

where α controls the strength of the modification. Con-
trastive decoding methods can be broadly classified into two
categories based on the level at which contrastive examples
are utilized: token-wise CD and layer-wise CD.

4.1.1 Token-wise Contrastive Decoding
Token-wise CD contrasts the token-level probability distri-
butions produced by pairs of contrasting examples. These

contrasting examples can be model-generated. Specifically,
an expert model generates logits z+, representing the user-
desired direction while a weak or base model generates log-
its z−, providing a baseline probability distribution. The
contrastive decoding mechanism then adjusts token prob-
abilities by weighting the difference between z+ and z−,
regulated by the parameter α. For example, DExpert [73]
utilizes both expert and anti-expert models to guide output
for language detoxification and sentiment-controlled genera-
tion. During the decoding process, each token is assigned a
high probability if it is deemed likely by the expert LM and
unlikely by the anti-expert LM. Similarly, [66] proposed a
contrastive method that directly compares off-the-shelf LMs
by computing the difference between their log probabilities.

With the increasing size of LLMs, the efficiency benefits
of advanced decoding methods have become more apparent.
ROSE [182] applies contrastive decoding to pairs of carefully
crafted reverse prompts to enhance LLM safety. Addressing
the role of contextual information in text generation, [116]
proposed context-aware decoding (CAD), which uses a con-
trastive output distribution to highlight differences in token
probabilities when the model generates text with and with-
out contextual input. Building on this, [178] developed a
method that combines contrastive decoding with adversar-
ial irrelevant passages as negative samples, improving robust
contextual grounding by contrasting relevant and irrelevant
contexts. Extending these approaches to noisy contexts,
adaptive contrastive decoding (ACD) [55] effectively lever-
ages contextual influences to address challenges posed by
noisy or imperfect inputs. To further enhance the efficiency
of contrastive decoding, [166] introduced Speculative Con-
trastive Decoding (SCD), a simple yet powerful approach
that utilizes predictions from smaller LMs to achieve faster
decoding while maintaining generation quality.

In the context of LVLMs, various CD methods have been
proposed to enhance accuracy and mitigate hallucination.
Visual Contrastive Decoding (VCD) [59] ensures visual ground-
ing by comparing outputs from original and distorted visual
inputs. Image-biased decoding (IBD) [185] contrasts pre-
dictions from conventional and image-biased LVLMs to im-
prove image-text alignment and reduce hallucinations. In-
struction Contrastive Decoding (ICD) [148] refines outputs
by comparing distributions from standard and perturbed
instructions, filtering hallucinated concepts. More recently,
Visual Augmented Contrastive Decoding (VACoDe) [54] in-
troduced an adaptive approach, selecting optimal augmen-
tations per task via a novel softmax distance metric, sur-
passing single-augmentation methods.

4.1.2 Layer-wise Contrastive Decoding
Recent studies have shown that transformer models tend to
encode lower-level information, such as part-of-speech tags,
in the earlier layers, whereas more semantic information is
encoded in the later layers [133]. For instance, [21] found
that knowledge neurons are concentrated in the topmost
layers of the BERT model. Moreover, [85] demonstrated
that factual knowledge can be edited by manipulating a
specific set of feedforward layers within an autoregressive
model. Building on these observations, contrastive decoding
has been extended to operate on layers within the models,
besides just token-level adjustments.

Decoding by Contrasting Layers (DoLa) [20] enhances fac-
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Figure 3: Illustration of different decoding paradigms. Contrastive decoding selects the next token by maximizing the
contrast between two underlying probability distributions. Guided decoding determines the next token based on the highest
score from a guidance function. Parallel decoding generates multiple token candidates simultaneously and selects the most
probable one.

tual knowledge in LMs by leveraging modular encoding and
contrastive decoding. It derives the next-token distribu-
tion by contrasting logits from different transformer layers
projected onto the vocabulary space, based on the obser-
vation that factual knowledge is localized in specific lay-
ers. In a similar fashion, [23] proposed an entropy-guided
method to extrapolate token probabilities beyond the last
layer for more accurate contrastive decoding, instead of re-
lying solely on the final layer. To reduce noise from retrieved
context, [104] employed an entropy-based document-parallel
ensemble decoding, which prioritizes low-entropy distribu-
tions from retrieved documents. Specifically, it compares
this low-entropy ensemble with the model’s high-entropy in-
ternal distribution, emphasizing reliable external informa-
tion. By leveraging the modular and hierarchical nature of
factual knowledge within LLMs, Dynamic Focus Decoding
(DFD) [84] adaptively adjusts the decoding focus based on
distributional differences across layers.

More recently, [114] addressed the underutilization of Mixture-
of-Experts (MoE) models, where unchosen experts do not
contribute to the output. They proposed Self-Contrast Mixture-
of-Experts (SCMoE), an inference strategy that improves
performance by contrasting strong and weak expert activa-
tions within the model. For LVLMs, [144] found that key
visual features in early layers often distort as they propagate
to the output. Building on this finding, they introduced Vi-
sual Layer Fusion Contrastive Decoding (VaLiD), which uses
uncertainty to guide visual layer selection, reducing distor-
tions and mitigating hallucinations.

4.2 Guided Decoding
Selecting the right decoding “path” can greatly enhance
the generation quality of LLMs and LVLMs. For example,
chain-of-thought reasoning can emerge simply by modifying
the decoding process [149]. To determine the optimal decod-
ing path,” various strategies have been proposed to guide the
decoding process. We refer to these strategies collectively as
guided decoding, which is defined as follows:

Definition 2 (Guided Decoding). Guided decoding (GD)
searches for the next token that maximizes the score from a
guidance function G.

P ′(wt|w<t) ∝ G(P (wt|w<t), C)

where G is a guidance function that adjusts the model’s dis-
tribution based on certain criteria, and C denotes the con-
trol condition. We classify guided decoding into two main
categories: classifier-guided and heuristic-guided decoding.

4.2.1 Classifier-Guided Decoding
Classifier-guided decoding utilizes an external classifier to
influence the decoding process, allowing for control over spe-
cific attributes during text generation. The classifier can
take various forms, such as a reward model, a pre-trained
model, or an API, and adjust the model’s output accord-
ingly.

By using an attribute model to guide the decoding pro-
cess, Plug and Play Language Model (PPLM) [24] controls
text generation by combining a pre-trained LM with one
or more simple attribute classifiers. To detoxify PLMs at
the token level, [177] proposed Multiple Instance Learning
Decoding (MIL-Decoding), which computes token-level tox-
icity scores and adjusts probabilities dynamically based on
context. CriticControl [53] combines reinforcement learn-
ing and weighted decoding, using an LM-steering critic for
controlled text generation. Similarly, Reward-Augmented
Decoding (RAD) [26] modifies token probabilities using a
unidirectional reward model, optimizing sampling for better
attribute control.

To address uncertainty in multi-step reasoning, [159] pro-
posed a decoding algorithm using self-evaluation guidance
through stochastic beam search, improving prediction qual-
ity by enhancing search efficiency. To reduce reasoning er-
rors in intermediate steps, Deductive Beam Search (DBS)
[186] integrates chain-of-thought and deductive reasoning
with a step-wise beam search and a verifier to check the va-
lidity of each step, reducing error accumulation. SafeDecod-
ing [161] mitigates jailbreak risks by guiding the decoding
process with a trained expert model to generate helpful and
safe responses. For improved code generation in LLMs, [1]
introduced monitor-guided decoding (MGD), where a mon-
itor uses static analysis to guide decoding. Lastly, [6] pro-
posed DOMINO, a decoding algorithm that enforces subword-
aligned constraints with minimal overhead, addressing chal-
lenges in aligning sub-word tokens and grammar terminals.

For LVLMs, CLIP-Guided Decoding (CGD) [25] enhances
visual grounding by using CLIP to guide the decoding pro-
cess, with CLIP similarity to the image serving as a stronger
indicator of hallucinations than token likelihoods. [33] in-
troduced dropout decoding, inspired by dropout regulariza-
tion, to reduce hallucinations by quantifying and masking
uncertain visual tokens during inference. Summary-Guided
Decoding (SGD) [89] addresses hallucinations by shorten-
ing token length through summarization, promoting greater
visual detail while controlling image-related part-of-speech
tokens to maintain text quality.



4.2.2 Heuristic-Guided Decoding
To provide more effective guidance within the token search
space, heuristics are used to steer the decoding process with
specific rules or search strategies. These heuristics could
include constraints, results from lookahead search, or value
functions.

Future Discriminators for Generation (FUDGE) [164] ad-
justs the probability distribution during generation by pre-
dicting the attribute probability of the evolving sequence
and modifying the logits to align with desired attributes.
To address the challenges PLMs face in adhering to con-
straints during generation, [82] proposed Neurologic Decod-
ing, which enforces lexical constraints during decoding. [81]
later improved it with A*-inspired lookahead heuristics for
better performance. For generating mathematical proofs,
[153] developed NaturalProver, a knowledge-grounded model
that generates proofs by conditioning on background the-
orems and definitions, optionally enforcing them through
constrained decoding. Lastly, [28] introduced Adaptive De-
coding, a neural module that predicts the optimal sampling
temperature for specific tasks.

Using heuristics from lookahead search results, Planning-
Guided Transformer Decoding (PG-TD) [174] leverages a
planning algorithm to conduct lookahead searches and guide
the model in generating more effective programs for code
generation with LLMs. To leverage value models trained
as byproducts when aligning LMs with human preferences,
[74] proposed an effective method for applying Monte-Carlo
tree search decoding on top of PPO-trained policy and value
models. This approach integrates the value network from
PPO, enabling it to collaborate closely with the policy net-
work during inference-time generation. More recently, TS-
LLM [34] leverages tree search with a learned value function
to guide LLM decoding, enhancing reasoning, planning, and
decision-making capabilities. Integrative Decoding [19] im-
proves actuality by implicitly incorporating self-consistency
within its decoding objective.

To mitigate hallucinations in LVLMs, [48] introduced Self-
Introspective Decoding (SID) with the Context and Text-
aware Token Selection (CT2S) strategy. SID retains only
the least important vision tokens after the early decoder lay-
ers, adaptively addressing hallucinations in vision-and-text
associations during autoregressive decoding. This approach
leverages the ability of pre-trained LVLMs to introspectively
evaluate the significance of vision tokens based on prior vi-
sion, text, and generated content. For diagnostic caption-
ing, [50] proposed Distance from Median Maximum Con-
cept Similarity (DMMCS), a data-driven guided decoding
method that incorporates medical image tags to generate
more accurate diagnostic text.

4.3 Parallel Decoding
Unlike standard sequential decoding, parallel decoding exe-
cutes multiple decoding processes concurrently where it first
generates multiple candidate sequences simultaneously and
then selects the most likely one based on a set of predefined
criteria.

Definition 3 (Parallel Decoding). Parallel decoding first
decodes multiple future tokens y1, y2, ..., ym simultaneously,

a process often referred to as drafting.
y1 = argmaxP (wt|w0)

y2 = argmaxP (y2|y1, w0)
...

ym = argmaxP (ym|y1:m−1, w0)

Then, it aggregates these tokens y1, y2, ..., ym in parallel us-
ing the target LLM to speed up inference – a process known
as verification.

P (wt|w<t) = M(w|w≤t, ŵ≤i), i = 1, ...,K + 1

whereM is the draft model, and ŵ1, ŵ2, ..., ŵK are the draft
tokens outputted by M. This draft-then-verify paradigm
can be further classified into two categories: greedy and sam-
pling.

4.3.1 Greedy
To enhance the decoding process in deep autoregressive mod-
els, [119] introduced blockwise decoding, a parallel approach
in which predictions are made for multiple time steps simul-
taneously, followed by a rollback to the longest valid prefix
as determined by a scoring model. To improve online in-
ference efficiency in transformer-based models for instanta-
neous grammatical error correction, Shallow Aggressive De-
coding (SAD) [127] uses a shallow decoder to aggressively
decode as many tokens as possible in parallel. To over-
come the efficiency limitations of autoregressive decoding
in transformers, [108] redefine standard greedy autoregres-
sive decoding for machine translation by adopting a parallel
formulation that uses Jacobi and Gauss-Seidel fixed-point
iteration methods to achieve faster inference.

Notably, [155] introduced Speculative Decoding (SpecDec),
a method to accelerate autoregressive decoding through spec-
ulative execution, or draft-then-verify. It consists of two
components: Spec-Drafter, an independent model for ef-
ficient token drafting, and Spec-Verification, a mechanism
for validating the drafted tokens. To enhance inference ef-
ficiency in RAG, [150] proposed SpeculativeRAG, a frame-
work in which a larger generalist LM verifies multiple RAG
drafts generated in parallel by a smaller, distilled special-
ist LM. Each draft, based on distinct subsets of retrieved
documents, reduces token counts and offers diverse perspec-
tives, improving comprehension, mitigating position bias,
and speeding up the RAG process by limiting the generalist
LM to a single verification pass.

To eliminate the need for separate draft and verifier models,
self-speculative decoding [173] uses a single LLM for both
drafting and verification, avoiding additional training and
memory overhead. More recently, [36] introduced Looka-
head Decoding, a parallel algorithm that accelerates LLM
decoding without relying on auxiliary models or data stores.
This approach balances per-step log (FLOPs) with the total
decoding steps, making it highly parallelizable on modern
accelerators and compatible with memory-efficient atten-
tion mechanisms like FlashAttention. Lastly, [121] proposed
a technique to facilitate dynamic reconfiguration of paral-
lelization strategies across prefilling and decoding stages to
improve the efficiency of distributed LLM inference.

4.3.2 Sampling
Similar to how stochastic decoding methods often surpass



Table 1: List of works categorized by the three paradigms identified in this survey. Based on chronological order.

Paradigm Work Description Model
Year
(↓)

Contrastive
Decoding

DExpert [73] Detoxification with contrastive decoding PLM 2021
CD [66] Formulate Contrastive Decoding PLM 2022
CAD [116] Context-aware Decoding LLM 2023
SCD [166] Speculative contrastive decoding LLM 2023
DoLa [20] Decoding by contrasting layers LLM 2023
VCD [59] Visual contrastive decoding LVLM 2024
ROSE [182] Reverse prompt contrastive decoding LLM 2024
Zhao et al. [178] Multi-input contrastive decoding LLM 2024
CLeHe [104] Entropy-based contrastive decoding LLM 2024
ACD [55] Adaptive contrastive decoding LLM 2024
SCMoE [114] Self-contrast Mixture-of-Experts LLM 2024
Das et al. [23] Entropy guided extrapolative decoding LLM 2024
ICD [148] Instruction contrastive decoding LVLM 2024
IBD [185] Image-biased decoding LVLM 2024
VACoDe [54] Visual augmented contrastive decoding LVLM 2024
VaLiD [144] Visual Layer Fusion contrastive decoding LVLM 2024

Guided
Decoding

PPLM [24] Attribute model guidance PLM 2020
Neurologic [82] Constrained decoding PLM 2020
FUDGE [164] Future discriminator guidance PLM 2021
NeurologicA⋆ [81] Lookahead heuristics guidance PLM 2021
CriticControl [53] Critic-guided decoding PLM 2022
NaturalProver [153] Stepwise constrained decoding PLM 2022
MIL-Decoding [177] Multiple instance learning guidance PLM 2023
RAD [26] Reward augmented decoding LLM 2023
PPO-MCTS [74] Value-guided Monte-Carlo tree search LLM 2023
PG-TD [174] Planning-guided decoding LLM 2023
Xie et al. [159] Self-evaluation guided beam search LLM 2023
DBS [186] Decoding deducible rationale for CoT LLM 2024
DMMCS [50] Data-driven guided decoding LVLM 2024
SGD [89] Summary-Guided decoding LVLM 2024
SID [48] Self-Introspective decoding LVLM 2024
TS-LLM [34] AlphaZero-like tree-search LLM 2024
Dropout [33] Dropout decoding LVLM 2024
MGD [1] Monitor-guided decoding LLM 2024
SafeDecoding [161] Expert model guidance LLM 2024
DOMINO [6] Minimally-Invasive constrained decoding LLM 2024
CGD [25] Clip-guided decoding LVLM 2024
DFD [84] Dynamic Focus Decoding LLM 2025
AttnReal [135] Attention reallocation LVLM 2025

Parallel
Decoding

Blockwise [119] Blockwise parallel decoding PLM 2018
SAD [127] Shallow aggressive decoding PLM 2021
SpecDec [155] Speculative decoding for seq2seq generation PLM 2023
Santilli et al. [108] Hybrid GS-Jacobi decoding PLM 2023
Self-speculative [173] Self-speculative decoding LLM 2023
Speculative [61] Speculative sampling LLM 2023
Speculative [15] Speculative sampling with distributed serving LLM 2023
DistillSpec [184] Speculative via knowledge distillation LLM 2023
SpecInfer [88] Tree-based speculative verification LLM 2023
Online Speculative [78] Online Speculative LLM 2023
Speculative RAG [150] Speculative RAG LLM 2024
Lookahead [36] Lookahead decoding LLM 2024
Medusa [8] Multiple decoding heads LLM 2024
Eagle [69] Extrapolative speculative sampling LLM 2024
Gagrani et al. [39] Multimodal speculative LVLM 2024
Lantern [49] Latent neighbor token acceptance relaxation LVLM 2024
SJD [132] Speculative Jacobi decoding LVLM 2024
SPD [111] Superposed decoding LLM 2024
Swift [156] On-the-fly Self-speculative decoding LLM 2024
Seesaw [121] Dynamic Model Resharding LLM 2025



deterministic approaches, integrating speculative sampling
can significantly boost the performance of parallel decod-
ing. Speculative sampling [61] speeds up sampling from
autoregressive models while preserving accuracy by extend-
ing speculative execution to the stochastic setting. It en-
hances exact decoding from large models by running them
in parallel with approximation models, generating multiple
tokens concurrently without altering the underlying distri-
bution. Similarly, [15] used speculative sampling to generate
multiple tokens per transformer call, optimizing distributed
model serving. To align compact draft models with target
models, DistillSpec [184] applies knowledge distillation be-
fore speculative decoding, customizing the divergence func-
tion. More recently, [111] introduced Superposed Decod-
ing, which generates k drafts with a single autoregressive
inference pass and predicts k2 drafts per step using n-gram
interpolation to filter out incoherent outputs.

To address low predictive accuracy in draft models, espe-
cially with diverse text inputs and significant gaps between
draft and target models, [78] proposed Online Speculative
Decoding. This method updates draft models based on user
query data, improving predictions by adapting to query dis-
tributions. To minimize additional parameters or training
for effective draft models, [156] introduced Swift, a plug-and-
play speculative decoding solution that uses layer-skipping,
leveraging the compact draft model by skipping intermedi-
ate layers of the target LLM.

Token tree verification combines multiple candidate draft
sequences into a token tree, sharing prefixes, and applies
a tree attention mask for efficient verification. [88] intro-
duced SpecInfer, a tree-based parallel decoding algorithm
that uses small speculative models to predict LLM out-
puts and organizes predictions into a token tree. This ap-
proach reduces latency and computational costs while main-
taining model quality. [8] proposed Medusa, an efficient
method that enhances LLM inference by adding extra de-
coding heads to predict multiple tokens in parallel, reducing
decoding steps through parallel processing. [69] introduced
EAGLE, a speculative sampling framework that addresses
feature-level autoregression uncertainty by incorporating a
token sequence advanced by one time step, enabling effi-
cient second-to-top-layer feature prediction. Subsequently,
[68] improved this with EAGLE-2, introducing a context-
aware dynamic draft tree for more accurate draft modeling,
leveraging well-calibrated draft models with closely approx-
imated confidence scores.

To explore speculative decoding for LVLMs, [39] enhanced
inference efficiency in LVLMs, focusing on the LLaVA 7B
model. [49] address token selection ambiguity, where vi-
sual autoregressive models assign uniformly low probabilities
to tokens, impairing speculative decoding. They propose
LANTERN, a relaxed acceptance condition utilizing token
interchangeability in latent space, restoring speculative de-
coding effectiveness while maintaining image quality and se-
mantic coherence through a total variation distance bound.
[132] introduced Speculative Jacobi Decoding (SJD) for au-
toregressive text-to-image generation, enabling the model
to predict and accept multiple tokens per step, generating
images more efficiently than traditional methods.

5. DECODING APPLICATIONS
In this section, we shift our focus to organizing these meth-

ods according to the applications in which they have been
used. Decoding algorithms play a crucial role across a va-
riety of applications, from enhancing model alignment to
optimizing specific generation tasks. Understanding how
these algorithms are adapted to different applications pro-
vides valuable insights into their versatility and effective-
ness. Figure 4 illustrates the diverse applications of decod-
ing methods.

5.1 Improve Model Alignment
Decoding strategies play a vital role in improving model
alignment by mitigating hallucinations, enhancing safety,
and strengthening reasoning capabilities. These strategies
involve tailoring the output generation process during infer-
ence to achieve the desired outcomes. Unlike other methods
of improving model alignment, decoding strategies provide
a dynamic and adaptive approach, ensuring that the model
consistently meets user expectations while adhering to eth-
ical standards.

5.1.1 Mitigate Hallucination
Decoding methods have emerged as an effective inference-
time tool for mitigating hallucinations [46], which refers
to the generation of plausible but factually incorrect con-
tent by the model. Compared to prompt-based [41; 140;
175] and knowledge-editing [176; 64] approaches, decoding
methods are model-agnostic and offer better interpretability.
[40] introduced Decoding by Contrasting Retrieval Heads
(DeCoRe), a decoding strategy that mitigates hallucina-
tions by dynamically contrasting the outputs of a base and
masked LLM, guided by conditional entropy. Similarly, [162]
proposed a Comparator-driven Decoding-Time (CDT) frame-
work, which generates hallucinatory and truthful compara-
tors using multi-task fine-tuning and refines next-token pre-
dictions by contrasting logit differences between the target
LLMs and these comparators.

In addition to mitigating hallucinations in LLMs, recent
studies have demonstrated the effectiveness of contrastive
decoding in addressing object hallucinations in LVLMs. [58]
explores visual contrastive decoding techniques, such as im-
age downsampling and editing, to reduce hallucinations. [98]
proposed ConVis, which reconstructs images from halluci-
nated captions using a text-to-image model and compares
probability distributions to capture visual contrastive sig-
nals that penalize hallucination generation. To counter hal-
lucinations caused by strong language model priors sup-
pressing visual input, [139] introduced DeCo, a dynamic cor-
rection decoding method that selectively integrates knowl-
edge into the final layer to adjust output logits. [48] devel-
oped CT2S, which preserves only the least important vision
tokens after early decoder layers, enhancing vision-text asso-
ciations during autoregressive decoding. Inspired by the In-
formation Bottleneck theory, [51] proposed CATCH, which
integrates complementary visual decoupling for information
separation, non-visual screening for hallucination detection,
and adaptive token-level contrastive decoding for mitiga-
tion. More recently, [14] has discovered an “attention hi-
jacking” phenomenon, where interference from instruction
tokens distorts visual perception, diverting attention to less
discriminative regions and leading to hallucinations. Addi-
tionally, [135] proposed an attention reallocation mechanism
that redistributes excess attention from output tokens to vi-
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sual tokens, reducing LVLMs’ reliance on language priors
and strengthening visual input dependence to mitigate hal-
lucinations.

5.1.2 Improve Safety
Besides mitigating hallucination, decoding methods are also
used to enhance model safety. [2] introduced Safeinfer, a
context-adaptive safety alignment strategy for generating
safe responses using safety-guided decoding, which selects
tokens based on the safety-optimized distributions to ensure
ethical content. Similarly, [169] proposed the Root Defense
Strategy, a decoder-oriented defense that corrects harmful
queries directly, rather than rejecting them outright. Rec-
ognizing that LLMs may appear to block harmful queries
but still harbor latent risks, [142] proposed Jailbreak Value
Decoding (JVD). JVD evaluates the probability of generat-
ing harmful content in subsequent decoding steps from any
given point.

Instead of manually selecting contrastive models or instruc-
tion templates, [179] proposed Adversarial Contrastive De-
coding (ACD), an optimization-based framework that gen-
erates two opposing system prompts for prompt-based con-
trastive decoding. Using contrastive decoding, [94] success-
fully mitigates toxicity in a parameter-efficient manner. To
improve alignment through decoding, [11] uses Q-learning to
adjust the response distribution directly, maximizing a tar-
get reward without requiring model updates. Moreover, [3]
identifies amplification bias and homogeneity issues in ex-
isting LLM decoding methods for recommendations. They
propose Debiasing-Diversifying Decoding (D3), which dis-
ables length normalization for ghost tokens to reduce am-
plification bias and uses a text-free assistant model to pro-
mote less frequent token generation, addressing recommen-
dation homogeneity. To ensure the safety of conversational
LLMs, [38] examines the effect of various decoding meth-
ods on the alignment between LLM-generated and human
conversations. They show that fewer beams in beam search
and lower P values in Nucleus sampling could lead to better
alignment. PAD [143] adaptively injects calibrated Gaus-
sian noise into token logits to mitigate privacy leakage of
retrieved context in RAG.

5.1.3 Improve Reasoning
Reasoning [45] is a key aspect of human intelligence and an
important trait for LLMs. Recent works have shown that
reasoning chains are embedded in token selection, and de-
coding methods can enhance reasoning ability. [95] demon-
strated that contrastive decoding improves reasoning in LLMs,
outperforming existing methods by preventing abstract rea-

soning errors and avoiding simpler strategies like copying
input sections during chain-of-thought reasoning. [101] pro-
posed Distillation Contrastive Decoding (DCD), which en-
hances LLM reasoning at inference time by employing Con-
trastive Chain-of-Thought Prompting and advanced distilla-
tion techniques, including Dropout and Quantization, with-
out requiring expert and amateur models. By investigat-
ing top-k alternative tokens, [149] found that CoT paths of-
ten emerge within these sequences and can be elicited from
LLMs by modifying the decoding process.

Recently, to improve the performance of models that have
been knowledge-edited for reasoning questions, [128] pro-
posed Outdated Issue-Aware Decoding (DISCO), which cap-
tures the difference in the probability distribution between
the original and edited models. To improve LLM reasoning
in cross-domain settings, [112] proposed a method to teach
multiple LLMs to collaborate by interleaving their genera-
tion at the token level. In parallel to syntactic decoding,
such as auto-regressive decoding, [100] introduced semantic
decoding, a perspective that views collaborative processes
as optimization procedures within a semantic space, offer-
ing an abstraction for search and optimization directly in
the space of semantic tokens.

In addition to improving reasoning performance, decoding
methods can enhance inference efficiency for reasoning tasks.
To reduce the cost of generating a full CoT reasoning chain,
[77] introduced an auxiliary CoT model that generates and
compresses the entire thought process into a compact token
representation, semantically aligned with the original CoT
output. To reduce the inference latency in tree-search-based
reasoning methods, [151] introduced SEED, an efficient in-
ference framework that accelerates reasoning tree construc-
tion using speculative scheduled execution, parallel drafting
with speculative decoding, and a rounds-scheduled strat-
egy to manage parallel drafts without verification conflicts.
To reduce the cost of self-consistency decoding from the
sampling process, [16] proposed self-para-consistency, where
multiple paraphrases are generated for each test question.

5.2 Improve Generation Tasks
Decoding strategies enhance large generative models in tasks
such as retrieval-augmented generation and code generation,
improving both output quality and efficiency. These ad-
vancements focus on refining decoding methods, optimizing
model architectures, and incorporating external resources to
enhance performance.

5.2.1 Retrieval Augmented Generation
Decoding methods can effectively improve RAG at inference



time. [104] proposed entropy-based decoding to enhance
truthfulness in retrieval-augmented LLMs, addressing chal-
lenges in ensuring faithful information retrieval. Similarly,
adaptive contrastive decoding (ACD) [55] effectively incor-
porates contextual influence, improving the model’s ability
to generate contextually relevant outputs. To overcome the
limitations of the generative retrieval model’s fixed para-
metric capacity, [57] introduced Nonparametric Decoding
(Np Decoding), which replaces standard embeddings with
nonparametric contextualized vocab embeddings. Addition-
ally, [168] proposed PAG, an optimization and decoding ap-
proach that guides the autoregressive generation of docu-
ment identifiers in generative retrieval models through si-
multaneous decoding, streamlining the document retrieval
process. More recently, to speed up language model genera-
tion with a retrieval-based approach, [42] proposed Retrieval-
Based Speculative Decoding (REST). Unlike previous meth-
ods that rely on a draft language model, REST uses retrieval
to generate draft tokens, leveraging the observation that text
generation often follows common phrases and patterns.

5.2.2 Code Generation
Besides RAG, various decoding methods have been used
for code generation with LLMs. [187] introduced Adaptive
Temperature (AdapT) sampling, which adjusts the temper-
ature during token decoding: higher for challenging tokens
to explore diverse options, and lower for confident tokens
to reduce tail randomness noise. [63] proposed Decoding
Objectives for Code Execution (DOCE), a framework for
execution-based evaluation. They focus on the effects of
high-temperature sampling, execution-based reranking with
high-quality unit tests, and self-debugging with multiple
candidates. [102] introduced DocCGen, a two-step NL-to-
code generation framework for structured domain-specific
languages like YAML and JSON. It first detects relevant
libraries using documentation to match the query, then con-
strains decoding with schema rules from these libraries.

To address security and correctness in code generation with
Code LLMs, [37] investigates a defense approach using con-
strained decoding to generate secure code, proving more ef-
fective than prefix tuning without requiring a specialized
training dataset. [146] presents Uncertainty-Aware Selec-
tive Contrastive Decoding (USCD), which improves one-
pass code generation performance. It pre-judges noise in
output distributions using standard deviation, then applies
a “lame” prompt to reduce noise and enhance code quality.
[92] proposed LEVER, which trains verifiers to assess pro-
gram correctness using natural language input, the program,
and its execution results. Programs are reranked by combin-
ing verification scores with LLM probabilities, marginalizing
over identical execution results.

Additionally, decoding methods can help mitigate halluci-
nation during code generation. [93] proposed DESEC, a
two-stage method that uses token-level features to guide de-
coding. It builds an offline token scoring model with a proxy
Code LLM and adjusts token likelihoods during decoding
based on these scores. [134] introduced Selective Prompt
Anchoring (SPA), which addresses self-attention dilution in
LLMs for code generation. SPA strengthens the influence
of selected parts of the initial prompt by adjusting the logit
distribution based on the difference between anchored and
non-anchored text.

5.3 Improve Generation Efficiency
Decoding methods are used to boost generation efficiency
across multiple domains, such as text, image, and video.

5.3.1 Text Generation
Beyond speculative decoding, several works focus on enhanc-
ing text generation efficiency through innovative decoding
strategies. Reward-Augmented Decoding (RAD) [26] used a
lightweight unidirectional reward model to guide a language
model in producing text with desired properties. [188] in-
troduced Hierarchical Skip Decoding (HSD), an efficient au-
toregressive method that adaptively skips decoding layers
based on sequence length, reducing computational overhead
without requiring additional trainable components. [163]
proposed Frustratingly Simple Decoding (FSD), which uses
an anti-language model to penalize repetitive content. The
anti-LM can be implemented as an n-gram model or a vec-
torized variant, adding no extra parameters and incurring
minimal cost, making it as fast as greedy search.

More recently, [79] proposed ADED, a decoding methodol-
ogy that enhances LLM efficiency without fine-tuning, uti-
lizing an adaptive draft-verification process. [121] proposed
Seesaw, which uses dynamic model resharding to enable
reconfiguration of parallelization strategies during decod-
ing. [32] introduced Position-Aware Depth Decay Decoding,
which employs a power-law decay function to optimize the
number of layers retained during token generation for more
efficient performance.

5.3.2 Image Generation
To accelerate autoregressive text-to-image generation, [132]
introduced Speculative Jacobi Decoding (SJD), a training-
free probabilistic parallel decoding algorithm. [35] explores
non-autoregressive text-to-image models that generate im-
age tokens in parallel. They introduce an iterative mask-
predict approach, enabling the model to refine its predictions
using partially observed tokens, which enhances convergence
speed and output quality. [130] introduced the Hybrid Au-
toregressive Transformer (HART), an autoregressive visual
generation model that employs hybrid tokenization. This
approach enables continuous feature decoding during gen-
eration, overcoming the limitations of finite VQ codebooks
and improving overall generation quality.

5.3.3 Video Generation
By reformulating dense caption generation as a set of pre-
diction tasks, [147] proposed PDVC, an end-to-end dense
video captioning framework with parallel decoding. To en-
sure global coherence and local realism in video generation,
GLOBER [126] uses a video decoder that processes global
features and synthesizes video frames in a non-autoregressive
manner. For enhanced flexibility, the video decoder incorpo-
rates normalized frame indexes to perceive temporal infor-
mation, enabling the generation of arbitrary sub-video clips
with predefined starting and ending frame indexes. Sim-
ilarly, VideoGen [65] employs an advanced video decoder
trained on unlabeled data to produce high-definition videos
with strong temporal consistency and high frame fidelity.

5.4 Domain-Specific Applications
Decoding strategies can significantly enhance domain-specific



applications, such as healthcare and robotics. In the health-
care domain, [160] addresses hallucination in medical infor-
mation extraction tasks with Alternate Contrastive Decod-
ing (ALCD). They redefine the task as an identification-
and-classification process, separating these steps by mask-
ing token optimization during fine-tuning. During infer-
ence, ALCD improves both identification and classification
by contrasting output distributions from sub-task models,
thereby minimizing interference from other LLM capabil-
ities. Additionally, an adaptive constraint strategy refines
the contrastive token scope, further enhancing performance.
In the scientific domain, [180] implements cross-subject se-
mantic decoding for video-stimulated fMRI, while [17] ex-
plores open-vocabulary auditory neural decoding using fMRI-
prompted LLMs.

In robotics, [47] formulates the construction of action se-
quences as a probabilistic filtering problem, ensuring that
the sequences are both probable according to the LM and
feasible within grounded environmental models. Their ap-
proach demonstrates how grounded models can be derived
from both simulation and real-world domains. By integrat-
ing knowledge from language models and grounded models,
their decoding strategy effectively addresses complex, long-
horizon embodiment tasks, enabling the generation of accu-
rate and feasible action sequences. Similarly, [80] introduced
Bidirectional Decoding (BID), an inference algorithm that
combines action chunking with closed-loop operations. BID
samples multiple predictions at each time step, optimizing
for backward coherence (alignment with prior decisions) and
forward contrast (high likelihood of future plans). This dual
optimization approach ensures consistent decision-making
while allowing the system to adapt to unexpected environ-
mental changes.

6. DISCUSSIONS
Despite the significant potential of decoding methods across
various tasks and applications, several challenges remain. In
this section, we highlight the limitations of current decoding
methods and discuss possible future research directions.

6.1 Exploring Dynamic and Universal Decod-
ing Methods

Although decoding methods are effective for specific tasks,
they often rely on manually crafted examples. As discussed
earlier, token-wise and layer-wise contrastive decoding (§ 4.1)
enhance control over text generation in LLMs and LVLMs.
However, their effectiveness heavily depends on the selection
of contrastive examples or layers. For instance, [66] com-
pares outputs from smaller language models to those from
larger ones, assuming that bigger models produce higher-
quality text. However, this assumption does not always
hold, as there are cases where the generation is worse with
CD. Moreover, [110] even points out that smaller LLMs
tend to be less sycophantic, meaning they are less likely to
prioritize aligning with user beliefs over providing truthful
responses. This highlights the complexity of crafting con-
trastive examples, as it requires balancing multiple qualities
in the generated text. Similarly, in selecting contrasting
layers, the optimal layers in DoLa [20] are sensitive across
datasets, making it less versatile since it requires a task-
specific validation set. This limitation presents an opportu-
nity for future research to develop methods for constructing

dynamic, universally applicable contrastive examples.

For guided decoding (§ 4.2), search methods like the one
used in [174], rely on test cases and are constrained by
a small search space. While [34] demonstrated that TS-
LLMs perform well across reasoning, planning, alignment,
and decision-making tasks on trees with a depth of 64, they
still struggle to scale to larger scenarios due to the compu-
tational overhead introduced by node expansion and value
evaluation. This highlights the need for more efficient strate-
gies that can scale to larger problem spaces without intro-
ducing excessive computational costs.

6.2 Interpreting Decoding Methods
While some decoding methods, such as those explored by
[149], offer insights into the intrinsic reasoning abilities of
LLMs through the lens of decoding, more theoretical foun-
dations are needed to understand why models behave in cer-
tain ways during the decoding process. For instance, [115]
underscores the critical role of hyperparameter tuning in
optimizing decoding methods. Their findings highlight that
while some approaches can achieve impressive performance,
they often require substantial effort to dial in the hyperpa-
rameters. In an initial effort, [13] theoretically demonstrates
that contrastive decoding can be viewed as linearly extrap-
olating the next-token logits from a large, hypothetical lan-
guage model. They find that this linear extrapolation may
prevent contrastive decoding from producing the most obvi-
ous answers, as these are already assigned high probabilities
by the base LM.

Moving forward, future research should focus on exploring
the interpretability of these methods, which could provide
valuable insights into how different decoding strategies align
with human reasoning and decision-making processes. One
potential approach is mechanistic interpretability [5; 71; 4],
which seeks interpretability by reverse-engineering black-
box models. For instance, [97] investigates the possibility of
decoding multiple future tokens from a single token’s hidden
representation. Their causal intervention study reveals that
certain layers can approximate the model’s output with up
to 48% accuracy from a single hidden state, providing sig-
nificant insights into the model’s prediction chain at each
hidden state.

6.3 Combining Different Decoding Paradigms
As discussed in Section 4, contrastive decoding, guided de-
coding, and parallel decoding are versatile paradigms that
have proven effective for a variety of tasks, such as control-
ling generation, improving quality, and enhancing efficiency.
Given their individual successes, it is natural to explore the
potential of combining these paradigms. For instance, [166]
combined Speculative Decoding with contrastive decoding,
achieving both improved generation quality and inference
speedup. Additionally, these decoding paradigms can be in-
tegrated with other advanced generation techniques, such as
RAG. [150] enhanced RAG by incorporating drafting with
a set of specialized drafters, which provide diverse perspec-
tives on the evidence while reducing the token count per
draft. Future research could investigate further combina-
tions of decoding paradigms to address the unique challenges
posed by LLMs.



6.4 Expanding the Diversity of Decoding Ob-
jectives

Traditionally, decoding methods for LMs have primarily fo-
cused on text generation quality. However, recent works on
LLMs and LVLMs have shifted toward improving the align-
ment of generated outputs. While several aspects of align-
ment have been explored, including toxicity [73], truthful-
ness [116; 20], and safety [161; 182], significant gaps remain
in addressing other critical issues, such as privacy, bias, and
copyright concerns. Additionally, while decoding methods
have been applied across various domains, there are limited
applications in high-stakes sectors like healthcare, law, and
finance. Finally, for works focusing on improving the decod-
ing efficiency through parallel decoding, there is a need to
ensure the balance of decoding accuracy and efficiency. As
noted by [158], there is still room for improvement to align
the drafter with the target LLM for speculative decoding
to scale up the drafter to improve decoding accuracy while
maintaining its efficiency advantages. Future research could
explore leveraging decoding methods to tackle these issues,
offering a plug-and-play solution to enhance the trustwor-
thiness of LLMs for important applications.

6.5 Improving Adversarial Robustness
Decoding methods are often overlooked from the security
perspective. While much of the research focuses on en-
hancing the security of LLMs through techniques such as
preventing data leakage and defending against jailbreaking
attacks, the decoding mechanism itself is often neglected as
a potential security risk. Decoding methods like SafeDe-
coding [161] and ROSE [182] are designed to generate safe
responses from models, but they can also be exploited by
attackers to generate malicious outputs. More concerningly,
[91] demonstrated that adversaries with typical API access
can steal the type and hyperparameters of a model’s decod-
ing algorithm at a low cost. This highlights a growing secu-
rity concern regarding potential attacks that manipulate the
underlying decoding method of a model. Moving forward, it
would be valuable to explore strategies for defending against
decoding-based attacks. As suggested by [91], watermark-
ing [129] could serve as a potential countermeasure, adding
noise to the final probability distribution and making it more
difficult for attackers to extract hyperparameters from the
target model.

7. CONCLUSION
This survey provides a comprehensive review of three pri-
mary decoding paradigms and their diverse applications in
LLMs and LVLMs, showcasing their effectiveness and effi-
ciency in tackling complex generation tasks. We believe that
decoding methods offer a cost-effective way to enhance and
extend LLM capabilities and hope our work sparks further
discussion and research in this area.

Acknowledgments
This material is based upon work supported by NSF awards
(SaTC-2241068, IIS-2506643, and POSE-2346158), a Cisco
Research Award, and NSF NAIRR Pilot Award #240469.
The views and conclusions contained in this document are
those of the authors and should not be interpreted as nec-
essarily representing the official policies, either expressed or

implied, of the National Science Foundation. This work is
supported in part by NSF under grants III-2106758.

8. REFERENCES

[1] L. A. Agrawal, A. Kanade, N. Goyal, S. Lahiri, and
S. Rajamani. Monitor-guided decoding of code lms
with static analysis of repository context. Advances
in Neural Information Processing Systems, 36, 2024.

[2] S. Banerjee, S. Tripathy, S. Layek, S. Kumar,
A. Mukherjee, and R. Hazra. Safeinfer: Context adap-
tive decoding time safety alignment for large language
models. arXiv preprint arXiv:2406.12274, 2024.

[3] K. Bao, J. Zhang, Y. Zhang, X. Huo, C. Chen, and
F. Feng. Decoding matters: Addressing amplification
bias and homogeneity issue for llm-based recommen-
dation. arXiv preprint arXiv:2406.14900, 2024.

[4] N. Belrose, Z. Furman, L. Smith, D. Halawi, I. Ostro-
vsky, L. McKinney, S. Biderman, and J. Steinhardt.
Eliciting latent predictions from transformers with the
tuned lens. arXiv preprint arXiv:2303.08112, 2023.

[5] L. Bereska and E. Gavves. Mechanistic inter-
pretability for ai safety–a review. arXiv preprint
arXiv:2404.14082, 2024.

[6] L. Beurer-Kellner, M. Fischer, and M. Vechev. Guid-
ing llms the right way: Fast, non-invasive constrained
generation. arXiv preprint arXiv:2403.06988, 2024.

[7] T. Brown, B. Mann, N. Ryder, M. Subbiah, J. D. Ka-
plan, P. Dhariwal, A. Neelakantan, P. Shyam, G. Sas-
try, A. Askell, et al. Language models are few-shot
learners. Advances in neural information processing
systems, 33:1877–1901, 2020.

[8] T. Cai, Y. Li, Z. Geng, H. Peng, J. D. Lee, D. Chen,
and T. Dao. Medusa: Simple llm inference accelera-
tion framework with multiple decoding heads. arXiv
preprint arXiv:2401.10774, 2024.

[9] Z. Cao, Y. Yang, and H. Zhao. Nothing in ex-
cess: Mitigating the exaggerated safety for llms via
safety-conscious activation steering. arXiv preprint
arXiv:2408.11491, 2024.

[10] S. Casper, L. Schulze, O. Patel, and D. Hadfield-
Menell. Defending against unforeseen failure modes
with latent adversarial training. arXiv preprint
arXiv:2403.05030, 2024.

[11] S. Chakraborty, S. S. Ghosal, M. Yin, D. Manocha,
M. Wang, A. S. Bedi, and F. Huang. Transfer q star:
Principled decoding for llm alignment. arXiv preprint
arXiv:2405.20495, 2024.

[12] A. Chan, A. Madani, B. Krause, and N. Naik. Deep
extrapolation for attribute-enhanced generation. Ad-
vances in Neural Information Processing Systems,
34:14084–14096, 2021.



[13] H.-S. Chang, N. Peng, M. Bansal, A. Ramakr-
ishna, and T. Chung. Explaining and improving
contrastive decoding by extrapolating the probabil-
ities of a huge and hypothetical lm. arXiv preprint
arXiv:2411.01610, 2024.

[14] B. Chen, X. Lyu, L. Gao, J. Song, and H. T. Shen.
Attention hijackers: Detect and disentangle attention
hijacking in lvlms for hallucination mitigation. arXiv
preprint arXiv:2503.08216, 2025.

[15] C. Chen, S. Borgeaud, G. Irving, J.-B. Lespiau,
L. Sifre, and J. Jumper. Accelerating large language
model decoding with speculative sampling. arXiv
preprint arXiv:2302.01318, 2023.

[16] W. Chen, W. Wang, Z. Chu, K. Ren, Z. Zheng,
and Z. Lu. Self-para-consistency: Improving reasoning
tasks at low cost for large language models. In Find-
ings of the Association for Computational Linguistics
ACL 2024, pages 14162–14167, 2024.

[17] X. Chen, C. Du, C. Liu, Y. Wang, and H. He.
Open-vocabulary auditory neural decoding using fmri-
prompted llm. arXiv preprint arXiv:2405.07840, 2024.

[18] J. Cheng, X. Liu, K. Zheng, P. Ke, H. Wang, Y. Dong,
J. Tang, and M. Huang. Black-box prompt optimiza-
tion: Aligning large language models without model
training. arXiv preprint arXiv:2311.04155, 2023.

[19] Y. Cheng, X. Liang, Y. Gong, W. Xiao, S. Wang,
Y. Zhang, W. Hou, K. Xu, W. Liu, W. Li, et al. Inte-
grative decoding: Improve factuality via implicit self-
consistency. arXiv preprint arXiv:2410.01556, 2024.

[20] Y.-S. Chuang, Y. Xie, H. Luo, Y. Kim, J. Glass, and
P. He. Dola: Decoding by contrasting layers improves
factuality in large language models. arXiv preprint
arXiv:2309.03883, 2023.

[21] D. Dai, L. Dong, Y. Hao, Z. Sui, B. Chang, and F. Wei.
Knowledge neurons in pretrained transformers. arXiv
preprint arXiv:2104.08696, 2021.

[22] J. Dai, X. Pan, R. Sun, J. Ji, X. Xu, M. Liu,
Y. Wang, and Y. Yang. Safe rlhf: Safe reinforce-
ment learning from human feedback. arXiv preprint
arXiv:2310.12773, 2023.

[23] S. Das, L. Jin, L. Song, H. Mi, B. Peng, and D. Yu.
Entropy guided extrapolative decoding to improve
factuality in large language models. arXiv preprint
arXiv:2404.09338, 2024.

[24] S. Dathathri, A. Madotto, J. Lan, J. Hung, E. Frank,
P. Molino, J. Yosinski, and R. Liu. Plug and play lan-
guage models: A simple approach to controlled text
generation. arXiv preprint arXiv:1912.02164, 2019.

[25] A. Deng, Z. Chen, and B. Hooi. Seeing is be-
lieving: Mitigating hallucination in large vision-
language models via clip-guided decoding. arXiv
preprint arXiv:2402.15300, 2024.

[26] H. Deng and C. Raffel. Reward-augmented de-
coding: Efficient controlled text generation with
a unidirectional reward model. arXiv preprint
arXiv:2310.09520, 2023.

[27] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova.
Bert: Pre-training of deep bidirectional trans-
formers for language understanding. arXiv preprint
arXiv:1810.04805, 2018.

[28] S. Dhuliawala, I. Kulikov, P. Yu, A. Celikyilmaz,
J. Weston, S. Sukhbaatar, and J. Lanchantin. Adap-
tive decoding via latent preference optimization. arXiv
preprint arXiv:2411.09661, 2024.

[29] C. Dong, Y. Li, H. Gong, M. Chen, J. Li, Y. Shen,
and M. Yang. A survey of natural language generation.
ACM Computing Surveys, 55(8):1–38, 2022.

[30] L. Dong, N. Yang, W. Wang, F. Wei, X. Liu, Y. Wang,
J. Gao, M. Zhou, and H.-W. Hon. Unified language
model pre-training for natural language understand-
ing and generation. Advances in neural information
processing systems, 32, 2019.

[31] A. Fan, M. Lewis, and Y. Dauphin. Hierarchical neu-
ral story generation. arXiv preprint arXiv:1805.04833,
2018.

[32] S. Fan, X. Fang, X. Xing, P. Han, S. Shang,
and Y. Wang. Position-aware depth decay decoding:
Boosting large language model inference efficiency.
arXiv preprint arXiv:2503.08524, 2025.

[33] Y. Fang, Z. Yang, Z. Chen, Z. Zhao, and J. Zhou. From
uncertainty to trust: Enhancing reliability in vision-
language models with uncertainty-guided dropout de-
coding. arXiv preprint arXiv:2412.06474, 2024.

[34] X. Feng, Z. Wan, M. Wen, S. M. McAleer, Y. Wen,
W. Zhang, and J. Wang. Alphazero-like tree-search
can guide large language model decoding and training.
arXiv preprint arXiv:2309.17179, 2023.

[35] Z. Feng, R. Hu, L. Liu, F. Zhang, D. Tang,
Y. Dai, X. Feng, J. Li, B. Qin, and S. Shi. Emage:
Non-autoregressive text-to-image generation. arXiv
preprint arXiv:2312.14988, 2023.

[36] Y. Fu, P. Bailis, I. Stoica, and H. Zhang. Break the se-
quential dependency of llm inference using lookahead
decoding. arXiv preprint arXiv:2402.02057, 2024.

[37] Y. Fu, E. Baker, Y. Ding, and Y. Chen. Constrained
decoding for secure code generation. arXiv preprint
arXiv:2405.00218, 2024.

[38] S. Furniturewala, K. Jaidka, and Y. Sharma. Impact
of decoding methods on human alignment of conver-
sational llms. arXiv preprint arXiv:2407.19526, 2024.

[39] M. Gagrani, R. Goel, W. Jeon, J. Park, M. Lee, and
C. Lott. On speculative decoding for multimodal large
language models. arXiv preprint arXiv:2404.08856,
2024.

[40] A. P. Gema, C. Jin, A. Abdulaal, T. Diethe, P. Teare,
B. Alex, P. Minervini, and A. Saseendran. Decore: De-
coding by contrasting retrieval heads to mitigate hal-
lucinations. arXiv preprint arXiv:2410.18860, 2024.



[41] Z. Gou, Z. Shao, Y. Gong, Y. Shen, Y. Yang, N. Duan,
and W. Chen. Critic: Large language models can self-
correct with tool-interactive critiquing. arXiv preprint
arXiv:2305.11738, 2023.

[42] Z. He, Z. Zhong, T. Cai, J. D. Lee, and D. He. Rest:
Retrieval-based speculative decoding. arXiv preprint
arXiv:2311.08252, 2023.

[43] A. Holtzman, J. Buys, L. Du, M. Forbes, and Y. Choi.
The curious case of neural text degeneration. arXiv
preprint arXiv:1904.09751, 2019.

[44] A. Holtzman, J. Buys, M. Forbes, A. Bosselut,
D. Golub, and Y. Choi. Learning to write with cooper-
ative discriminators. arXiv preprint arXiv:1805.06087,
2018.

[45] J. Huang and K. C.-C. Chang. Towards reasoning
in large language models: A survey. arXiv preprint
arXiv:2212.10403, 2022.

[46] L. Huang, W. Yu, W. Ma, W. Zhong, Z. Feng,
H. Wang, Q. Chen, W. Peng, X. Feng, B. Qin, et al.
A survey on hallucination in large language models:
Principles, taxonomy, challenges, and open questions.
ACM Transactions on Information Systems, 2023.

[47] W. Huang, F. Xia, D. Shah, D. Driess, A. Zeng, Y. Lu,
P. Florence, I. Mordatch, S. Levine, K. Hausman,
et al. Grounded decoding: Guiding text generation
with grounded models for embodied agents. Advances
in Neural Information Processing Systems, 36, 2024.

[48] F. Huo, W. Xu, Z. Zhang, H. Wang, Z. Chen, and
P. Zhao. Self-introspective decoding: Alleviating hal-
lucinations for large vision-language models. arXiv
preprint arXiv:2408.02032, 2024.

[49] D. Jang, S. Park, J. Y. Yang, Y. Jung, J. Yun,
S. Kundu, S.-Y. Kim, and E. Yang. Lantern: Acceler-
ating visual autoregressive models with relaxed spec-
ulative decoding. arXiv preprint arXiv:2410.03355,
2024.

[50] P. Kaliosis, J. Pavlopoulos, F. Charalampakos,
G. Moschovis, and I. Androutsopoulos. A data-driven
guided decoding mechanism for diagnostic captioning.
arXiv preprint arXiv:2406.14164, 2024.

[51] Z. Kan, C. Zhang, Z. Liao, Y. Tian, W. Yang, J. Xiao,
X. Li, D. Jiang, Y. Wang, and Q. Liao. Catch: Com-
plementary adaptive token-level contrastive decoding
to mitigate hallucinations in lvlms. arXiv preprint
arXiv:2411.12713, 2024.

[52] M. Khalifa, H. Elsahar, and M. Dymetman. A distri-
butional approach to controlled text generation. arXiv
preprint arXiv:2012.11635, 2020.

[53] M. Kim, H. Lee, K. M. Yoo, J. Park, H. Lee, and
K. Jung. Critic-guided decoding for controlled text
generation. arXiv preprint arXiv:2212.10938, 2022.

[54] S. Kim, B. Cho, S. Bae, S. Ahn, and S.-Y. Yun. Va-
code: Visual augmented contrastive decoding. arXiv
preprint arXiv:2408.05337, 2024.

[55] Y. Kim, H. J. Kim, C. Park, C. Park, H. Cho,
J. Kim, K. M. Yoo, S.-g. Lee, and T. Kim. Adap-
tive contrastive decoding in retrieval-augmented gen-
eration for handling noisy contexts. arXiv preprint
arXiv:2408.01084, 2024.

[56] K. Konen, S. Jentzsch, D. Diallo, P. Schütt, O. Ben-
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ABSTRACT
A challenge in mitigating social bias in fine-tuned language mod-
els (LMs) is the potential reduction in language modeling capabil-
ity, which can harm downstream performance. Counterfactual data
augmentation (CDA), a widely used method for fine-tuning, high-
lights this issue by generating synthetic data that may align poorly
with real-world distributions or creating overly simplistic counter-
factuals that ignore the social context of altered sensitive attributes
(e.g., gender) in the pretraining corpus. To address these limita-
tions, we propose a simple yet effective context-augmented CDA
method, Context-CDA, which uses large LMs to enhance the di-
versity and contextual relevance of the debiasing corpus. By min-
imizing discrepancies between the debiasing corpus and pretrain-
ing data through augmented context, this approach ensures better
alignment, enhancing language modeling capability. We then em-
ploy uncertainty-based filtering to exclude generated counterfac-
tuals considered low-quality by the target smaller LMs (i.e., LMs
to be debiased), further improving the fine-tuning corpus quality.
Experimental results on gender bias benchmarks demonstrate that
Context-CDA effectively mitigates bias without sacrificing language
modeling performance while offering insights into social biases by
analyzing distribution shifts in next-token generation probabilities.

1. INTRODUCTION
Language models (LMs) have achieved remarkable success in gen-
erating human-like text across a wide range of applications, from
chatbots [22] to translation [51]. However, these models often in-
herit and amplify biases present in their training data, which can
lead to outputs that reinforce stereotypes or perpetuate harmful
prejudices. These biases partly stem from the massive datasets used
to train LMs, which frequently reflect societal imbalances, discrim-
inatory language, and historical injustices.

Despite promising results in mitigating bias in LMs, a fundamental
drawback of current debiasing methods is their potential to harm
the core modeling abilities of LMs [8]. These methods often rely
on strategies such as removing or altering biased data [49] or in-
troducing controlled outputs [32], which can reduce the model’s
exposure to natural linguistic patterns. By filtering or distorting the
underlying data, these techniques can hinder the model’s ability to
grasp the subtleties of language, leading to less fluent and contex-
tually inaccurate text generation. This trade-off underscores the
challenge of reducing bias while maintaining language proficiency.

Take Counterfactual Data Augmentation (CDA) [19; 52] for gen-
der bias as an example. CDA works by altering gender attributes to
generate counterfactual examples, which are then used during fine-
tuning to reduce bias in model predictions. While CDA is effective
in reducing bias, it often leads to a degradation in LMs’ language
modeling ability [8; 7; 29]. A major reason for this is the synthetic
data generated by CDA may not align well with real-world data
distributions and can create overly simplistic counterfactuals that
fail to account for the social context of altered sensitive attributes
(e.g., gender) embedded in the pre-training corpus.

To overcome these challenges, we propose a simple yet effective
approach, Context-CDA, that leverages the generative capabilities
of large LMs to augment the context used for debiasing. Particu-
larly, larger LMs trained on vast and diverse corpora can generate
context-rich counterfactual examples that are not only more diverse
but also closely resemble natural language patterns (see an example
in Figure 1). This context-aware data augmentation process helps
avoid the severe distortions often introduced by traditional CDA
techniques, where overly simplified examples fail to consider the
social context of altered sensitive attributes. Our approach thus en-
ables a more comprehensive debiasing process, enhancing fairness
while also preserving the language modeling abilities of LMs.

However, the smaller LMs to be debiased often struggle to learn
from text generated by larger LMs. Samples deemed challenging
for the target LMs may hurt their language modeling capabilities
[12]. To improve the performance of the model and reduce the
impact of low-quality generations, we further propose using an
uncertainty-based filtering strategy. Particularly, we leverage se-
mantic entropy [15] to quantify the uncertainty of each augmented
sample in our corpus. Semantic entropy advances other uncertainty
estimation approaches (e.g., likelihoods) as it incorporates linguis-
tic invariances created by shared meanings. High semantic entropy
indicates that the target LM finds the sentence uncertain, ambigu-
ous, or difficult to interpret due to multiple possible meanings or
unpredictable word choices. We systematically filter out the coun-
terfactual generations with the largest semantic entropy. Therefore,
during fairness fine-tuning, the target LMs are trained on text that
is clearer and less prone to misinterpretation. This filtering also en-
sures that the model can focus on learning meaningful and unam-
biguous patterns from the data, enhancing its ability to generalize
and perform well in real-world applications.

Our contributions are as follows: Method: We develop Context-
CDA, a new approach that produces context-rich, gender-flipped
sentences. We enhance data quality for target LMs by using se-
mantic entropy filtering to exclude ambiguous and irrelevant coun-



Figure 1: An illustration of the proposed Context-CDA pipeline using the StereoSet benchmark [23] with BERT [5]. Step 1: Flip the gender
words. Step 2: Use a larger LM (e.g., Llama-3-8B-Instruct [9]) with the system and instruction prompt to get the augmented data. Step 3:
Use the target small LM (e.g., BERT) to calculate the semantic entropy of augmented data. Step 4: Filter the counterfactuals based on the
semantic entropy. Step 5: Debias the target small LM.

terfactuals for fine-tuning. Experiments: Our extensive evalua-
tions show that Context-CDA preserves language modeling ability
while reducing bias more effectively than traditional CDA methods
(which may compromise on fluency). Semantic entropy-based fil-
tering of low-quality counterfactuals further enhances debiasing ef-
fectiveness and maintains language fluency. Analysis of next-token
distribution indicates a better gender balance and token diversity,
leading to reduced skew towards male tokens, and increasing ro-
bustness. Comprehensive evaluation across five diverse model ar-
chitectures, including BERT and DistilBERT (encoder-only mod-
els), T5 (encoder-decoder generative model), GPT-2, and Llama-
3-1B (causal decoder-only generative model), demonstrates that
these findings are consistent and robust across both discriminative
and generative systems, validating the true model-agnostic nature
of Context-CDA.

2. RELATED WORK
An LM may be deployed in a different setting than that for which it
was intended, such as with or without a human intermediary for au-
tomated decision-making [38]. The primary causes of LM biases
include inherent biases in the training data [1]. Bias mitigation
techniques are categorized by the different stages of LM workflow.
Pre-processing mitigation techniques focus on reducing bias and
unfairness early in the dataset or model inputs. One of the early
formalizations of this approach involves CDA, which has emerged
as a prominent technique for mitigating biases in language models
by introducing minimally perturbed examples that alter specific at-

tributes while preserving the overall semantics. The foundational
work in CDA by [49] demonstrated its effectiveness in reducing
gender bias in coreference resolution by swapping gendered terms
in training data. [19] extended this to a more general framework
by applying CDA for neural NLP tasks by generating matched sen-
tence pairs through gendered word interventions. [52] proposed a
CDA method tailored for morphologically rich languages to gener-
ate grammatically correct gender-swapped sentences.

As described by [44], the CDA procedure can be applied in a one-
sided manner (using only the counterfactual sentence for further
training) or a two-sided manner (incorporating both the original
and counterfactual sentences in the training data). [20] introduce
Counterfactual Data Substitution (CDS), a variant of CDA, where
gendered terms in the training data are probabilistically replaced
with their counterfactual counterparts, rather than duplicating each
instance with a gender-swapped version. More recently, [45] pro-
posed Polyjuice, a controllable counterfactual generation system
based on GPT-2, enabling diverse perturbation types for training
and evaluation. [25] introduced a neural demographic perturber
trained on a large human-annotated dataset (PANDA), and demon-
strate that augmenting data via demographic perturbations improves
model fairness with minimal performance trade-offs. Both works
highlight the utility of automated, fine-grained counterfactual gen-
eration for robust and fair NLP.

Recent advances in CDA span diverse domains, reflecting its grow-
ing relevance in addressing data imbalance and spurious correla-
tions. In NLP, [41] introduce FairFlow, a model-based CDA method



Figure 2: StereoSet bias score for 5 LLM Models - Vanilla v/s CDA
(Intrinsic bias). 50 indicates no bias.

Figure 3: StereoSet bias score for 5 LLM Models - Vanilla v/s
Context-CDA.

Figure 4: CrowS-Pairs bias score for 5 LLM Models - Vanilla v/s
CDA (Intrinsic bias). 50 indicates no bias.

Figure 5: CrowS-Pairs bias score for 5 LLM Models - Vanilla v/s
Context-CDA.

that generates parallel counterfactuals without manual intervention,
improving fairness while preserving fluency. Similarly, [35] em-
ploy self-imitation reinforcement learning for CDA, emphasizing
both fairness and robustness under contextual shifts. In sentiment
analysis, [46] propose polarity-reversing augmentations using pre-
trained transformers to enhance aspect-based sentiment classifica-
tion. Beyond text, CDA has also seen traction in graph neural net-
works. For instance, CAGAD [47] utilizes diffusion models to gen-
erate counterfactual anomalies in graphs, improving anomaly de-
tection in node representations. In reinforcement learning, ACAMDA
[37] recovers temporal causal structures to simulate realistic hypo-
thetical scenarios for improved data efficiency. CAIAC [42] swaps
causally irrelevant state components to generate robust offline learn-
ing transitions. A parallel effort to improve interpretability can be
seen in FCE-UTD [17], which generates factor-level counterfactu-
als for causal explanations in Point-of-Interest (POI) recommen-
dation. Together, these works underscore the versatility of CDA
across modalities and its emerging role in mitigating bias.

Additionally, CDA has been integrated with other debiasing meth-
ods such as adversarial training [28] and calibration strategies [40]
to improve robustness and generalization. However, concerns re-
main around the semantic validity and distributional shift intro-
duced by counterfactuals, leading to research on controllable gen-
eration (e.g., using LMs or paraphrasing systems) and evaluation
metrics to ensure linguistic and contextual coherence. Our work

builds upon this by extending the CDA framework to include context-
rich, gender-flipped sentences generated by a large LM following
the work of [10] for debiasing along with semantic entropy filtering
to exclude ambiguous counterfactuals and improve corpus quality.

3. METHODS
The proposed method consists of three major steps: (1) Augment-
ing the context of CDA using large LMs, (2) Uncertainty-based
filtering, and (3) Debiasing via fine-tuning on filtered counterfactu-
als. The overview of Context-CDA is illustrated in Figure 1.
CrowS-Pairs bias score for 5 LLM Models - Vanilla v/s CDA (In-
trinsic bias). 50 indicates no bias.

3.1 Context-Aware CDA
For gender bias, vanilla CDA alters gender-related words, which
can degrade language modeling ability while being effective at bias
mitigation [8; 29]. One primary reason for this degradation is that
the distribution of the corpus generated by vanilla CDA and then
used for debiasing drifts from the distribution of the pre-trained
corpus. When debiasing via fine-tuning the counterfactual genera-
tion, the n-gram distribution of the target LM is altered, resulting
in the degradation of language modeling ability [7]. To address the
limitation, we introduce Context-CDA, a prompting-based method
that advances traditional CDA by prompting a larger LM to gener-



Figure 6: LMS score (↑) for 5 LLM Models - Vanilla v/s CDA. Figure 7: LMS score (↑) for 5 LLM Models - Vanilla v/s Context-
CDA.

Figure 8: ICAT score (↑) for 5 LLM Models - Vanilla v/s CDA. Figure 9: ICAT score (↑) for 5 LLM Models - Vanilla v/s Context-
CDA.

ate contextually richer counterfactuals. Rather than merely flipping
gender-related words, Context-CDA refines the sentences to pre-
serve their original meaning while providing a more natural and di-
verse context aligned with the LM’s pre-training distribution. This
approach to context-aware data augmentation mitigates the severe
distortions often caused by traditional CDA methods, where over-
simplified examples fail to account for the social context of altered
sensitive attributes. As a result, our method enables a more thor-
ough debiasing process, promoting fairness while preserving the
LMs’ modeling capabilities. Specifically, after generating counter-
factual examples using CDA x̃i = CDA(xi), we design a system
prompt and an instruction prompt (illustrated in Figure 1) to ask a
Llama-3-8b-Instruct [9] model to rephrase x̃i such that it contains
more context. The resulting generation is denoted as x̃c

i .

3.2 Uncertainty-Based Filtering
With the generated counterfactuals, another challenge is that text
generated by the larger LMs can be overly complex or noisy for
the target smaller LMs to be debiased, hindering learning effective-
ness. To further enhance the quality (e.g., mitigating hallucination)
of the generated counterfactuals for the target LMs, we propose fil-
tering out the generations that exhibit the greatest uncertainty by
the target LMs. Uncertainty in the data has been shown to be an in-
formative signal for algorithmic bias [39; 33] and hallucination in
large LMs [6]. Specifically, we use a filtering process based on se-
mantic entropy following the methodology in [15], which advances

other uncertainty estimation approaches like likelihoods as it incor-
porates linguistic invariances created by shared meanings. For this
process, we first sample multiple rephrased output sequences from
a language model for each of our generated counterfactuals. These
sequences are then clustered into semantic equivalence classes us-
ing a bidirectional entailment test following the methodology in
[15], where two sequences are considered equivalent if they log-
ically imply each other within context. Finally, the probabilities
of sequences in each cluster are summed, and semantic entropy is
calculated over these meaning-level probabilities to measure uncer-
tainty over meanings rather than just surface forms. The semantic
entropy (SE) for each counterfactual can be calculated as follows:

SE(x̃c
i ) ≈ −|C|−1

|C|∑
j=1

log p(Cj | x̃c
i ), (1)

where C denotes the number of samples generated by the larger
LM. We calculate the semantic entropy for each generated coun-
terfactual x̃c

i using the target LMs and filter out the top k-percent
(e.g., 30%) of sentences with the highest entropy. This ensures
that overly complex or noisy sentences, which the target LMs may
struggle to learn, are removed from the corpus, leaving only the
most useful examples for debiasing during the fine-tuning.

3.3 Debiasing via Fine-tuning on Filtered
Context-CDA



Figure 10: BiasBios score for BERT and GPT-2 (Extrinsic bias). 0
indicates no bias.

Figure 11: STS-B bias score for BERT and GPT-2 (Extrinsic bias).
0 indicates no bias.

Figure 12: NLI-Bias score for BERT and GPT-2 (Extrinsic bias). 0
indicates no bias.

Figure 13: QNLI score (↑) for BERT and GPT-2 (Downstream
task).

We use the contextually rich counterfactual data samples obtained
after augmentation and filtering to debias the target small LMs [10]
like BERT and GPT-2. The key idea is to introduce alternative
versions of the input data where specific attributes (e.g., gender) are
modified without changing the underlying meaning via augmented
context. During fine-tuning, this augmentation forces the model
to learn representations that are invariant to these modifications,
which helps mitigate biased correlations in the data.
While our evaluation focuses on encoder models like BERT, this
kind of representation debiasing is relevant to generative systems
too. This is largely because BERT-like transformer encoders serve
as foundational components in state-of-the-art encoder-decoder mod-
els (e.g., T5, BART, mBART) which are widely used for generation
tasks such as machine translation and summarization. Moreover,
contextualized encoder representations are commonly employed as
frozen or fine-tuned backbones in modular and retrieval-augmented
generation pipelines [16]. As a result, debiasing these shared rep-
resentations can directly benefit a broad range of downstream gen-
erative applications.
Moreover, to demonstrate generalizability of Context-CDA, we eval-
uate across diverse architectures including encoder-only (BERT,
DistilBERT), encoder-decoder (T5), and decoder-only (GPT-2, Llama-
3.2-1B) models, as detailed in Section 4. In summary, our Context-
CDA method aims to balance debiasing and language modeling
performance by generating augmented sentences that maintain lin-
guistic coherence while reducing bias via fine-tuning. This ensures

that the target model learns from a corpus that is both diverse and
aligned with natural language patterns.

4. EXPERIMENTS
We conduct the following experiments to validate the effective-
ness of our proposed approach: (1) Evaluating the debiasing per-
formance on intrinsic bias and language modeling capabilities, (2)
Evaluating the debiasing performance on extrinsic bias, (3) Evalu-
ating the debiasing performance on various downstream tasks, and
(4) Analyzing next-token distribution to study predicted output to-
ken shifts after debiasing. All experiments are conducted across
five diverse model architectures spanning encoder-only, encoder-
decoder, and decoder-only designs to comprehensively validate Context-
CDA’s robustness and generalizability.

4.1 Experimental Setup
Datasets: To implement gender bias mitigation, we use the news-
commentary dataset [36] as our debiasing corpus following [14]
with the gender words list from [50]. For intrinsic bias, we use
gender samples from two benchmark datasets: (1) StereoSet [23]
tests whether models can complete sentences without reinforcing
harmful stereotypes, while still maintaining language fluency. (2)
CrowS-Pairs [24] tests social biases in LMs by presenting sen-
tence pairs, where one reflects a stereotype and the other does not.
For extrinsic bias, we use datasets (1) BiasBios (Bias in Bios)



Figure 14: RTE score (↑) for BERT and GPT-2 (Downstream task). Figure 15: SST-2 score (↑) for BERT and GPT-2 (Downstream
task).

[4], (2) STS-B (Semantic Textual Similarity Benchmark) [2] and
(3) NLI-Bias (Natural Language Inference-Bias) [4]. For eval-
uating model performances on downstream tasks like sentiment
analysis, entailment, and question-answering, we use the following
datasets from the GLUE (General Language Understanding Evalu-
ation) benchmark [43], (1) SST-2 (Stanford Sentiment Treebank-
2) [34], (2) RTE (Recognizing Textual Entailment) [3], and (3)
QNLI (Question-answering Natural Language Inference) [43] de-
rived from the Stanford Question Answering Dataset (SQuAD).

Base LMs: Our evaluation covers five diverse LMs spanning dif-
ferent architectures. This includes two encoder-only models (BERT
[5] and DistilBERT [30]), one encoder-decoder model (T5 [27]),
and two causal decoder-only models (GPT-2 [26] and Llama-3.2-
1B [13]) for a comprehensive evaluation. We evaluate BERT and
GPT-2 on all intrinsic bias, extrinsic bias, and downstream task per-
formance metrics. DistilBERT, T5, and Llama-3.2-1B are evalu-
ated solely on intrinsic bias metrics. This selection enables us to
validate that Context-CDA is model-agnostic and effective across
encoder-only, encoder-decoder, and decoder-only architectures.

Baselines: We compare the Vanilla model, which is the pre-trained
LM without debiasing, and LMs debiased using traditional CDA
as the baseline for all models including BERT, GPT-2, DistilBERT,
T5 and Llama-3.2-1B. Additionally, we consider several baselines
for BERT and GPT-2, respectively. For BERT, we use the follow-
ing methods as the baseline: (1) MABEL [11], an intermediate
pre-training approach for mitigating gender bias in contextualized
representation; (2) INLP [28], mitigating gender bias in word em-
beddings by removing information from neural representations; (3)
SelfDebias [31], a decoding algorithm that, given only a textual
description of the undesired behavior, reduces the probability of
an LM producing problematic text; and (4) SENT-DEBIAS [18],
which reduces gender bias in sentence-level representations. For
GPT-2, we use the following methods as baselines: (1) SelfDebias
[31], a decoding algorithm that, given only a textual description of
the undesired behavior, reduces the probability of an LM producing
problematic text; (2) SENT-DEBIAS [18], which reduces gender
bias in sentence-level representations, and (3) wiki-debiased [48],
a baseline with GPT-2 as the base LM that uses parameter-efficient
methods to fine-tune GPT-2 using WikiText2 [21].

Metrics: To evaluate debiasing performance, we distinguish be-
tween intrinsic bias and extrinsic bias. Intrinsic bias refers to the
stereotypical associations encoded directly within a language model’s
representations or probabilities, independent of downstream tasks.

It is commonly measured through benchmarks such as StereoSet
and CrowS-Pairs, which assess whether models favor stereotypi-
cal over anti-stereotypical continuations or sentence pairs. Extrin-
sic bias captures disparities that arise when models are applied to
downstream tasks. It reflects whether representational biases affect
task performance, for instance, differences in prediction accuracy
or true positive rates across demographic groups. We measure ex-
trinsic bias using datasets such as BiasBios, STS-B, and NLI-Bias.

For intrinsic bias, we report four standard metrics from the Stere-
oSet [23] and CrowS-Pairs [24] benchmarks: (1) Stereotype Score
(SS) calculates the percentage of examples in which a model prefers
a stereotypical association over an anti-stereotypical association (a
score of 50 indicates no bias and a score above and below 50 in-
dicates preference for stereotypical or anti-stereotypical associa-
tions); (2) Language Modeling Score (LMS) calculates the percent-
age of instances in which an LM prefers meaningful over mean-
ingless association (a higher score indicates better language per-
formance); (3) Idealized CAT Score (ICAT) describes the com-
prehensive performance of the model by combining SS and LMS
into one score (a higher score indicates better performance on de-
biasing while maintaining language fluency); and (4) CrowS-Pairs
Score (CS) calculates the percentage of instances where the model
assigns a higher probability to the stereotypical sentence over the
anti-stereotypical one (a score closer to 50 indicates less bias, while
scores above or below 50 suggest a preference toward biased asso-
ciations).

For extrinsic bias, we report the following three metrics: (1) NLI-
Bias measures the class-wise difference between male and female
samples in the NLI-Bias dataset, with scores closer to 0 indicat-
ing less bias; (2) BiasBios measures the difference in true positive
rate between male and female samples in BiasBios dataset; and (3)
STS-B flips the gendered words in the sentence pairs and then cal-
culates semantic similarity in original and gender-flipped sentence
pairs to measure gender bias. The bias score is calculated as the
difference in prediction accuracy between male and female groups,
with scores closer to 0 indicating less bias. For performance on
downstream tasks, we use accuracy as a metric for datasets (1)
QNLI, (2) RTE, and (3) SST-2.

We set the uncertainty filtering threshold k to 30% as it gives the
best performance based on our debiasing corpus as shown in the
ablation study in Appendix A. For each language model, includ-
ing BERT, GPT-2, DistilBERT, T5, and Llama-3.2-1B, we per-
form debiasing at each epoch to evaluate the intrinsic bias and lan-



BERT GPT-2
Debiasing Technique SS LMS (↑) ICAT (↑) CS SS LMS (↑) ICAT (↑) CS

MABEL 47.28 51.65 48.84 52.29 - - - -
INLP 49.16 50.25 49.41 55.73 - - - -

wiki-debiased - - - - 60.40 91.01 72.08 56.49
SelfDebias 59.34 84.20 68.47 52.29 56.05 87.43 73.18 56.11

SENT-DEBIAS 59.37 84.09 68.33 52.29 60.84 89.07 69.76 56.11
Vanilla 59.95 79.87 63.96 58.01 63.17 77.46 57.04 51.52
CDA 58.55 68.41 56.71 54.96 57.34 69.61 59.39 50.01

Context-CDA 57.75 78.67 66.48 53.43 56.13 75.25 66.01 50.76

Table 1: Intrinsic bias evaluation for BERT and GPT-2 comparing baselines. Underlined values indicate the best performance.

guage modeling performance using the StereoSet and CrowS-Pairs
benchmarks. Since our method fine-tunes models, we compare the
vanilla, CDA, and Context-CDA models at each epoch of debiasing.
For BERT and GPT-2, we additionally fine-tune models at each
epoch to measure extrinsic bias and downstream task performance
across datasets. This ensures a comprehensive assessment of debi-
asing effectiveness across both representation-level and task-level
biases. This multi-faceted evaluation enables us to assess not only
whether bias is reduced but also whether language modeling capa-
bility and downstream task performance are preserved.

4.2 Post Debiasing Performance on Intrinsic
Bias Scores and Language Modeling

4.2.1 Multi-Model Evaluation: Demonstrating Ro-
bustness and Generalizability

To validate the robustness and model-agnostic nature of Context-
CDA, we evaluate intrinsic bias on all five LMs.
Intrinsic Bias. To measure intrinsic bias, we conduct evaluations
using the StereoSet (SS) and CrowS-Pairs (CS) benchmark at ev-
ery debiasing epoch across all model architectures - BERT, Distil-
BERT, GPT-2, Llama-3.2-1B, and T5. We present detailed results
comparing the performance of all models based on the SS score for
CDA in Fig. 2 and Context-CDA in Fig. 3. We also present sim-
ilar detailed results based on the CS score for CDA in Fig. 4 and
Context-CDA in Fig. 5. Here, scores closer to 50 indicate less bias
with a score of 50 indicating no bias. We observe that the vanilla
BERT and DistilBERT generally start with the highest bias scores
before debiasing begins. As debiasing progresses across epochs,
both encoder models show consistent debiasing patterns and the
SS and CS scores gradually approaches 50, indicating a reduction
in bias in the models. We also observe that towards the end of train-
ing epochs, the bias scores stabilize and we conclude that further
fine-tuning is not required. Towards epochs 75-85, Context-CDA
starts outperforming CDA and achieves a stable bias score better
than CDA. This consistency validates Context-CDA for encoder-
only architectures. In GPT-2, CS bias score for Context-CDA and
traditional CDA reaches around 50 (no bias) early on and oscil-
lates about the same mean bias score as fine-tuning progresses. In
Llama-3.2-1B, epochs 0 to 25 show a sustained decline in SS score
reaching a plateau that indicates convergence without overfitting.
The stable plateau throughout training demonstrates that further
fine-tuning does not degrade or improve the debiasing performance.
Both generative language models achieve comparable or superior
results to their non-augmented baselines, supporting our claim that
Context-CDA is effective for generative systems as well. T5, as
an encoder-decoder model, shows particularly strong performance,
achieving a balanced SS score and a significant improvement in CS
score. Thus, compared to traditional CDA, Context-CDA shows

consistent improvement across all intrinsic metrics.

Language Modeling Ability. To measure language modeling per-
formance, we evaluate the Language Modeling Score (LMS) and
Idealized CAT Score (ICAT) scores at every debiasing epoch across
all model architectures - BERT, DistilBERT, GPT-2, Llama-3.2-1B,
and T5. We present detailed results comparing the performance of
all models based on the LMS score for CDA in Fig. 6 and Context-
CDA in Fig. 7. We also present similar detailed results based
on the ICAT score for CDA in Fig. 8 and Context-CDA in Fig.
9. Notably, across all models, Context-CDA consistently improves
both LMS and ICAT scores compared to CDA. Context-CDA con-
sistently outperforms CDA and achieves LMS scores as well as
Vanilla models, while outperforming both Vanilla and CDA base-
lines in ICAT scores. This is a strong indicator of Context-CDA’s
superior language modeling performance compared to CDA, rein-
forcing that Context-CDA achieves better linguistic understanding
and better preserves language modeling capability while reducing
bias. We attribute this improvement to the greater diversity and nat-
uralness of the Context-CDA corpus compared to traditional CDA,
which enables models to retain stronger linguistic representations
after debiasing. Overall, Context-CDA achieves effective bias miti-
gation while simultaneously improving language modeling perfor-
mance.

4.2.2 Convergence Patterns
The per-epoch analysis reveals important training dynamics: (1)
Convergence Timing: Across all five models, debiasing perfor-
mance stabilizes at epochs 75-85, indicating the method reaches
optimal performance earlier in training. (2) Stability Without Over-
fitting: The plateau in bias scores and sustained or improved scores
demonstrate that models do not overfit to the debiasing corpus;
instead, they learn stable, debiased representations. (3) Model-
Agnostic Pattern: The identical convergence behavior across BERT,
DistilBERT, GPT-2, Llama-3.2-1B, and T5 validates that this sta-
bility is not an artifact of a single architecture but a general property
of Context-CDA. (4) Training Efficiency: The early stabilization
suggests that practitioners can reduce training epochs, making the
method computationally efficient. These insights strengthen confi-
dence in the method’s robustness and generalizability.

4.2.3 Comparison with Prior Debiasing Methods

We also compare the bias scores of fine-tuned BERT and GPT-2
against other debiasing baselines in Table 1 for an overall com-
parison. While methods such as SelfDebias and SENT-DEBIAS
achieve higher scores on isolated metrics (e.g., ICAT), they often
rely on inference-time interventions or post-hoc representation ma-
nipulation, which: (1) are model-specific or task-specific, limit-
ing generalizability; (2) do not demonstrate consistent performance



Figure 16: Top-20 male token distributions for GPT2.

Figure 17: Top-20 female token distributions for GPT2.

across both intrinsic and extrinsic metrics; and (3) lack validation
on diverse model architectures. In contrast, our extended evalua-
tion demonstrates that Context-CDA achieves balanced, consistent
performance across five distinct architectures, maintaining stable
debiasing while preserving language modeling capability across
both encoder-only and generative models. Wiki-debiased, in con-
trast, leverages curated Wikipedia data, making it domain-limited,
whereas Context-CDA can be applied to arbitrary corpora. Con-
sequently, Context-CDA is model-agnostic, requires no architec-
ture modifications, and integrates seamlessly into the fine-tuning
pipeline, making it a practical and effective debiasing solution across
model architectures. The consistency of results across five model
types provides strong empirical evidence of robustness, addressing
concerns about limited generalization from single-model evalua-
tion. It strikes a strong balance by offering the best trade-off be-
tween bias mitigation and language modeling performance, outper-
forming standard CDA across all intrinsic bias metrics and achiev-
ing comparable or superior results to other baselines, all without
sacrificing fluency.

4.3 Post Debiasing Performance on Extrinsic
Bias and Downstream Tasks

For evaluating performance on extrinsic bias metrics, we further
fine-tune our models - BERT and GPT-2 on STS-B, NLI-Bias and
BiasBios tasks and then evaluate the extrinsic bias scores on the
fine-tuned models. Here, scores closer to 0 indicate low bias. For
BERT, we find that for STS-B (Fig. 11), Context-CDA performs
better than CDA, whereas for NLI-Bias and BiasBios (Fig. 12 and
Fig. 10 respectively), Context-CDA performs as good as CDA in-
dicating that Context-CDA is robust for even extrinsic bias evalu-
ation metrics. For GPT-2, Context-CDA performs as well as CDA
for BiasBios, STS-B, and NLI-Bias (Figs. 10, 11, and 12 respec-
tively), further validating its effectiveness in reducing extrinsic bias
across model architectures. For evaluating performance on various

downstream language understanding tasks, we further fine-tune our
debiased models on QNLI, RTE, and SST-2 and then evaluate the
fine-tuned models for accuracy. Higher score indicates higher accu-
racy. For QNLI (Fig. 13), Context-CDA performs better than CDA
whereas for RTE and SST-2 (Fig. 14 and Fig. 15), Context-CDA
performs slightly better or as good as CDA, indicating that models
fine-tuned with Context-CDA can perform better than CDA even in
various downstream tasks.

4.4 Next-Token Distribution
To gain deeper insights into the debiasing performance, we com-
pare the vanilla LM, CDA, and Context-CDA by examining next-
token distributions in gender-related contexts. We focus on the
GPT-2 model with the Stereotype Score (SS) closest to 50 after
CDA debiasing, allowing us to investigate how the debiasing pro-
cess affects token distribution and explore its impact on model pre-
dictions. We use sentences from StereoSet that specifically evaluate
gender bias. Each sentence is split into two parts: the portion before
the BLANK, referred to as the context, and the portion after it. The
context is fed into GPT-2, and we compute the logits for the next to-
ken, extracting scores for tokens in a predefined male–female map-
ping set (approximately 200 words) [50]. After applying softmax,
we obtain probabilities for each word and identify the top-20 to-
kens. We then count how many tokens are male-related and how
many are female-related.

Figures 16 and 17 illustrate the frequency of male and female to-
kens, respectively, among the top-20 predictions. For male tokens,
the vanilla LM peaks at 7 male-related tokens, while CDA and
Context-CDA shift the peak to 8. Importantly, Context-CDA yields
a more balanced distribution across contexts, reducing skew toward
male-associated tokens. Similarly, for female tokens, the vanilla
LM peaks at 13 female-related tokens, while CDA and Context-
CDA shift the peak toward 12. Again, Context-CDA produces a
more even distribution, avoiding over-concentration on specific female-



related tokens. Together, these results demonstrate that both CDA
and Context-CDA adjust the token distribution away from the stronger
bias seen in the Vanilla model. However, Context-CDA is more
effective at spreading token probabilities evenly across male and
female categories. This not only mitigates over-reliance on gender-
specific terms but also promotes linguistic diversity, thereby im-
proving robustness in predictions and reflecting a more balanced
language modeling ability.

5. LIMITATIONS
While our method Context-CDA demonstrates improvements over
traditional CDA in mitigating gender bias without compromising
language modeling performance, several limitations remain. First,
using large LMs for generating context-rich augmentations may in-
troduce computational and environmental costs, which may hinder
scalability and accessibility in resource-constrained settings. Sec-
ond, although semantic entropy filtering improves corpus quality
by excluding uncertain examples, it may also remove valuable com-
plex counterfactuals; future work could explore adaptive or multi-
criteria filtering strategies that balance quality, diversity, and train-
ing stability. Third, our study focuses primarily on binary gender
counterfactuals. Extending this framework to non-binary and inter-
sectional identities, as well as other sensitive attributes (e.g., race,
religion, or profession), is an important next step. Fourth, because
large LMs and target smaller models may differ in distributional
characteristics, alignment mechanisms such as domain-adaptive fil-
tering, grounding mechanisms such as fact-checking modules, and
human-in-the-loop validation could further enhance contextual re-
liability. Finally, expanding this framework to include domain-
specific bias detection or multilingual or multimodal extensions
would enhance robustness and fairness across broader applications.

6. CONCLUSION
This work presents an effective gender debiasing method that main-
tains competitive performance in downstream tasks while reducing
bias in LMs. Building on classic CDA, which effectively miti-
gates bias but often weakens language modeling capabilities, our
proposed method, Context-CDA, enhances the debiasing corpus by
leveraging large LMs to generate enriched context. This augmenta-
tion minimizes the discrepancy between the debiasing corpus and
the original pre-training data, ensuring better alignment and also
preserving linguistic fluency. Furthermore, we incorporate seman-
tic entropy filtering to remove uncertain content, improving the
overall quality of the generated corpus. Comprehensive evaluation
across five diverse model architectures demonstrates that Context-
CDA is truly model-agnostic, achieving robust and consistent de-
biasing performance across both discriminative and generative sys-
tems. Our method not only mitigates bias effectively but also en-
hances language modeling performance. As LMs continue to evolve,
integrating more sophisticated debiasing techniques will be crucial
for building more equitable and more robust AI systems.
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APPENDIX
A. ABLATION STUDY ON UNCERTAINTY

THRESHOLD
To validate the robustness of our proposed Context-CDA approach,
we conduct an ablation study analyzing the effect of varying the se-
mantic entropy filtering threshold on debiasing and language mod-
eling performance. In our main experiments, we used a default
threshold of 30%, removing the top 30% of counterfactuals with
the highest semantic entropy. This study evaluates how different
thresholds (20% and 40%) influence the effectiveness of the model.

Impact on debiasing performance: Figures 18–21 illustrate the
effect of semantic entropy thresholds on intrinsic bias metrics such
as Stereotype Score (SS) and CrowS-Pairs Score (CS) for both
BERT and GPT-2. At a 20% threshold (i.e., more lenient filter-
ing), the model retains more counterfactuals, including those with
moderate uncertainty. This sometimes leads to insufficient bias re-
moval, particularly visible in the slightly higher CS values in Fig.
19. Conversely, at a 40% threshold (i.e., more aggressive filter-
ing), while bias mitigation improves initially due to the exclusion
of noisier samples, over-filtering may reduce the diversity of the
counterfactual corpus, potentially limiting the coverage of gender-
related variations and reducing generalization. Overall, the 30%
threshold achieves the best balance: it significantly reduces gender
bias and outperforms CDA while avoiding the potential drawbacks
of both under- and over-filtering as observed in Fig. 19, 20 and 21.



Figure 18: BERT SS Score for SE thresholds 20, 30 and 40. Figure 19: BERT CS Score for SE thresholds 20, 30 and 40.

Figure 20: GPT-2 SS Score SE thresholds 20, 30 and 40. Figure 21: GPT-2 CS Score for SE thresholds 20, 30 and 40.

Figure 22: BERT LMS Score for SE thresholds 20, 30 and 40. Figure 23: BERT ICAT Score for SE thresholds 20, 30 and 40.

Figure 24: GPT-2 LMS Score for SE thresholds 20, 30 and 40. Figure 25: GPT-2 ICAT Score for SE thresholds 20, 30 and 40.

Hence, we choose 30% as the optimal setting for entropy-based fil-
tering in the main experiments. However, the higher SS scores in
Fig. 18 indicate the need for a more fine-tuned evaluation of this
threshold to arrive at a balanced and optimal value.

Impact on Language Modeling Performance: Figures 22–25 re-
port the Language Modeling Score (LMS) and ICAT score under
different entropy thresholds-20, 30 and 40. For both BERT and
GPT-2, a 20% threshold tends to retain too many noisy samples,
leading to slightly reduced fluency and coherence, as seen in lower
LMS scores in Fig. 22. On the other hand, a 40% threshold, while
helping eliminate uncertain samples, may discard too many useful
and contextually rich augmentations. In contrast, the 30% thresh-
old yields higher LMS and ICAT scores, indicating better preserva-
tion of language fluency and semantic understanding. These results
reinforce that filtering at this level helps strike an optimal trade-off
between reducing uncertainty and retaining the linguistic richness

of the training corpus. However, these thresholds can be further
refined to reach a more balanced threshold.
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ABSTRACT
Large language models (LLMs) are trained on massive corpora that
may contain sensitive information, creating privacy risks under mem-
bership inference attacks (MIAs). Knowledge distillation is widely
used to compress LLMs into smaller student models, but its privacy
implications are poorly understood. We systematically evaluate
how distillation affects MIA vulnerability across six teacher-student
model pairs and six attack methods. We find that distilled student
models do not consistently exhibit lower MIA success than their
teacher models, and in some cases demonstrate substantially higher
member-specific attack success, challenging the assumption that
knowledge distillation inherently improves privacy. We attribute
this to mixed supervision in distillation: for vulnerable training data
points, teacher predictions often align with ground-truth labels, caus-
ing student models to learn overly confident predictions that amplify
the separability between members and non-members; conversely,
for non-vulnerable points, teacher predictions and ground truth fre-
quently diverge, providing inconsistent learning signals. To mitigate
this, we propose three practical interventions – restricting distillation
to non-vulnerable points, adding a low-dimensional Bottleneck Pro-
jection, and a normalization variant (NoNorm). Experiments show
these methods reduce both aggregate and member-specific MIA
success while preserving model utility, improving privacy-utility
trade-offs for distilled LLMs.1

1. INTRODUCTION
Large Language Models (LLMs) have achieved remarkable success
due to the scale and diversity of their pretraining data [23, 46]. More-
over, as AI models become increasingly prevalent, privacy concerns
have gained significant attention, with researchers investigating vul-
nerabilities and defenses across model architectures [7, 4, 10]. For
LLMs, massive pretraining data introduces serious risks of training
data exposure and privacy breaches [43, 41]. More specifically,
the massive and heterogeneous nature of these datasets makes it
infeasible to fully remove sensitive content, including copyrighted
materials [24, 11] and personally identifiable information [26, 37].
Consequently, LLMs may memorize privacy-sensitive data, enabling

∗This research is supported in part by the NSF Project MSPA-
2434666. All opinions, findings, conclusions, and recommendations
in this article are those of the authors and do not necessarily reflect
the views of the funding agencies.
1Our implementation and evaluation code are available at https:
//github.com/richardcui18/mia-in-kd.
†Both authors contributed equally to this research.

attackers to infer training membership through Membership Infer-
ence Attacks (MIAs) [31].
Prior work has extensively studied the detection of pretraining data
in LLMs using MIAs [43, 45, 7, 4]. However, these studies largely
analyze models in isolation. In parallel, model compression tech-
niques such as knowledge distillation have been widely adopted to
reduce the size and computational cost of modern LLMs, includ-
ing Llama, Gemma, and BERT [28, 20, 21, 34, 39, 35]. Because
distilled student models have fewer parameters and lower capac-
ity, it is commonly assumed that distillation reduces memorization
and improves privacy. This assumption, however, has not been sys-
tematically evaluated across diverse teacher-student pairs and MIA
methods, leaving the privacy effects of distillation insufficiently
understood.
To address this gap, as the first contribution in this paper, we eval-
uate six teacher-student model pairs across multiple architectures
using six representative MIAs. We report three key findings. First,
distilled student models do not consistently exhibit lower aggregate
MIA accuracy than their teacher models. Second, student mod-
els can exhibit higher member-specific attack accuracy even when
their overall accuracy is lower, which represents a greater practical
privacy risk [4]. Third, we provide an explanation: the mixed super-
vision in distillation – combining ground-truth labels and teacher
predictions – can reinforce memorization on vulnerable training data
points due to the alignment between teacher predictions and ground-
truth, leading the student model to produce overly confident outputs
that amplify the separability between members and non-members;
on the other hand, for non-vulnerable data points, teacher predic-
tions diverge from ground-truth, making the supervision inconsistent
and failing to provide clear privacy benefits.
Motivated by this insight, as the second contribution, we propose and
evaluate three targeted interventions to reduce membership leakage
in distilled models. First, we introduce a data-selection strategy that
restricts distillation to non-vulnerable training data points, which
reduces exposure to memorized points but may increase student per-
plexity due to reduced training data. To mitigate this utility loss, we
propose two lightweight architectural modifications. The first is a
low-dimensional Bottleneck Projection that limits representational
capacity and discourages memorization. The second replaces layer
normalization with NoNorm, a parameterized element-wise linear
transformation. Across experiments, these interventions consistently
reduce MIA success, and the architectural modifications in particu-
lar lower attack success without degrading model utility, yielding
improved privacy-utility trade-offs compared to naı̈ve distillation.

Outline.
Section 2 formalizes membership inference and introduces the eval-
uation metrics and protocol. Section 3 reviews related work on
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membership inference, knowledge distillation, and privacy-aware
model compression. Section 4 presents a systematic empirical anal-
ysis of membership inference vulnerability in teacher and student
models and introduces diagnostics for privacy leakage in student
models. Section 5 describes the proposed privacy-preserving distilla-
tion methods. Section 6 reports experimental results, privacy-utility
trade-offs, and additional analyses. Finally, Section 7 discusses
limitations and directions for future work; supplementary material
and extended ablations are provided in the Appendix.

2. PROBLEM DEFINITION AND EVALUA-
TION METRICS

2.1 Membership Inference Attacks
Consider a LLM N and a dataset D used to train N . A MIA
method [45] M takes a target data point d as input and aims to
determine whether d ∈ D. Denote by M(N , d) the attacker’s
prediction, where M(N , d) = 1 if M predicts d ∈ N and 0 oth-
erwise. In practice, M may compute a confidence score M ′(N , d)
and use a threshold τ to predict the membership of d, that is,
Mτ (N , d) = 1[M ′(N , d) > τ ], where 1 is the indicator func-
tion.

2.2 Knowledge Distillation
In knowledge distillation, a teacher model T is used as a guiding
framework to transfer knowledge to a student model S, where the
student model S is learned to mimic the performance of the teacher
T [31, 44].
Let DT and DS denote the training datasets of the teacher model
T and student model S, respectively. We use the standard mixed-
supervision distillation objective [17], in which the student model is
trained to minimize a weighted sum of the supervised loss on ground-
truth labels and a distillation loss that encourages the student model
to match the teacher model’s predictive distribution. Specifically,
for training data points (x, y) ∼ DS , the objective is

Ldistill =E(x,y)∼DS

[
LCE

(
y, pS(· | x)

)
+ λKL

(
pT (· | x) ∥ pS(· | x)

)]
where pT (· | x) and pS(· | x) are the predictive distributions of the
teacher and student models for training data (prefix) x, LCE denotes
cross-entropy loss, KL(·∥·) is the Kullback-Leibler divergence, and
λ ≥ 0 controls the trade-off between the two terms.

2.3 Problem Definition
Consider a model T trained on dataset DT . Let D ⊆ DT be a set
of member data points and let D′ be a non-member set such that
D′ ∩ DT = ∅. Given a MIA method Mτ with threshold τ , we
define the MIA true positive rate as

TPR(T ) =
1

|D|
∑
x∈D

1[Mτ (T , x) = 1],

and the MIA true negative rate as

TNR(T ) =
1

|D′|
∑

x′∈D′

1[Mτ (T , x′) = 0].

We define the MIA accuracy on model T as the average of these
two quantities:

A(T ) =
1

2

[
TPR(T ) + TNR(T )

]
. (1)

The central question studied in this paper is whether distilled student
models S are more vulnerable to MIAs than their teacher models
T . We assess vulnerability using both aggregate MIA accuracy,
A(T ) versus A(S), and member-specific MIA accuracy, TPR(T )
versus TPR(S), and investigate how distillation can be modified
to improve student robustness to membership inference.

3. RELATED WORK

3.1 MIA Methods
MIAs, introduced by Shokri et al. [31], aim to determine whether
a data point was used to train a model. While MIAs have been
studied in settings such as diffusion models [5] and multi-layer per-
ceptrons [42], applying MIAs to LLMs presents distinct challenges.
LLM training data are typically not public [40, 1, 16], complicat-
ing evaluation due to missing ground-truth membership labels, and
modern LLMs are often trained for a single epoch over massive
corpora, reducing classical memorization signals [6, 30]. Despite
these challenges, several MIA methods have been developed for
LLMs, including loss-based attacks [45], zlib-normalized loss [7],
reference-model attacks using likelihood ratio tests [4], and ReCaLL,
which leverages relative conditional log-likelihoods [43].
However, existing studies primarily analyze MIAs on individual
models in isolation and do not consider how vulnerability changes
across related models, such as teacher-student pairs produced by
knowledge distillation. In particular, prior MIA methods [45, 7]
were not designed to assess privacy trade-offs introduced by distil-
lation. Our work addresses this gap by systematically evaluating
MIA behavior across distilled teacher-student model pairs and using
these insights to develop privacy-preserving distillation methods.

3.2 Knowledge Distillation
Knowledge distillation [17, 3] is a model compression technique in
which a smaller student model is trained to mimic a larger teacher
model using a combination of supervised loss and a distillation
loss that aligns predictions by student and teacher models [14, 44].
Distillation has been widely applied to LLMs, including Distil-
BERT [28] and subsequent methods that focus on matching output
distributions [32, 22, 47]. Other approaches exploit intermediate
representations as training signals, enabling the student model to
imitate the teacher model’s hidden states through layer-wise distilla-
tion [27, 33, 20].
Prior work on knowledge distillation has largely emphasized ef-
ficiency and performance, with limited attention to privacy. In
contrast, our work studies knowledge distillation through the lens
of MIAs, analyzing how the distillation process alters privacy risk
across teacher-student model pairs. Rather than treating distillation
as inherently privacy-preserving, we leverage the teacher model’s
MIA vulnerability as a signal to understand and mitigate privacy
leakage in the student model. As distillation becomes a standard
component of LLM deployment, incorporating privacy-aware objec-
tives is essential for responsible model compression.

3.3 Privacy in Knowledge Distillation
A growing body of work has studied the privacy implications of
knowledge transfer mechanisms such as knowledge distillation. Sev-
eral approaches propose distillation-based defenses against mem-
bership leakage, including ensemble and self-distillation schemes
and cross-distillation protocols [36, 9, 29, 48]. These methods, how-
ever, focus on specific engineered variants rather than the canonical
mixed-supervision distillation pipeline commonly used in practice.



Model Min-K% (k) Min-K%++ (k) ReCaLL Prefix

Pythia 0.10 0.50 7
DistilPythia 0.50 0.30 7
Gemma 2 27B 0.15 0.25 5
Gemma 2 9B 0.20 0.90 30
Gemma 2 2B 0.20 0.10 28
Gemma 2 2B Distilled 0.40 0.20 28
Llama 3.1 8B 0.70 0.10 20
Llama 3.2 1B 0.90 0.10 22
Llama 3.2 3B 0.90 0.10 22

Table 1: Optimal hyperparameters selected via cross-validation for Min-K%, Min-K%++, and ReCaLL across all evaluated target models.

Teacher Model Student Model ReCall Loss Zlib Mink Mink++ Ref Model

Pythia DistilPythia 0.555 / 0.565 0.442 / 0.444 0.613 / 0.635 0.316 / 0.414 0.501 / 0.501 0.648 / 0.579

Gemma 2 27B
Gemma 2 2B 0.667 / 0.667 0.494 / 0.525 0.556 / 0.481 0.543 / 0.556 0.537 / 0.451 0.494 / 0.420
Gemma 2 2B Distilled 0.667 / 0.494 0.494 / 0.537 0.556 / 0.556 0.543 / 0.580 0.537 / 0.432 0.494 / 0.426
Gemma 2 9B 0.667 / 0.704 0.494 / 0.475 0.556 / 0.531 0.543 / 0.543 0.537 / 0.481 0.494 / 0.426

Llama 3.1 8B Llama 3.2 1B 0.702 / 0.682 0.303 / 0.311 0.552 / 0.532 0.300 / 0.309 0.311 / 0.335 0.441 / 0.349
Llama 3.2 3B 0.702 / 0.806 0.303 / 0.314 0.552 / 0.538 0.300 / 0.311 0.311 / 0.205 0.441 / 0.381

Table 2: Comparison of aggregate MIA accuracy for teacher-student model pairs. Each cell reports teacher / student MIA accuracy, with bold
indicating the lower (more privacy-preserving) value for each pair and attack method.

In contrast, our work systematically evaluates this standard pipeline
across diverse LLM families and identifies conditions under which
distillation amplifies membership leakage.
Related empirical studies have also questioned the privacy benefits
of distillation. For example, Jagielski et al. [19] show that stu-
dent models may replicate teacher model behaviors under certain
conditions, yielding limited privacy gains. Their setting, however,
considers distillation solely from teacher model outputs, without
access to ground-truth labels, whereas our study analyzes the more
prevalent mixed-supervision objective [17] that combines teacher
model predictions and labeled data. Earlier work by Jagannatha et
al. [18] reports lower privacy leakage in DistilBERT compared to
BERT, but is limited to a single model pair and a narrow clinical
dataset. Our work expands beyond these settings by examining mul-
tiple teacher-student model pairs and datasets, providing a broader
understanding of how distillation affects privacy and how it can be
modified to improve robustness against membership inference.

4. MIA IN DISTILLED LLMS
We present a systematic empirical analysis of membership inference
vulnerability under knowledge distillation, evaluating six teacher-
student pairs across multiple architectures using six representative
attacks and the metrics defined in Section 2.3.

4.1 Experimental Setup

4.1.1 Models and Datasets
We evaluate three model families with known training data and
publicly available distilled variants. Pythia [2] is trained on the
ArXiv subset of the Pile [13], with DistilPythia [15] as the student
model. Gemma 2 27B [38] is trained on the WikiMIA dataset [30],
with Gemma 2 9B, Gemma 2 2B, and Gemma 2 2B distilled [38, 35]
as student models. Llama 3.1 8B [12] is trained on the ArXiv subset
of the Pile [13], with Llama 3.2 3B and Llama 3.2 1B [12] as student

models.
For non-member evaluation, we use the built-in non-member split of
WikiMIA for Gemma models [30]. For all other models, we use the
WebInstructSub-prometheus dataset [8], released in May 2024, after
the model release dates, ensuring it was not used during training – a
method widely adopted by existing works [25, 43, 41].

4.1.2 MIA Methods
We evaluate membership inference using six representative attacks.
ReCaLL [43] measures changes in conditional log-likelihood when
prefixing inputs with non-member context. Loss [45] uses the per-
example loss as a membership score, while Zlib [7] normalizes
this loss by zlib compression entropy. The Reference-model attack
extends the loss-based approach by training shadow models with
and without the target data point and performing a likelihood-ratio
test. Min-K% [30] computes membership scores from the average
log-likelihood of the lowest-probability k% tokens, and Min-K%++
further calibrates these scores using the mean and standard deviation
over the vocabulary.
We leverage cross-validation to select hyperparameters for these
attacks: for each dataset and target model, we tune attack-specific
hyperparameters – such as the prefix length for ReCaLL and the
value of k for Min-K% and Min-K%++ – to maximize average attack
performance. We report the optimal hyperparameters in Table 1.
As described in Section 2, each method outputs a confidence score
per data point, which is converted to a binary prediction using a
threshold selected via ROC analysis to maximize MIA accuracy
while ensuring balanced predicted classes. All experiments are
conducted on NVIDIA A5000/A6000 GPUs.

4.2 Aggregate MIA Accuracy
Table 2 reports aggregate MIA accuracy for teacher-student model
pairs. Across six model pairs and six attack methods, student models
frequently achieve MIA accuracy comparable to, and in several cases
exceeding, that of their teachers. Specifically, the teacher model



Teacher Model Student Model ReCall Loss Zlib Mink Mink++ Ref Model

Pythia DistilPythia 0.658 / 0.673 0.631 / 0.630 0.234 / 0.290 0.444 / 0.683 0.993 / 0.993 0.620 / 0.636

Gemma 2 27B
Gemma 2 2B 0.615 / 0.670 0.606 / 0.661 0.156 / 0.037 0.761 / 0.495 0.688 / 0.404 0.780 / 0.376
Gemma 2 2B Distilled 0.615 / 0.532 0.606 / 0.716 0.156 / 0.101 0.761 / 0.376 0.688 / 0.771 0.780 / 0.358
Gemma 2 9B 0.615 / 0.459 0.606 / 0.505 0.156 / 0.165 0.761 / 0.633 0.688 / 0.450 0.780 / 0.339

Llama 3.1 8B Llama 3.2 1B 0.968 / 0.937 0.451 / 0.513 0.497 / 0.567 0.447 / 0.508 0.486 / 0.604 0.563 / 0.563
Llama 3.2 3B 0.968 / 0.974 0.451 / 0.510 0.497 / 0.515 0.447 / 0.502 0.486 / 0.320 0.563 / 0.563

Table 3: Comparison of member-specific MIA accuracy for teacher-student model pairs. Each cell reports teacher / student member-specific
MIA accuracy, with bold indicating the lower (more privacy-preserving) value for each pair and attack method.

Figure 1: Teacher & ground-truth alignment stratified by membership inference vulnerability. Left: Average probability assigned by the
teacher model to the ground-truth next token. Right: KL divergence between the teacher model’s predictive distribution and the ground-truth
distribution.

exhibits lower accuracy in 15 cases, the student model in 17 cases,
and both models tie in 4 cases.
We further test whether teacher models consistently exhibit higher
MIA accuracy than their distilled student models using a one-sided
sign test, with the null hypothesis H0 : P (A(T ) > A(S)) ≤ 0.5
and alternative hypothesis H1 : P (A(T ) > A(S)) > 0.5, where
A(T ) and A(S) denote the teacher and student MIA accuracies,
respectively. Across all comparisons, the teacher model exhibits
higher MIA accuracy in 17 cases, yielding a p-value of 0.43. We
therefore fail to reject H0, indicating that knowledge distillation
does not consistently reduce membership inference risk. This result
challenges the common assumption that model compression alone
improves privacy.

4.3 Member-Specific MIA Accuracy
Since member-specific privacy risks are more practically significant
than aggregate metrics [4], we explore the member-specific MIA
accuracy for teacher-student model pairs.
As illustrated in Table 3, the teacher model exhibits lower accu-
racy in 18 cases, the student model in 16 cases, and both models
tie in 2 cases. For Pythia and Llama families, the student model
member-specific MIA accuracy increases by 9.81% and 2.29%,
respectively, compared to the teacher model. Notably, under the
reference-model attack for the Pythia family, the student model
achieves lower aggregate accuracy than the teacher model (0.579 vs.
0.648; Table 2) while exhibiting higher member-specific accuracy
(0.636 vs. 0.620; Table 3). This demonstrates that aggregate MIA
accuracy can obscure increased member-specific vulnerability and
that lower overall attack success does not necessarily imply stronger
privacy protection.
We also conduct the one-sided sign test with a similar setting as
Section 4.2. Across all comparisons, the teacher model exhibits

higher MIA accuracy in 16 cases, giving a p-value of 0.432. We
again fail to reject H0, indicating that knowledge distillation also
does not consistently reduce member-specific risk.

4.4 Why May Student Models Exhibit Greater
Privacy Leakage?

Teacher and student models differ fundamentally in their training
signals. Teacher models are trained solely with ground-truth su-
pervision, whereas student models optimize a mixed objective that
combines the ground-truth loss with a distillation loss, typically the
KL divergence between teacher model and student model predic-
tions. Consequently, student models learn from two supervision
signals: ground-truth labels and the teacher model’s soft predictions.
These signals are not equally aligned across training data points. For
training data points that are already vulnerable to MIAs (i.e., MIA
on this point is successful) on the teacher model, the teacher model
assigns high probability to the ground-truth token and exhibits low
divergence from the ground-truth distribution. In this case, distilla-
tion reinforces supervised learning, allowing the student model to
fit these data points especially well. In contrast, for less vulnerable
training data points (i.e., MIA is unsuccessful), teacher model pre-
dictions are less confident and deviate more from the ground-truth,
introducing noise into the distillation signal and failing to provide
clear privacy benefits.
We quantify this effect using two metrics: the teacher model’s proba-
bility assigned to the ground-truth next token and the KL divergence
between the teacher model’s predictive distribution and the ground-
truth distribution. As shown in Figure 1, attack-vulnerable training
data points exhibit higher next-token probabilities and lower KL
divergence, indicating strong alignment between supervision sig-
nals, whereas less vulnerable data points show the opposite trend.
This asymmetry leads student models to preferentially learn and



Model ReCaLL Loss Zlib Min-K Min-K++ Ref

Evaluated on Vulnerable (Dv)

Non-Vulnerable 0.250 0.205 0.114 0.364 0.318 0.114
Full 1.000 1.000 0.977 0.818 0.864 1.000

Evaluated on Non-vulnerable (Dnv)

Non-Vulnerable 1.000 0.976 0.976 0.952 0.929 1.000
Full 1.000 0.952 0.452 0.833 0.905 1.000

Evaluated on Member (D)

Non-Vulnerable 0.593 0.556 0.432 0.630 0.593 0.519
Full 1.000 0.975 0.556 0.827 0.889 1.000

Evaluated on Non-member (D′)

Non-Vulnerable 0.963 0.988 0.988 0.877 0.914 1.000
Full 0.963 0.975 1.000 0.914 0.877 1.000

Table 4: MIA accuracies for DistilPythia student models trained using only non-vulnerable data points vs. trained on the full dataset. Bold
entries indicate lower MIA accuracy (stronger privacy).

overfit already vulnerable points, amplifying the confidence gap be-
tween members and non-members and strengthening MIA decision
boundaries.

5. PRIVACY-PRESERVING DISTILLATION
METHODS

In this section, we develop methods for reducing membership in-
ference risk in distilled models. We first consider a simple data-
selection method that restricts distillation to non-vulnerable training
data points. Although this approach directly reduces exposure to
memorized data points, it also weakens the training signal and can
degrade model utility. Motivated by this trade-off, we introduce
two lightweight architectural modifications – bottleneck projection
and NoNorm – that can be applied during distillation to reduce
memorization while largely preserving utility.

5.1 Distillation on Non-Vulnerable Data
We consider a simple data-selection strategy that uses privacy sig-
nals from the teacher model to limit student model exposure to
memorized content. We apply a MIA to the teacher model T on
its training dataset D and partition D into two disjoint subsets: a
vulnerable set Dv = {x ∈ D | M(T , x) = 1}, containing data
points identified as members by the attack, and a non-vulnerable set
Dnv = {x ∈ D | M(T , x) = 0}. By construction, Dv∪Dnv = D
and Dv ∩ Dnv = ∅.
This partition captures privacy-relevant structure in the teacher
model: data points in Dv exhibit behaviors that are easily distin-
guishable from non-members, whereas those in Dnv do not. Ac-
cordingly, a natural approach is to restrict distillation to Dnv , which
directly reduces exposure to highly memorized data points and limits
the transfer of membership signals from teacher to student.

5.1.1 Empirical Evidence of Effectiveness
We evaluate the non-vulnerable-only distillation strategy using Dis-
tilPythia derived from a Pythia teacher. Table 4 reports MIA accu-
racies for six attacks (ReCaLL, Loss, Zlib, Min-K%, Min-K%++,
and Reference-model), stratified by four subsets: Vulnerable (Dv),
Non-vulnerable (Dnv), Member (D), and Non-member (D′). We
compare two student model variants: distillation using only Dnv

(“Non-Vulnerable”) and distillation using the full dataset D (“Full”).

Model Vulnerable Non-vulnerable Members

Non-Vulnerable 972.96 188.06 436.01
Full 94.45 149.54 118.21

Table 5: Perplexity of student models evaluated on the Vulnerable,
Non-vulnerable, and Member subsets. Bold entries indicate lower
perplexity (better model utility).

Restricting distillation to non-vulnerable data points substantially
reduces attack success on both vulnerable and member subsets.
Averaged across attacks, the non-vulnerable-only student reduces
MIA accuracy by 75.02% on Dv and 35.20% on D, while achieving
comparable accuracy on non-member data. These results confirm
the privacy benefit of excluding highly memorized training data
points during distillation.
However, this approach incurs clear utility costs. Table 5 reports per-
plexity on vulnerable, non-vulnerable, and member subsets, show-
ing that the non-vulnerable-only student model consistently exhibits
higher perplexity, reflecting degraded language-model quality due
to reduced training data.
Overall, while simple and effective at reducing membership leakage,
non-vulnerable-only distillation substantially weakens the training
signal by reducing the effective training dataset size. With this, it
demonstrates that privacy leakage can be mitigated through data
selection, while also highlighting the need for complementary meth-
ods that reduce leakage without incurring significant utility loss.
This motivates the architectural interventions introduced next.

5.2 Bottleneck Projection
Motivated by evidence that larger models are more prone to mem-
orization and MIAs [7], we introduce a simple architectural mod-
ification that limits representational capacity: a low-dimensional
Bottleneck Projection in the feed-forward network. Instead of the
standard single projection from hidden dimension H to intermediate
size I (typically I ≈ 4H), we first project hidden states into a com-
pact bottleneck space of dimension B ≪ H , followed by expansion
to I . This two-step projection has parameter cost O(HB + BI),
compared to O(HI) for the standard design, yielding substantial
parameter and computational savings when B ≪ I .



Beyond efficiency, the Bottleneck Projection constrains interme-
diate representations, limiting the model’s ability to encode fine-
grained, training data-specific signals. This restriction reduces mem-
orization and weakens features exploited by MIAs. The Bottleneck
Projection method is a lightweight modification that integrates
seamlessly into existing transformer blocks and can be applied only
to student models, preserving the capacity of the teacher.

5.3 NoNorm
Motivated by Sun et al. [34], who showed that replacing layer nor-
malization can simplify model architecture and reduce inference
latency2, we introduce NoNorm as a privacy-preserving technique
for knowledge distillation in LLMs. More specifically, the mean
and variance computations in layer normalization may inadvertently
encode information about the training data, posing a potential pri-
vacy risk. To address this concern, we replace layer normalization
with a simpler element-wise affine transformation:

NoNorm(h) = γ ◦ h+ β,

where γ,β ∈ Rn, n is the number of channels, h denotes the
hidden state, and ◦ is the Hadamard product.
This modification has two key advantages. First, NoNorm avoids
computing training data statistics, eliminating a potential channel
through which training data information could be memorized and
exploited by MIAs. Second, the transformation in NoNorm im-
proves inference efficiency, yielding a simpler model that is less
prone to memorization and thus potentially more robust to MIAs.

6. EXPERIMENTAL EVALUATION OF
PRIVACY-PRESERVING DISTILLATION
METHODS

We evaluate the effectiveness of the proposed architectural inter-
ventions – Bottleneck Projection and NoNorm – in reducing MIA
vulnerability in distilled models.

6.1 Setup and Baselines
All experiments use DistilPythia student models trained for 30
epochs.3 We compare four student model variants derived from
the same teacher: (i) None, a model trained with standard distilla-
tion with no privacy protection; (ii) Bottleneck Projection, which
incorporates a low-dimensional Bottleneck Projection in the feed-
forward layers; (iii) NoNorm, which replaces layer normalization
with an element-wise affine transformation; and (iv) All, which
combines Bottleneck Projection and NoNorm. Each variant is
evaluated using six representative MIAs, with results reported sepa-
rately for member and non-member data.

6.1.1 Hyperparameter Selection: Bottleneck Projec-
tion Dimensionality

To identify the optimal value for the bottleneck projection dimen-
sionality B, we first fix all other training hyperparameters and
train DistilPythia student variants for 30 epochs while varying
B ∈ {48, 96, 192, 384, 768}. We report MIA accuracies for six rep-
resentative attacks (ReCaLL, Loss, Zlib, Min-K%, Min-K%++, and
Reference-model) and perplexity measured on the member subset.
2Although NoNorm has been proposed primarily to reduce model
latency, it has not been studied as a defense mechanism against
MIAs for privacy preservation in the LLM knowledge distillation
scenario.
3We focus on the Pythia family due to computational constraints.

B ReCaLL Loss Zlib Min-K Min-K++ Ref

Evaluated on Member (D)

48 0.877 0.963 0.654 0.864 0.877 0.988
96 0.864 0.914 0.654 0.938 0.864 0.938
192 0.926 0.975 0.679 0.889 0.914 0.988
384 0.802 0.951 0.667 0.926 0.901 0.975
768 0.926 0.975 0.704 0.889 0.938 1.000

Evaluated on Non-member (D′)

48 0.889 0.951 1.000 0.951 0.938 0.988
96 0.852 0.975 1.000 0.852 0.938 1.000
192 0.926 0.951 1.000 0.951 0.914 0.988
384 0.926 0.975 1.000 0.951 0.926 1.000
768 0.938 0.963 1.000 0.963 0.951 0.988

Table 6: MIA accuracies under different Bottleneck Projection
dimension B. Within each column, bold indicates the lowest accu-
racy (best for privacy) and underline indicates the highest accuracy
(worst for privacy) across different B values.

The privacy attack results are shown in Table 6. For the member
side, smaller bottleneck projection dimensions often reduce MIA
accuracy. In particular, B = 768 attains the highest MIA accuracy
across 5 of the 6 MIA methods, and there is a general decreasing
trend in MIA accuracy as B decreases. For the non-member case,
we also observe that B = 768 achieves the highest MIA accuracy
across 4 of the 6 MIA methods, and a similar decreasing trend as
before. Therefore, we conclude that a bottleneck indeed has the
ability to limit memorization and thus vulnerability to MIA.

B Perplexity (Member)

48 200.17
96 218.67
192 161.56
384 138.44
768 134.99

Table 7: Perplexity on member subset for different Bottleneck
Projection dimensions B. Underlined values indicate highest per-
plexity (worst utility); bold values indicate lowest perplexity (best
utility).

The perplexity results are shown in Table 7. Perplexity on members
generally improves as B increases; the largest B tested (B = 768)
attains the lowest perplexity (best utility, 134.99), whereas B =
96 produced the worst perplexity (218.67). Intermediate values
(B = 192 and B = 384) provide a compromise between privacy
and utility. Thus, we use B = 384 for the Bottleneck Projection
and All models in the following experiments, given its favorable
privacy-utility trade-off.

6.2 MIA Accuracies
Table 8 reports MIA accuracy for all student model variants. On
member data, the model with no privacy protection (None) ex-
hibits the highest attack success across all methods. Introducing
Bottleneck Projection, NoNorm, and their combination (All) re-
duces aggregate member-side attack accuracy by 9.45%, 4.71%, and
4.49%, respectively, indicating that both interventions effectively
suppress memorization signals exploited by MIAs.
On non-member data, attack accuracies remain broadly comparable



Model ReCaLL Loss Zlib Min-K Min-K++ Ref

Evaluated on Member (D)

None 1.000 1.000 0.802 1.000 0.951 1.000
Bottleneck Projection 0.802 0.951 0.667 0.926 0.901 0.975
NoNorm 0.988 1.000 0.728 0.926 0.852 1.000
All 1.000 1.000 0.667 0.938 0.914 1.000

Evaluated on Non-member (D′)

None 0.963 0.988 1.000 0.926 0.963 1.000
Bottleneck Projection 0.926 0.975 1.000 0.951 0.926 1.000
NoNorm 1.000 0.988 1.000 0.988 0.988 1.000
All 1.000 0.988 1.000 0.963 0.914 1.000

Table 8: MIA accuracies for DistilPythia student models under proposed architectural improvements. Bolded entries denote the lower MIA
accuracy (better privacy).

Model Perplexity (Member)

None 68.96
Bottleneck Projection 138.44
NoNorm 52.99
All 51.68

Table 9: Perplexity on held-out training data points for DistilPythia
student models under proposed architectural improvements. Bolded
entries denote lower perplexity (better language-model utility).

across variants. Relative to the model with no privacy protection,
Bottleneck Projection slightly reduces non-member accuracy by
1.05%, while NoNorm and the combined model (All) increase it by
2.19% and 0.46%, respectively. These changes are small compared
to the gains on member data. Since member identification constitutes
the primary privacy risk in membership inference [4], improvements
on the member subset are of primary importance.
Overall, the results show that the proposed architectural interven-
tions substantially reduce member-specific vulnerability – the dom-
inant privacy failure mode – while largely preserving privacy on
non-member data.

6.3 Model Utility
We evaluate model utility using perplexity on the member subset, as
shown in Table 9. Bottleneck Projection exhibits higher perplexity,
reflecting the expected cost of reduced representational capacity.
In contrast, NoNorm improves perplexity relative to the model
with no privacy protection (None), and the combined model (All)
achieves the lowest perplexity among all variants, demonstrating
that NoNorm effectively mitigates the utility loss introduced by
Bottleneck Projection.
Overall, the results demonstrate a favorable privacy-utility trade-off:
while Bottleneck Projection alone reduces membership leakage (as
illustrated in Table 8) at some cost to utility (as illustrated in Table 9),
combining Bottleneck Projection with NoNorm recovers model
utility while maintaining a substantial reduction in membership
inference success.

7. CONCLUSION AND FUTURE WORK
In this paper, we study how knowledge distillation affects member-
ship inference vulnerability in large language models. Across six
teacher-student model pairs and six MIAs, we find that distillation

does not reliably improve privacy: student models can match or
exceed their teacher models in aggregate and member-specific at-
tack success. This arises from mixed supervision during distillation,
where alignment between teacher model predictions and ground-
truth labels on vulnerable training data points induces overconfident
student model behaviors.
We propose three mitigation strategies: restricting distillation to
non-vulnerable data, introducing a low-dimensional Bottleneck
Projection, and replacing layer normalization with NoNorm. While
data restriction increases perplexity, the architectural modifications
reduce member-specific MIA success without degrading utility.
Future work includes theoretical analyses of memorization under
mixed supervision, adaptive privacy-utility trade-offs, integration
with formal privacy mechanisms, and evaluation across broader
model families and tasks.
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