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Abstract

Large Reasoning Models (LRMs) achieve
strong performance on complex tasks through
extended chain-of-thought generation, but in-
cur substantial computational costs during in-
ference. In production settings, batched infer-
ence is essential for high throughput, yet exist-
ing adaptive pruning methods face performance
limitations: First, they rely on averaging activa-
tions across samples to determine shared prun-
ing masks, which may miss critically activated
neurons for some individual samples. Second,
after the averaging, they adopt threshold-based
selection for pruning neurons, causing sparsity
ratio instability. In this work, we propose a
training-free adaptive pruning method designed
specifically for batched inference in LRMs.
Our method adopts max-pooling activations for
cross-sample aggregation to better capture the
sample-specific important neurons. To stabilize
the activation sparsity ratio, our method adopts
periodic top-k selection over the aggregated
neurons instead of threshold-based selection.
Futhremore, based on the observation that im-
portant neurons tend to be repeatedly activated,
we incorporate an activation memory mecha-
nism to capture periodically important neurons.
Experiments on diverse reasoning benchmarks
demonstrate that our method achieves a 39.7%
improvement over the previous state-of-the-art
adaptive pruning method at batch size 4 with
50% sparsity, along with 1.32x speedup over
dense inference at batch size 1 and 1.14x at
batch size 4, which is comparable to existing
pruning methods, demonstrating practical effi-
ciency gains for deployment. !

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across a wide range of
tasks (Grattafiori et al., 2024; Yang et al., 2024;

'Our code is available at: https://anonymous. 4open.
science/r/reasoning_eval-F880
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Figure 1: Comparison of existing adaptive pruning meth-
ods and our proposed approach for batched inference
on reasoning tasks. (Top) Existing adaptive pruning
methods (Liu et al., 2025) average activation Z across
samples to enable batched inference, but this causes
performance degradation on reasoning tasks. (Middle)
Replacing averaging with max aggregation and top-k se-
lection improves reasoning task performance, but com-
puting top-k at every token incurs computational over-
head, resulting in slow inference speed. (Bottom) Our
method periodically updates the pruning mask using
max aggregation with top-k selection, achieving strong
performance on reasoning tasks in batched inference
while maintaining computational efficiency.

Team, 2023), yet they come with substantial com-
putational costs. In particular, recent advances in
reasoning capabilities have led to the emergence
of Large Reasoning Models (LRMs) (DeepSeek-
Al 2025; OpenAl, 2024), which employ extended
chain-of-thought processes to solve complex prob-
lems. While effective, these models generate sub-
stantially longer outputs, further exacerbating com-
putational costs during inference. With billions
of parameters, modern LLMs (Grattafiori et al.,
2024; Yang et al., 2024) incur substantial compu-
tational and memory costs, making deployment
particularly difficult in resource-constrained envi-
ronments (Gholami et al., 2024).

These computational bottlenecks become partic-
ularly critical in production settings, where serving
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Table 1: Comparison of pruning methods across inference settings. Static pruning (Sun et al., 2024; Frantar and
Alistarh, 2023) fails on reasoning tasks due to fixed patterns. Existing adaptive methods (Lee et al., 2024; Liu et al.,
2025) degrade with batched inference. Our method achieves consistent performance across all settings (*). See
Figure 1 for detailed comparison with the existing adaptive pruning and our method.
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multiple requests simultaneously through batched
inference is essential for achieving high through-
put. For instance, modern inference frameworks
such as vVLLM (Kwon et al., 2023) employ con-
tinuous batching to efficiently handle concurrent
requests, dynamically adding new requests to on-
going batches without waiting for previous genera-
tions to complete. To further minimize such request
latency, we need a more lightweight models that
can run on batched inference settings.

A promising approach to reduce inference cost
is pruning. Existing pruning methods can be cat-
egorized as either static or adaptive. Static meth-
ods (Dong et al., 2024) determine pruning pat-
terns once during the prompt phase; however, we
observe that this fixed approach degrades perfor-
mance on reasoning tasks where activation patterns
evolve during chain-of-thought generation. Adap-
tive methods (Liu et al., 2025; Lee et al., 2024) ad-
dress this by dynamically selecting neurons at each
step based on activation magnitudes, achieving
strong performance on complex reasoning tasks.

However, existing adaptive pruning methods
such as CATS (Lee et al., 2024) and TEAL (Liu
et al., 2025) face a fundamental limitation in
batched inference scenarios. On GPUs, batched
inference requires a single shared pruning mask
across all samples in a batch. TEAL addresses
this by averaging activations across samples to de-
termine a common pruning pattern. While this
averaging approach can identify neurons that are
consistently activated across all samples, it misses
important neurons that are occasionally but criti-
cally activated for individual samples. While this
approach may work adequately for short question-
answering tasks where information can be com-
pressed, it causes significant performance degra-
dation in generation tasks that require preserving
sample-specific information under batched infer-
ence settings, particularly in reasoning tasks. Ad-

ditionally, after the averaging procedure, these ex-
isting methods rely on threshold-based selection
rather than top-k selection for pruning, which may
cause performance instability because of the fluctu-
ation of the actual sparsity ratio at inference.

In this work, we propose a training-free adap-
tive pruning method for LRMs that enable efficient
batched inference while maintaining strong per-
formance on reasoning tasks. The novelty of our
method is as follows: (i) For cross-sample aggre-
gation, our method adopts max-pooling activations
rather than averaging, enabling more effective iden-
tification of neurons that are critically activated
for individual samples. (ii) To stabilize the ac-
tivation sparsity ratio, our method adopts top-k
selection over the aggregated neurons instead of
threshold-based selection. We introduce periodic
mask updates instead of per-token updates, reduc-
ing the computational overhead of top-k selection
while maintaining consistent sparsity. (iii) Based
on the observation that important neurons tend to
be repeatedly activated (Figure 3), we introduce
an activation memory mechanism to better capture
periodically important neurons.

Through extensive experiments on various rea-
soning tasks, we demonstrate that our method is
able to maintain good performance in batched set-
tings, while existing adaptive pruning methods suf-
fer significant performance degradation. Specif-
ically, our approach achieves a 39.7 percentage
point improvement over the previous state-of-the-
art adaptive pruning method at batch size 4 with
50% sparsity using DeepSeek-R1-Distill-Qwen-
7B. Additionally, our approach achieves 1.32x
speedup over dense inference at a single batch infer-
ence and 1.14 x speedup at batch size 4, which is
comparable to the existing pruning method, demon-
strating practical efficiency gains for deployment.
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(b) Method overview

Figure 2: Overview of our batch-wise adaptive pruning approach. (a) We extend the prior importance scoring
method (Dong et al., 2024) to support batched inference and periodic pruning. Importance scores are computed
by the batch-wise scoring function MS(-) through normalization along the activation dimension followed by norm
aggregation along the token dimension. For batched inference, we aggregate importance scores s’ across the batch
dimension using element-wise maximum, enabling the shared pruning mask to capture important neurons from
each sample. (b) The method operates in three phases: input phase computes initial importance score sg, dense
exploration phase updates the importance memory m via element-wise maximum, and periodic adaptive phase

alternates between pruning and exploration. This design minimizes pruning switch overhead by maintaining stable

pruning patterns, while periodic memory updates enable continuous retention of important neurons.

2 Related Work

Pruning methods for large language models can
be categorized along several dimensions: granu-
larity, input dependency, and adaptivity. Table 1
summarizes the key differences between existing
pruning approaches and our proposed method in
various settings. In contrast to existing approaches
that struggle to maintain performance in batched
settings or on reasoning tasks, our method is specif-
ically designed to preserve accuracy while enabling
efficient batched inference for LRMs.

Pruning Granularity. Pruning reduces model
size by removing redundant parameters while pre-
serving performance. Methods can be catego-
rized by granularity: unstructured pruning re-
moves individual weights, achieving high spar-
sity with minimal accuracy loss but requiring spe-
cialized hardware or software for acceleration.
SparseGPT (Frantar and Alistarh, 2023) performs
one-shot weight update during pruning, while
Wanda (Sun et al., 2024) is training-free. For struc-
tured pruning, LLM-Pruner (Ma et al., 2023) and
Sheared-LLaMA (Xia et al., 2024) require post-

training to recover performance. Semi-structured
pruning (e.g., N:M sparsity) offers a middle ground
but requires specialized CUDA kernels and is lim-
ited to specific GPU architectures that support such
sparsity patterns (Frantar and Alistarh, 2023; Sun
etal., 2024). Our proposed method belongs to struc-
tured pruning and does not require specific GPU
architectures, as it operates through standard matrix
operations without specialized sparse computation
kernels.

Input-Independent vs. Input-Dependent Prun-
ing. Pruning methods can also be categorized
based on whether the pruning pattern depends on
input activations. Input-independent methods per-
form pruning before inference using calibration
data, and this pattern remains fixed regardless of the
input (Sun et al., 2024; Ashkboos et al., 2024; Kim
et al., 2024; Frantar and Alistarh, 2023). While
these approaches benefit from batch compatibility,
they exhibit strong dependency on the calibration
dataset, and cannot exploit the observation that dif-
ferent inputs activate different subsets of neurons.
In contrast, input-dependent methods dynamically
select which neurons to prune based on the acti-



vation distribution during inference (Dong et al.,
2024; Liu et al., 2025; Lee et al., 2024). Although
some input-dependent methods also utilize cali-
bration data, their dependency on the calibration
dataset is generally lower than input-independent
approaches. However, input-dependent pruning in-
troduces challenges for efficient batched inference,
as different samples may require different prun-
ing patterns. In contrast to prior input-dependent
methods that suffer from performance degradation
in batched settings, our approach can extend input-
dependent pruning to batched inference while main-
taining performance on reasoning tasks.

Static vs. Adaptive Pruning. The existing prun-
ing methods can be further categorized based on
whether the pruning mask is dynamically updated
during decoding. Input-independent methods are
inherently static pruning, as the pruning pattern
is fixed during inference. Within input-dependent
methods, static pruning determines a fixed spar-
sity pattern during the prompt phase and reuses it
throughout generation (Dong et al., 2024), while
adaptive pruning dynamically updates the pruning
mask at each decoding step (Lee et al., 2024; Liu
et al., 2025). Static pruning cannot adapt to evolv-
ing activation patterns during generation, leading
to performance degradation on reasoning models
that produce long outputs. However, existing adap-
tive pruning methods rely on threshold-based se-
lection rather than top-k selection, because com-
puting top-k at every token incurs prohibitive com-
putational overhead. When aggregating pruning
patterns across batches, this threshold-based ap-
proach causes the activation distribution to differ
from the single-sample setting, leading to perfor-
mance degradation. In contrast, our method uses
top-k selection, which remains unaffected by dis-
tribution shifts after batch aggregation. By peri-
odically switching pruning patterns, our approach
maintains consistent sparsity ratios while captur-
ing important neurons from each sample, preserv-
ing performance in batched inference. Notably,
our method is training-free, computing importance
scores entirely from activations during inference.

3 Method

In this section, we present our batch-wise adaptive
pruning approach for efficient LLM inference. Our
method is training-free, requiring no fine-tuning;
instead, importance scores are computed entirely
from activations during inference. We first intro-
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Figure 3: Activation visualization of Z along the to-
ken dimension in an FFN layer of DeepSeek-R1-Distill-
Qwen-1.5B. Neurons with high magnitude exhibit pe-
riodic patterns. Based on this observation, our method
adopts periodic mask updates rather than updating prun-
ing positions at every token.

duce the preliminaries on gated MLP structures,
then describe our batch-wise importance scoring
mechanism, and finally detail our three-phase prun-
ing algorithm.

3.1 Preliminaries

Modern transformer architectures employ
gated MLP structures in their feedforward
blocks (Grattafiori et al., 2024; Yang et al.,
2024). Given a sequence of input hidden states
X € RT*P where T is the number of tokens, each
hidden state x € R is processed by the gated
MLP:

Z=0(Wyx)©® (Wix) (1)

where o denotes the SiLU activation function and
© signifies element-wise multiplication. For all
weight matrices, W1, W, € RP#¥*D and W, €
RP*Dre where typically Dpg > D. We refer to
Z = FF;(x) € RV as the FF activations, and the
output is computed as FFy(Z) = Wy Z.

3.2 Batch-wise Importance Neuron Scoring

We define an importance score s € RPFF as a mea-
sure of how critical each neuron in the FF layer
is for the current task. Following prior work on
activation-based pruning (Dong et al., 2024), we
compute importance scores by aggregating normal-
ized activation magnitudes across tokens.

For a sequence of T tokens, let Z = FF(X) €
RT*Dre denote the FF activations for the full
sequence. We first compute the relative activa-
tions Z by applying row-wise f» normalization:
[Z]; = [Z]¢/||[Z]:]|2 for each token ¢. This normal-
ization ensures that we capture the relative impor-



tance of each neuron within a token, rather than
being dominated by tokens with large overall ac-
tivation magnitudes. As described in Section 3.3,
our method operates in three distinct phases, and
we compute importance scores at each phase sep-
arately. The importance score at each phase n is
then computed by taking the column-wise £2-norm:

1

VT

NZ). peell]

2)

s, = MS(Z) [IZ]. 112, - -

where n denotes the phase index, and MS(-) de-
notes the batch-wise scoring function. Intuitively,
neurons with consistently high relative activations
across multiple tokens receive higher importance
scores, capturing the “persistently important” neu-
rons that contribute meaningfully to the model’s
computation. Unlike prior work (Dong et al., 2024)
that computes importance scores over the entire
sequence in a single pass, our method computes im-
portance scores at each phase separately. Since dif-
ferent phases may have varying numbers of tokens,
we normalize by v/T (the square root of the num-
ber of tokens) to eliminate length bias, enabling fair
comparison of importance scores across phases.

Batch Aggregation. For batched inference with
B samples, we aggregate importance scores across
the batch, excluding padding tokens and EOS to-
kens from the aggregation. For a single sample
(B=1), we directly use s,,. For multiple samples
(B > 1), we aggregate using element-wise maxi-
mum:

S, = max sﬁf’) 3)
be{l,...,B}

b .
where sgl) denotes the importance score for sam-

ple b at phase n. We then construct a pruning
mask M € {0,1}7, a binary vector indicat-
ing which neurons to prune. Specifically, we se-
lect the top-k neurons with the highest importance
scores, that ensures consistent sparsity regardless
of the aggregated activation distribution, where
k = [(1 —p)-Dpr| and p € (0,1) is the tar-
get sparsity ratio. The shared pruning mask is then
applied uniformly across all samples in the batch.
This aggregation method ensures that neurons im-
portant to any sample are retained, while the top-k
selection maintains the target sparsity ratio regard-
less of the aggregated distribution.

3.3 Batch-wise Adaptive Pruning Algorithm

Our batch-wise adaptive approach operates in three
distinct phases during autoregressive generation, as
illustrated in Figure 2. The key insight is that we
balance computational efficiency with adaptivity by
alternating between sparse computation and dense
exploration phases.

Phase 1: Input Phase. During the initial prompt
processing with Ti,py input tokens, we compute the
FF activations Z; for each tokent =1, ..., Tisput.
Using these activations, we compute the initial
importance score sg using the batch-wise scoring
function (Equation 2).

Phase 2: Dense Exploration Phase. After the
prompt, we perform Tj,; steps of dense compu-
tation. This dense exploration phase serves two
purposes: (1) it allows the model to generate initial
tokens using full capacity, which is particularly im-
portant for establishing the direction of reasoning,
and (2) it enables us to collect activation statis-
tics that better reflect the generation context rather
than just the input. At the end of this phase, we
compute a new importance score s; from the col-
lected activations and update our importance mem-
ory m € RPFF using an element-wise maximum:
m; < max(sp,s;). The importance memory m
serves as a buffer that accumulates neuron impor-
tance information across phases, ensuring that neu-
rons identified as important in earlier phases remain
candidates for selection while incorporating new
information from subsequent phases. We then gen-
erate the initial pruning mask M; = top-k(mj, k)
and immediately begin sparse computation in the
next phase.

Phase 3: Periodic Adaptive Pruning Phase. As
shown in Figure 3, neurons with high activation
magnitudes exhibit periodic patterns during autore-
gressive generation. Based on this observation, we
periodically update the pruning mask to adapt to
these evolving activation patterns, enabling effec-
tive performance even for reasoning tasks with long
output sequences.

After the initial dense exploration, we alternate
between cycles of sparse and dense computation.
Each cycle n consists of two stages: (1) prun-
ing, where we perform T}, steps of sparse forward
passes using the current pruning mask, and (2) ex-
ploration, where we perform T, steps of dense
computation while collecting activations to update
the importance scores. At the end of each explo-



Table 2: Pruning performance comparison at 50% target sparsity with batch size 4. Our method significantly outper-
forms all pruning baselines (Wanda, Griffin, TEAL) across multiple reasoning benchmarks (GSM8K, MATHS500,
MINERVA, AMC23, GPQA-DIAMOND) on both DeepSeek-R1-Distill-Qwen-7B and DeepSeek-R1-Distill-Llama-
8B models. Wanda applies 2:4 structured sparsity. Bold values indicate the highest performance among all pruning

methods.

‘ Method ‘

Tasks ‘ AVG

Model
‘ GSMSK MATH500 MINERVA AMC23 GPQA-DIAMOND ‘
Dense 92.0 91.8 39.7 87.5 52.5 72.7
DeepSeek- | Wanda 59.0 244 7.4 12.5 15.7 23.8
RI-Distill- | Griffin 22.0 14.8 11.0 10.0 15.2 14.6
Qwen-7B | TEAL 30.0 11.2 4.8 10.0 15.7 14.3
Ours 89.0 71.0 294 50.0 30.8 54.0
Dense 96.0 91.0 33.8 90.0 45.5 71.3
DeepSeek- | Wanda 9.0 4.8 0.7 5.0 7.1 5.3
RI-Distill- | Griffin 16.0 11.8 4.8 2.5 16.7 10.4
Llama-8B | TEAL 28.0 54 2.2 0.0 16.2 10.4
Ours 75.0 38.8 12.1 25.0 21.7 34.5

ration stage, we update the importance memory
using the maximum of the current score and the
previous memory: m,, < max(m,_1,s,), and
generate a new pruning mask M,, = top-k(my,,, k).
This update rule accumulates importance informa-
tion across multiple cycles, ensuring that persis-
tently important neurons are retained while allow-
ing the mask to adapt to evolving activation pat-
terns. Specifically, the pruning mask is updated
every Tians = T + 1T}, steps, alternating between
sparse pruning and dense exploration phases.

During the pruning stage, we leverage the prun-
ing mask to reduce computational costs. Given
a mask M, we define the set of retained neu-
ron indices as Z = {i : MJ[i| = 0}, where
|Z| = (1 — p) - Dggp. The pruned weight matri-
ces are obtained by selecting the corresponding
rows: Wy, W € R¥*P and Wy € RP**. The
sparse forward pass then computes:

Z=0(W,x)®(Wix), y=WZ 4

where Z € RF. This structured pruning ap-
proach enables efficient matrix operations on mod-
ern GPUs, as the reduced dimensions lead to pro-
portionally smaller matrix multiplications.

4 Experiment

4.1 Models and Datasets

We evaluate our proposed batch-wise adaptive prun-
ing method on two reasoning models: DeepSeek-
R1-Distill-Llama-8B and DeepSeek-R1-Distill-
Qwen-7B (DeepSeek-Al, 2025).

We evaluate on diverse reasoning benchmarks
using the prior work evaluation framework (Yue

et al., 2025). For mathematical reasoning, we use
TinyGSMSK (Cobbe et al., 2021; Polo et al., 2024),
a 100-sample subset of GSM8K (grade school
math word problems) selected to reduce compu-
tational costs while maintaining evaluation reli-
ability. We also include MATHS500 (Hendrycks
et al., 2021) for competition-level mathematics,
MINERVA Math (Lewkowycz et al., 2022) for sci-
entific reasoning, and AMC23 (Hendrycks et al.,
2021) from the 2023 American Mathematics Com-
petition. For general reasoning, we use GPQA-
DIAMOND (Rein et al., 2024), a graduate-level
science QA benchmark, following Open R1 (Hug-
ging Face, 2025) evaluation settings.

4.2 Baselines

Because our proposed method is training-free, we
compare against training-free pruning methods.
Wanda (Sun et al., 2024) is an input-independent
method that applies 2:4 structured sparsity after
calibrating on the C4 dataset with sequences of
2048 tokens. Griffin (Dong et al., 2024) employs
input-dependent but static pruning, capturing im-
portant neurons from activations during the prompt
phase and using the determined pruned weights
throughout decoding. TEAL (Liu et al., 2025) is an
adaptive pruning method that uses threshold-based
selection, calibrating on C4 to extract activation
thresholds and pruning weights with activations
below the threshold during inference while apply-
ing uniform sparsity across all layers. For batched
evaluation, following the original approach (Liu
et al., 2025), we aggregate activations across sam-
ples within a batch using mean, excluding padding
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Figure 4: Average accuracy across five reasoning tasks
(GSMS8K, MATH500, MINERVA, AMC23, GPQA-
DIAMOND) with varying batch sizes at 50% target
sparsity.

tokens and EOS tokens from the aggregation, then
apply the single-sample algorithm, resulting in all
samples sharing the same pruned weights. Since
Dense and Wanda performances are batch-size in-
dependent, we report their results using batch size
8 for all experiments.

4.3 Results

Our method outperforms baselines in batched
settings. Table 2 presents the performance com-
parison at 50% target sparsity with batch size 4.
Our proposed method significantly outperforms
all baseline approaches across multiple reasoning
benchmarks on both DeepSeek-R1-Distill-Qwen-
7B and DeepSeek-R1-Distill-Llama-8B models.
On the Qwen-7B model, our method achieves an
average accuracy of 54.0% across the five tasks,
compared to TEAL’s 14.3%, representing a 39.7
percentage point improvement. Similarly, on the
Llama-8B model, our approach attains 34.5% av-
erage accuracy versus TEAL’s 10.4%, a 24.1 per-
centage point improvement. Static pruning meth-
ods such as Wanda and Griffin exhibit poor perfor-
mance on reasoning tasks, as they cannot adapt
to the evolving activation patterns during long
chain-of-thought generation. Griffin achieves only
14.6% and 10.4% average accuracy on Qwen-7B
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Figure 5: Accuracy on MATHS500 across different target
sparsity ratios with batch size 4. Target sparsity refers to
the intended pruning ratio, a hyperparameter set before
inference, while actual sparsity indicates the proportion
of neurons that were actually pruned.

and Llama-8B respectively, while Wanda obtains
23.8% and 5.3%. Although TEAL employs adap-
tive threshold-based pruning, its performance de-
grades significantly in batched settings due to dis-
tribution shifts when aggregating activations across
multiple samples.

Our method maintains consistent performance
across all batch sizes. Figure 4 illustrates how
average accuracy across the five reasoning tasks
varies with batch size at 50% target sparsity. TEAL
demonstrates high performance at batch size 1 but
experiences substantial degradation as the batch
size increases. This performance drop stems from
the distribution shift introduced by sample-wise ac-
tivation aggregation: as batch size grows, the aggre-
gated activation patterns during batched inference
diverge from the single-sample calibration settings
used during threshold extraction. In contrast, our
proposed method maintains robust and consistent
performance across all batch sizes, demonstrating
its practical advantage for batched deployment sce-
narios where batching is essential for throughput
optimization. Detailed numerical results across all
batch sizes are provided in Table 4 in Appendix.
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Figure 6: Relative generation throughput speedup on
DeepSeek-R1-Distill-Qwen-7B across batch sizes com-
pared to the dense baseline.

Our method maintains strong performance up
to high sparsity levels. Figure 5 shows perfor-
mance on MATHS500 across different target sparsity
levels with batch size 4. Notably, TEAL exhibits
a significant discrepancy between target and ac-
tual sparsity: at 20% target sparsity, it achieves
only 12.07% actual sparsity, while at 60% target,
it overshoots to 65.10% actual sparsity. This un-
predictable sparsity control leads to performance
collapse at higher target sparsity levels, dropping to
11.2% accuracy at 50% target sparsity and 2.4% at
60%. In contrast, our method maintains actual spar-
sity closely aligned with the target (17.8%, 35.7%,
44.7%, and 53.8% for 20%, 40%, 50%, and 60%
targets respectively), enabling stable performance
across all sparsity levels with 71.0% accuracy at
50% and 51.6% at 60% target sparsity.

Our method achieves practical speedup in
batched scenarios. We evaluate end-to-end de-
coding speed on an NVIDIA H200 GPU follow-
ing the GPT-Fast (PyTorch, 2024) benchmarking
setup. Both TEAL and our method employ custom
Triton kernels; implementation details are avail-
able in our code repository. Figure 6 illustrates
the generation throughput speedup across differ-
ent batch sizes at 50% target sparsity. At batch
size 1, our method achieves 1.32x speedup over
the dense baseline. As batch size increases and the
workload becomes more computation-bound, our
method maintains comparable speed to the dense
baseline while exhibiting less throughput degrada-
tion than TEAL, confirming its practical efficiency
advantage in batched deployment scenarios. De-
tailed throughput values and speed-accuracy trade-
offs are provided in Appendix.

Table 3: Hyperparameter ablation study on MATH500
dataset with batch size 4, examining the effects of Tjp;
(initial dense steps), T (exploration steps), and Tizyns
(update period) on accuracy and inference speed.

Timit TE  Tirans \ Accuracy Speed (token/sec)
0 2 20 68.6 925.3
32 2 20 70.8 925.3
64 2 20 71.0 925.3
128 2 20 71.4 925.3
64 1 20 67.4 941.0
64 2 20 71.0 925.3
64 4 20 77.2 896.8
64 2 10 774 806.3
64 2 20 71.0 925.3
64 2 30 69.6 958.7

Hyperparameter ablation study. Table 3
presents ablation results on MATH500 with
batch size 4. Increasing Tj,;; (initial dense steps)
from O to 128 improves accuracy by 2.8% with
minimal speed impact, as it captures post-prompt
activation shifts. Increasing T (exploration
steps) from 1 to 4 yields 9.8% accuracy gain
but reduces throughput from 941.0 to 896.8
tokens/sec. Conversely, extending Ty, (update
period) from 10 to 30 degrades accuracy by 7.8%
while increasing throughput from 806.3 to 958.7
tokens/sec.

In summary, Tj,;; primarily affects accuracy with-
out speed penalty, while Tr and Ti;,s present
accuracy-speed trade-offs. Hyperparameter values
can be selected based on deployment requirements.

5 Conclusion

In this work, we presented a training-free batch-
wise adaptive pruning method specifically designed
for batched inference scenarios in LRMs. Through
periodic pruning and importance memory mecha-
nism, our approach maintains strong performance
on reasoning tasks even in batched settings while
enabling faster inference of reasoning models.

Our experiments revealed that static pruning
methods fail to adapt to the evolving activation
patterns inherent in reasoning tasks, while existing
adaptive pruning methods suffer significant perfor-
mance degradation in batched settings. In contrast,
our proposed method demonstrates robust perfor-
mance across varying batch sizes and sparsity lev-
els.

Limitation

Our proposed method achieves efficient inference
for reasoning models and tasks in batched settings



by periodically pruning weights based on activa-
tion patterns observed during generation. However,
this approach requires direct access to intermediate
activations within the model, which limits its ap-
plicability to closed-source or API-based models
where internal states are not exposed.
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A Full Performance Comparison

Table 4 extends the main results (Table 2) to all
batch sizes. On Distill-Qwen-7B, TEAL’s aver-
age accuracy drops from 68.3% (BS=1) to 6.8%
(BS=16), while our method maintains 55.0% to
52.5%. On Distill-Llama-8B, TEAL degrades from
63.5% to 1.3%, whereas ours remains between
37.6% and 31.2%.

B Generation Throughput Analysis

All throughput experiments in this section are con-
ducted on NVIDIA H200 GPUs. Tables 5 and 6
report the exact throughput values corresponding
to Figure 6 in the main text. On Distill-Qwen-
7B, our method achieves 1.32x speedup at BS=1
and 1.10x at BS=16. On Distill-Llama-8B, our
method achieves 1.30x at BS=1 and 1.15x at
BS=16. Figure 7 visualizes the Distill-Llama-8B
speedup trends.

1.6

B Dense

1.5+

1.4 4

1.3 4

1.2 1

Relative Speedup (vs. Dense)

BS=1 BS=4 BS=8

Batch Size

BS=16

Figure 7: Relative generation throughput speedup on
DeepSeek-R1-Distill-Llama-8B across batch sizes com-
pared to the dense baseline.

C Speed-Accuracy Trade-off

Figures 8 and 9 visualize the throughput versus
accuracy trade-off across batch sizes. TEAL shows
high accuracy at BS=1 but loses both accuracy
and relative speedup as batch size increases. Our
method maintains consistent accuracy across all
batch sizes with competitive throughput.

D Dataset and Model Details

We summarize the evaluation datasets and models
used in this work below.

D.1 Dataset Details

We report the split, number of examples, and li-
cense for each dataset.
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Table 4: Pruning performance comparison at 50% target sparsity across different batch sizes. Our method
significantly outperforms all pruning baselines (Wanda, Griffin, TEAL). Dense, Wanda, and Griffin results are
batch-size independent. Bold values indicate superior performance compared to TEAL at the same batch size.

Tasks

Method ‘ Batch Size ‘ ‘ AVG

Model
| | | GSMS8K MATHS00 MINERVA AMC23  GPQA-DIAMOND |
| Dense | _ | 920 918 39.7 87.5 525 | 727
Wanda - 59.0 24.4 74 12.5 15.7 238
Griffin - 22.0 14.8 11.0 10.0 15.2 14.6
1 91.0 86.8 40.1 80.0 434 68.3
DeepSeck 4 30.0 112 48 10.0 15.7 143
RI-Distill- | TEAL
Owen-7B 8 9.0 32 33 0.0 5.0 4.1
16 0.0 1.6 0.7 30.0 1.5 6.8
1 85.0 72.0 26.1 575 343 55.0
Ours 4 89.0 71.0 29.4 50.0 30.8 54.0
8 84.0 70.8 257 55.0 26.3 524
16 86.0 71.8 30.1 45.0 29.8 525
| Dense | - | 96.0 91.0 33.8 90.0 455 | 713
Wanda - 9.0 48 0.7 5.0 71 53
Griffin - 16.0 11.8 48 25 16.7 10.4
) 1 95.0 81.8 30.9 70.0 39.9 63.5
DeepSeek 4 28.0 5.4 22 0.0 16.2 10.4
RI-Distill- | TEAL
Lomen 8 2.0 3.8 26 25 1.0 2.4
16 1.0 32 22 0.0 0.0 13
1 65.0 48.0 14.0 35.0 258 37.6
Ours 4 75.0 38.8 12.1 25.0 21.7 345
‘ 8 69.0 39.0 8.8 12.5 2.7 30.4
16 65.0 39.6 9.6 25.0 16.7 31.2

Table 5: Generation throughput (tokens/sec) and speedup comparison on DeepSeek-R1-Distill-Qwen-7B relative to
Dense baseline across different batch sizes.

Method | BS=1 BS=4 BS=8 BS=16

Dense 200.9 (1.00x)  813.0 (1.00x)  1596.0 (1.00x)  3040.5 (1.00x)
TEAL 290.7 (145%)  971.1(1.19x)  1769.1 (1.11x)  3335.9 (1.10x)
GRIFFIN | 323.5(1.61x) 1084.5(1.33x) 2111.0 (1.32x)  3854.3 (1.27x)

Ours 265.6 (1.32x) 9253 (1.14x) 17947 (1.12x)  3331.8 (1.10x)
* TinyGSMS8K: split = test, #examples = 100, * DeepSeek-R1-Distill-Qwen-7B: a distilled
license = MIT. reasoning model (7B). License = MIT (model
weights/repository). Base lineage = Qwen-
* MATHS00: split = test, #examples = 500, 2.5 series (Apache 2.0). Evaluation uses the
license = MIT. official DeepSeek-R1 chat template, greedy

decoding with temperature 0 (zero-shot), accu-

*» MINERVA Math: split = test, #examples = . . .
racy as the metric, and maximum generation

272, license = MIT.

length of 16,000 tokens.
* AMC23: split = test, #examples = 40, license
= unspecified (MAA copyrighted). * DeepSeek-R1-Distill-Llama-8B: a distilled
reasoning model (8B). License = MIT (model
* GPQA-DIAMOND: split = test, #examples weights/repository). Base lineage = Llama-
= 198, license = CC BY 4.0. 3.1-8B-Base (Llama 3.1 license). We use the

same evaluation protocol: official DeepSeek-
R1 chat template, greedy decoding with tem-
We evaluate on two reasoning models and use a perature 0 (zero-shot), accuracy as the metric,
consistent zero-shot inference protocol. and maximum generation length of 16,000

D.2 Model Details
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Table 6: Generation throughput (tokens/sec) and speedup comparison on DeepSeek-R1-Distill-Llama-8B relative to
Dense baseline across different batch sizes.

Method | BS=1 BS=4 BS=8 BS=16

Dense 175.0 (1.00x) 7552 (1.00x) 14717 (1.00x) 2713.0 (1.00x)
TEAL 263.8 (1.51x) 837.2(1.11x)  1618.2(1.10x) 2997.4 (1.10x)
GRIFFIN | 269.5 (1.54x) 1010.5(1.34x) 1957.1 (1.33x)  3747.6 (1.38x%)
Ours 2273 (1.30x)  868.1 (1.15x)  1685.9 (1.15x)  3124.9 (1.15x)

tokens.

E Use of Large Language Models

We employed a large language model (ChatGPT;
“GPT-5") for English-language polishing, light
copy-editing, and assisting with experimental code
implementation. The model was not used to gener-
ate research ideas or experimental design. All tech-
nical content, claims, and experimental code were
authored and verified by the authors to ensure cor-
rectness and reproducibility. No non-public data,
confidential information, or personally identifiable
information was provided to the model.
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Figure 8: Throughput versus average accuracy trade-off on DeepSeek-R1-Distill-Qwen-7B across different batch
sizes at 50% target sparsity. Each subplot shows the speed-accuracy relationship for a specific batch size. Our
method maintains consistent accuracy across batch sizes while achieving competitive throughput, whereas TEAL’s
accuracy degrades significantly as batch size increases.
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Figure 9: Throughput versus average accuracy trade-off on DeepSeek-R1-Distill-Llama-8B across different batch
sizes at 50% target sparsity. Each subplot shows the speed-accuracy relationship for a specific batch size. Our
method maintains consistent accuracy across batch sizes while achieving competitive throughput, whereas TEAL’s
accuracy degrades significantly as batch size increases.

14



	Introduction
	Related Work
	Method
	Preliminaries
	Batch-wise Importance Neuron Scoring
	Batch-wise Adaptive Pruning Algorithm

	Experiment
	Models and Datasets
	Baselines
	Results

	Conclusion
	Full Performance Comparison
	Generation Throughput Analysis
	Speed-Accuracy Trade-off
	Dataset and Model Details
	Dataset Details
	Model Details

	Use of Large Language Models

