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Abstract

Large Language Models (LLMs) hold significant potential
for enhancing healthcare applications, yet their deployment
is hindered by high computational and memory demands.
Model compression techniques offer solutions to reduce these
demands, but their impact on medical LLMs remains un-
derexplored. In this paper, we introduce CMedBench, the
first comprehensive benchmark for evaluating compressed
LLMs in medical contexts. CMedBench assesses five core di-
mensions: Medical Knowledge Ability, Medical Application
Ability, Trustworthiness Maintenance, Compression Cross
Combination, and Computational Efficiency. Through exten-
sive empirical studies, we analyze the trade-offs between
model efficiency and clinical performance across diverse
models, datasets, and compression strategies. Our findings
highlight critical limitations in current evaluation practices
and provide a robust framework for aligning compression
strategies with medical requirements. CMedBench serves as
a vital resource for researchers and practitioners, guiding the
development of efficient, trustworthy, and clinically effective
LLMs for healthcare applications.

Introduction
Large Language Models (LLMs) have rapidly advanced the
state of artificial intelligence(Achiam et al. 2023), showing
exceptional capabilities across various domains. In health-
care, they hold particular promise for enhancing diagnostic
accuracy and supporting clinical decision-making(Singhal
et al. 2025). However, deploying LLMs in healthcare is hin-
dered by their high computational and memory demands,
which often exceed the capabilities of resource-constrained
and privacy-sensitive clinical settings(Guo et al. 2024; Liu
et al. 2024a).

Model compression techniques notably training free al-
gorithms such as quantization and sparsification, have
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emerged as critical solutions to mitigate these medical-
context challenges by reducing the computational footprint
of LLMs(Guo, Ouyang, and Xu 2020; He et al. 2025; Lv
et al. 2024; J. Guo, W. Ouyang, and D. Xu 2020; Wang
et al. 2025b; Guo et al. 2020; Rang et al. 2025; Liu et al.
2024b). However, the impact of compression on LLMs’
medical knowledge, application, trustworthiness, and effi-
ciency remains underexplored across diverse healthcare sce-
narios(Wang et al. 2024). The primary challenges of evaluat-
ing compressed LLMs in real clinical medical contexts can
be divided into two folds:
Challenge-1: Fragmented Medical Context Evaluation:
Current evaluation for LLMs are fragmented, focusing on
isolated medical tasks without comprehensively address-
ing the diverse demands of medical applications (Jin et al.
2019), such as advanced reasoning and interdisciplinary
communication. These demands encompass a wide range of
capabilities, including foundational medical knowledge re-
call, advanced diagnostic reasoning for complex or rare con-
ditions, etc. Additionally, they inadequately assess trustwor-
thiness attributes like truthfulness, privacy, and robustness,
which are also critical for safe medical deployment(Wang
et al. 2021; Lin, Hilton, and Evans 2022). This dual gap risks
deploying unreliable or inconsistent models in real-world
healthcare scenarios.
Challenge-2: Vacancy of Compressed Medical LLM
Practical Evaluation: Model compression is essential for
deploying LLMs in medical applications, yet standardized
evaluation frameworks for assessing compressed LLMs re-
main undeveloped(Yang et al. 2024a; Guo, Xu, and Ouyang
2023). This gap impedes the identification of optimal
model-compression configurations, limiting performance-
efficiency trade-off in diverse medical contexts, including
clinical diagnosis, telemedicine, and real-time health mon-
itoring. This vacancy is critical in resource-constrained set-
tings like rural clinics, where models must balance efficiency
(e.g., low latency, minimal memory) with domain-specific
accuracy and privacy compliance(Guo, Liu, and Xu 2022;
Guo, Xu, and Lu 2023). A framework for practical, com-
parative evaluations is essential to guide effective model de-
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Figure 1: Overview of CMedBench, which benchmarks the performance of training free compression algorithms on a range of
comprehensive real medical tracks, including Medical knowledge, Application, Trustworthy, Scalability and Efficiency.

ployment.
In this work, we present CMedBench, the first compre-

hensive benchmark designed to systematically evaluate the
effects of compressed medical LLMs across five core dimen-
sions of medical contexts. Our contributions are threefold:
(1) we identify the critical limitations of current evaluation
practices for compressed LLMs in medical contexts and ar-
ticulate the unique challenges posed by healthcare LLM de-
ployment; (2) we introduce a robust benchmark that aligns
compression evaluation with interpretable criteria, empha-
sizing both model quality and deployment feasibility; and
(3) we conduct extensive empirical studies across 14 model
architectures, 31 datasets, and 11 training free compres-
sion settings in 5 critical domains, offering new insights
into the principle of trade-offs between model efficiency and
clinical readiness.

CMedBench encompasses the direction of efficient LLM
development and deployment for researchers and healthcare
practitioners. enabling the principled development and se-
lection of compression strategies that support the versatile,
trustworthy, and efficient adoption of LLMs in healthcare.

CMedBench: Tracks and Metrics
This section introduces CMedBench’s comprehensive
framework to evaluate compressed LLMs, focusing on per-
formance impact and efficiency gains.

Track 1: Medical Knowledge Ability
The exceptional capabilities of large language models
(LLMs) in medical tasks, such as consultation, diagnosis,
treatment planning, and patient education, fuel their growing
adoption in healthcare. Thus, preserving these capabilities is
essential for LLM deployment under resource-constrained

medical contexts. CMedBench firstly evaluates compression
performance across three fundamental dimensions:

General Medical Knowledge (GMK): Tasks requiring
the recall and application of foundational medical knowl-
edge, such as answering questions on anatomy, pharmacol-
ogy, or pathology. Advanced Medical Knowledge(AMK):
Tasks demanding professional expertise, evaluating the
medical knowledge that needs to be mastered in the prac-
tising physician examination.

Biomedical Literature Comprehension (BLC): Tasks
focused on extracting and synthesizing information from
complex medical texts, simulating evidence-based decision-
making in complicated scenarios.

These task dimensions ensure that CMedBench captures
the multifaceted demands of medical knowledges, where
compressed models must maintain performance across di-
verse subjects. Unlike existing benchmarks that often focus
on isolated tasks, CMedBench evaluates compression mod-
els holistically.

To quantitatively measure the performance of each com-
pression models, we define a Compression Performance
Score(CPS) that evaluates the relative performance of com-
pression models across all task dimensions. The score for
each task and the overall metric is computed as follows:

CPS =
1

NT

N,T∑
n,t

log2

(
1 +Pc

taskn,t
⊘Ptaskn,t

)
, (1)

where N is the number of model types, T is the tasks dimen-
sions. Ptaskn,t

is the performance (e.g., accuracy) vectors of
the n-th pretrained model on the t-th task, while Pc

taskn,j
is

the corresponding performance of the compressed model,
⊘ denotes the Hadamard division. To ensure a robust mea-
sure of performance, we apply an element-wise log2(1+ x)
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transformation to the performance ratios. This transforma-
tion effectively compresses larger ratio values and inher-
ently guarantees non-negative results, thereby preventing
extreme outliers from disproportionately skewing the over-
all score. This metric provides a comprehensive and inter-
pretable measure of compression performance, highlighting
how well a compressed model preserves the capabilities of
its pre-trained counterpart across diverse medical tasks.

Track 2: Medical Application Ability
Beyond preserving foundational medical knowledge, a crit-
ical measure of compressed LLMs’ performance is their
ability to flexibly integrate and apply acquired knowledge
effectively. CMedBench assesses compression performance
across three critical task dimensions, comprehensively cap-
turing the multifaceted demands of medical applications:

Allied Medical Explanation(AME) Tasks that demand
generating clear, concise, and accurate explanations of med-
ical concepts in multidisciplinary domains, such as biomed-
ical engineering, clinical psychology, or occupational ther-
apy. These tasks emulate patient education or interdisci-
plinary communication, ensuring accessibility and precision
in complex medical scenes.

Clinical Diagnostic Assistant(CDA): Tasks involving
the application of medical knowledge in clinical scenarios,
such as diagnosis, treatment planning, and patient manage-
ment. These tasks evaluate the model’s ability to support
clinicians in real-world healthcare settings.

Expert-level Understanding&Reasoning(EUR): Tasks
that require integrating medical experiences with complex
logical reasoning to solve realistic medical problems, such
as expert-level diagnostic reasoning and nuanced under-
standing of clinical cases.

These task dimensions, encompassing comprehensive
clinical diagnostic scenarios as well as critical medical treat-
ment processes, including the proficient use of medical
equipment and effective patient communication, ensure that
CMedBench thoroughly captures the multifaceted demands
of medical applications. This holistic approach evaluates
whether the compressed models remain capable of deliver-
ing precise, contextually appropriate, and clinically action-
able outputs, facilitating reliable deployment in real-world
healthcare settings. Following Track 1, Track 2 adopts the
CPS metric to evaluate the medical application capabilities
of LLMs across AME, CDA, and EUR tasks.

Track 3: Trustworthiness Maintenance
Deploying LLMs in medical settings demands rigorous
trustworthiness to ensure safe and reliable clinical outcomes.
Unlike less critical domains, errors in medical LLMs can
jeopardize patient care and decision-making. Thus, beyond
task-specific performance, our study evaluates the trustwor-
thiness of compressed LLMs across six key trustworthy
dimensions to guide effective and secure deployment in
healthcare.

Truthfulness: Truthfulness refers to the accuracy and fac-
tual correctness of the information generated by the LLM.
Ensuring outputs align with established medical knowledge

and clinical guidelines, and patient-specific data to prevent
harmful errors.

Safety: Overall safety encompasses minimizing the risk
of the LLM causing harm to patients, clinicians, or the
healthcare system. This is a broad category includes prevent-
ing the generation of dangerous advice, avoiding actions that
could lead to physical or psychological harm, and ensuring
models operate reliably within their intended scope of use.

Privacy: Given the highly sensitive nature of medical
data, privacy protection is critical. This involves ensuring
that LLMs handle patient information securely, comply with
relevant regulations (like HIPAA(Gostin, Levit, and Nass
2009)), and do not inadvertently reveal protected health in-
formation through their outputs.

Ethical: This concerns the alignment of the LLM’s be-
havior and decision-making processes with ethical prin-
ciples relevant to healthcare. Including aspects like not
promoting harmful practices, respecting patient autonomy,
maintaining professional boundaries, and ensuring account-
ability for the model’s actions or recommendations.

Robustness: Robustness refers to the LLM’s ability to
maintain performance when faced with variations, noise, or
adversarial attacks. In medical context, this is vital because
real-world clinical data can be messy, incomplete, or pre-
sented in unexpected ways. A non-robust model could fail
or produce unreliable outputs under such conditions.

Fairness: Fairness in medical LLMs means that the
model’s outputs and performance are not biased towards or
against any particular group of individuals based on sensitive
attributes such as race and sex. Unfair models could lead to
disparities in healthcare access, quality, or outcomes.

To provide a comprehensive evaluation across all rele-
vant aspects, we define the metric for each dimension of this
Trustworthiness track as:

TWY =
1

NT

N,T∑
n,t

exp
[
dsubn ·

(
Pc

subn,t
−Psubn,t

)]
. (2)

N is the number of model types and T is the index of trust-
worthy dimensions. Psubn,t

represents the reliability (e.g. ac-
curacy) of the original pretrained model on sub-task t, while
Pc

subn,t
is the corresponding performance of the compressed

model. Besides, we apply an element-wise exp(x) transfor-
mation to the performance ratios with task-specific exponent
dsubt to ensure non-negative metric values for smooth as-
sessment.

Track 4: Compression Cross Combination
Modern hospital environments feature diverse computa-
tional infrastructures and clinical demands, requiring varied
LLM architectures and scales (Singhal et al. 2023; Gilson
et al. 2023). Global disparities in healthcare resources fur-
ther amplify this heterogeneity, with resource-rich institu-
tions deploying advanced models and under-resourced ar-
eas relying on smaller systems. Effective compression algo-
rithms are thus essential to ensure performance, efficiency,
and clinical utility across diverse settings.

In this section, we evaluate compression strategies across
model scales and architectures, quantifying performance
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variability and degradation via the Cross Combination
Score (CCS), providing insights for selecting optimal
model–compression pairings in heterogeneous medical con-
texts:

CCS =
1

NM

N,M∑
n,m

log2

(
1 +Pc

setn,m
⊘Psetn

)
, (3)

where Psetn and Pc
setn,m

represents the accuracy of original
model and compressed models for the combination of m-
th compression algorithm and the n-th model type, respec-
tively. M and N denotes the total number of compression
algorithms and models, respectively.

Track 5: Computational Efficiency
A central motivation for compressing LLMs is to reduce the
substantial computational and storage demands associated
with their large-scale architectures, thereby improving de-
ployment efficiency.
Computational Resource Consumption: This is partic-
ularly critical in resource-constrained environments such
as isolated medical systems, where strict privacy regula-
tions and customization requirements often preclude the
use of external computational resources. Unlike professional
data centers, these systems typically have limited process-
ing power and memory, necessitating advanced compres-
sion techniques to enable efficient and secure local infer-
ence without compromising model performance. We eval-
uate computational efficiency across three key dimensions:

VRAM: The video random-access memory usage is an
essential metric for deployment on memory-limited hard-
ware, such as edge devices or local medical servers.

Bits: The number of model parameters, influencing stor-
age requirements and inference latency.
Inference Acceleration: The efficiency of medical LLMs
is another critical factor, especially in isolated medical set-
tings where real-time responsiveness is essential for appli-
cations such as clinical decision support, patient communi-
cation, and diagnostic assistance. To assess acceleration per-
formance, we consider three primary metrics:

Time to First Token (TTFT): The latency until the first
token is produced, a key indicator for interactive applica-
tions requiring fast initial feedback.

Average Completion Time (ACT): The total time to gen-
erate a complete response, important for use cases like med-
ical reporting where both speed and completeness matter.

Tokens Per Second (TPS): The model’s token generation
throughput, relevant for batch processing and high-volume
medical tasks such as automated triaging.

Building upon the aforementioned dimensions, we intro-
duce a unified metric—the Computational Efficiency Score
(CES)— to quantitatively assess the computational perfor-
mance of compressed LLMs under the multifaceted con-
straints of medical deployment scenarios.

CES =
1

NT

N,T∑
n,t

Pc
effn,t

⊘Peffn,t
(4)

Here, N denotes the number of model variants evaluated,
and T corresponds to the computational efficiency dimen-
sions discussed previously. Peffn,t and Pc

effn,t
represent the

performance of the original and compressed models, respec-
tively, on dimension t.

CMedBench Implementation Details
Implementation Framework
Owing to their ease of implementation and widespread
adoption, this study focuses on evaluating the efficacy
of training-free model compression techniques, specif-
ically post-training quantization/sparsity. To this end,
we investigate multiple compression strategies, including
weight-only quantization: (GPTQ(Frantar et al. 2023) and
AWQ(Lin et al. 2023)). and weight-activation quantization
SmoothQuant(Xiao et al. 2023). The unstructured sparsity
algorithm Wanda(Sun et al. 2023) is configured with spar-
sity ratios of 50% to investigate performance sensitivity to
sparsity levels. For training free structured sparsity, Short-
GPT(Men et al. 2024) is applied with pruning set to approx-
imately 25% layers for the highest compression ratio while
maintaining LLM’s performance. All hyperparameters ad-
here to the official configurations provided by the respective
compression methods to ensure fidelity to their original im-
plementations(Gong et al. 2024).

Evaluation Protocol
The evaluation protocol is structured across five distinct
tracks to comprehensively assess the capabilities of com-
pressed LLMs in medical contexts. For most tracks, we
adopt four LLMs for the evaluations: Meditron-7B(Chen
et al. 2024c), HuatuoGPT-o1-8B(Chen et al. 2024b),
LLaMA3-8B(Dubey et al. 2024), and Qwen2.5-7B(Yang
et al. 2024b), with the exception of track 4, to cover vari-
ous LLM structures and medical tuning methods.

We evaluate compressed LLMs across five tracks:
(1) Medical Knowledge uses MMLU-Health(Hendrycks
et al. 2021), MedQA(Jin et al. 2021), and PubMedQA(Jin
et al. 2019) to assess factual accuracy; (2) Medical
Application tests complex queries with MedexQA(Kim
et al. 2024), MedMCQA(Pal, Umapathi, and Sankarasubbu
2022), CareQA(Arias-Duart et al. 2025), MedBullets(Chen
et al. 2024a), Jmed(Wang et al. 2025a), and MedX-
pertQA(Zuo et al. 2025); (3) Trustworthiness examines
truthfulness, safety, privacy, ethics, robustness, and fairness
per the TrustLLM framework(Sun et al. 2024); (4) Com-
pression Cross Combination benchmarks LLaMA3(Dubey
et al. 2024), LLaMA3.1(Dubey et al. 2024), Qwen2.5(Yang
et al. 2024b), HuatuoGPT-o1(Chen et al. 2024b), and Med-
itron (7B–72B parameters)(Chen et al. 2024c) on MMLU-
Health(Hendrycks et al. 2021); and (5) Computational Ef-
ficiency measures inference performance on A800 using

Each method received over one hundred citations in one year,
and publicly available.

Owing to space constraints, we present selected representative
results herein; for a more detailed and comprehensive set of exper-
iment setting and results, please refer to the Supplementary.
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Method
Sparsity/

#Bits
Model GMK AMK BLC CPS

MMLUAN MMLUCK MMLUCB MMLUCM MMLUMG MMLUPM MedQA PubMedQA

Dense N/A

Meditron-7B 37.041.00 44.531.00 35.421.00 30.061.00 47.001.00 38.241.00 36.841.00 55.301.00

1.00HtGPTo1-8B 47.411.00 47.171.00 48.611.00 38.731.00 51.001.00 42.651.00 42.111.00 58.001.00
LLaMA3-8B 41.481.00 50.191.00 45.831.00 35.261.00 54.001.00 41.911.00 40.381.00 58.201.00
Qwen2.5-7B 48.891.00 50.571.00 46.531.00 43.931.00 56.001.00 48.531.00 39.911.00 52.001.00

AWQ 4

Meditron-7B 37.041.00 43.400.98 36.111.01 30.061.00 48.001.02 38.241.00 35.660.98 54.800.99

0.99HtGPTo1-8B 46.670.99 47.171.00 46.530.97 41.041.04 47.000.94 45.221.04 41.080.98 58.401.00
LLaMA3-8B 41.481.00 47.170.96 48.611.04 34.680.99 52.000.97 43.011.02 39.200.98 57.300.99
Qwen2.5-7B 45.190.94 49.060.98 45.830.99 42.770.98 53.000.96 45.960.96 38.880.98 53.601.02

GPTQ 4

Meditron-7B 39.261.04 44.911.01 37.501.04 32.951.07 45.000.97 37.500.99 36.210.99 55.001.00

0.97HtGPTo1-8B 41.480.91 46.420.99 43.750.93 36.990.97 44.000.90 40.070.96 39.280.95 58.201.00
LLaMA3-8B 37.780.93 46.040.94 43.750.97 32.370.94 48.000.92 40.440.97 36.450.93 56.200.97
Qwen2.5-7B 48.891.00 47.920.96 43.060.95 39.310.92 50.000.92 43.010.92 38.880.98 53.901.03

SMQU 4

Meditron-7B 28.890.83 40.000.92 30.560.90 28.320.96 36.000.82 31.990.88 30.400.87 47.200.89

0.80HtGPTo1-8B 28.890.69 33.580.78 22.920.56 26.590.75 34.000.74 28.680.74 24.740.67 47.200.86
LLaMA3-8B 30.370.79 32.080.71 34.030.80 22.540.71 33.000.69 25.740.69 27.570.75 52.400.93
Qwen2.5-7B 34.070.76 38.870.82 36.810.84 34.680.84 39.000.76 36.030.80 31.110.83 54.001.03

Wanda 50%

Meditron-7B 31.850.90 38.110.89 34.030.97 26.010.90 44.000.95 37.500.99 33.070.92 55.401.00

0.90HtGPTo1-8B 32.590.75 40.750.90 40.280.87 29.480.82 47.000.94 38.600.93 35.820.89 57.200.99
LLaMA3-8B 34.070.87 41.130.86 39.580.90 26.590.81 40.000.80 34.190.86 34.330.89 56.800.98
Qwen2.5-7B 40.740.87 46.040.93 45.140.98 36.990.88 45.000.85 41.540.89 35.350.92 55.401.05

ShortGPT 25%

Meditron-7B 26.670.78 29.060.72 31.250.91 27.170.93 34.000.79 20.590.62 27.730.81 55.201.00

0.74HtGPTo1-8B 27.410.66 30.190.71 26.390.63 23.700.69 31.000.69 26.840.70 25.840.69 55.300.97
LLaMA3-8B 25.930.70 28.300.65 28.470.70 25.430.78 35.000.72 23.900.65 27.890.76 55.500.97
Qwen2.5-7B 21.480.53 24.910.58 20.830.53 26.590.68 35.000.70 29.780.69 24.900.70 55.201.04

Table 1: Performance of Compressed Models on Medical Dimensions: General Medical Knowledge (GMK), Advanced Medical
Knowledge (AMK), and Biomedical Literature Comprehension (BLC). Accuracy is shown in black; Compression Performance
Score (CPS) in gray. Cell colors indicate CPS: blue (< 1, worse than original model), red (> 1, better than original model).

vLLM(Kwon et al. 2023) frameworks. This structured eval-
uation framework ensures a rigorous and comprehensive
analysis of compressed LLMs in medical contexts, address-
ing both performance and practical deployment considera-
tions.

Evaluation and Analysis
Track 1: Medical Knowledge Ability
Quantization configurations effectively preserve the
medical knowledge capabilities. Table 1 presents the per-
formance metrics for Track 1. The results demonstrate that
most quantization configurations nearly losslessly compress
LLMs across diverse model architectures, with the notable
exception of the 4-bit SmoothQuant method, which exhibits
suboptimal performance. In contrast, unstructural sparsity
technique: Wanda, generally underperform in this domain.
At a 50% pruning ratio, model performance declines notably
across all evaluated models. The structured pruning algo-
rithm, ShortGPT, exhibits particularly pronounced degrada-
tion. Across all four evaluated models, rendering these set-
tings unsuitable for medical applications.

Most medical knowledge dimensions exhibit similar
performance change. From the perspective of medical
knowledge preservation, the CPS of LLMs are greater than
0.8, indicating that most compression settings successfully
maintain the medical knowledge proficiency of LLMs. No-
tably, the CPS for BLC remains consistent in most settings,
underscoring its robustness relative to other evaluated tasks.
This suggests that BLC is less susceptible to performance

degradation under various compression settings.

Track 2: Medical Application Ability
Compression has a similar impact on medical ap-
plications as on medical knowledge. Table 2 eval-
uating the accuracy of compressed LLMs on medical
application-related datasets. Quantization methods mainly
maintain robust medical capabilities across models. The 4-
bit SmoothQuant setting consistently underperforms, espe-
cially for the LLaMA3-8B and HuatuoGPT-o1-8B mod-
els, with notable accuracy declines. Unstructured sparsity
Wanda shows stable performance at 50% pruning. The struc-
tured pruning algorithm ShortGPT similarly demonstrates
severe performance degradation.

The sensitivity varies among medical application abil-
ities Notably, the CPS of MedexQASP and MedXpertR re-
main consistent across various compressed models. suggest-
ing that these tasks are particularly resilient to compression-
induced degradation. This phenomenon shows the robust
metrics in deploying compressed LLMs, but they could not
individually reveal the gap between compression settings.
While the Jmed dataset appears to be most sensitive to spar-
sity, which results in a devastating decline in various sparsity
settings.

Track 3: Trustworthiness Maintenance
Truthfulness, Safety, and Ethics Mirror Performance
Trends As shown in Figure 2, Truthfulness, Safety, and
Ethics exhibit trends analogous to those observed in
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Method
Sparsity

/#Bits
Model AME CDA EUR CPS

MedexQABE MedexQACLS MedexQACP MedexQAOT MedexQASP MedMCQA CareQA MedBullets Jmed MedXpertR MedXpertU

Dense N/A

Meditron-7B 37.761.00 43.281.00 33.961.00 44.971.00 25.381.00 33.561.00 35.101.00 25.001.00 8.011.00 7.901.00 10.531.00

1.00HtGPTo1-8B 51.751.00 59.141.00 46.231.00 57.141.00 29.231.00 38.351.00 39.551.00 32.471.00 16.221.00 7.201.00 9.681.00
LLaMA3-8B 47.551.00 53.761.00 44.341.00 50.261.00 34.621.00 37.841.00 40.061.00 27.271.00 16.821.00 8.651.00 11.041.00
Qwen2.5-7B 44.061.00 55.381.00 44.341.00 52.911.00 25.381.00 36.031.00 39.531.00 29.221.00 15.921.00 7.851.00 11.211.00

AWQ 4

Meditron-7B 38.461.01 45.431.04 33.020.98 48.681.06 26.151.02 33.401.00 35.311.00 23.380.95 9.211.10 8.011.01 9.340.92

1.00HtGPTo1-8B 47.550.94 55.650.96 45.280.99 54.500.97 29.231.00 37.390.98 38.710.98 28.570.91 14.510.92 7.471.03 10.191.04
LLaMA3-8B 46.850.99 54.031.00 43.400.98 52.911.04 33.080.97 37.200.99 39.530.99 28.901.04 18.521.07 8.380.98 12.391.09
Qwen2.5-7B 44.061.00 55.111.00 47.171.05 52.911.00 25.381.00 35.670.99 38.360.98 26.950.94 17.121.05 8.011.01 11.040.99

GPTQ 4

Meditron-7B 39.861.04 46.511.05 34.911.02 47.091.03 24.620.98 33.541.00 35.011.00 23.700.96 10.011.17 7.680.98 10.701.01

0.99HtGPTo1-8B 46.850.93 53.760.93 43.400.96 52.380.94 27.690.96 35.330.94 37.610.96 27.920.90 17.221.04 8.171.09 10.021.03
LLaMA3-8B 42.660.92 50.270.95 44.341.00 47.090.95 33.080.97 35.600.96 37.380.95 25.320.95 20.521.15 8.601.00 10.020.93
Qwen2.5-7B 41.960.97 52.690.96 41.510.95 49.740.96 27.691.06 35.600.99 37.470.96 24.030.87 16.121.01 8.061.02 10.870.98

SMQU 4

Meditron-7B 36.360.97 35.750.87 29.250.90 38.100.89 27.691.06 29.480.91 30.400.90 20.130.85 9.511.13 7.901.00 8.830.88

0.88HtGPTo1-8B 32.870.71 33.060.64 31.130.74 33.860.67 26.920.94 26.370.75 26.920.75 20.780.71 15.420.96 8.441.12 10.361.05
LLaMA3-8B 32.870.76 32.260.68 29.250.73 37.570.81 33.850.98 29.050.82 28.520.78 20.780.82 14.710.91 8.010.95 9.510.90
Qwen2.5-7B 36.360.87 45.430.86 34.910.84 46.030.90 28.461.08 32.150.92 33.610.89 25.970.92 12.410.83 7.790.99 9.680.90

Wanda 50%

Meditron-7B 39.161.03 41.130.96 28.300.87 40.740.93 23.080.93 30.960.94 32.610.95 23.700.96 14.411.48 7.250.94 10.020.96

0.96HtGPTo1-8B 40.560.83 45.970.83 44.340.97 50.260.91 29.231.00 32.900.89 35.120.92 24.030.80 20.421.18 6.990.98 9.851.01
LLaMA3-8B 41.260.90 44.890.88 43.400.98 46.560.95 30.000.90 31.990.88 34.070.89 25.000.94 18.421.07 8.540.99 11.541.03
Qwen2.5-7B 41.260.95 49.730.92 38.680.90 49.210.95 30.001.13 33.160.94 36.110.94 24.030.87 18.021.09 7.790.99 11.040.99

ShortGPT 25%

Meditron-7B 33.570.92 37.900.91 26.420.83 34.390.82 30.001.13 27.320.86 28.610.86 20.450.86 12.111.33 6.660.88 6.280.67

0.77HtGPTo1-8B 27.970.62 31.720.62 26.420.65 30.160.61 26.920.94 26.420.76 28.860.79 17.530.62 5.910.45 6.770.96 6.790.77
LLaMA3-8B 28.670.68 36.560.75 29.250.73 40.740.86 27.690.85 27.350.78 30.310.81 16.880.70 6.010.44 7.150.87 7.300.73
Qwen2.5-7B 20.980.56 26.340.56 32.080.79 29.100.63 23.850.96 25.320.77 24.050.69 19.810.75 5.010.39 8.601.07 7.470.74

Table 2: Performance of Compressed Models on Medical Tasks: Allied Medical Explanation (AME), Clinical Diagnostic As-
sistant (CDA), and Expert-level Understanding & Reasoning (EUR).

Model Dense GPTQ AWQ SMQU WANDA ShortGPT CCS
4bit 8bit 4bit 8bit 4bit 8bit 25% 50% 75% 15% 25%

LLaMA3-8B 44.781.00 41.400.94 44.501.00 44.491.00 44.541.00 29.630.73 44.310.99 43.880.99 35.930.85 26.410.67 30.740.75 27.840.70 0.89
LLaMA3-70B 52.421.00 43.340.87 52.731.00 51.750.99 52.861.01 26.210.58 52.671.00 51.830.99 48.190.94 33.170.71 49.620.96 44.270.88 0.91

LLaMA3.1-8B 45.481.00 42.850.96 45.231.00 43.730.97 45.351.00 29.570.72 45.060.99 43.060.96 36.820.86 27.560.68 31.090.75 28.820.71 0.88
LLaMA3.1-70B 53.051.00 46.280.90 50.290.96 46.280.90 53.331.00 29.760.64 52.821.00 51.350.98 48.430.94 31.370.67 48.840.94 44.650.88 0.90

Qwen2.5-7B 49.081.00 45.370.94 49.121.00 46.970.97 49.261.00 36.580.80 48.700.99 48.230.99 42.580.90 25.710.61 28.440.66 26.430.62 0.87
Qwen2.5-14B 48.181.00 46.650.98 48.241.00 44.570.94 48.521.01 35.020.79 48.651.01 46.350.97 41.180.89 24.240.59 35.580.80 36.410.81 0.90
Qwen2.5-32B 49.731.00 46.860.96 49.230.99 48.510.98 49.771.00 41.280.87 49.581.00 49.320.99 47.760.97 30.500.69 43.410.91 36.430.79 0.93
Qwen2.5-72B 48.441.00 48.381.00 48.891.01 48.751.00 48.631.00 41.030.89 49.061.01 48.581.00 49.481.02 34.930.78 43.720.93 38.920.85 0.96

HuatuoGPT-o1-8B 45.931.00 42.120.94 45.711.00 45.600.99 45.801.00 29.110.71 45.210.99 47.781.03 38.120.87 25.820.64 32.390.77 27.590.68 0.89
HuatuoGPT-o1-70B 49.061.00 47.750.98 50.251.02 49.261.00 48.971.00 31.120.71 49.211.00 49.911.01 46.970.97 32.160.73 44.790.94 41.830.89 0.94
HuatuoGPT-o1-7B 50.251.00 46.860.95 50.701.01 45.840.94 50.431.00 35.420.77 49.660.99 49.520.99 43.140.89 26.230.61 25.160.59 24.840.58 0.86
HuatuoGPT-o1-72B 51.751.00 52.221.01 52.061.00 53.921.03 51.991.00 39.860.82 51.871.00 52.061.00 52.511.01 37.640.79 44.770.90 34.290.73 0.94

Meditron-7B 38.721.00 39.521.01 38.581.00 38.811.00 38.671.00 32.630.88 38.691.00 39.021.01 35.250.93 26.690.76 33.270.89 28.120.79 0.94
Meditron-70B 44.611.00 45.431.01 44.671.00 44.881.00 45.321.01 38.260.89 45.031.01 44.381.00 42.260.96 27.060.68 42.130.96 38.790.90 0.95

Average 1.00 0.96 1.00 0.98 1.00 0.77 1.00 0.99 0.93 0.69 0.84 0.77 0.91

Table 3: Medical Performance Across Compression Methods and Models

performance-related tracks. This suggests that compressed
models with sustained performance are likely to demonstrate
greater reliability in these trustworthiness domains.

Characteristics of Privacy, Robustness, and Fairness
In contrast to the aforementioned domains, the TWY scores
for Privacy remain stable, which only exhibits a tiny decreas-
ing trend across compressed models. Conversely, Robust-
ness exhibits moderate variability, whereas Fairness shows
a significant upward trend relative to origin models.

These unpredictable variations underscore the need for
systematic evaluation and benchmarking of compressed
models to ensure efficient, robust, and trustworthy deploy-
ment of medical LLMs.

Track 4: Compression Cross Combination

Table 3 presents the performance of various LLMs across
eleven compression settings. The results reveal consistent
performance trend across specific compression methods,
with performance degradation patterns aligning closely with
track1 and track2. But there are also some interesting trends
can be discovered in the experiments.

Resilience of Larger Models to ShortGPT. Larger mod-
els exhibit greater resilience to performance degradation un-
der the structural sparsity method ShortGPT. This trend is
consistent across model families, with larger models demon-
strating higher Compression Consistency Scores (CCS) un-
der ShortGPT compression. These findings suggest that
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Figure 2: Normalised Trustworthy Metrics(TWY) across 6 Di-
mensions. Each dimension reflects the TWY score of a dataset
group and metrics across 4 advanced LLMs (< 1, worse than
original model, > 1, better than original model).

Figure 3: Efficiency of training-free compressed mod-
els across five key LLM inference performance indica-
tors, including Resource Consumption&Inference Accel-
eration aspects (Arrows indicate increasing Efficiency.)

larger models possess greater layer redundancy, mitigating
the impact of sparsity-induced compression. This property
enhances the feasibility of deploying large-scale LLMs in
resource-constrained environments, such as medical appli-
cations, where efficiency is critical.

Architectural Sensitivity shown in HuatuoGPT-o1
Series. Models sharing similar architectural foundations
exhibit comparable sensitivity to compression, as ob-
served in the HuatuoGPT-o1 series. This series is di-
vided into two groups based on their base architectures:
HuatuoGPT Huatuo-o1-70B are derived from LLaMA3.1,
while HuatuoGPT-o1-7B and Huatuo-o1-72B are based on
Qwen2.5. Direct comparisons within each architecture re-
veal consistent performance degradation patterns. For exam-
ple, within LLaMA3.1 foundational group, LLaMA3.1-8B
and HuatuoGPT-o1-8B shares the same performance fluc-
tuation across compression settings, this phenomenon can
also be observed on its 70B version and the Qwen2.5 based
group. These results indicate that the impact of compression
is strongly tied to the underlying model architecture, provid-
ing a predictive framework for assessing LLM performance
in medical contexts where model reliability is paramount.

Track 5: Computational Efficiency
Quantization delivers significant computational effi-
ciency enhancement. Fig 3 illustrates that quantization
methods achieve lower resource consumption and faster in-
ference across multiple dimensions. This phenomenon is es-
pecially evident in reducing memory consumption and im-
proving overall token generation rate. These findings under-
score quantization as a highly effective approach for deploy-

ing LLMs in resource-constrained medical settings.
Constraints of Unstructural Sparsity As depicted in

Fig 3, unstructured sparsity method Wanda exhibits effi-
ciency similar to dense models under vLLM acceleration.
This is primarily due to inadequate hardware backend sup-
port for sparsity operators, as most frameworks prioritize
quantization and structural sparsity. Developing robust sup-
port for sparsity operators is critical to advancing practical
and efficient compression algorithms.

Discussion
Evaluation of CMedBench reveals that weight-only quan-
tized LLMs deliver robust medical performance, high trust-
worthiness, and significant acceleration. making them well-
suited for medical applications. Given this trend, we rec-
ommend adopting lower-bit settings, such as 4-bit quanti-
zation, to achieve acceleration while maintaining acceptable
performance to acquire better efficiency in real-time diag-
nosis assistance. In contrast, weight-activation quantization
struggles at low-bit setting, indicating challenges in loss-
less activation compression to further boost LLM efficiency.
While unstructured sparsity maintains performance but re-
quires specialized operators for acceleration, which high-
lights the limitation of unstructured sparsification’s employ-
ment in medical LLMs. Structured sparsity achieves accel-
eration but often sacrifices medical performance, while this
limitation is significantly mitigated as the scale of LLMs
increases, indicating its potential for boosting large-scale
LLM applications with in medical context. Addressing these
challenges is crucial for advancing compression techniques
to support healthcare applications effectively.
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Conclusion
In this work, we introduced the Compressed Medical LLM
Benchmark (CMedBench), a systematic framework de-
signed to evaluate the impact of compression on the perfor-
mance and efficiency of LLMs across a range of medical-
context tasks. Through extensive experimentation, we eval-
uated healthcare-related capabilities across a diverse set of
training free compressing algorithms, analyzing the impact
of compression techniques on performance. Our findings of-
fer valuable insights into the trade-offs between model effi-
ciency and performance, establishing CMedBench serving
as a critical resource to guide the development and deploy-
ment of compressed LLMs in medical domains. A limitation
of CMedBench is its focus on several representative training
free LLM compression techniques, which may not fully cap-
ture the diversity of approaches in this rapidly evolving field.

By providing a robust and transparent evaluation plat-
form, we seek to support the responsible development of ef-
ficient, high-performing LLMs in medical applications.
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