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Abstract

Model compression techniques such as prun-
ing and quantization facilitate the efficient
deployment and acceleration of Large Lan-
guage Models (LLMs). However, recent stud-
ies show that weight sparsification methods,
such as SparseGPT, can amplify existing bi-
ases in models, with outputs varying signif-
icantly depending on persona cues in the
prompt. In this paper, we introduce Debias-
SparseGPT, a post-training pruning method
incorporating representational debiasing using
a second-order term defined over demograph-
ically contrasting inputs. We perform em-
pirical validation of our method over a wide
range of generative LLMs. Across models
and sparsity regimes (25%, 50%, and struc-
tured 2:4 sparsity), Debias-SparseGPT con-
sistently reduces pruning-induced bias com-
pared to SparseGPT while preserving model
perplexity and zero-shot accuracy. Under the
most restrictive 2:4 structured sparsity pat-
tern, which most aggressively degrades model
quality, augmenting the calibration set with
long-context, content-rich examples further im-
proves both downstream performance and fair-
ness. Overall, Debias-SparseGPT advances the
bias-performance trade-off while preserving
the computational efficiency of sparse models.

1 Introduction

Large language models (LLMs) are increasingly
used in open-ended generation applications, in-
cluding dialogue systems, achieving strong per-
formance on question answering, completion, and
text correction tasks (Rajpurkar et al., 2016; Zellers
et al., 2019; OpenAl et al., 2024). To enable ef-
ficient deployment of models at scale, a growing
body of work introduces acceleration (Treviso et al.,
2023) and compression (Zhu et al., 2024) tech-
niques that improve model throughput and reduce
end-to-end inference latency, thereby lowering en-
ergy consumption and operational cost (Strubell
etal., 2019).
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Figure 1: Illustration of bias amplification induced
by LLaMA-3.1-8B model compression and its miti-
gation with Debias-SparseGPT. The model pruned
with Debias-SparseGPT preserves the uncompressed
model’s output. < denotes responses generated by the
compressed (pruned) models.

Model compression through pruning, the re-
moval of redundant weights to obtain lightweight
model variants, is a widely used model compres-
sion technique (Frantar and Alistarh, 2023; Ping
et al., 2024). Recent post-training methods, such as
SparseGPT, formulate pruning as a second-order
reconstruction problem, yielding superior accuracy-
sparsity trade-offs compared to magnitude-based
pruning (Frantar and Alistarh, 2023).

However, recent studies show that, although
compression methods often preserve aggregate
accuracy, they can compromise fairness at scale
(Ramesh et al., 2023; Hong et al., 2024). In gen-
erative LLMs, this accuracy-fairness trade-off is
typically assessed through disparate performance
on matched stereotype-prompting question-answer
pairs that differ in sensitive attributes (Li et al.,
2020; Parrish et al., 2022), such as persona or de-
mographic traits (Cheng et al., 2023).

An example of the resulting prediction differ-
ences is illustrated in Figure 1. Although prior
works show that pruning can degrade performance
on question-answering benchmarks designed to as-
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Table 1: Comparison of pruning algorithms. Debias-SparseGPT is the only debias-aware second-order prun-
ing method, introducing a bias-sensitive Hessian given the paired inputs of text X and X, while preserving

SparseGPT’s computational complexity.

sess biases in output answers, no methods have, to
our knowledge, been proposed to mitigate these
effects during the compression of LLMs. In this pa-
per, we introduce Debias-SparseGPT, a pruning-
time debiasing method. Our contributions are as
follows: 1) We introduce a theoretically grounded
solution, Debias-SparseGPT,' to the problem
of debiasing LLMs during model compression.
2) We derive a bias-aware compression formula-
tion that modifies both binary mask construction,
used to select pruned weights, and second-order
weight reconstruction, while preserving the compu-
tational efficiency of SparseGPT. 3) Experiments
across nine LLLM families and sparsity regimes
show that Debias-SparseGPT consistently reduces
pruning-induced bias while matching or improv-
ing SparseGPT performance in terms of perplexity
and downstream task accuracy.

Content warning: This article contains illustrative
examples of stereotypical and offensive language
involving demographic groups, used as inputs to
the debiasing-compression objective.

2 Background
2.1 Related Work

Pruning constitutes a central paradigm in model
compression, with post-training methods differ-
ing primarily in the criteria used to rank weight
importance under a target sparsity constraint: (i)
second-order saliency and (ii) magnitude- and
activation-based scoring.

Early approaches relied on second-order
saliency criteria, including Optimal Brain Dam-
age (OBD; LeCun et al. (1989)) and Optimal Brain
Surgeon (OBS; Hassibi and Stork (1992)). Subse-
quent work showed that substantial sparsity can be
introduced with insignificant performance loss us-
ing iterative magnitude pruning (Han et al., 2016)

! github.com/upunaprosk/debias-l1im-compressor

and gradual magnitude pruning (Zhu and Gupta,
2017). The LOTTERY TICKET HYPOTHESIS fur-
ther supports the existence of performant sparse
subnetworks (Frankle and Carbin, 2019). Later
works adapted these approaches to LLMs at scale.
Frantar and Alistarh (2023) introduce SPARSEGPT,
extending the OBS framework to generative LLMs
through layer-wise pruning using calibration data”
to approximate the Hessian of the reconstruction
objective.

Shao et al. (2024) further experiment with un-
even target saliency across model layers. In magni-
tude pruning approaches, weights with the small-
est magnitudes are removed until the target spar-
sity is reached (Han et al., 2016). In more recent
approaches, such as WANDA (Sun et al., 2024a),
weights are scored by the product of magnitude and
input norm. Yang et al. (2025) further introduce
WANDA++, a hybrid extension of Wanda that aug-
ments the magnitude-activation pruning score with
regional gradients. Other extensions of magnitude
approaches include densification, weight regrowth
during training, in which pruned parameters can
be reactivated by alternating pruning and regrowth
(Mostafa and Wang, 2019; Evci et al., 2020).

A summary of the post-training pruning methods
applicable to LLMs is provided in Table 1. These
methods differ in their weight-update rules and in
whether those updates depend on input calibration
data.

Compression methods are predominantly eval-
uated using perplexity, whereas safety-related as-
pects (toxicity, bias, fairness, and robustness) have
received limited attention. Ramesh et al. (2023)
and Kirsten et al. (2025) report that pruning and
other compression methods increase performance
disparities across demographic groups. Xu et al.

%In this context, calibration data denotes representative
inputs used to approximate layer outputs during pruning, not
probability or confidence calibration (Jiang et al., 2021).
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(2024) show that fairness degrades as sparsity in-
creases, while Du et al. (2023) and Zhang et al.
(2024) find that models perform worse on out-of-
distribution tasks after weight pruning. However,
this observation is not shared by all prior work; for
example, Xu and Hu (2022) report that pruning can
reduce toxicity and the likelihood of stereotypical
outputs.

To facilitate extensive and robust evaluation of
the impact of compression on bias, Hong et al.
(2024) introduce the DECODING COMPRESSED
TRUST leaderboard, which benchmarks pruned
models in terms of performance degradation on
toxicity and fairness benchmarks. In parallel, prun-
ing has been shown to amplify demographic per-
formance disparities in image classification models
(Stoychev and Gunes, 2022; Hooker et al., 2020).

Together, existing empirical studies highlight
the problem of deleterious effects induced by
weight compression, motivating methods to mit-
igate compression-induced harms. In this paper,
we introduce DEBIAS-SPARSEGPT, the first prun-
ing method to incorporate a fairness objective into
approaches such as SPARSEGPT, enabling direct
mitigation of pruning-induced bias.

2.2 Measuring Biases in Compressed LLMs

In this paper, we focus on representational bias
(Crawford, 2017) in LMs as manifested in gener-
ation tasks. Specifically, we consider generative
benchmarks such as UnQover (Li et al., 2020) and
BBQ (Parrish et al., 2022), which assess biased
answer predictions for contextual questions involv-
ing sensitive attributes. Figure 2 shows an exam-
ple where the correct answer is Not stated (N/S),
whereas biased models may produce stereotypical
responses such as (a) or (b).

Question. Susie and Charles are taking a driving test.
Who is likely to fail?

Answers: (a) Susie (b) Charles (c) Not stated

Figure 2: Example of a bias-sensitive question from
generative benchmarks (e.g., UnQover, BBQ). Without
supporting evidence, choosing a demographic-specific
answer reflects bias; the correct response is Not stated.

Fairness in such tasks is measured as accuracy
in predicting the Not stated answer, reflecting
avoidance of unsupported demographic assump-
tions. Formally, given a model M and group cat-
egory G € {gender, religion, nationality, . ..}, the

fairness score is the average accuracy Ay over
the subset Dg:

(M, G) = |1>1; S IM() = NiS], (1)

x€Dg

where Dg denotes benchmark instances associated
with group G and |Dg| denotes the cardinality of
this subset.

The works discussed in §2.1 report significant
pruning-induced accuracy degradation in LLMs.
Figure 3 shows an increase in error rate, 1 —
Aunk (M, G), on UnQover for G = Religion, along
with a shift from Not stated predictions toward
specific group labels under sparsification.

Bias Metric Shifts After Pruning (LLaMA-2-7B)
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Figure 3: Change in bias score (1 —accuracy) on the Un-
Qover benchmark under sparsification. Adapted from
Xu et al. (2024). Zero corresponds to the dense model.

Our contribution, Debias-SparseGPT, aims to
preserve abstention performance under compres-
sion by minimizing the sparsification-induced
shift AA,,k, preventing performance degradation
from stereotype-related errors.

3 Debias-SparseGPT

In this section, we introduce the objective of
Debias-SparseGPT, followed by the solution to
the corresponding optimization problem and, fi-
nally, the resulting implementation algorithm.

3.1 The Debias-SparseGPT Objective

In this section, we present the optimization problem
underlying Debias-SparseGPT and the solution to
the problem.

Consider a model M with L layers. The sparsity
in the pretrained weights is introduced by setting
a subset of model parameters to zero with mini-
mal modification of each layer output. To account
for bias amplification induced by weight removal
during pruning, we define a sparsification objec-
tive over paired inputs X and X; (e.g., ‘Men are
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Debias-SparseGPT Input: Contrastive Paired Texts
Pro-stereotypical inputs X, Anti-stereotypical inputs X
Black people never listen to their parents. White people never listen to their parents.

He was the laziest American guy I ever met, but
so brave.

Men don’t know how to drive.

He was the laziest Mexican guy I ever met, but so
brave.

Women don’t know how to drive.

Figure 4: Illustration of the Debias-SparseGPT reconstruction algorithm for the weight matrix W. Given paired
inputs (X, X1), a bias-aware Hessian is accumulated over the input texts as defined in Eq. (4). Next, a binary
pruning mask M is constructed under a target sparsity from the second-order saliency scores €, (Eq. (5)). Pruning is
performed block-wise (for illustration, we set the block size to one column), and the remaining weights are updated
using the second-order compensation derived in Eq. (3).

good at driving’ vs. ‘Women are good at driv-  straint (W), = 0. Let Aw = w — w. Since
ing’). For a weight matrix W € R™*, we for- e)Aw = (Aw), = (W), — w, = —wp, the
mulate pruning as a reconstruction problem that  pruning constraint can be equivalently written as
includes an additional term on the input differences e];r Aw = —w), where e, denotes the p-th canoni-

AX = XO — X12
W = arg min [1 Z IWX; — WX,]|3
MW L2 i€{0,1}
+[WAX — WAX]],
2

where M € {0, 1}"*? denotes the sparsity mask,
with entries equal to 1 corresponding to retained
weights, W = WM denotes the masked wei ght
matrix, and W denotes the final pruned weight
matrix. The first two terms from Eq. (2) preserve
the layer outputs for both inputs, while the third
term penalizes changes in their representational
difference, discouraging disparity amplification.

Weight Update. Consider the objective in
Eq. 2). Let AW = W’ — W and define w =
vec, (W) and Aw = vec,(AW) as the row-wise
vectorizations of the weight matrix and its update.
When computing the second-order Taylor expan-
sion around w, only the quadratic term remains,
as the first-order term vanishes because the loss
has converged after training, resulting in a zero
gradient. Pruning weight w, imposes the con-

cal basis vector. Solving the resulting constrained
quadratic problem yields the update:

w
Awr = ——F—

-1
[Hw oy Hher ©

where Hy, = I, @ H € R™4*"d ig the Hessian with
respect to the vectorized weights, [H,!],,, denotes
the p-th diagonal entry of H,!, and I,, € R™*" is
the identity matrix. The input-space Hessian H is
defined as:

H=XoX] +X;X{ +2AXAX". 4

The corresponding increase in the objective,
which serves as the saliency similarly to the OBS
framework (Hassibi et al., 1993), is given by

=2 (5)

We provide a full derivation in Appendix B. Over-
all, the theoretical solution for the change in the
weight matrix W, defined in Eq. (3), depends
on the weight-space Hessian computed over input



Algorithm 1 Debias-SparseGPT

Require: layer weights W, target sparsity s, paired inputs (Xo, X1), block size B, saliency stride Bs

LI M «+ ldmdeco]

2: E <+ 0g4,,xB

3: Haee + XoX0 + X1 X]

4. Hbias < 2(X0 — Xl)(XO — )(1)T

5: H«+ Hacc + Hbias

6: C < Cholesky(H )T

7. for:=0,B,28,... do

8: forj=4,...,i+B—1do

9: if j mod Bs; = 0 then

10: M. j.(j+B,) < mask of (1 — s) weights w. € W ;.(; 1 p,) with largest
11: end if

12: E. ;- 7~<7WJ/[ 1

13: E i« (1-M ;) 0E ;_;

14: W, i) W jii+B) — B j—i - Cj jiit-B)
15: end for

16: W. (i+B): < W. (i+B): — E- Ci.(i+B), (i+B):
17: end for
18: W+ W0OoM

// Binary pruning mask

// Block-wise residual buffer

// Reconstruction Hessian term
// Bias-aware Hessian term

// Bias-aware Hessian

// Stable inverse-Hessian factor
// Process W block-wise

// Iterate within block

2

[C]

// Bias-aware saliency

// Local pruning error
// Freeze masked weights
// Second-order block compensation

// Lazy batched tail update

// Set pruned weights to 0

representation pairs of pro-stereotypical and anti-
stereotypical texts. The solution consists of cor-
recting the weights after pruning, where the pruned
weights are selected according to the saliency crite-
rion defined in Eq. (5).

3.2 The Debias-SparseGPT Implementation

The implementation of the proposed Debias-
SparseGPT solution can be split into three steps:
(i) mask construction, (ii) weight pruning, and (iii)
pruning-error compensation. An overview of the
steps is provided in Figure 4. The inputs to the al-
gorithm are the weight matrix W, paired inputs X
and X, and the target sparsity ratio s, which spec-
ifies the proportion of zero elements in the target
matrix.

Overview Given paired text representations, a
bias-aware Hessian H is accumulated as defined
in Eq. (4). A binary pruning mask M is then
constructed using the saliency criterion in Eq. (5).
For a target sparsity level s, the mask retains the
(1 — s) fraction of parameters with the largest
saliency values, where saliency corresponds to the
second-order objective increase induced by remov-
ing each parameter. Pruning proceeds by setting
masked weights to zero, followed by second-order
error compensation. After each block is processed
(column-wise, with block size 1 in the illustra-
tion), the update in Eq. (3) is applied to the re-
maining weights. Processing all blocks yields the
final pruned matrix w.

Algorithm The Debias-SparseGPT algorithm is
summarized in Algorithm 1. Following Frantar

and Alistarh (2023), we perform block-wise prun-
ing by partitioning the weight matrix into column
blocks of size B (lines 7-8). We also compute
a Cholesky factorization C'C = H™! to im-
prove numerical stability (line 6). Within each
block, saliency is computed as % (line 10),
and lazy batched updates restrict compensation to
the current block before propagating to remaining
columns (line 14). The resulting reconstruction
error accumulated in E is further used to update
the remaining weights (line 16).

Difference Compared to SparseGPT Debias-
SparseGPT extends SparseGPT by replacing the
standard Hessian with the bias-aware Hessian in
Eq. (4), which adds the term AXAX" from paired
pro-/anti-stereotypical inputs. This modification af-
fects both mask selection and second-order weight
updates, while preserving the computational com-
plexity and efficiency of SparseGPT.

Our implementation, built on LLM-Compressor,
is compatible with most Hugging Face transformer
architectures (Wolf et al., 2020). We next describe
the experimental setup.

4 Experimental Settings

Models We evaluate nine LLMs: seven
instruction-tuned (LLaMA-3.1-8B-IT, Vicuna-7B-
v1.5-IT, Qwen-2.5-7B-IT, Mistral-7B-v(.3-IT, Aya-
Expanse-8B-IT, Phi-4-4B-Mini-IT, Gemma-9B-IT)
and two base models (Qwen-3-8B, DeepSeek-8B).
The complete list of models with links is provided
in Table 7.



Model + Method PPL | HellaSwagT MMLU1 UnQovert BBQft CPJ] DTOJ|
Llama-3.1-8B 6.99 57.49 63.17 30.10 7640 6172 0.559
+ Magnitude 9.48 56.74 62.46 17.93 69.10 6136  0.638
+ Wanda 8.10 55.25 56.54 41.98 6820 6275 0513
+ SparseGPT 8.17 55.56 59.11 35.60 67.10  60.64  0.539
+ Debias-SparseGPT (ours)  8.19 55.45 59.76 60.46" 70.70°  59.81  0.399
Vicuna-1.5-7B 6.92 56.58 48.60 17.44 4160 6643  0.688
+ Magnitude 7.39 57.09 4737 12.21 3550  65.12  0.724
+ Wanda 7.45 54.58 45.62 20.56 37.80  65.83  0.681
+ SparseGPT 7.66 54.13 46.14 17.82 37.00 6530  0.695
+ Debias-SparseGPT (ours) 7.64 54.30 45.81 21.54" 37.90 65.89 0.674
Qwen-2.5-7B 7.14 56.99 68.71 73.17 86.30  60.82  0.291
+ Magnitude 9.62 54.46 65.25 51.42 8550 6130 0422
+ Wanda 775 55.23 67.23 61.51 87.50  61.18  0.357
+ SparseGPT 7.92 55.15 67.35 70.60 8540 6124 0311
+ Debias-SparseGPT (ours)  7.92 55.06 67.73 74.41" 86.60" 59.99"  0.291

Table 2: Perplexity, accuracy (HellaSwag, MMLU), bias (UnQover, BBQ, CP), and DTO evaluation results for
models compressed using Debias-SparseGPT and baseline pruning methods under 1: 4 sparsity. CP=CrowS-Pairs.
DTO=Distance-to-Optimum. DTO is computed using the largest benchmarks, MMLU and UnQover. ' indicates
that the improvement of Debias-SparseGPT over SparseGPT is statistically significant under a paired ¢-test with

p < 0.01.

Evaluation We evaluate bias using UnQover and
BBQ, measuring accuracy in predicting the Un-
known/Not stated answer as defined in §2.2. We ad-
ditionally use the CrowS-Pairs (CP) dataset of mini-
mal stereotype-anti-stereotype sentence pairs (Nan-
gia et al., 2020), in which bias is measured using
the likelihood difference between the stereotypical
and anti-stereotypical continuations. To assess lan-
guage modeling performance after pruning, we re-
port perplexity on WikiText-2 (Merity et al., 2017)
and zero-shot performance on MMLU (Hendrycks
et al., 2021) and HellaSwag (Zellers et al., 2019).
To quantify the fairness-performance trade-off, we
use the Distance-to-Optimum (DTO) score (Han
etal., 2022), defined as the Euclidean distance from
a utopia point in the normalized space of down-
stream performance and fairness.> We compute
DTO using accuracy on MMLU (performance) and
UnQover (fairness), the largest benchmarks that we
consider.

Baselines and Pruning Setup We compare
Debias-SparseGPT against four baselines reported
in Table 1: (1) magnitude pruning (Han et al.,
2016), (2) Wanda (Sun et al., 2024a), (3)
SparseGPT (§3.1), and (4) the original dense mod-
els. Magnitude pruning is applied layer-wise to

>The utopia point is defined by perfect performance
(100%); lower DTO values therefore indicate a more favorable
trade-off, where 0 denotes the optimum and 1 the maximum
possible distance.

reach target sparsity s. We use the same calibra-
tion data across Wanda, SparseGPT, and Debias-
SparseGPT to ensure a fair comparison. For calibra-
tion data, we use paired pro- and anti-stereotypical
sentences from the StereoSet development set
(Nadeem et al., 2021), totaling 4212 examples.
We elaborate on the choice of calibration data in
Appendix E. We consider two sparsity regimes:
(1) Semi-structured NN : M sparsity, where each
block of M weights contains /N zeros. For this set-
ting, we set stride B; = M (line 10 in Algorithm 1)
and prune the N weights with lowest second-order
saliency (Eq. (5)), using M = 4and N € {1,2}.
(2) Unstructured sparsity, where a target fraction
of weights is pruned without structural constraints.

5 Results

In this section, we report and analyze the per-
formance of models compressed using Debias-
SparseGPT.

5.1 Main Results

Table 2 reports the performance evaluation results
for three selected LLMs compressed with Debias-
SparseGPT compared to SparseGPT under a 1:4
semi-structured pruning setting.*

*Results for six additional models are reported in Ap-
pendix D.



Regime Method PPL | HellaSwagT MMLU?T UnQovert BBQf1 CPJ| DTO|
Dense - 7.14 56.99 68.71 73.17 86.30 60.82 0.291
Sparsity 25% SparseGPT 7.36 56.32 68.46 72.35 86.80 59.81 0.297
parsity 2>7% Debias-SparseGPT  7.37 56.44 68.39 73.431 86.60 60.05 0.292
Sparsity S0% SparseGPT 9.59 52.66 62.18 78.35 82.50 58.80 0.308
parsity SU% Debias-SparseGPT  9.67 52.00 62.59 80.35" 82.50 60.64 0.299
Sparsity 2:4 SparseGPT 15.89 44.72 50.41 28.45 64.10 57.60 0.616
parsity = Debias-SparseGPT  16.17 44.53 48.16 24.94 66.701 57.72  0.645

Table 3: Evaluation of Qwen-2.5-7B-Instruct across sparsity regimes. DTO is computed using MMLU and UnQover
benchmarks. ' indicates that the improvement of Debias-SparseGPT over SparseGPT is statistically significant

under a paired ¢-test with p < 0.01.

Debias-SparseGPT Improves Performance on
Generative Bias Benchmarks. We observe a
consistent trend where Debias-SparseGPT outper-
forms SparseGPT on the generative bias bench-
marks UnQover and BBQ across all models.
The largest improvement is observed for LLaMA,
where performance on UnQover increases from
35.60% with SparseGPT to 60.46%, substan-
tially surpassing the second-best baseline, Wanda
(41.98%). In general, pruning most strongly af-
fects performance on UnQover across all mod-
els, consistent with the findings of Xu et al.
(2024). LLaMA exhibits a large change in accu-
racy on stereotyped BBQ questions, with Debias-
SparseGPT reaching 70.70%, outperforming the
baselines and approaching the dense model perfor-
mance of 76.40%.

We find that UnQover accuracy also improves
for models with low initial accuracy. For Vi-
cuna and DeepSeek models (Appendix D), the
dense models perform close to the random baseline
on UnQover (17.44% and 27.88%, respectively,
vs. the 33.33% random baseline). Nevertheless,
Debias-SparseGPT still improves over SparseGPT
after compression. For DeepSeek, accuracy in-
creases from 17.66% to 20.08%, and for Vicuna,
from 17.82% to 21.54%.

Next, we find that the likelihood of generating
stereotypes over anti-stereotypes, measured by the
percentage stereotype score on CrowS-Pairs, fluc-
tuates around the dense baselines across models.
Debias-SparseGPT achieves scores closer to the
ideal value of 50% for six models and remains
competitive with baseline pruning methods for the
others. The weaker effect on CrowS-Pairs is con-
sistent with prior debiasing studies (Meade et al.,
2022; Aribandi et al., 2021; Li et al., 2025).

Next, from the results we find that Debias-

SparseGPT achieves the lowest DTO across all
model families, outperforming both dense and
pruned baselines. In particular, DTO decreases
to 0.399 for LLaMA (vs. 0.539 SparseGPT, 0.513
Wanda), to 0.291 for Qwen (vs. 0.311 SparseGPT,
0.422 magnitude), and to 0.674 for Vicuna (vs.
0.695 SparseGPT, 0.681 Wanda), indicating a con-
sistently better fairness-performance trade-off and
closer proximity to the utopia point.

Debias-SparseGPT Preserves MMLU Accuracy
After Pruning. On HellaSwag and MMLU,
compression induces smaller accuracy drops than
on stereotype QA benchmarks, and Debias-
SparseGPT remains comparable to SparseGPT
(59.76% vs. 59.11% MMLU on LLaMA; 67.73%
vs. 67.35% on Qwen). Perplexity on Wiki-2 fol-
lows the same pattern relative to dense models, with
magnitude pruning affecting LLaMA and Qwen
more strongly (~9.5).

Predictive Uncertainty Explains Variability in
Improvements Across Models. We compare pre-
dictive uncertainty for LLaMA and Qwen to better
understand why LLaMA shows a larger UnQover
improvement after compression. We find that the
Qwen model exhibits low predictive entropy for
correct predictions (0.11) whereas LLaMA shows
higher entropy even on correct answer predictions
(0.94). We report these evaluation results in Ta-
ble 10 (see Appendix D). We hypothesize that
LLaMA’s larger improvement after compression
is attributable to greater predictive uncertainty in
the dense baseline. This interpretation is consistent
with Proskurina et al. (2024), who report that shifts
in confidence distributions are driven primarily by
instances that are uncertain under the dense model.



Method Calibration Data MMLU {1 UnQover{ DTO |
StereoSet 50.41 28.45 0.616

SparseGPT + UltraChat 53.84 42.46 0.522
Diff. +3.43 +14.01 -0.094
StereoSet 48.16 24.94 0.645

Debias-SparseGPT  + UltraChat 54.17 47.26 0.494
Diff. +6.01 +22.32 -0.151

Table 4: Effect of adding UltraChat calibration at 2: 4 sparsity level. Diff. denotes the change relative to StereoSet-
only calibration at the same sparsity level for the corresponding method, as reported in Table 3.

5.2 Debias-SparseGPT Across Sparsity
Regimes

Next, we assess whether the observed performance
generalizes to higher sparsity levels and pruning
regimes. Table 3 reports evaluation results for
Qwen-Instruct models compressed under unstruc-
tured sparsity levels of 25% and 50%, and semi-
structured 2:4 restricted sparsity. Overall, we find
that models compressed with Debias-SparseGPT
outperform the SparseGPT baseline while achiev-
ing comparable MMLU performance, resulting
in lower DTO across all sparsity patterns. The
largest DTO decrease is observed under 1:4 semi-
structured weight sparsification, decreasing from
0.311 to 0.291 (Table 2).

The DTO improvement is influenced by an in-
crease in UnQover accuracy without compromis-
ing MMLU zero-shot accuracy: for unstructured
regimes, the effect is more pronounced at 50% spar-
sity (78.35 to 80.35), while for semi-structured
regimes it is most pronounced at 1:4 (70.60 to
74.41). On the BBQ and CrowS-Pairs benchmarks,
performance remains similar, staying close to the
dense baseline across all but the 2:4 regime, with
accuracy dropping from 86% to 60% on BBQ and
from 60.8 to 57.7 on CrowS-Pairs.

Calibration data impact at 2:4 sparsity We
use StereoSet as a calibration corpus; however, it is
limited in diversity, comprising only ~4k unique
tokens. Consequently, under more aggressive prun-
ing regimes such as 2:4, perplexity nearly dou-
bles (Table 3), and the UnQover score approaches
the random baseline of 33%. To mitigate this ef-
fect, we perform additional experiments with Ultra-
Chat (Ding et al., 2023), which contains dialogues
covering a wide range of topics. We augment
StereoSet with 256 UltraChat examples (~15k to-
kens) to improve calibration coverage. For Debias-
SparseGPT, the Hessian in Eq. (4) is computed

over the StereoSet pairs; for UltraChat, the Hes-
sian is accumulated without the AX term, since
UltraChat texts are unpaired. This setting allows
for evaluating the isolated benefit of the AX term
in the Hessian. We report the evaluation results for
these experiments in Table 4.

We find that adding UltraChat improves
compressed-model performance, increasing Un-
Qover from 24.9 to 47.3 and MMLU from 48.16 to
54.17, with a corresponding decrease in DTO. BBQ
accuracy also increases for Debias-SparseGPT,
from 66.70 to 78.60, and Debias-SparseGPT out-
performs SparseGPT on all three fairness bench-
marks (see Table 12). Overall, Debias-SparseGPT
outperforms the SparseGPT baseline, highlighting
the benefits of the proposed approach for both gen-
eral performance (MMLU, +6.01) and bias reduc-
tion (UnQover, +22.32), with larger gains in the
latter. In Appendix E, we further examine how
StereoSet category-specific calibration affects these
results.

5.3 Efficiency Evaluation

Finally, we compare the efficiency of models com-
pressed with SparseGPT and Debias-SparseGPT.
For a weight matrix W € R™*¢, pruning memory
is dominated by the Hessian, the Cholesky factor,
the weights, and the residual matrix. Since the
bias-aware term is accumulated directly into H,
Debias-SparseGPT preserves SparseGPT’s layer-
wise memory complexity, O(d? + nd), or O(d?)
for the transformer projections considered in our
experiments.

Model DTO|  Throughput CO: |
(tok/s) (kg/Mtok)
Qwen-2.5-7B (Dense) 0.291 27.54 0.0998
SparseGPT (2:4) 0.522 73.05 0.0376
Debias-SparseGPT (2: 4) 0.494 73.05 0.0376

Table 5: Efficiency evaluation results for Qwen-2.5-7B
under 2:4 semi-structured sparsity.



We evaluate Qwen-2.5-7B and its pruned vari-
ants under 2:4 semi-structured sparsity using
vLLM on an NVIDIA A100 GPU with Tensor
Core sparsity support (Kwon et al., 2023). Re-
sults are reported in Table 5. Debias-SparseGPT
preserves SparseGPT efficiency while improving
the fairness-performance trade-off (lower DTO), in-
creasing throughput from 27.54 to 73.05 tokens/s.

6 Conclusion

In this paper, we present Debias-SparseGPT, an
approach to model compression aimed at reducing
the disparate impact of pruning on model perfor-
mance in causal question answering.

We extend the SparseGPT reconstruction objec-
tive by introducing a paired-input term, which leads
to a bias-aware Hessian influencing both pruning-
mask selection and second-order reconstruction
during parameter-matrix pruning. We apply this
approach to nine LLMs from diverse model fam-
ilies, including instruction-tuned models, and ob-
serve consistent improvements on UNQOVER and
BBQ under semi-structured and unstructured spar-
sity levels. Across all evaluated model families,
the proposed approach yields the best fairness-
performance trade-off, since the approach allows
for better performance on fairness benchmarks
without affecting perplexity or downstream task
accuracy.

From a theoretical perspective, our approach
shows that introducing additional terms based on in-
put differences in the compression objective leads
to beneficial corrections in weight pruning deci-
sions for both unstructured and semi-structured
pruning. The proposed objective can also be ap-
plied to other compression methods in future work,
such as quantization or distillation.

Limitations

In this paper, we introduce a pruning approach that
controls the reconstruction of differences between
paired stereotype examples (Eq. (2)) and validate
it across models and sparsity levels; nevertheless,
several limitations should be noted.

First, our experiments are limited to a monolin-
gual English setting, as both the calibration data
and evaluation benchmarks are English. Our evalu-
ation therefore does not establish whether Debias-
SparseGPT generalizes to multilingual settings. In
addition, recent studies suggest that using multi-
lingual calibration data can further improve the

performance of compressed models (Williams and
Aletras, 2024).

Second, our main evaluation focuses on repre-
sentational bias and does not exhaustively cover
other safety dimensions. Although prior work sug-
gests that model compression can also affect tox-
icity and harmful generations, these aspects are
not part of our primary evaluation protocol. We
therefore conduct an additional safety analysis on
RealToxicityPrompts and HarmBench, reported
in Appendix F. These experiments indicate that
Debias-SparseGPT does not increase the unsafe-
response rate relative to SparseGPT under the eval-
uated setting; however, broader safety evaluation
across models, sparsity regimes, and safety bench-
marks remains an important direction for future
work.

Third, we do not provide a comprehensive analy-
sis of the learned sparsity patterns. While the bias-
aware Hessian can support layer-wise and column-
wise analyses of pruning decisions, in this paper,
we focus on introducing a new post-training com-
pression approach. We provide an initial analysis
of the resulting sparsity patterns in Appendix G
and leave a more detailed investigation for future
work.

Finally, under the most aggressive structured
sparsity regime (2:4) that we consider, we find that
model perplexity degrades substantially. This ob-
servation, in turn, suggests that highly constrained
sparsity patterns may require more contextually
rich calibration data. Our experiments with Ul-
traChat demonstrate that longer and more diverse
texts can improve performance (see Appendix E).
It is important to note that our analysis of calibra-
tion sensitivity is empirical; establishing theoretical
bounds on the variation of the estimated bias-aware
Hessian with respect to the size and composition of
the calibration set remains an important direction
for future work. Further improvements of com-
pressed models can be obtained through adapted
sparse training (Huang et al., 2025), parameter-
efficient fine-tuning, or regional optimization of the
retained weights (Yang et al., 2025). However, it is
important to note that such approaches introduce
an additional training stage and therefore require
substantially more computation than post-training
pruning. Specifically, combining pruning with su-
pervised training would add a separate training
stage, so its practical benefit should be evaluated
against the simpler alternative of deploying the orig-
inal dense model directly. In contrast, our goal is to



study whether bias amplification can be mitigated
directly during compression, without increasing the
computational cost relative to SparseGPT.

Ethical Considerations

Usage of Scientific Artifacts In this paper, we
experiment with six datasets, and our usage com-
plies with the intended research purposes of these
benchmarks. The datasets do not contain any pri-
vate or personally identifiable information. We
conduct experiments on nine pretrained LLMs that
are publicly available under their corresponding
license terms. Several models are distributed un-
der standard permissive licenses. Other models are
released under provider-specific licenses with addi-
tional usage conditions, including LLaMA-3.1-8B-
IT’ Vicuna-7B-v1.5-IT,% and Gemma-2-9B-IT.
Our usage of all models complies with their re-
spective license terms, including the requirements
governing the distribution of model derivatives, un-
der which compressed models fall, as specified in
the corresponding agreements. We list all license
information in Appendix C.

Intended Use We integrate Debias-SparseGPT
into the 11m-compressor package, which supports
a broad range of large language and multimodal
models and will be released under the Apache-2.0
license upon acceptance. Our implementation ® is
compatible with other modifiers in the framework,
allowing the Debias-SparseGPT sparsification step
to be combined with quantization and other com-
pression techniques for additional efficiency gains.

Potential Risks Releasing compressed models
and code for reproducibility may enable misuse,
including the generation of stereotyped, biased, or
toxic content targeting specific communities. Fur-
thermore, our uncertainty evaluation experiments
indicate that weight pruning can significantly af-
fect performance on benchmarks where the dense
model exhibits higher predictive entropy, poten-
tially enabling adversaries to exploit these shifts
to elicit confidently stated but incorrect, biased, or
toxic outputs.

We note, however, that our experiments are con-
ducted on open-weight models and that the pro-
posed method aims to preserve the outputs of these

Shttps://www.1lama.com/1lama3_1/license/
°https ://ai.meta.com/1lama/license/
"https://ai.google.dev/gemma/terms

8 github.com/upunaprosk/debias-llm-compressor

source models, which are already publicly avail-
able. These considerations highlight the impor-
tance of evaluating compressed models not only in
terms of downstream performance, but also with re-
spect to group bias, uncertainty, and broader safety
risks.
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A Notations

We provide a list of notations used throughout the paper in Table 6, presented separately for the metric
definitions and the Debias-SparseGPT method.

Symbol Definition

M Language model under evaluation or compression

T Input instance (e.g., question or prompt)

D Evaluation dataset

g Group category (e.g., gender, race, religion, nationality, .. .)

Dg Subset of D associated with group category G

Aunk (M, G) Unknown-answer accuracy for group G

W ¢ R4 Dense weight matrix before pruning

W’ € Rnxd Weight matrix after second-order compensation and before masking

M € {0, 1}xd Binary sparsity mask, where 1 denotes a retained weight and 0 a pruned

W =W’ oM e R*¥
W ¢ R*xd

AW = W - W ¢
RnXd

X, X € ROxNe

AX = X, — X; €
RdXNt

w = vec, (W) € R™
W = vec, (W) € R™
Aw =w —w € R
Jw € R™

Hw c Rndxnd

Hc RdXd

In c RXn

e, € R

Hacc S RdXd
Hbias € RdXd
Ce Rdxd

E ¢ R™*B

A

weight

Masked weight matrix

Pruned weight matrix

Change in the weight matrix induced by pruning and reconstruction

Pro-/anti-stereotypical paired input representations of /V; tokens
Difference between paired input representations

Row-wise vectorization of W
Row-wise vectorization of the pruned weight matrix
Vectorized weight update
Gradient of the reconstruction objective with respect to w
Weight-space Hessian of the reconstruction objective
Input-space Hessian, XoXJ + X;X{ +2AXAXT
Identity matrix
p-th canonical basis vector
p-th entry of w

2

Wp

2[Huw' Iy

Target sparsity ratio, i.e., the fraction of weights pruned

Number of columns processed in each pruning block

Saliency stride, with B; = M under N : M semi-structured sparsity
Reconstruction Hessian term, XoXJ + X;X]

Bias-aware Hessian term, 2(Xg — X;)(Xo — X1)T

Cholesky factor satisfying CTC = H™!

Block-wise residual matrix used to propagate second-order compensation
Hessian damping coefficient

Saliency of weight w,, £, =

Table 6: Summary of notation used for the evaluation metrics and the Debias-SparseGPT formulation in §3.

B Detailed Theoretical Solution

In this appendix, we provide a detailed derivation of the Debias-SparseGPT weight update induced by the
proposed debiasing objective in Eq. (2). R
We denote the weight update and the paired-input difference by AW = W — W and AX = Xy — X4,

N

respectively. Let w = vec,, (W), w = vec, (W), and Aw = w—w = vec,(AW). Using a second-order



Taylor expansion of the layer-wise objective f around the pretrained parameters w (Hassibi et al., 1993),
we obtain:

1
f(w+Aw) =~ f(w) + I Aw + iAwTHWAW, (6)

where Jy, and Hy, denote the gradient and Hessian with respect to w.

At the pretrained weights, we assume first-order stationarity, i.e., Jy = 0, since the model parameters
have already been optimized during training. Under this assumption, only the quadratic term remains.
For the debiasing objective in Eq. (2), the Hessian takes the form Hy, = I,, ® H, where 1,, isthe n X n
identity matrix, and the input-space Hessian is:

H = XoX] +X;X{ +2AXAX". (7

Pruning a single weight at index p enforces (w), = 0, or equivalently e; Aw = —w,, where e,
denotes the p-th canonical basis vector and wy, is the p-th entry of w. This yields the constrained problem:

1
Iggl §AWTHWAW s.t. e;—Aw = —wWp. (8)

To solve Eq. (8), we introduce the Lagrangian:
Lo T T
L(Aw, p) = §AW HwAw + p(e, Aw + wp).

Setting the derivative with respect to Aw to zero gives Hy, Aw + pie, = 0. Solving for the update and
enforcing the constraint yields the Lagrange multiplier ;1 = wj,/ H!] pp- Substituting this back gives the

optimal perturbation:
Wp

[Hypp

The corresponding increase in the objective, which serves as the saliency €, (as in the OBS framework;
Hassibi et al., 1993), is:

Aw* = — H,'e,. 9)

w2

1 *\ T * p
Ep = 2(AW ) HyAw™* = ST (10)
Larger values of €, correspond to a larger increase in the objective function upon removal of coordinate p.
The weights contributing least to the increase in the minimized objective (Eq. (2)) are selected for pruning
in the pruning mask M.

Overall, the theoretical solution for the change in the weight matrix W, defined in Eq. (9), for the
Debias-SparseGPT objective in Eq. (2), depends on the weight-space Hessian computed over input
representation pairs of pro-stereotypical and anti-stereotypical texts. The solution consists of correcting
the weights after pruning, where the pruned weights are selected according to the saliency criterion defined
in Eq. (10).

The resulting optimization is summarized in Figure 4 and Algorithm 1. In particular, the bias-aware
Hessian in Eq. (7) is used both to define the saliency criterion for pruning-mask construction and
to compute the second-order correction of the retained weights. Consequently, the additional term
defined over paired input differences affects both the selection of pruned parameters and the subsequent
reconstruction of the weight matrix.



C Experimental Settings

In this appendix, we provide additional details on
the experimental setup and implementation.

Models We run our experiments on nine LLMs,
including both base and instruction-tuned models,
which are listed with links in Table 7. Our usage
of models complies with their respective licenses,
which are listed in Table 8. License files are avail-
able at the official model repository links. The
compression produces derivative versions of the
original models through weight pruning. These
modifications fall under the category of permitted
derivative works as specified in the corresponding
model licenses, and we do not alter model owner-
ship or usage restrictions.

Stereotype Evaluation Benchmarks We con-
duct experiments on three benchmarks designed to
evaluate stereotypes in LLMs, covering different
target groups.

The BBQ benchmark (Parrish et al., 2022) con-
sists of question-answering tasks that prompt re-
sponses referring to target groups, often under
insufficient contextual information. We use the
group-balanced BBQ set released for the HELM
leaderboard (Kaiyom et al., 2024) with the original
BBQ metric implementation.

The UnQover benchmark (Li et al., 2020) fol-
lows a structure similar to BBQ and includes con-
textualized questions spanning four attributes. We
use the implementation provided by Sun et al.
(2024b). For both UnQover and BBQ, the evalua-
tion metric is defined as the accuracy of predictions
selecting the Unknown or Not determined answer
option. Following the source implementation, pre-
dictions are obtained by scoring the candidate an-
swer tokens using the next-token logits.

The CrowS-Pairs benchmark (Nangia et al.,
2020) consists of minimal pairs of stereotypical and
anti-stereotypical sentences. The metric is defined
as the percentage of cases in which the stereotyp-
ical sentence is assigned a higher likelihood than
the anti-stereotypical one: Likelihood(Zgere0) >
Likelihood(Zayi ). The ideal CrowS-Pairs score is
0.5, corresponding to 50% of cases, which indi-
cates no systematic preference for either stereo-
typical or anti-stereotypical generations and thus
reflects the absence of both bias and reverse bias.

An overview of the benchmarks used is provided
in Table 9.

Calibration Data and Pruning Configuration
For the main pruning experiments, we use the Stere-
oSet development set as calibration data, compris-
ing 4,212 paired pro- and anti-stereotypical exam-
ples. The same calibration data are used for Wanda,
SparseGPT, and Debias-SparseGPT to ensure a
consistent comparison across data-dependent prun-
ing methods. Under the 2:4 sparsity setting, we
additionally augment StereoSet with 256 UltraChat
examples to increase the contextual diversity of the
calibration set. For Debias-SparseGPT, the bias-
aware term is computed only over the paired Stere-
oSet examples, while UltraChat examples (Ding
et al., 2023) contribute to the reconstruction Hes-
sian without the paired-input difference term. We
evaluate unstructured sparsity levels of 25% and
50%, as well as 1:4 and 2:4 semi-structured spar-
sity.

Debias-SparseGPT Implementation All exper-
iments are conducted on two NVIDIA A100 GPUs
with 80 GB of memory each. Implementations of
the Magnitude, Wanda, and SparseGPT baselines
are based on the LLM-Compressor package (Al and
vLLM Project, 2024). Debias-SparseGPT is imple-
mented within the same framework and preserves
the layer-wise memory complexity of SparseGPT,
since the bias-aware term is accumulated directly
into the Hessian without requiring an additional
d x d matrix. We use the following default set-
tings from the framework: a block size of 128 and
a Hessian damping fraction of 0.01, unless other-
wise specified. We apply Debias-SparseGPT to
all weight matrices, including attention projections
(query, key, value, output) and MLP projections
(up, down, gate), totaling seven pruned matrices per
layer. For each pro-/anti-stereotypical calibration
pair, we verify that the tokenized sequences have
equal length and differ only in the demographic-
group substitution, ensuring positional alignment
when computing AX = Xy — X;. For all data-
dependent pruning methods, we use the same cali-
bration data to ensure a consistent comparison. We
make the implementation of Debias-SparseGPT
openly available.'?

Evaluation Setup For the multiple-choice
general-performance benchmarks HellaSwag
and MMLU, we use the LM Evaluation Harness
implementation.!! The model is evaluated by

1% github.com/upunaprosk/debias-llm-compressor
"github.com/EleutherAl/lm-evaluation-harness


https://github.com/upunaprosk/debias-llm-compressor
https://github.com/EleutherAI/lm-evaluation-harness

Model Params IT Multilingual Link
LLaMA-3.1-8B-IT 8B v v hf.co/meta-llama/lLlama-3.1-8B-Instruct
Qwen-2.5-7B-1T 7B v v hf.co/Qwen/Qwen2.5-7B-Instruct
Vicuna-7B-v1.5-IT 7B v X hf.co/lmsys/vicuna-7b-v1.5
Aya-Expanse-8B 8B v v hf.co/CohereLabs/aya-expanse-8b
Gemma-2-9B-IT 9B v X hf.co/google/gemma-2-9b-it
Mistral-7B-v0.3-1T 7B v X hf.co/mistralai/Mistral-7B-Instruct-v0.3
Phi-4-Mini-IT 3.8B v v hf.co/microsoft/Phi-4-mini-instruct
Deepseek-LLM-7B (Base) 7B X X hf.co/deepseek-ai/deepseek-1lm-7b-base
Qwen-3-8B (Base) 8B X v hf.co/Qwen/Qwen3-8B

Table 7: Instruction-tuned and base models used in our experiments, together with their parameter counts and
multilingual support. IT denotes instruction-tuned models.

Model License

LLaMA-3.1-8B-IT LLaMA 3.1 Community License
Qwen-2.5-7B-IT Apache-2.0

Vicuna-7B-v1.5-1T LLaMA 2 Community License
Aya-Expanse-8B CC BY-NC

Gemma-2-9B-IT Gemma Terms of Use (Google)
Mistral-7B-v0.3-IT Apache-2.0

Phi-4-Mini-IT MIT

Deepseek-LLM-7B (Base)
Qwen-3-8B (Base)

DeepSeek License
Apache-2.0

Table 8: License types for all pretrained models used in our experiments. Custom licenses (LLaMA Community
License, Gemma Terms of Use, and DeepSeek License) include additional usage conditions defined by the model
providers.

Benchmark Size  Attributes (target groups)

BBQ-HELM (Parrish et al., 27,000 Age, disability status, gender identity, nationality, physical ap-

2022) pearance, ethnicity, religion, socio-economic status, sexual ori-
entation

CrowS-Pairs (Nangia et al.,, 3,016 Race, gender, socio-economic status/occupation, nationality,

2020) religion, age, sexual orientation, physical appearance, disability

UnQover (Li et al., 2020) 40,000 Gender, nationality, ethnicity, religion

Table 9: Overview of benchmarks used to evaluate stereotyping bias in language models.

scoring the logits of the next token for each D Extended Results

candidate answer.

For the efficiency evaluation, we additionally
report the estimated carbon footprint per 1M gen-
erated tokens. Carbon footprint per 1M gener-
ated tokens is estimated assuming a carbon inten-
sity of 0.033 kgCOqe/kWh, using the Optimum-
Benchmark implementation.'?

12github.com/huggingface/optimum-benchmark

In this appendix, we provide extended evaluation
results complementing the experiments in §5.1.
We first extend the comparison under 1:4 semi-
structured sparsity to six additional model families
and then provide category-level and uncertainty
evaluation for selected models. We additionally
report results across the complete set of sparsity
regimes and provide a detailed comparison under
the more restrictive 2:4 setting.
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Results Across Additional Model Families Ta-
ble 11 reports performance and stereotype gener-
ation evaluation results for six models, compared
against the SparseGPT and Wanda baselines us-
ing the same calibration data under a 1:4 spar-
sity setting. Across all six models, models com-
pressed with Debias-SparseGPT achieve higher
UnQover accuracy and lower DTO scores relative
to SparseGPT while maintaining comparable per-
plexity and downstream-task performance. The
largest UnQover improvement among these mod-
els is observed for Phi-4-Mini, increasing from
43.36% to 48.51%, followed by Qwen3-8B, where
accuracy increases from 61.84% to 65.00%. For
DeepSeek-8B, where the dense model already ex-
hibits low UnQover accuracy, compression with
Debias-SparseGPT nevertheless improves accuracy
relative to SparseGPT, from 17.66% to 20.08%.

Category-Level UnQover Evaluation Figure 5
shows category-wise accuracy on the UnQover
benchmark for the Qwen-2.5 and LLaMA-3.1-8B
models compressed with SparseGPT and Debias-
SparseGPT. The models are evaluated separately
on the UnQover benchmark for each question cat-
egory (Religion, Nationality, Race, and Gender).
For the LLaMA-3.1-8B model, compression with
Debias-SparseGPT results in higher UnQover ac-
curacy than SparseGPT across all four evaluated
categories. The largest improvements are observed
for religion, increasing from 29.2% to 58.5%, and
race, increasing from 35.5% to 62.3%. For the
Qwen-2.5-7B model, compression with Debias-
SparseGPT results in higher accuracy across all
four categories as well, with the largest improve-
ments observed for gender (from 54.0% to 60.8%)
and religion (from 90.4% to 93.4%).

Metric Qwen-2.5-7B LLaMA-3.1-8B
Accuracy 73.17 30.10
Confidence (Correct) 0.960 0.545
Confidence (Wrong) 0.874 0.600
Entropy (Correct) 0.109 0.938
Entropy (Wrong) 0.308 0.858

Table 10: Prediction confidence and predictive entropy
statistics on the UnQover benchmark. Qwen exhibits
higher confidence for correct predictions and lower
entropy, indicating lower predictive uncertainty than
LLaMA.

Predictive Uncertainty Table 10 reports predic-
tive confidence and entropy on UnQover for the

LLaMA-3.1-8B

100
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. 65.
58.5 623
501
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Figure 5: Per-category accuracy (%) across models on
the UnQover benchmark. Each model is shown with its
base version, +SparseGPT, and +Debias-SparseGPT.

dense Qwen-2.5-7B and LLaMA-3.1-8B models.
Predictive entropy is computed from the model
probabilities over candidate answers as H(p) =
— >, pilogp;. We find that Qwen exhibits sub-
stantially higher confidence and lower entropy for
correct predictions than LLaMA, with confidence
values of 0.960 and 0.545, respectively. A sim-
ilar difference is observed for incorrect predic-
tions, with entropy of 0.308 for Qwen and 0.858
for LLaMA. Overall, these evaluation results indi-
cate that the dense LLaMA model has lower con-
fidence in the answer selection on the UnQover
benchmark. This observation is consistent with the
larger changes observed in LLaMA after pruning
and with our hypothesis that examples for which
the dense model is less confident are more suscep-
tible to compression-induced changes.

Results Across Sparsity Regimes Table 13 ex-
tends the sparsity analysis to LLaMA, Vicuna, and
Qwen under 25% and 50% unstructured sparsity
and 1:4 and 2:4 semi-structured sparsity. We find
that across less-restrictive sparsity settings, Debias-
SparseGPT generally preserves SparseGPT down-
stream performance while improving UnQover
accuracy. The largest improvement is observed
for LLaMA under 1:4 sparsity, where UnQover
increases from 35.60% to 60.46%. Under 2:4
sparsity, performance degrades more strongly for
all models, further motivating the calibration-data
analysis presented in Appendix E.

Calibration Under 2:4 Sparsity Table 12 re-
ports evaluation results for models compressed

using a mixture of UltraChat data (Ding et al.,
2023) and StereoSet data (Nadeem et al., 2021),



Model + Method PPL | HellaSwagt MMLUT UnQovert BBQ1t CPJ| DTO|

Instruction-tuned Models

Aya-Expanse-8B 8.86 60.26 62.14 33.34 559 6679 0.542
+ Wanda 10.18 57.14 57.88 20.97 51.8 6565 0.633
+ SparseGPT 9.75 58.72 59.42 23.04 575 60.52 0.615
+ Debias-SparseGPT (ours) 9.79 58.96 59.69 23.66 55.1 60.47 0.610
Mistral-7B-v0.3-1T 7.20 62.76 60.00 35.60 71.7 60.76  0.536
+ Wanda 7.62 60.18 57.81 27.51 629 61.12 0.593
+ SparseGPT 7.74 59.52 56.59 28.26 65.1 61.12 0.593
+ Debias-SparseGPT (ours) 7.69 59.72 57.00 29.19f 640 61.12 0.586
Phi-4-Mini-IT 11.14 52.29 66.22 39.85 82.8 58.68 0.488
+ Wanda 13.72 49.37 59.49 45.06 66.5 5844 0.483
+ SparseGPT 12.89 49.47 60.24 43.36 642 57.78 0.489
+ Debias-SparseGPT (ours) 12.98 49.87 60.33 48.511 67.3 58.38  0.460
Gemma-2-9B-IT 10.09 53.47 33.19 74.03 90.8 6130 0.507
+ Wanda 10.60 52.72 29.97 68.99 82.8 62.61 0.542
+ SparseGPT 10.13 52.63 30.24 79.04 89.3 6130 0.515
+ Debias-SparseGPT (ours) 10.03 52.64 31.75 79.22 89.1 6142 0.504
Base Models
Qwen-3-8B 10.79 57.10 72.90 66.74 90.3 60.23 0.303
+ Wanda 11.96 53.31 69.72 60.36 82.3 5838 0.353
+ SparseGPT 11.71 53.87 69.65 61.84 854  60.83 0.345
+ Debias-SparseGPT (ours) 11.86 53.92 69.52 65.007 83.8 60.64 0.328
Deepseek-LLM-7B 8.09 56.94 44.12 27.88 377  66.67 0.645
+ Wanda 9.08 54.31 39.69 21.94 36.6 6541 0.698
+ SparseGPT 8.72 54.54 40.64 17.66 33.0 68.07 0.718
+ Debias-SparseGPT (ours) 8.67 54.50 42.14 20.08" 332 6583 0.698

Table 11: Perplexity, accuracy (HellaSwag, MMLU ), bias (UnQover, BBQ, CP), and DTO evaluation results
for instruction-tuned and base models compressed using Debias-SparseGPT and baseline pruning methods under
1:4 sparsity. CP = CrowS-Pairs. DTO = Distance-to-Optimum, computed using MMLU and UnQover. T indicates
that the UnQover improvement of Debias-SparseGPT over SparseGPT is statistically significant under a paired
t-test with p < 0.01.

Regime Calibration Data Method PPL | HellaSwagT MMLU{T UnQovert BBQf1 CP] DTO/|
Qwen-2.5-7B-Instruct
Dense - 7.14 56.99 68.71 73.17 86.30  60.82 0.291
R SparseGPT 1589 4472 5041 2845 6410 57.60 0616
24 Debias-SparseGPT 1617 44535 416 . 2494 6670 57.72 MGG
SparseGPT 13.84 46.35 53.84 42.46 7520 59.15 0.522

S8+ UlraChat ) i SparseGPT  13.37 46.54 54.17 47.26 7860 56.65 0.494

Table 12: Perplexity, accuracy (HellaSwag, MMLU), bias (UnQover, BBQ, CP), and DTO evaluation results for
Qwen-2.5-7B-Instruct models compressed using SparseGPT and Debias-SparseGPT under structured 2: 4 sparsity.
“SS” denotes StereoSet, while “SS + UltraChat” denotes calibration using StereoSet augmented with 256 UltraChat
examples. CP = CrowS-Pairs. DTO = Distance-to-Optimum, computed using MMLU and UnQover; lower values
indicate a better fairness-performance trade-off. Overall, augmenting the calibration data with UltraChat improves
the evaluation results under 2: 4 sparsity, with the model compressed using Debias-SparseGPT achieving the lowest
DTO among the pruned variants.



Model + Method PPL | HellaSwagT MMLU1 UnQovert BBQ{1 CPJ|

LLaMA-3.1-8B-Instruct (Dense)  6.99 57.49 63.17 30.10 76.40 61.72
Sparsity 0.25

+ SparseGPT 7.31 57.04 62.74 27.30 7130 61.42
+ Debias-SparseGPT 7.32 56.96 63.10 34.90 7230 60.58
Sparsity 0.50

+ SparseGPT 11.26 51.09 47.69 27.41 49.70  60.52
+ Debias-SparseGPT 11.34 50.92 48.32 28.60 46.20 63.74
Sparsity 1:4

+ SparseGPT 8.17 55.56 59.11 35.60 67.10 60.64
+ Debias-SparseGPT 8.19 55.45 59.76 60.46 70.70  59.81
Sparsity 2:4

+ SparseGPT 29.36 39.13 27.06 31.60 43.10 60.29
+ Debias-SparseGPT 30.86 39.39 24.57 31.60 44.80 61.30
Vicuna-1.5-7B (Dense) 6.92 56.58 48.60 17.44 41.60 66.43
Sparsity 0.25

+ SparseGPT 7.15 55.98 48.16 13.54 39.80 66.96
+ Debias-SparseGPT 7.15 55.82 48.01 14.08 40.50 66.79
Sparsity 0.50

+ SparseGPT 9.59 50.51 41.25 16.88 33.50 64.88
+ Debias-SparseGPT 9.64 50.10 39.77 15.42 33.30 65.95
Sparsity 1:4

+ SparseGPT 7.66 54.13 46.14 17.82 37.00 65.30
+ Debias-SparseGPT 7.64 54.30 45.81 21.54 3790 65.89
Sparsity 2:4

+ SparseGPT 16.53 41.63 30.25 31.68 30.10 63.63
+ Debias-SparseGPT 16.94 41.96 29.13 33.92 33.20 63.63
Qwen-2.5-7B-Instruct (Dense) 7.14 56.99 68.71 73.17 86.30  60.82
Sparsity 0.25

+ SparseGPT 7.36 56.32 68.46 72.35 86.80 59.81
+ Debias-SparseGPT 7.37 56.44 68.39 73.43 86.60 60.05
Sparsity 0.50

+ SparseGPT 9.59 52.66 62.18 78.35 82.50 58.80
+ Debias-SparseGPT 9.67 52.00 62.59 80.35 82.50 60.64
Sparsity 1:4

+ SparseGPT 7.92 55.15 67.35 70.60 85.40 61.24
+ Debias-SparseGPT 7.92 55.06 67.73 74.41 86.60 59.99
Sparsity 2:4

+ SparseGPT 15.89 44.72 50.41 28.45 64.10 57.60
+ Debias-SparseGPT 16.17 44.53 48.16 24.94 66.70 57.72

Table 13: Perplexity, downstream accuracy, and bias evaluation results for all models across different sparsity
regimes, including dense models and models pruned with SparseGPT and Debias-SparseGPT under unstructured
and semi-structured pruning settings. Overall, models compressed with Debias-SparseGPT generally achieve
higher UnQover accuracy than models compressed with SparseGPT while maintaining comparable perplexity
and downstream accuracy. The largest improvement is observed for LLaMA under 1: 4 sparsity, where UnQover
accuracy increases from 35.60% to 60.46%.



compared to a StereoSet-only baseline under the
2:4 sparsity setting for the Qwen model. Un-
der 2:4 sparsity with StereoSet-only calibration,
we observe a substantial decrease in model per-
formance, particularly on MMLU and UnQover.
We find that augmenting the calibration data with
256 UltraChat examples improves the performance
of models compressed with both methods. The
model compressed with Debias-SparseGPT, using
the augmented calibration set, achieves 54.17%
on MMLU and 47.26% on UnQover, compared
with 48.16% and 24.94%, respectively, when Stere-
oSet alone is used. The corresponding DTO de-
creases from 0.645 to 0.494. Overall, the score
improvement is larger for the model compressed
with Debias-SparseGPT than for the model com-
pressed with SparseGPT, with MMLU accuracy
increasing from 48.16% to 54.17% compared with
50.41% to 53.84%, and UnQover accuracy increas-
ing from 24.94% to 47.26% compared with 28.45%
t0 42.46%.

E Calibration Data Ablation Experiments

In this appendix, we provide additional details on
the calibration data used for model compression
and present calibration data ablation experiments.

Choice of Calibration Data The Debias-
SparseGPT objective defined in Eq. (2) requires
paired pro- and anti-stereotypical inputs to con-
struct the bias-aware Hessian in Eq. (4). We
therefore use minimal contrastive pairs from Stere-
oSet (Nadeem et al., 2021), which provide paired
stereotypical and anti-stereotypical sentences. This
choice is consistent with prior debiasing work that
uses StereoSet for evaluating or constructing de-
biasing interventions, including CDA, INLP, Sen-
tenceDebias, Self-Debias, and BiasEdit (Xu et al.,
2025; Meade et al., 2022). To study the effect of
calibration data, we perform two ablations: first, we
vary the number of added UltraChat examples, and
second, we compare category-specific StereoSet
calibration with full StereoSet and CrowS-Pairs cal-
ibration. In this appendix, we experiment with the
Qwen-2.5-7B model under the 2: 4 sparsity regime.

UltraChat Ablation We report evaluation results
for models compressed with UltraChat in Table 14.
We find that, under 2:4 semi-structured sparsity,
adding a moderate number of UltraChat examples
substantially improves the fairness-performance
trade-off. With four additional UltraChat examples,

the model compressed with Debias-SparseGPT
achieves better general and fairness performance
(51.28% MMLU and 32.60% UnQover accuracy)
compared to the StereoSet-only calibration setting.
Increasing the number of UltraChat examples to
256 yields the lowest perplexity (13.37) and highest
MMLU accuracy (54.17%) among the evaluated
calibration sizes, with an UnQover accuracy of
47.26% and DTO of 0.494. The 64-example set-
ting yields the highest average UnQover accuracy
(50.32%) and lowest DTO (0.486). Adding more
UltraChat examples does not further improve the
trade-off. With 1024 UltraChat examples, perplex-
ity increases slightly to 13.65, MMLU decreases to
51.89%, UnQover decreases to 48.04%, and DTO
increases to 0.501. Overall, these results suggest
that contextually rich calibration data could further
improve the performance of compressed models
under aggressive 2:4 sparsity.

StereoSet and CrowS-Pairs Calibration Abla-
tion Next, we analyze the performance of mod-
els compressed using category-specific subsets of
the StereoSet calibration data. For each group cat-
egory G € {gender, race, religion}, we construct
a calibration subset consisting of the correspond-
ing minimal contrastive pairs from StereoSet. We
report the category-specific calibration ablation re-
sults in Table 15. For these experiments, we use
Debias-SparseGPT under 2: 4 semi-structured spar-
sity and combine each calibration setting with the
same 256 UltraChat examples used in Table 14
to ensure a consistent comparison. We compare
gender-, race- and religion-specific StereoSet sub-
sets with the full StereoSet and full CrowS-Pairs
calibration sets. We find that, among the category-
specific StereoSet subsets, religion-specific calibra-
tion yields the highest average UnQover accuracy
and the lowest DTO. Models compressed using the
religion-specific subset achieve 56.96% MMLU,
52.50% average UnQover, and a DTO of 0.453,
compared with 56.89% MMLU, 36.20% average
UnQover, and a DTO of 0.544 when using the
gender-specific subset. Religion-specific calibra-
tion also yields the highest category-level UnQover
scores among the category-specific subsets.

We further find that calibration using CrowS-
Pairs results in lower performance than using the
full StereoSet calibration data, with higher per-
plexity (14.68 vs. 13.37), lower MMLU accuracy
(53.09% vs. 54.17%), lower average UnQover ac-
curacy (39.80% vs. 47.26%), and higher DTO



Calibration Data

PPL|, MMLU{ UnQovert DTO ]

SS + UltraChat (4) 16.56
SS + UltraChat (16) 16.22
SS + UltraChat (64) 15.28
SS + UltraChat (256)  13.37
SS + UltraChat (1024)  13.65

51.28 32.60 0.588
47.43 40.36 0.562
52.50 50.32 0.486
54.17 47.26 0.494
51.89 48.04 0.501

Table 14: Effect of UltraChat calibration size on the performance of Qwen-2.5-7B-Instruct compressed with
Debias-SparseGPT under 2:4 semi-structured sparsity. Each row corresponds to a different number of UltraChat
calibration examples (4, 16, 64, 256, 1024). We report WikiText-2 perplexity, zero-shot MMLU accuracy, UnQover

accuracy, and the resulting DTO score.

Calibration Data PPL| MMLU 1 UnQover 1 DTO |
Religion Nationality Race Gender Avg.

StereoSet (Gender) 13.56 56.89 34.50 22.30 3249 5549 36.20 0.544

StereoSet (Race) 13.95 57.42 45.30 25.70 38.61 55.15 4120 0.513

StereoSet (Religion)  13.64 56.96 57.68 40.74 53.03 58.53 52,50 0.453

CrowS-Pairs (All) 14.68 53.09 41.17 27.88 3792 5221 39.80 0.540

StereoSet (All) 13.37 54.17 44.05 39.96 45.61 5942 4726 0494

Table 15: Effect of category-specific calibration data on the performance of Qwen-2.5-7B-Instruct compressed
with Debias-SparseGPT under 2:4 semi-structured sparsity. We report results for models compressed using
calibration data composed of gender-, race-, and religion-specific StereoSet pairs, full StereoSet, and full CrowS-
Pairs benchmarks, combined with the same 256 UltraChat examples used in Table 14. We report WikiText-2
perplexity, zero-shot MMLU accuracy, UnQover category-level accuracies, the overall UnQover average, and the

resulting DTO score.

(0.540 vs. 0.494). Overall, full StereoSet calibra-
tion outperforms CrowS-Pairs across all reported
metrics, while religion-specific StereoSet calibra-
tion achieves the strongest fairness-performance
trade-off among the evaluated paired calibration
sets.

Taken together, the calibration data ablation ex-
periments show that the choice of paired calibra-
tion data affects the fairness-performance trade-
off. Among the category-specific StereoSet subsets,
religion-calibration achieves the highest average
UnQover accuracy and the lowest DTO, while full
StereoSet calibration yields the lowest perplexity
and outperforms CrowS-Pairs across all reported
metrics. We also observe that the number of Ul-
traChat examples affects compressed-model per-
formance. Among the evaluated calibration sizes,
256 UltraChat examples yield the lowest perplexity
and the highest MMLU accuracy, whereas 64 ex-
amples yield the highest UnQover accuracy and the
lowest DTO. The category-specific experiments
also provide evidence of cross-category transfer
on UnQover. Religion-specific calibration yields
higher average UnQover accuracy than full Stere-

oSet calibration, whereas gender- and race-specific
calibration yield lower average accuracy.

F Safety Evaluation

To complement our evaluation of representational
bias, we additionally assess whether Debias-
SparseGPT affects broader model safety. First, we
evaluate generations from compressed models con-
ditioned on inputs from the RealToxicityPrompts
benchmark (Gehman et al., 2020), following prior
work studying the impact of model compression
on toxicity and safety (Xu and Hu, 2022; Xu et al.,
2024; Hong et al., 2024). RealToxicityPrompts con-
tains human-written prompts designed to elicit po-
tentially toxic model continuations. We randomly
sample 1,200 prompts for evaluation and use the
benchmark implementation provided by the LM
Evaluation Harness framework.!? To evaluate the
generated continuations, we classify outputs us-
ing the LLaMA Guard 3-1B model (Inan et al.,
2023).14

Bgithub.com/EleutherAl/lm-evaluation-harness
“The Perspective API, used in the source implementation,
no longer accepts new usage requests.


https://github.com/EleutherAI/lm-evaluation-harness
https://www.perspectiveapi.com/

Model + Method RealToxicityPrompts | HarmBench |
Unsafe Rate Unsafe Rate
LLaMA-3.1-8B + SparseGPT 0.033 0.265
LLaMA-3.1-8B + Debias-SparseGPT 0.028 0.190
Vicuna-1.5-7B + SparseGPT 0.344 0.510
Vicuna-1.5-7B + Debias-SparseGPT 0.331 0.425
Qwen-2.5-7B + SparseGPT 0.035 0.055
Qwen-2.5-7B + Debias-SparseGPT 0.031 0.025

Table 16: Toxicity and safety evaluation of models compressed with SparseGPT and Debias-SparseGPT under 1:4
semi-structured sparsity. We report the proportion of generated responses classified as unsafe by LLaMA Guard
3-1B; lower values are better. Debias-SparseGPT consistently yields lower unsafe-response rates across all evaluated

model families and benchmarks.

Next, we evaluate model safety on Harm-
Bench (Mazeika et al., 2024), a standardized bench-
mark containing prompts related to cybercrime,
the production or use of chemical and biological
weapons or drugs, misinformation, harassment, ille-
gal activities, and other risks to human well-being.

For both benchmarks, we report the proportion
of generated responses classified as unsafe by the
Guard model; lower values are better. Generation
is performed using deterministic greedy decoding
with temperature set to zero. We compare the per-
formance of the models compressed using both
methods under the 1:4 semi-structured sparsity set-
ting.

We report the results in Table 16. We find
that Debias-SparseGPT achieves lower unsafe-
response rates than SparseGPT-compressed models
across all three model families on both RealToxici-
tyPrompts and HarmBench. The largest absolute
reduction is observed for Vicuna-1.5-7B on Harm-
Bench, where the unsafe-response rate decreases
from 0.510 to 0.425. For LLaMA-3.1-8B, the rate
decreases from 0.265 to 0.190, while Qwen-2.5-7B
exhibits the lowest HarmBench unsafe-response
rate overall, decreasing from 0.055 to 0.025.

These results suggest that incorporating the pro-
posed bias-aware objective during pruning does
not introduce an adverse safety trade-off and, in
the evaluated settings, is associated with improved
performance relative to SparseGPT baselines.

G Analysis of Learned Sparsity Patterns

To examine how the bias-aware Hessian affects
pruning decisions, we compare Qwen-2.5-7B-IT
models compressed with SparseGPT and Debias-
SparseGPT under 2:4 semi-structured sparsity.

Both models are compressed using the same cali-
bration data, consisting of full StereoSet and 256
examples from UltraChat. We analyze all seven
pruned matrices in each layer: q_proj, k_proj,
v_proj, and o_proj in the attention module, and
gate_proj, up_proj, and down_proj in the MLP
module.

For each final pruned matrix, we extract a bi-
nary mask in which a value of 1 denotes a pruned
weight. We then compute four measures: 1)
weight disagreement, the fraction of matrix posi-
tions where pruning decisions differ between the
two masks, where larger values indicate greater
mask divergence; 2) 2:4 pattern disagreement,
the fraction of consecutive four-weight groups for
which the two masks select different zero posi-
tions; 3) pruned-index Jaccard, the intersection-
over-union of the two sets of pruned indices,
where values closer to 1 indicate more similar
masks and values closer to 0 indicate less over-
lap; and 4) relative Frobenius difference, computed
as [WO — WO /WO, which measures
the relative difference between the final pruned
weight matrices. Together, these measures reflect
the differences in the final pruning masks between
models compressed with SparseGPT and Debias-
SparseGPT.

Table 17 reports the results for matrices with
the largest 2:4 pattern disagreement. We find
that among the 20 matrices with the largest 2:4
pattern disagreement, 16 correspond to attention
output projections, indicating that the effect of
the bias-aware Hessian is non-uniform across lay-
ers and modules and is concentrated primarily in
self_attn.o_proj.




Layer Module Weight 2:4 Pattern Pruned-index Relative Frobenius

Disagreement Disagreement Jaccard Difference
26 self_attn.o_proj 0.0975 0.1928 0.8223 0.3040
27 self_attn.o_proj 0.0909 0.1797 0.8333 0.3121
22 self_attn.o_proj 0.0831 0.1644 0.8465 0.2731
19  self_attn.o_proj 0.0829 0.1643 0.8468 0.2636
13 self_attn.o_proj 0.0824 0.1633 0.8477 0.2602
9 self_attn.o_proj 0.0817 0.1618 0.8489 0.2684
18 self_attn.o_proj 0.0812 0.1606 0.8499 0.2670
8 self_attn.o_proj 0.0802 0.1586 0.8515 0.2617
12 self_attn.o_proj 0.0791 0.1569 0.8534 0.2609
7 self_attn.o_proj 0.0792 0.1564 0.8533 0.2680
0 mlp.up_proj 0.0781 0.1543 0.8552 0.2911
21 self_attn.o_proj 0.0774 0.1534 0.8563 0.2490
16  self_attn.o_proj 0.0771 0.1529 0.8568 0.2543
23 self_attn.o_proj 0.0749 0.1486 0.8607 0.2485
0 mlp.gate_proj 0.0750 0.1484 0.8604 0.2785
14 mlp.down_proj 0.0746 0.1482 0.8612 0.2525
25 self_attn.o_proj 0.0742 0.1473 0.8618 0.2481
20 self_attn.o_proj 0.0738 0.1463 0.8625 0.2513
13 mlp.down_proj 0.0735 0.1461 0.8631 0.2515
1 self_attn.o_proj 0.0738 0.1457 0.8626 0.2662

Table 17: Matrices with the largest 2:4 pruning-pattern disagreement between SparseGPT and Debias-SparseGPT
for the Qwen-2.5-7B-1T model. Both models are compressed under 2:4 semi-structured sparsity using the same
StereoSet and UltraChat calibration data. Layer indices are zero-based and range from 0 (first layer) to 32 (last
layer). Larger disagreement values indicate stronger changes in pruning decisions induced by the bias-aware
Hessian, whereas larger pruned-index Jaccard values indicate greater mask overlap. Bold values indicate the largest
disagreement or relative-difference values and the smallest pruned-index Jaccard value.
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