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Abstract

Scaling up model parameters and training data
consistently improves the performance of large
language models (LLMs), but at the cost of
rapidly growing memory and compute require-
ments, which makes deployment on resource-
limited hardware infeasible. Model pruning, a
widely used compression technique, reduces
inference costs by removing redundant parame-
ters. However, its impact on downstream per-
formance remains unpredictable and is typi-
cally assessed only through costly empirical
sweeps. To address this gap, we introduce prun-
ing laws – simple and interpretable scaling rela-
tions that connect a pruned LLM’s post-pruning
performance to its unpruned performance and
pruning ratio. Across ten LLMs (1.3B–30B
parameters), a 20B mixture-of-experts model,
three pruning strategies (unstructured, width,
and depth), and eight diverse tasks, we show
that pruning laws achieve strong predictive ac-
curacy (average extrapolation error < 7%), re-
liably quantify performance degradation, and
identify critical pruning thresholds beyond
which recovery is infeasible. Moreover, we
demonstrate that the functional form transfers
across dense and mixture-of-experts architec-
tures, pruning methods, and unseen models in
zero-shot and one-shot setups, with task- and
method-specific coefficients that vary in inter-
pretable ways. These results provide both re-
searchers and practitioners with a principled
framework to select pruning strategies, estimate
safe pruning ratios without exhaustive tuning,
and deploy LLMs efficiently under real-world
compute and latency constraints.

1 Introduction

The rapid evolution of Large Language Models
(LLMs) has been guided largely by neural scal-
ing laws (Kaplan et al., 2020; Hoffmann et al.,
2022), which predict that increasing model size and
data volume consistently improves performance.

*Both authors contribute equally.

However, this pursuit of scale has led to pro-
hibitive computational costs, making deployment
on resource-limited hardware increasingly infea-
sible (Faiz et al., 2024). To address this, model
pruning has emerged as a critical technique for
compressing LLMs. Whether through unstructured
weight removal (Frantar and Alistarh, 2023) or
structured approaches like depth and width prun-
ing (Yang et al., 2024; Ashkboos et al., 2024), prun-
ing aims to eliminate redundancy without sacrific-
ing capability. Yet, despite its widespread adoption,
pruning remains an empirical art; there is currently
no systematic framework to predict how a specific
pruning strategy will impact downstream perfor-
mance across different models and tasks.

To bridge this gap, we introduce Pruning Laws -
a principled analytical framework that models post-
pruning performance as a function of the pruning
ratio. By formalizing these relationships, we move
beyond costly trial-and-error sweeps to answer four
fundamental questions:
• RQ1. How does pruning affect downstream per-

formance across task categories?
• RQ2. How do pruning strategies trade off be-

tween efficiency and accuracy?
• RQ3. Can pruning laws accurately predict per-

formance for unseen models?
• RQ4. How can pruning laws guide principled

pruning decisions?
Our study fits these laws across a diverse land-

scape of ten LLMs (including OPT, LLaMA-2/3,
and Phi-3), three distinct pruning strategies, and
eight downstream tasks. We define the pruning law
using a power function, L = L0P0(1− r)α, which
connects the pruned model’s performance L to its
unpruned baseline L0 and the retention ratio (1−r)
(with r being the pruning ratio). Our key empirical
observations are summarized below:

RQ1. Impact on downstream performance.
We find that performance degradation follows a
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(a) Downstream model performance at different pruning ratios
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(b) Inference speedup of pruned LLMs

Figure 1: A. Average downstream performance of different LLMs at varying pruning ratios. The different
performance degradation patterns emphasize the need for a systematic evaluation of pruning effects on different
LLMs of different scale and architectural family. Full result highlighted in Figure 5 of Appendix B. B. Inference
speedup of different models at varying pruning ratios on an autoregressive language modeling benchmark.

predictable power law, but the sensitivity varies
drastically by task. As shown in Figure 1a, rea-
soning tasks are remarkably resilient, characterized
by a low decay exponent (α ≈ 0.22) that allows
models to retain strong capabilities even at 50%
pruning. In stark contrast, QA tasks are highly
fragile (α ≈ 2.42), suffering sharp collapses at
moderate compression ratios. Language model-
ing falls in between (α ≈ 0.73). Furthermore, we
show that recovery fine-tuning (RFT) significantly
mitigates this decay, reducing the sensitivity of lan-
guage tasks from 0.73 → 0.47 and lowering test
errors across the board.

RQ2. Computational benefits. Our analysis
quantifies the "no free lunch" trade-off in pruning.
Depth pruning offers the highest reward, achiev-
ing super-linear speedups (> 5× at 90% pruning)
reflected by high scaling coefficients (α ≈ 0.72),
though it suffers from higher variance in reliabil-
ity. Unstructured pruning is the safest for accuracy
but offers negligible speedups (∼ 1.2×) due to its
flat runtime scaling (α ≈ 0.01). Width pruning

occupies the middle ground, providing stable, pre-
dictable speedups of ∼ 1.4× alongside moderate
accuracy retention.

RQ3. Generalization to newer models. A crit-
ical feature of pruning laws is that the same func-
tional form is reusable across setups. When applied
zero-shot to unseen architectures like LLaMA-3.1
and Phi-3, our laws predict performance with low
error (0.09–0.12). For out-of-distribution pruning
methods, a simple one-shot calibration, requiring
just a single evaluation, further refines these predic-
tions (e.g., reducing SlimGPT prediction error from
0.13 → 0.05). The form also holds on a mixture-
of-experts model, GPT-OSS-20B, where removing
a routed block restructures the active-parameter
graph rather than narrowing a dense stack, yield-
ing coefficients (α = 0.48, P0 = 0.89) inside the
range spanned by the dense models. What transfers
is the form; the coefficients themselves remain task-
and method-specific.
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RQ4. Practical implications. These laws pro-
vide actionable guidelines for practitioners. Instead
of guessing, one can use our coefficients to plan
safe pruning thresholds – aggressive ratios (60–
70%) for reasoning-heavy applications, but con-
servative ones (< 40%) for QA. This framework
transforms pruning from an ad-hoc procedure into
a predictable engineering discipline.1

2 Related Work

Model Pruning for Efficiency. Large Language
Models have demonstrated remarkable capabilities,
yet their deployment is often bottlenecked by im-
mense computational requirements. Model pruning
addresses this by reducing parameter counts, gen-
erally falling into two categories. Unstructured
pruning removes individual weights (Frantar and
Alistarh, 2023; Sun et al., 2023); while effective at
preserving accuracy, it often requires specialized
hardware to realize speedups. In contrast, struc-
tured pruning removes entire components such as
layers or channels (Ashkboos et al., 2024; Yang
et al., 2024), offering direct latency gains on stan-
dard hardware. Recent work has also explored
calibration-free methods (Sengupta et al., 2025)
to simplify the compression pipeline. However,
despite the variety of methods, practitioners cur-
rently lack a unified framework to predict how
these strategies will impact performance without
running exhaustive benchmarks.

Neural Scaling Laws. The study of scaling laws
has traditionally focused on pre-training. Foun-
dational works like Kaplan scaling laws (Kaplan
et al., 2020) and Chinchilla scaling laws (Hoff-
mann et al., 2022) established power-law relation-
ships linking test loss to model size and data vol-
ume. Later studies have nuanced these findings,
with Caballero et al. (2023) noting that monotonic
laws may fail to capture emergent behaviors in
Transformers. More recently, research has pivoted
toward parameter-efficient scaling. Busbridge et al.
(2025) introduced distillation scaling laws to opti-
mize compute allocation between teacher and stu-
dent models. Similarly, Kumar et al. (2024) pro-
posed precision-aware scaling laws, demonstrating
that low-precision training can improve scaling ef-
ficiency. Chen et al. (2024) examined scaling in
the context of recovery fine-tuning for structured

1Additional data, source code and dataset have been open-
sourced at https://github.com/parmanu-lcs2/pruning_
laws.

pruning. While these works offer valuable insights
into training and recovery dynamics, they do not ad-
dress the fundamental degradation characteristics
of the pruning process itself.

Positioning Pruning Laws. Our work introduces
a distinct framework that complements existing
compression theories. Unlike distillation scaling
laws, which depend on specific teacher-student
pairings and extensive retraining, or quantization
scaling laws (Cao et al., 2024), which are often
tightly coupled to hardware backends, our Prun-
ing Laws are architecture-agnostic and require no
retraining. By modeling performance as a direct
function of the pruning ratio, our framework allows
practitioners to identify critical pruning thresholds
– the point beyond which recovery becomes infea-
sible. This capability generalizes across diverse
model families and pruning methods (including
unseen ones), making it a robust tool for resource-
aware deployment planning.

3 Methodology

3.1 Parametrization of the LLM pruning law
With pruning laws, we propose a series of analyt-
ical methods for estimating the performance of
LLM post-pruning on a variety of downstream
tasks. For all downstream tasks, we assume that
the performance of a model on a task is captured by
a metric, which is bounded (e.g., model accuracy);
in other words, higher the performance of a model,
the better it is. Building on prior studies (Kaplan
et al., 2020; Hoffmann et al., 2022) that establish
scaling laws for LLM pre-training, we formulate a
relationship between the performance of a pruned
model and its corresponding base model through
a law defined by two key parameters: the perfor-
mance of the base model on a task (denoted by
L0) and the pruning ratio used to prune the model
(denoted by r ∈ (0, 1)); we denote the relationship
by L := L(L0, r), where L represents the perfor-
mance of the pruned model. Our proposed pruning
law can be used to determine the optimal value
of r needed to obtain a well-performing pruned
model, maximizing the performance retainment
post-pruning.

The functional form of our parametrization is
described by the following equation:

L(L0, r) = L0 P0 (1− r)α (1)

where α and P0 are real numbers. The exponent
α controls how quickly performance decays as the
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pruning ratio r increases. The coefficient P0 is
a bias term that encodes the boundary conditions
of the law: although (1 − r) tends to 1 as r ap-
proaches 0, the performance of the pruned model
at extremely small pruning ratios may not exactly
match the base model’s performance. Factors such
as evaluation noise, subtle architecture-dependent
effects and differences among pruning methods
can introduce a systematic offset at r → 0. Con-
sequently, P0 captures these offsets and depends
on the particular model, pruning method and task
being considered.

Levels of fit. In our analysis, we fit the pruning
law at several levels of aggregation:

1. Task level: we fit a single (α, P0) pair for each
task, pooling data across all models and pruning
methods. In this case, P0 reflects the average
boundary-condition bias for that task.

2. Method–task level: we fit the law separately for
each pruning method and task across all models.
Here P0 absorbs both task-specific and method-
specific biases (e.g., unstructured vs. structured
pruning may yield different offsets near r = 0).

3. Model–task level: we fit the law for each model
and task, pooling across methods. P0 then cap-
tures architecture-specific bias for that task, in-
dicating how resilient a given model is on that
task when lightly pruned.

This choice of functional form is motivated by
the following feasibility conditions for a pruning
law:
• We formulate the pruning law as a power law

with respect to the retention ratio. Unlike some
pre-training scaling laws, we require the law to
be scale invariant with respect to (1 − r), i.e.,
L(L0, r) must be a homogeneous function of
(1− r). Such a form allows us to derive optimal
decision regions for choosing r given a target
performance drop.

• The post-pruning performance should decrease
as the pruning ratio r increases, i.e., ∂L

∂r < 0. In
Equation 1, this behavior is captured by requiring
α > 0.

• The functional form should capture the itera-
tive nature of many pruning methods: prun-
ing a model by r1 followed by further pruning
by r2 should yield a performance proportional
to a single pruning with overall pruning ratio
1− (1− r1)(1− r2) (Sengupta et al., 2025; Yang
et al., 2024).

Here, we show that our proposed functional form
in Equation 1 satisfies the last feasibility condition
for iterative pruning methods. So, let r1 ∈ (0, 1)
and r2 ∈ (0, 1) be two pruning ratios. Suppose
a model is first pruned at ratio r1, followed by a
pruning by the same method at ratio r2. It is easy
to see that the overall pruning ratio (i.e., a pruning
ratio achieving the total pruning in one step) is
r1 + r2 − r1r2. Then, the performance obtained by
the multi-step pruning is

Lmutlistep = L(L(L0, r1), r2)

= L(P0L0(1− r1)
α, r2)

= P 2
0L0(1− r1)

α(1− r2)
α

= P0L(L0, r1 + r2 − r1r2)

= P0Lsinglestep

Hence, our functional form attains proportional
performance between single-step and multi-step
pruning for iterative methods. Through extensive
experiments (see Section 5), we find that the pro-
posed form in Equation 1 satisfies remaining of
the feasibility conditions.

3.2 Fitting the pruning law: Ordinary least
squares for linear regression

Taking logarithms on both sides of Equation 1
gives:

logL = logL0 + α log(1− r) + logP0, (2)

Therefore, fitting the pruning law reduces to a lin-
ear regression in log space. In this formulation, α
is the slope (multiplying log(1 − r)) and logP0

is the intercept, capturing the boundary-condition
bias discussed above. The regression is performed
on the transformed variables r′ := 1 − r with
logP0 as the intercept. To learn α and P0, we use
the standard ordinary least squares (OLS) method
(Zdaniuk, 2014), assuming additive Gaussian noise.
The regression model can thus be stated as:

logL = logL0 + α log(1−r) + logP0 + ϵnoise,
(3)

where ϵnoise ∼ N (0, 1).2

4 Experimental Setup

To develop the proposed pruning laws, we com-
press and evaluate a range of LLMs, including

2A similar implementation with robust estimation Huber
loss (Huber, 1992) is also performed, but due to very marginal
differences omitted from this paper.
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OPT (Zhang et al., 2022) at 1.3B, 2.7B, 6.7B, 13B
and 30B parameter scales, and LLaMA-2 (Tou-
vron et al., 2023b) at 7B and 13B. Moreover, for
evaluating the universality of the pruning laws on
more recent architectures, we consider LLaMA-
3.1-8B, LLaMA-3.2-3B (Dubey et al., 2024) and
Phi-3-mini-4K-Instruct (Abdin et al., 2024) mod-
els. All pre-trained model checkpoints are obtained
from Hugging Face 3. We experiment with three
pruning methods: (1) SparseGPT (Frantar and Al-
istarh, 2023) for unstructured weight pruning, (2)
LaCo (Yang et al., 2024) for structured depth prun-
ing (layer collapse), and (3) SliceGPT (Ashkboos
et al., 2024) for structured width pruning. Addi-
tional testing is conducted with two further depth
pruning methods – SlimGPT (Ling et al., 2024)
and LLM Pruner (Ma et al., 2023) and two width
pruning methods including SVD-LLM (Wang
et al., 2024) and PruneNet (Sengupta et al., 2025).
To test the laws beyond dense decoder-only archi-
tectures, we further run a full depth pruning sweep
on GPT-OSS-20B (Agarwal et al., 2025), an open-
weights mixture-of-experts (MoE) model, using
ShortGPT (Men et al., 2024), which ranks lay-
ers by a Block-Influence score. For each method,
we apply a comprehensive range of sparsity levels
with pruning ratios of {10%, 20%, . . . , 90%}. We
evaluate the pruned models on eight downstream
tasks using the LM Evaluation Harness (Gao et al.,
2024) 4, performing all evaluations in a zero-shot
setting.The tasks span three categories:

• Reasoning: PIQA (Bisk et al., 2020),
WinoGrande (Sakaguchi et al., 2021), Hel-
laSwag (Zellers et al., 2019), ARC-e and
ARC-c (Clark et al., 2018).

• Question-answering: CoQA (Reddy et al.,
2019)

• Language modeling: WikiText (Merity et al.,
2017) and LAMBADA (Paperno et al., 2016).

For classification-style tasks, including reason-
ing and QA, we report accuracy. For language
modeling tasks, we compute perplexity, which is
unbounded (1,∞); thus, we report the inverse log-
perplexity (i.e., 1/ log(ppl)) to map the metric to
a (0, 1) range for consistency with other evalua-
tions. In addition to these individual tasks, we
calculate the average task performance, denoted as
‘Average’.

3https://huggingface.co/models
4Task descriptions are provided in Appendix A.

Model Reasoning QA Language Average
OPT-1.3B 0.53 0.45 0.44 0.50
OPT-2.7B 0.52 0.51 0.49 0.51
LLaMA-3.2-3B 0.66 0.64 0.52 0.62
Phi-3-mini 0.74 0.68 0.53 0.68
OPT-6.7B 0.57 0.55 0.54 0.56
LLaMA-7B 0.64 0.64 0.64 0.64
LLaMA-3.1-8B 0.69 0.68 0.69 0.69
OPT-13B 0.58 0.56 0.56 0.57
LLaMA-13B 0.67 0.66 0.69 0.68
OPT-30B 0.64 0.56 0.60 0.62

Table 1: Results obtained by the unpruned models on
different tasks.

Evaluating pruning laws. For evaluating the fit-
ted pruning laws on in-distribution data points (e.g.,
same model/pruning method used in training and
testing), we use rolling-style test data, where for
each pruning ratio r ∈ [20%, 90%], we train the
pruning laws on pruning ratios {10%, · · · , r%}
and test the pruning laws on {r%+10%, · · · 90%}.
Finally, we calculate the average root mean square
error (RMSE) between the predicted and ground
truth over all the test datasets. For evaluating the ex-
trapolation capability of the pruning laws in out-of-
distribution setup, we adopt two extrapolation eval-
uation strategies – zero-shot extrapolation, where
we use the fitted parametric functions to test on
unseen data, and one-shot extrapolation, where
we use the α coefficient from the fitted parametric
function, but the bias term P0 is re-estimated from
pruning the model on a single pruning ratio. Pre-
cisely, let α and P0 denote the fitted coefficients.
For a given pruning ratio r, we prune the LLM,
obtain its performance Lr, and re-estimate the bias
term P̂0 =

Lr
L0×(1−r)α . While zero-shot extrapola-

tion setup is intended to verify the universality of
the pruning laws, one-shot extrapolation is particu-
larly useful for verifying the flexibility of pruning
laws for testing out-of-distribution models or prun-
ing strategies, when a single point enumeration is
practically possible.

5 Experimental Results

5.1 Unpruned LLM Performance

Table 1 reports the accuracy of ten unpruned mod-
els across reasoning, QA, and language modeling
tasks. As expected, performance generally im-
proves with scale: OPT-2.7B achieves an average
of 0.51, whereas OPT-13B and LLaMA-13B im-
prove to 0.57 and 0.68, respectively. The LLaMA
series consistently outperforms OPT at similar pa-
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Figure 2: Fitted pruning laws for average downstream performance of pruned LLMs. Task-specific visualizations
reported in Figure 6 of Appendix B. Black and orange points highlight the training and testing data points,
respectively, with black line indicating the scores predicted by our pruning laws.

rameter scales, underscoring architectural and train-
ing advantages. Notably, Phi-3-Mini-4K-Instruct
matches the average of LLaMA-13B (0.68) de-
spite being smaller in size, and LLaMA-3.1-8B
surpasses both (0.69). These results confirm that
newer families, even at comparable or smaller pa-
rameter counts, can rival or outperform older ar-
chitectures. These baseline numbers provide the
L0 values against which pruning performance is
evaluated.

5.2 Pruned LLM Results

Impact of pruning on model performance.
Pruning exerts a clear and systematic influence on
downstream performance, with degradation pat-
terns varying significantly across model scales and
architectures. As illustrated in Figure 1a, larger
models such as LLaMA-13B and OPT-30B ex-
hibit notable resilience, maintaining competitive
accuracy from high baselines (see Table 1) up to
30-40% pruning. In contrast, smaller but highly ef-
ficient models like LLaMA-3.2-3B and Phi-3-mini
degrade much more rapidly. Despite LLaMA-3.2-
3B achieving a high initial average score of 0.62,
Figure 1a reveals a sharp performance drop even
at low pruning ratios (< 20%), confirming that
while larger models offer greater tolerance due to
parameter redundancy (Frantar and Alistarh, 2023),
highly optimized efficient architectures possess sig-
nificantly less redundant capacity.

Regarding task sensitivity, reasoning capabilities
tend to be more robust compared to QA or language
modeling. Larger models like LLaMA-7B manage
to retain relatively strong reasoning scores even
at 50% pruning, whereas QA and language mod-
eling capabilities erode faster. However, regard-

less of model size, performance consistently col-
lapses across all architectures once pruning ratios
exceed 70-80%, with average scores approaching
random baselines. These observations suggest that
reasoning-oriented tasks degrade more gracefully
than linguistic knowledge tasks, implying that prun-
ing disproportionately impacts the retrieval of spe-
cific linguistic information over logical problem-
solving abilities.

Pruning laws for downstream performance.
Table 2 demonstrates pruning laws that charac-
terize how downstream performance scales with
pruning ratios. Across tasks (cf. Table 2a), the
exponent α is highest for QA (α ≈ 2.42) and
smallest for reasoning (α ≈ 0.22). This indicates
that QA accuracy decays sharply with pruning,
whereas reasoning remains relatively stable even
under high compression. Language tasks fall in
between (α ≈ 0.73), showing gradual degradation.

The bias term P0, which modulates retained
performance, is close to one for reasoning tasks
(P0 ≈ 0.95), reflecting robustness. In contrast, it
is substantially larger for QA (P0 ≈ 1.45), indi-
cating disproportionately large performance drops.
The deviation of P0 from unity arises as a fitting
artifact when a power law models “cliff-like” degra-
dation curves: fragile tasks often maintain stabil-
ity at low pruning ratios before collapsing sharply.
To capture this steep degradation, the regression
extrapolates a theoretical intercept (P0L0) that ex-
ceeds the true baseline. Thus, P0 ≫ 1 signals
a phase-transition-like behavior rather than super-
compressibility. We also observe deviations at very
small pruning ratios (r < 10%), where empirical
performance remains near L0 while the power law
predicts slightly higher values. This indicates that
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Task α P0 R2 F Error

QA 2.42 ± 0.1 1.45 ± 0.1 0.89 348.5 0.04
Reasoning 0.22 ± 0.0 0.95 ± 0.0 0.79 170.8 0.06
Language 0.73 ± 0.0 0.76 ± 0.0 0.96 947.9 0.03
Average 0.35 ± 0.0 0.85 ± 0.0 0.88 316.4 0.05

(a) Task-level

Method α P0 R2 F Error

Unstr 0.47 ± 0.0 1.22 ± 0.0 0.90 370.2 0.15
Depth 0.13 ± 0.0 0.54 ± 0.0 0.20 12.2 0.10
Width 0.39 ± 0.0 0.83 ± 0.0 0.70 103.1 0.10

(b) Method-task level

Model α P0 R2 F Error

OPT-1.3B 0.26 ± 0.1 0.70 ± 0.1 0.57 11.5 0.10
OPT-2.7B 0.3 ± 0.0 0.83 ± 0.0 0.92 87.7 0.05
LLaMA-3.2-3B 0.18 ± 0.0 0.48 ± 0.1 0.56 11.3 0.08
Phi-3-mini 0.4 ± 0.1 0.64 ± 0.1 0.62 14.0 0.12
OPT-6.7B 0.19 ± 0.0 0.74 ± 0.1 0.65 19.7 0.11
LLaMA-7B 0.43 ± 0.0 0.85 ± 0.1 0.89 66.8 0.06
Llama-3.1-8B 0.35 ± 0.0 0.81 ± 0.0 0.88 59.8 0.09
OPT-13B 0.37 ± 0.0 0.86 ± 0.0 0.97 235.2 0.02
LLaMA-13B 0.23 ± 0.0 0.69 ± 0.1 0.70 24.1 0.11
OPT-30B 0.53 ± 0.1 0.99 ± 0.1 0.90 70.0 0.07

(c) Model-task level

Table 2: Coefficients of the (a) task-level, (b) method-
task-level, and (c) model-task level pruning laws of the
form L = L0P0(1 − r)α. We report the coefficients
estimated with ordinary least square (OLS) fits, along
with the standard errors. To evaluate the goodness-of-fit,
we calculate adjusted R2, F statistic. We calculate the
Error as the average root mean square error on the test
data. Pruning laws with recovery fine-tuned LLMs are
reported in Table 4 of Appendix B. We further highlight
the results with other functional forms in Table 7, justi-
fying the power-law functional form defined in Eq. 1.

the pruning law primarily characterizes the degra-
dation regime rather than the stable low-sparsity
regime.

Dependence of model architecture on effective-
ness of pruning. Across model families (cf. Ta-
ble 2c), the pruning law maintains strong predictive
accuracy, though sensitivity varies with architec-
ture and scale. Larger models such as LLaMA-13B
and OPT-30B exhibit stable bias terms (P0 ≈ 0.69–
0.99), indicating strong performance retention at
the onset of pruning. In contrast, smaller efficient
models like LLaMA-3.2-3B show lower bias terms
(P0 ≈ 0.48), reflecting early performance collapse
at low pruning ratios (< 20%) before entering a
smoother decay regime. While larger OPT mod-
els exhibit higher α values (≈ 0.53), this reflects
decay from a higher baseline rather than increased
fragility. The goodness-of-fit also correlates with

scale; larger models achieve higher adjusted R2

scores (e.g., 0.97 for OPT-13B), confirming that the
pruning law reliably captures architecture-specific
behaviors. Overall, larger models offer stronger
buffers against pruning by avoiding the catastrophic
early drops observed in smaller architectures.

Does the pruning method matter? Method-
level coefficients reported in Table 2b reveal clear
differences among pruning strategies. Unstructured
pruning shows the strongest adherence to the prun-
ing law, with adjusted R2 = 0.90 and a large F -
statistic of 370.20. This strong fit likely arises from
the fine-grained nature of weight removal, which
produces a smooth reduction in model capacity that
aligns well with power-law scaling. Depth prun-
ing performs poorly in comparison, with adjusted
R2 = 0.20, a weak F -statistic of 12.21, and a low
bias term (P0 ≈ 0.54). This behavior stems from
the coarse-grained removal of entire layers, which
introduces high variance depending on which layer
is removed. Although the fit is weaker, empirical
comparisons of functional forms (Table 7) confirm
that the power law still yields lower test error (0.05)
than linear or polynomial alternatives (0.06–0.10).
Width pruning lies between the two, with moder-
ate α (≈ 0.39), stable P0 (≈ 0.83), and adjusted
R2 = 0.70. These results indicate that the pruning
law generalizes across strategies while distinguish-
ing their behavior.

The weak depth pruning fit is, however, a prop-
erty of the pruning operator rather than of the
framework. LaCo collapses layers according to
a merge schedule that is discontinuous in r: the
merge plan changes abruptly as r crosses block-
boundary thresholds, so the realized degradation
does not interpolate smoothly between adjacent ra-
tios and a smooth power law absorbs the jaggedness
as residual variance. Consistent with this reading,
the one depth-pruning fit we obtain with a smoother
operator – ShortGPT (Men et al., 2024), which
ranks layers by a continuous Block-Influence score
– reaches an average-task adjusted R2 of 0.65 (Ta-
ble 6), against 0.20 for LaCo. The two are not
matched in scope – the ShortGPT fit covers one
model, the LaCo row pools ten – so this is indica-
tive rather than a controlled ablation. It nonetheless
suggests that the fit quality of the law inherits the
smoothness of the operator, which is a useful diag-
nostic when selecting a pruner.

Influence of model pruning on inference speed.
Pruning substantially improves inference speedup,
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Figure 3: Fitted pruning laws for inference speedup of pruned LLMs for depth pruning. We report the remaining
visualizations for other pruning methods in Figure 7 of Appendix B.
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though gains depend on pruning ratio and strat-
egy (cf. Figure 3 and Table 5 of Appendix B).
Depth pruning delivers the largest benefits, with
super-linear speedups at higher pruning ratios. This
behavior is reflected in relatively high α values
(e.g., 0.72±0.03 for OPT-13B and 0.73±0.03 for
OPT-30B). In contrast, unstructured pruning yields
smaller but stable improvements, consistent with
its near-zero α ≈ 0.01 (e.g., 0.01±0.0 for LLaMA-
7B and OPT-6.7B). Width pruning falls between the
two, with α ≈ 0.14–0.15 for larger models (e.g.,
0.15±0.04 for LLaMA-13B). Goodness-of-fit met-
rics reinforce these trends: unstructured pruning
shows strong adjusted R2 values (0.94–0.97) and
minimal test error (0–0.01), whereas depth pruning
exhibits weaker fits and higher variance in test er-
ror (0.03–0.34). Overall, pruning laws confirm that
depth pruning can yield dramatic inference acceler-
ation, albeit with less stability, while unstructured
and width pruning provide steadier improvements.

These wall-clock gains are hardware-conditional.
Depth and width pruning produce dense smaller
sub-networks and realize their gains directly on

standard accelerators. Unstructured pruning does
not: fine-grained sparsity is not exploited by con-
ventional dense kernels, and gains require N:M
structured-sparse support (Mishra et al., 2021), so
its near-flat α ≈ 0.01 reflects the backend we mea-
sure on rather than the sparsity itself. The two
families of laws should therefore be read differ-
ently – the performance law of Eq. 1 is hardware-
independent, whereas the speedup law is condi-
tional on the deployment kernel.

5.3 Universality of Pruning Laws

Our results indicate that the same functional form
L1 = L0 (1 − r)αP0 transfers across models, ar-
chitectures, and pruning methods with moderate
testing error. Figure 4 clearly illustrates the consis-
tently low in-distribution (ID) (when a model from
same family is used in fitting the functions) test
errors, as compared to out-of-distribution (OOD)
(when none of the same-family models used in fit-
ting) test errors. Particularly, for reasoning and
language modeling tasks with larger models (13B
sized), having same family models in the training
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Method Type Pruner 0-shot error 1-shot error

Depth
LLM Pruner 0.10 0.06
SlimGPT 0.13 0.05

Width
SVD-LLM 0.13 0.16
PruneNet 0.04 0.03

Table 3: OOD extrapolation results.

data (in-distribution) reduces the test error by 50%.
We further test universality by applying our fitted

pruning laws to completely new pruning methods
not used during training (Table 3). We obtain the
performances of LLaMA-1-7B model (Touvron
et al., 2023a) on reasoning tasks for depth prun-
ing methods LLM Pruner (Ma et al., 2023) and
SlimGPT (Ling et al., 2024) and two width prun-
ing methods – SVD-LLM (Wang et al., 2024) and
PruneNet (Sengupta et al., 2025), all numbers ob-
tained from the corresponding papers. In the zero-
shot setup, extrapolation errors remain small, rang-
ing from 0.04 for PruneNet to 0.13 for SlimGPT
and SVD-LLM. In the one-shot setup, where only
P̂0 is recalibrated, errors decrease for most meth-
ods (e.g., LLM Pruner: 0.10 → 0.06, SlimGPT:
0.13 → 0.05, PruneNet: 0.04 → 0.03). Overall,
these results reinforce the universality of pruning
laws: they transfer across unseen pruning algo-
rithms in zero-shot mode, while one-shot calibra-
tion may improve performance when the method
aligns well with the retained elasticity.

Transfer to a mixture-of-experts model. All
results so far concern dense decoder-only LLMs.
To test whether the law survives a change of ar-
chitecture, we fit it on GPT-OSS-20B, in which
each block routes tokens to a subset of experts,
so that removing a block restructures the active-
parameter graph rather than narrowing a dense
stack. Equation 1 applies without modification,
yielding α = 0.48 ± 0.13 and P0 = 0.89 ± 0.11
on the average task – both inside the range spanned
by the dense models – and the task ordering car-
ries over (reasoning 0.30, language 0.98, QA 0.99;
Table 6 of Appendix B). The sweep also separates
two QA styles the main study could not: CoQA
reproduces the cliff-like collapse discussed above
(α = 3.53, P0 ≫ 1), whereas CommonsenseQA
decays gradually (α = 0.52, P0 = 0.54). The form
covers both, with coefficients differing by an order
of magnitude.

Practically, this means practitioners can predict
pruned performance for new model families and

pruning strategies with zero data, and, if desired,
achieve better estimation with a single-point cali-
bration of P0. We stress that what transfers is the
functional form, not a single set of coefficients:
across the architectures, methods and tasks we
study, L = L0P0(1 − r)α remains the right two-
parameter description, while (α, P0) themselves
remain task- and method-specific and vary in inter-
pretable ways.

5.4 Practical Implications of Pruning Laws
Rather than relying on ad-hoc trial and error, our
pruning laws provide a principled roadmap for
model compression. Practitioners seeking speed
can turn to depth pruning, those prioritizing ac-
curacy to unstructured pruning, and those balanc-
ing both to width pruning. When shifting to new
models or pruning methods, zero-shot reuse of our
coefficients enables immediate deployment, while
one-shot calibration offers sharper estimates if a
single evaluation is possible. By aligning pruning
choices with task sensitivity, aggressive ratios for
reasoning, conservative ones for QA and language
modeling, practitioners can achieve reliable effi-
ciency gains without sacrificing performance. We
provide more detailed practical guidelines in Ap-
pendix C for the readers to better synthesize our
results for practical real-life deployment situations.

6 Conclusion

In this paper, we introduced pruning laws for LLMs
that characterize how downstream performance
scales with pruning ratio across tasks, architec-
tures, and pruning strategies. Our analysis re-
veals systematic relationships between sparsity and
performance, enabling predictive modeling of the
accuracy–efficiency trade-off during model com-
pression. Empirically, pruning sensitivity increases
with model scale, while recovery tuning can mit-
igate performance degradation even with limited
data. Among the evaluated methods, depth prun-
ing yields the largest inference speedups, whereas
unstructured pruning methods provide stronger ro-
bustness for downstream performance. Overall,
our work establishes a quantitative foundation for
understanding pruning behavior in LLMs and mo-
tivates future research on adaptive-hybrid com-
pression strategies that balance computational effi-
ciency with performance stability.
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Limitations

While our proposed pruning laws provide a ro-
bust framework for predicting the performance of
pruned LLMs, we acknowledge certain limitations
that bound the scope of our findings. First, our
empirical validation is conducted on models rang-
ing from 1.3B to 30B parameters, together with a
single 20B mixture-of-experts model. While we
observe consistent scaling behaviors across this
range, confirming these laws on significantly larger
foundation models (e.g., 70B+ dense or MoE archi-
tectures) remains a subject for future study due to
the high computational cost of such validations: a
sweep at our resolution (9 ratios × multiple meth-
ods × 8 tasks) on a 70B+ model is beyond the com-
pute budget available to us. Furthermore, regarding
inference acceleration, our study highlights that
unstructured pruning offers negligible speedups
on standard hardware without specialized kernels.
While the pruning laws accurately predict the po-
tential theoretical efficiency, the realization of these
gains in practice is heavily dependent on the under-
lying hardware and software stack.

When pruning laws fail. Our results also de-
lineate the boundary conditions of the framework,
which we consolidate here as four failure modes
together with the mitigation we would recommend
in each case.

1. Discontinuous pruning operators. When the
pruning schedule jumps as r crosses structural
thresholds, as in LaCo’s layer-merging plan,
degradation does not interpolate smoothly be-
tween adjacent ratios and the residuals become
jagged (adjusted R2 = 0.20 for depth pruning
in Table 2b). A smoother importance criterion
appears to recover the fit – ShortGPT reaches an
average-task adjusted R2 of 0.65 on GPT-OSS-
20B – so the law should be fitted per operator,
or per layer-block segment when the operator is
known to be discontinuous.

2. Collapse regions at high pruning ratios. Be-
yond r ≈ 70–80% performance approaches the
random baseline on most tasks, and a power
law cannot describe a floor. Predictions in this
regime should be treated as extrapolations only;
in practice we recommend restricting the fit to
ratios below the observed collapse onset.

3. Cliff-like task degradation. Tasks that stay
flat and then collapse, such as CoQA, are fit-
ted with an inflated intercept (P0 ≫ 1) and a

large exponent. This is a signature of a phase
transition rather than of super-compressibility,
and pooling such tasks with gradually decaying
ones (e.g., CommonsenseQA, α = 0.52) dis-
torts both coefficients. Task-level coefficients
should be reported separately when the task fam-
ily is heterogeneous.

4. Calibration for out-of-distribution methods.
Zero-shot transfer to an unseen pruner carries
higher error (up to 0.13 in Table 3). One-shot
re-estimation of P0 narrows this gap for most
methods but not all – it worsens SVD-LLM
(0.13 → 0.16) – so it helps only when the cali-
bration ratio is representative of the deployment
regime. Re-estimating α as well requires at least
two evaluations at well-separated ratios, and is
worthwhile only when that budget is available.

A further scope restriction concerns recovery
fine-tuning. We fine-tune on WikiText-2 only, and
report the resulting coefficients (Appendix B.2)
as an illustration that recovery shifts α and P0 in
interpretable ways rather than as a theory of recov-
ery. The scaling behavior of post-pruning recovery
as a function of fine-tuning data and model size is
treated directly by Chen et al. (2024), whose results
are complementary to ours: our law characterizes
the pre-recovery starting point, theirs the recovery
trajectory.

Ethical Statement

The primary goal of this work is to advance the effi-
ciency and accessibility of Large Language Models.
By providing a principled method to predict post-
pruning performance, our work contributes to the
field of “Green AI,” enabling practitioners to re-
duce the energy consumption and carbon footprint
associated with deploying LLMs. Furthermore, by
identifying effective compression strategies, we
aim to lower the hardware barrier for entry, allow-
ing researchers and developers with limited com-
putational resources to utilize capable models.

However, we acknowledge that the democratiza-
tion of efficient, high-performance LLMs carries
potential dual-use risks. The same techniques that
make models more accessible for beneficial ap-
plications could also facilitate the deployment of
malicious systems (e.g., for generating disinforma-
tion) on consumer-grade hardware. Additionally,
while pruning removes redundant parameters, the
impact of compression on the safety alignment and
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bias of the model is not fully understood. It is pos-
sible that pruning could disproportionately affect
safety guardrails or amplify latent biases present
in the training data. We encourage practitioners to
rigorously evaluate pruned models for safety and
fairness before deployment in sensitive user-facing
applications.
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A Dataset Descriptions

The WikiText corpus (Merity et al., 2017) is a stan-
dard benchmark for language modeling, consisting
of human-curated articles that are stylistically pol-
ished, factually reliable, and written from a neu-
tral perspective. Two variants exist – WikiText-2
and WikiText-103,with our experiments making
use of WikiText-2. The LAMBADA dataset (Lan-
guage Modeling Broadened to Account for Dis-
course Aspects) (Paperno et al., 2016) contains nar-
rative passages designed to test a model’s ability
to predict the final word, a task that requires inte-
grating broad context and maintaining discourse-
level coherence. PiQA (Bisk et al., 2020) evaluates
physical common-sense reasoning in everyday sit-
uations, often with unconventional but practical
solutions. Each instance poses an instruction-based
problem (e.g., how to construct, bake, or manipu-
late objects) and provides two candidate solutions,
of which exactly one is correct, framing the task
as multiple-choice QA. WinoGrande (Sakaguchi
et al., 2021), derived from the Winograd Schema
Challenge (Levesque et al., 2012), is a large-scale
benchmark for pronoun resolution, a task trivial
for humans yet challenging for AI systems. Hel-
laSwag (Zellers et al., 2019) focuses on common-
sense natural language inference: given a context,
models must select the most plausible continuation.
The AI2 Reasoning Challenge (Clark et al., 2018)
provides grade-school science exam questions that
require both knowledge and reasoning to solve. Fi-
nally, CoQA (Reddy et al., 2019) is a conversa-
tional QA dataset containing 127k question-answer
pairs across 8k dialogues spanning seven domains.
Its questions are conversational in style, and an-
swers are free-form text supported by highlighted
evidence in the passage, making it a benchmark for
building dialogue-based reading comprehension
systems.

B Results

In this section, we present the detailed task-level
results for the pruned LLMs. These results comple-
ment the main paper by offering a fine-grained view
of performance degradation under pruning, high-
lighting differences across architectures, pruning
ratios, and downstream tasks.

B.1 Pruned LLM Performance

Figure 5 provides a comprehensive visual break-
down of downstream performance for all ten evalu-

ated LLMs across varying pruning ratios.
Reasoning tasks exhibit the most graceful degra-

dation. Larger models like OPT-30B and LLaMA-
13B maintain a remarkably flat performance trajec-
tory up to 50-60% pruning before showing sig-
nificant decline. Even smaller, highly efficient
models like Phi-3-mini and LLaMA-3.2-3B start
with high baselines (> 0.6) and decay relatively
smoothly. This visual trend corresponds directly
to the low decay exponents (α ≈ 0.22) reported
in the main text, suggesting that logical reasoning
relies on distributed representations that are robust
to sparse removal.

In sharp contrast, the post-pruning results reveals
a “cliff-like” failure mode for Question Answering.
Almost every model, regardless of scale, suffers a
catastrophic collapse once pruning ratios exceed
40-50%. For instance, OPT-1.3B and LLaMA-
3.2-3B see their accuracy plummet to near-random
levels almost immediately after the 20% pruning
mark. This brittle behavior visually justifies the
high bias terms (P0 > 1) and steep decay coeffi-
cients (α > 2.0) found in our scaling laws, indicat-
ing that the knowledge retrieval circuits required
for QA lack the redundancy found in reasoning
pathways.

Language modeling occupies the middle ground.
The curves are steeper than Reasoning but lack the
sudden drop-offs of QA. We observe a quasi-linear
decay in log-perplexity (mapped to normalized
accuracy here) for models like LLaMA-7B and
LLaMA-3.1-8B. This suggests that while linguis-
tic coherence degrades predictably with parameter
removal, it does not vanish as abruptly as factual
recall.

Comparing the degradation curves across
columns highlights the interaction between model
scale and architectural efficiency:

• Redundancy in Scale: Larger models (rightmost
columns, e.g., OPT-30B) exhibit wider “safe
zones” – plateaus where performance remains
unchanged despite pruning. This empirically
confirms the “Lottery Ticket” hypothesis (Fran-
kle and Carbin, 2018) at scale, where massive
models possess significant sparse subnetworks
capable of solving the task.

• Fragility of Efficient Models: Newer,
parameter-efficient models like LLaMA-3.2-3B
and Phi-3-mini show high initial performance
but steeper initial slopes compared to older,
larger models like OPT-13B. This supports our
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Figure 5: Average downstream performance of different LLMs at varying pruning ratios for all tasks.
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finding that highly optimized architectures have
less “slack” or redundancy; they are efficient by
design, leaving less room for pruning without
immediate penalties.

B.2 Pruning Laws with Recovery Fine-Tuning
While our main analysis focuses on the direct im-
pact of pruning (zero-shot), practitioners often ap-
ply recovery fine-tuning (RFT) to restore lost capa-
bilities. Table 4 reports the pruning law coefficients
fitted on models after they have undergone recovery
fine-tuning on the WikiText-2 dataset.

Task-level robustness shifts. Comparing these
RFT coefficients with the zero-shot coefficients in
the main text (Table 2a), we observe distinct shifts
in task sensitivity:
• Language Modeling gains the most resilience.

The decay exponent α for language tasks drops
significantly from ≈ 0.73 (zero-shot) to ≈ 0.47
(post-RFT). This indicates that fine-tuning is
highly effective at repairing the specific prob-
abilistic distributions required for next-token pre-
diction, effectively "flattening" the degradation
curve.

• Hierarchy of sensitivity remains invariant. De-
spite the improvements, the relative ordering of
task fragility remains unchanged. QA tasks re-
main the most brittle (α ≈ 2.39, comparable to
the zero-shot α ≈ 2.42), while Reasoning re-
mains the most robust (α ≈ 0.24, similar to zero-
shot α ≈ 0.22). This suggests that RFT helps re-
cover general linguistic patterns (Language mod-
eling) but struggles to recover the specific, "cliff-
like" knowledge retrieval mechanisms required
for QA once they are pruned.

Method-level consistency. At the method level
(Table 4c), Unstructured Pruning continues to ex-
hibit the best fit (Adj R2 ≈ 0.88), though its α
coefficient decreases, reflecting improved reten-
tion. Interestingly, Depth Pruning sees a slight im-
provement in goodness-of-fit (Adj R2 rises from
0.20 → 0.29), suggesting that fine-tuning smooths
out some of the "step-wise" variance caused by
removing discrete layers, though it remains the
noisiest method to predict.

B.3 Pruning Laws on a Mixture-of-Experts
Model

Table 6 reports the coefficients fitted on GPT-
OSS-20B, pruned with ShortGPT at ratios
{10%, . . . , 80%} and evaluated on seven tasks

spanning all three task families. Two observations
are worth isolating.

First, the fit is obtained without any change
to Equation 1. This is not guaranteed a priori:
in an MoE model each block routes tokens to a
subset of experts, so removing a block both re-
duces depth and restructures which experts a token
can reach, and one might expect the degradation
curve to break from the dense case. It does not.
The average-task coefficients (α = 0.48 ± 0.13,
P0 = 0.89± 0.11) sit inside the range spanned by
the dense models in Table 2c, and the task ordering
is preserved.

Second, the inclusion of CommonsenseQA sepa-
rates two degradation styles that were confounded
in the main study, where CoQA was our only
QA task. CoQA is fitted with α = 3.53 and
P0 = 38.86, the signature of a curve that stays
flat and then collapses; CommonsenseQA is fitted
with α = 0.52 and P0 = 0.54, a gradual decay
closer to the reasoning tasks. Both are described
by the same form, but their coefficients differ by an
order of magnitude, and the pooled QA group sits
between them at an adjusted R2 of 0.55. This sup-
ports reporting task-level rather than family-level
coefficients whenever a task family is heteroge-
neous.

B.4 Justification of the Functional Form
A core contribution of our work is the specific
power-law formulation L = L0P0(1 − r)α. To
validate this choice, we compared it against seven
alternative mathematical models, including stan-
dard power laws without bias terms, exponential
decays, and rational functions. The results are sum-
marized in Table 7.

Necessity of the Bias Term (P0). The compar-
ison highlights the critical role of the bias term
P0. The standard power law without bias, L =
L0(1 − r)α, yields a test error of 0.10, which is
double the error of our proposed form (0.05). This
confirms our hypothesis that pruning introduces an
initial "offset" or phase transition (captured by P0)
that a rigid origin-bound power law cannot model
accurately.

Superiority over Exponential and Polynomial
forms. Our formulation also outperforms expo-
nential decay models (e−βrα), which tend to under-
penalize aggressive pruning, resulting in higher test
errors (0.06− 0.09). Similarly, polynomial expan-
sions (1−αr− βr2) fail to capture the asymptotic
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Task α P0 Adj R2 F Statistic Test Error

QA 2.39 ± 0.11 1.32 ± 0.15 0.91 350.23 0.03
Reasoning 0.24 ± 0.02 0.9 ± 0.02 0.84 231.12 0.05
Language 0.47 ± 0.01 0.86 ± 0.02 0.96 1129.47 0.01
Average 0.27 ± 0.01 0.89 ± 0.02 0.89 351.41 0.03

(a) Task-level

Model α P0 Adj R2 F Statistic Test Error

OPT-1.3B 0.25 ± 0.04 0.65 ± 0.03 0.65 24.19 0.06
OPT-2.7B 0.21 ± 0.01 0.89 ± 0.02 0.96 209.1 0.02
LLaMA-3.2-3B 0.21 ± 0.04 0.51 ± 0.02 0.61 37.03 0.04
Phi-3-mini 0.37 ± 0.06 0.69 ± 0.03 0.71 49.31 0.05
OPT-6.7B 0.28 ± 0.02 0.93 ± 0.03 0.95 139.87 0.05
LLaMA-7B 0.29 ± 0.03 0.87 ± 0.03 0.92 98.4 0.04
Llama-3.1-8B 0.35 ± 0.03 0.83 ± 0.04 0.89 71.08 0.05
OPT-13B 0.24 ± 0.01 0.88 ± 0.01 0.99 1289.02 0.01
LLaMA-13B 0.32 ± 0.03 0.88 ± 0.03 0.94 133.19 0.01
OPT-30B 0.52 ± 0.04 0.99 ± 0.02 0.94 92.11 0.05

(b) Model-task level

Method α P0 Adj R2 F Statistic Test Error

Unstructured 0.34 ± 0.02 1.13 ± 0.02 0.88 309.55 0.10
DepthPruning 0.13 ± 0.03 0.65 ± 0.03 0.29 18.61 0.06
WidthPruning 0.31 ± 0.03 0.88 ± 0.03 0.76 141.88 0.06

(c) Method-task level

Table 4: Pruning laws of LLMs post-recovery-fine-tuning. All the models are fine-tuned on the WikiText2 dataset
with a subsample size of 1000 and a LoRA (Hu et al., 2022) rank of 8.

Model Method α P0 Adj R2 F Statistic Test Error

OPT-1.3B

Depth

0.15 ± 0.05 0.72 ± 0.05 0.52 9.62 0.28
OPT-2.7B 0.14 ± 0.05 0.73 ± 0.05 0.51 9.27 0.2
LLaMA-3.2-3B 0.14 ± 0.05 0.73 ± 0.05 0.5 8.97 0.31
Phi-3-mini 0.14 ± 0.05 0.73 ± 0.05 0.51 9.27 0.31
OPT-6.7B 0.72 ± 0.03 0.96 ± 0.03 0.99 677.7 0.03
LLaMA-7B 0.17 ± 0.1 0.81 ± 0.11 0.21 3.14 0.26
LLaMA-3.1-8B 0.17 ± 0.1 0.81 ± 0.11 0.21 3.16 0.34
OPT-13B 0.72 ± 0.03 0.94 ± 0.03 0.99 589.92 0.04
LLaMA-13B 0.1 ± 0.04 0.64 ± 0.04 0.48 8.35 0.15
OPT-30B 0.73 ± 0.03 0.94 ± 0.04 0.98 478.49 0.04
OPT-1.3B

Unstr

0.01 ± 0.0 0.78 ± 0.0 0.33 4.9 0.02
OPT-2.7B 0.01 ± 0.0 0.78 ± 0.0 0.5 9.15 0.01
LLaMA-3.2-3B 0.01 ± 0.0 0.78 ± 0.0 0.5 9.15 0.02
Phi-3-mini 0.01 ± 0.0 0.78 ± 0.0 0.31 4.58 0.02
OPT-6.7B 0.01 ± 0.0 0.84 ± 0.0 0.96 176.74 0
LLaMA-7B 0.01 ± 0.0 0.81 ± 0.0 0.95 167.97 0
LLaMA-3.1-8B 0.01 ± 0.0 0.81 ± 0.0 0.95 167.97 0
OPT-13B 0.01 ± 0.0 0.82 ± 0.0 0.94 118.19 0.01
LLaMA-13B 0.02 ± 0.0 0.87 ± 0.0 0.97 294.22 0
OPT-30B 0.01 ± 0.0 0.82 ± 0.0 0.94 118.19 0.01
OPT-1.3B

Width

-0.0 ± 0.02 1.15 ± 0.02 -0.14 0.01 0.36
OPT-2.7B -0.0 ± 0.02 1.15 ± 0.02 -0.14 0.01 0.08
LLaMA-3.2-3B -0.0 ± 0.02 1.14 ± 0.02 -0.14 0.01 0.36
Phi-3-mini -0.0 ± 0.02 1.15 ± 0.02 -0.14 0.01 0.36
OPT-6.7B 0.08 ± 0.02 1.08 ± 0.03 0.57 11.44 0.11
LLaMA-7B 0.02 ± 0.02 1.02 ± 0.02 -0.06 0.56 0.09
LLaMA-3.1-8B 0.01 ± 0.02 1.01 ± 0.02 -0.09 0.31 0.23
OPT-13B 0.14 ± 0.04 1.02 ± 0.05 0.55 10.58 0.19
LLaMA-13B 0.15 ± 0.04 0.95 ± 0.04 0.69 18.91 0.18
OPT-30B 0.14 ± 0.04 1.03 ± 0.05 0.55 10.91 0.21

Table 5: Coefficients of pruning law for inference speedup of the form L = L0P0(1− r)α.
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Task α P0 R2 F Error

QA 0.99 ± 0.32 1.10 ± 0.27 0.55 9.7 0.09
Reasoning 0.30 ± 0.07 0.85 ± 0.06 0.70 17.6 0.12
Language 0.98 ± 0.14 0.79 ± 0.12 0.87 48.9 0.05

Average 0.48 ± 0.13 0.89 ± 0.11 0.65 14.0 0.13

(a) Task-group level

Task α P0 R2 F Error

ARC-c 0.41 ± 0.17 0.69 ± 0.14 0.42 6.0 0.10
ARC-e 0.61 ± 0.11 0.87 ± 0.09 0.82 32.8 0.11
PIQA 0.20 ± 0.04 0.94 ± 0.03 0.81 31.5 0.10
WinoGrande 0.12 ± 0.04 0.86 ± 0.03 0.53 8.8 0.12
CoQA 3.53 ± 0.71 38.86 ± 1.67 0.77 24.8 0.05
CSQA 0.52 ± 0.24 0.54 ± 0.20 0.36 4.9 0.13
LAMBADA 0.98 ± 0.14 0.79 ± 0.12 0.87 48.9 0.05

(b) Task level

Table 6: Coefficients of the pruning law fitted on
the mixture-of-experts model GPT-OSS-20B (Agarwal
et al., 2025), pruned with ShortGPT (Men et al., 2024) at
ratios {10%, . . . , 80%}. The sweep additionally covers
CommonsenseQA (CSQA) (Talmor et al., 2019), widen-
ing the QA task family beyond conversational reading
comprehension.

Functional Form Train Error Test Error

L = L0 ∗ P0 ∗ (1− r)α (Ours) 0.02 0.05
L = L0 ∗ (1− r)α 0.05 0.10
L = L0 ∗ (1− β ∗ rα) 0.03 0.05
L = L0 ∗ e−β∗rα 0.03 0.06
L = L0 ∗ (1− β ∗ (1− e−α∗r)) 0.03 0.09
L = L0/(1 + β ∗ rα) 0.03 0.07
L = L0/(1 + eβ∗(r−α)) 0.03 0.06
L = L0 ∗ (1− α ∗ r − β ∗ r2) 0.03 0.06

Table 7: Results with pruning laws of other functional
forms. Among all the functional forms investigated, our
original functional form generates the lowest training
and testing error, affirming the validity of the fitted
pruning laws.

tail behavior of degradation as effectively. The pro-
posed form achieves the lowest combined training
error (0.02) and test error (0.05) among all candi-
dates, balancing model complexity with predictive
fidelity across the wide range of pruning ratios
(10%− 90%).

C Practitioner Guidelines for Selecting
Pruning Strategies

To make our findings actionable, we summarize
them as practical rules of thumb for real-world
adoption of pruning strategies. These guidelines
allow practitioners to quickly decide which pruning
strategy best matches their constraints and to use
the pruning laws for principled planning rather than

ad hoc trial-and-error:

1. Selecting the pruning method:
• Use depth pruning when runtime speedup is

the primary objective, as it yields the largest
accelerations (up to 5×), though with higher
variance in accuracy.

• Use unstructured pruning when performance
preservation is critical, since it provides the
lowest test errors and the most stable predic-
tions, albeit with modest speedups.

• Use width pruning for a balanced trade-off be-
tween accuracy and speed, offering moderate
but consistent improvements.

2. When facing unseen models:
• Start with zero-shot mode by directly reusing

fitted coefficients (α, P0), which achieves low
extrapolation error even across families.

• If limited resources are available to probe
the new model, perform one-shot calibration:
keep α fixed and re-estimate only P0 from a
single pruning experiment. This is beneficial
when accuracy at specific pruning ratios is
critical.

3. When using new pruning methods:
• Begin with zero-shot predictions using coeffi-

cients from similar pruning categories.
• Apply one-shot calibration of P0 if the method

is highly different (e.g., algorithmic pruning
heuristics not studied in our experiments) and
one evaluation run is feasible.

4. When targeting different tasks:
• For reasoning tasks, higher pruning ratios can

be tolerated, as they are more robust (smaller
α).

• For QA and language modeling, adopt more
conservative pruning ratios, since these tasks
degrade faster with pruning.

5. Compression planning:
• If multiple evaluations are possible, test at a

few pruning ratios (preferably < 50%) and fit
the pruning law locally to refine estimates.

• If evaluations are infeasible (e.g., resource-
constrained scenarios), reuse our published co-
efficients (model-wise or task-wise) to approx-
imate trade-offs with reasonable accuracy.

In summary, practitioners should use zero-shot
pruning laws for fast deployment across new mod-
els, tasks, or methods, and fall back to one-shot
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calibration of P0 when some evaluation budget is
available. This ensures a principled, universal, and
resource-aware approach to model pruning.
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Figure 6: Fitted pruning laws for downstream performance of pruned LLMs. Black and orange points highlight the
training and testing data points, respectively, with black line indicating the scores predicted by our pruning laws.
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Figure 7: Fitted pruning laws for inference speedup of pruned LLMs for different pruning methods.
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