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Abstract

Structured pruning is essential for efficient deployment of Large Language1

Models (LLMs). The varying sensitivity of LLM sub-blocks to pruning2

necessitates the identification of optimal non-uniformly pruned models.3

Existing methods evaluate the importance of layers, attention heads, or4

weight channels in isolation. Such localized focus ignores the complex5

global structural dependencies that exist across the model. Training-aware6

structured pruning addresses global dependencies, but its computational7

cost can be just as expensive as post-pruning training. To alleviate the com-8

putational burden of training-aware pruning and capture global structural9

dependencies, we propose TraceNAS, a training-free Neural Architecture10

Search (NAS) framework that jointly explores structured pruning of LLM11

depth and width. TraceNAS identifies pruned models that maintain a high12

degree of loss landscape alignment with the pretrained model using a scale-13

invariant zero-shot proxy, effectively selecting models that exhibit maximal14

performance potential during post-pruning training. TraceNAS is highly15

efficient, enabling high-fidelity discovery of pruned models on a single16

GPU in 8.5 hours, yielding up to 10× reduction in GPU-hours compared17

to training-aware methods. Evaluations on the Llama and Qwen families18

demonstrate that TraceNAS is competitive with training-aware baselines19

across commonsense and reasoning benchmarks.20

1 Introduction21

Recent breakthroughs in Large Language Models (LLMs) (Anthropic, 2023; OpenAI, 2023)22

have delivered unprecedented capabilities but require massive scale in parameters and23

computation. Foundational scaling laws (Kaplan et al., 2020) have established that smaller24

LMs are less sample-efficient, and thus training them from scratch is a resource-intensive25

bottleneck. Model compression enables the realization of efficient models that preserve26

the extensive knowledge of the pretrained base. Techniques such as quantization (Frantar27

et al., 2022; Liu et al., 2024), distillation (Li & Jin, 2022; Bercovich et al., 2025; Sarah et al.,28

2024) and pruning (Xia et al., 2023; Sun et al., 2023) have become essential, allowing for29

the accessible deployment of high-performance architectures. Among these, structured30

pruning (Ma et al., 2023) aims to remove architectural units like attention heads, weight31

columns, or transformer blocks to achieve immediate hardware speedup. This process32

can be naturally formulated as a Neural Architecture Search (NAS) (Sieberling et al.; Tao33

et al., 2023; Tang et al., 2025) problem, where the pretrained LLM is conceptualized as a34

super-network (Yu et al., 2020; Cai et al., 2019) that serves as the search space.35

Structured pruning is inherently more disruptive than the localized masking used in un-36

structured pruning (Sun et al., 2023; Frantar & Alistarh, 2023). While unstructured methods37

leave the model’s architecture intact, structured pruning physically alters it and risks sev-38

ering critical pathways in the representational flow. The primary bottleneck in adapting39

unstructured methods to structured pruning is the lack of a comparable global metric across40

the model’s layers (Ma et al., 2023). Local importance heuristics such as activation-weighted41

magnitudes (Sun et al., 2023) or Hessian-based reconstructions (Frantar & Alistarh, 2023)42

identify redundancy within isolated layers and are often incomparable across model depth43

due to varying magnitude scales (Ma et al., 2023). We address this limitation by utilizing44
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gradients (Das et al., 2023; Yang et al., 2025) as global signals that naturally capture the45

complex inter-dependencies across the model.46
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Figure 1: Search Efficiency. TraceNAS lies on
the Pareto front of the accuracy-efficiency trade-
off, identifying high-potential architectures in 8.5
GPU hours1. We achieve up to 10× reduction in
search time in comparison to competitive base-
lines. The area of the bubble is proportional to
the total tokens used for recovery training, high-
lighting that TraceNAS identifies architectures
that have high recovery potential.

Previous search methods for structured47

pruning employ mask learning (Xia et al.,48

2023; Yuan et al., 2025) or training-aware49

search (Tang et al., 2025; Bercovich et al.,50

2025). While these training-aware ap-51

proaches define the state-of-the-art, they52

demand substantial computational re-53

sources. This overhead stems from the54

iterative gradient updates required for55

training-aware model discovery and also56

necessitates a continuous stream of un-57

seen tokens to prevent pruned models58

from overfitting to calibration data. This59

cost can make the search for an effi-60

cient model just as demanding as post-61

pruning recovery, motivating the need62

for training-free NAS (Wu et al., 2021; Tran63

et al., 2021; Ingolfsson et al., 2022) us-64

ing zero-shot performance proxies. How-65

ever, existing proxies are primarily de-66

signed to identify trainable, randomly67

initialized architectures by focusing on68

heuristics such as gradient stability (Abdelfattah et al., 2021) or loss landscape smooth-69

ness (Li et al., 2023). These metrics are insufficient for LLM pruning as they prioritize70

trainability, the ability of a network to learn from scratch. In contrast, the performance of71

pruned LLMs depends on inheritance, the ability of the pruned model to recover perfor-72

mance by preserving the pretrained loss landscape (Frankle & Carbin, 2018; Frankle et al.,73

2020; Chen et al., 2020).74

In this paper, we introduce TraceNAS, a training-free NAS framework for joint depth75

and width pruning of LLMs. Our approach leverages the observation that a pretrained76

model resides in broad, stable regions of the loss landscape (Frankle et al., 2020; Li et al.,77

2018). We propose a zero-shot proxy that utilizes gradient trace to capture the impact of78

structural pruning on model sensitivity. Specifically, the proxy measures the retention-79

weighted aggregate over the Pearson Correlation coefficients between the gradient traces80

of the pruned and pretrained base models. Since structured pruning alters activation and81

gradient magnitudes, the use of Pearson Correlation ensures scale invariance, capturing the82

alignment of gradient traces on the pretrained loss landscape independent of scale shifts.83

To ensure the search remains tractable across varying model scales, we compute these84

gradients within a low-rank (Hu et al., 2022; Zhao et al., 2024) subspace. By leveraging85

the intrinsic low-dimensionality (Aghajanyan et al., 2021) of LLMs, TraceNAS captures the86

principal gradient components of the model while reducing memory overhead by orders of87

magnitude. Unlike training-aware methods which require significant memory overhead88

to maintain optimizer states and activations for backpropagation across a large set of89

calibration tokens, our training-free approach only requires the gradients of each candidate90

computed on a minimal calibration set. This reduction in memory consumption enables91

high-fidelity model discovery (Fig. 1), bypassing the compute intensive requirements typical92

of training-aware NAS. The primary contributions of this work are:93

1. Scalable Training-free NAS Framework: We introduce TraceNAS, a unified pruning94

framework (Fig. 2) for the joint optimization of LLM depth and width. Our approach95

enables the zero-shot discovery of non-uniform pruned models, facilitating efficient96

compression across model scales without search-time training.97

1TraceNAS, ShearedLlama, Flextron, DISP-LLM and LLMPruner report search time on NVIDIA
A100, DarwinLM on L40S and E3 reports NPU hours. Accuracy values reported in the figure are for
Llama2-7B.
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2. Zero-shot Proxy for Functional Inheritance: We introduce a scale-invariant, gradient-98

based zero-shot proxy that evaluates gradient alignment between the pruned and99

pretrained models. Our proxy achieves superior Spearman Rho (Spearman, 1904)100

(ρ = 0.94) and Kendall Tau (Kendall, 1938) (τ = 0.82) correlations with downstream101

accuracy, enabling accurate zero-shot discovery.102

3. Efficient Architecture Discovery: We show that TraceNAS achieves up to 10× re-103

duction in both GPU-hours and total calibration data compared to training-aware104

baselines (Fig. 1). This drastically lowers the overhead for large-scale model compres-105

sion by ensuring search costs are significantly lower than recovery training.106

2 Related Work107

2.1 Language Model (LM) Pruning108

LLM pruning methods vary by granularity: unstructured weight sparsification (Frantar109

& Alistarh, 2023) or structured removal (Ma et al., 2023; Kim et al., 2024) of transformer110

blocks, attention heads or weight channels. These methods are further categorized by111

their computational complexity relative to the model’s hidden dimension d. Early O(d2)112

magnitude pruning (Han et al., 2015) methods evaluate weights in isolation, ignoring the113

outlier features characteristic of LLMs (Kovaleva et al., 2021; Luo et al., 2021; Yin et al.,114

2023). To preserve these outliers, O(d2) metrics like Wanda (Sun et al., 2023) and FLAP (An115

et al., 2024) utilize weight-activation products. Furthermore, O(d3) optimization-based116

methods like SparseGPT (Frantar & Alistarh, 2023) and LLM-Pruner (Ma et al., 2023) utilize117

second-order inverse Hessians (Hassibi et al., 1993) to minimize layer-wise reconstruction118

error. However, these local heuristics prioritize layer properties and fail to account for how119

pruning-induced errors propagate through the model.120

2.2 Influence-based Importance121

Beyond these heuristics, recent research has explored influence functions (IF) (Koh & Liang,122

2017; Kwon et al., 2023) to better capture how model perturbations affect sensitivity. For in-123

stance, LayerIF (Askari et al., 2025) uses IF to estimate layer importance; however, it remains124

locally heuristic as it perturbs layers individually to measure validation loss sensitivity. This125

inherently fails to capture the joint impact of multi-layer and width pruning on the model’s126

representation. Furthermore, the O(d3) complexity of standard IF is prohibitive for LLMs,127

requiring inverse Hessian computations for all model parameters. In contrast, TraceNAS128

adopts an efficient first-order gradient-tracing approach inspired by TracIn (Pruthi et al.,129

2020) to evaluate the global impact of pruning. By operating with O(d2) complexity, Trace-130

NAS identifies non-uniform pruned architectures that maintain functional alignment with131

the pretrained base model, bypassing the computational bottlenecks and local limitations of132

LayerIF. We provide a detailed comparison between IF, IF-based pruning and TraceNAS in133

Appendix D.134

2.3 Training-Aware LM Pruning135

Recent structured pruning methods, such as ShearedLlama (Xia et al., 2023) and E3 (Yuan136

et al., 2025), use mask learning via L0 regularization and differential mask optimization.137

While effective, these methods target uniform sparsity across layers, failing to account for138

the heterogeneous importance distribution across a model’s width (Tao et al., 2023). This139

has prompted a shift toward discovering non-uniform architectures via evolution search.140

Methods like SIMPLE (Tao et al., 2023) and EvoPress (Sieberling et al.) employ evolutionary141

optimization for heterogeneous discovery. On the other hand, DarwinLM (Tang et al., 2025)142

uses a curriculum-style training-aware search, performing lightweight fine-tuning for every143

searched candidate. Similarly, PUZZLE (Bercovich et al., 2025) utilizes distillation-based144

NAS to identify optimal configurations by minimizing block-wise KL divergence. However,145

the training-aware search inherent to these methods mean their model discovery can be just146

as computationally intensive as the post-pruning recovery training.147
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Figure 2: Visualization of the TraceNAS search framework. TraceNAS uses a gradient-
based, training-free proxy to guide structural pruning. Following a one-time initialization
of base gradient traces (gbase) and importance scores (Il), a population of depth (d) and
width (κ) candidates undergoes iterative evolution via crossover and mutation. Each
width configuration is realized using an O(d2) activation-weighted heuristic. Subsequently,
candidatesMsub are ranked by the zero-shot proxy Φ, which measures the gradient trace
alignment between the active layers ofMsub relative toMbase.

2.4 Zero-shot NAS for LM Pruning148

As models scale, these training-intensive searches become intractable, necessitating training-149

free solutions for NAS. Existing proxies are formulated to identify trainable, randomly150

initialized architectures by focusing on heuristics such as gradient stability (Abdelfattah151

et al., 2021), model expressivity (Mellor et al., 2021; Jiang et al., 2023), or loss landscape152

smoothness (Li et al., 2023). These proxies are insufficient for evaluating pruned models as153

they do not account for how well a model inherits pretrained knowledge. To address this,154

recent works LPZero (Dong et al., 2024a) and Pruner-Zero (Dong et al., 2024b) formulate155

zero-shot pruned model discovery as a two-fold problem: first searching for unique symbolic156

pruning metrics for the target pretrained model, and subsequently applying these metrics157

to discover the optimal structured (Dong et al., 2024a) or unstructured (Dong et al., 2024b)158

sub-network. While modular, the dual-stage process adds overhead to the search pipeline.159

In contrast, TraceNAS introduces a unified training-free fitness proxy that directly evaluates160

a compressed model’s functional alignment with its pretrained base, streamlining the search161

for pruned models that have high performance potential and fast convergence during162

post-pruning recovery.163

3 Methodology164

3.1 Problem Definition165

We formulate pruned model discovery as a constrained discrete search over a pretrained166

super-network,Mbase (Cai et al., 2019; Yu et al., 2020). We seek an optimal M̂sub ∈ G that167

maximizes a training-free proxy Φ(·, ·), that measures functional inheritance; the ability168

ofMsub to recover performance by preserving the gradient direction ofMbase on its loss169

landscape:170

M̂sub = arg max
M∈G

Φ(Msub,Mbase) s.t. P(Msub) ≤ C,

where G is the search space, P(·) denotes the parameter count, and C is the target constraint.171

By maximizing Φ, we identify models with maximal potential for performance recovery172

during post-pruning continued pretraining (CPT) without the overhead of search-time train-173

ing.174

3.2 Search Space Encoding175

The search space G is defined as a joint distribution over the model’s depth and sub-block-176

wise width, enabling the discovery of non-uniformly pruned architectures fromMbase. By177
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operating at sub-block granularity, the TraceNAS search framework treats attention and178

MLP modules as independent units, thereby capturing diverse structural sparsity.179

Architecture Encoding A candidateMsub is parameterized by a tuple (d, κ). The depth180

configuration d ∈ {0, 1}L is a discrete mask over the L blocks of Mbase. Setting dl = 0181

deactivates the l-th block while preserving the residual stream, allowing the search to182

explore varying model depths. We enforce a minimum depth constraint, ∑L
l=1 dl ≥ Lmin, to183

ensure sufficient computational capacity for sequential reasoning. Simultaneously, the width184

configuration κ = {κ1, . . . , κL} where κl = (r(l)attn, r(l)mlp) ∈ (0, 1]2 defines the sparsity ratio185

for each attention and MLP sub-block. By decoupling the sparsity ratios, our framework186

identifies heterogeneous architectures that distinctly prioritize retention in sensitive sub-187

modules while respecting the global budget C.188

3.3 In-Place Architectural Realization189

We realize candidate sub-networksMsub by mapping sparsity ratios κ to binary masks and190

implementing them via an efficient in-place masking strategy.191

Width Mask Generation To realize a layer’s width configuration κl into a weight mask,192

we use the activation-weighted product: I(κl)l,j = ∑i |Wl,(ij)| · ∥Xl,j∥2 (Sun et al., 2023) as a193

saliency metric. This approach explicitly accounts for the outlier features characteristic of194

LLMs (Kovaleva et al., 2021; Luo et al., 2021; Yin et al., 2023) by scaling weight magnitudes195

by the L2-norm of their corresponding input activations. By identifying channels that196

are functionally critical to the model’s representational flow, I(κl)l,j ensures that mask197

realizations are tailored to preserve the underlying representation ofMbase.198

Adopting this O(d2) heuristic avoids the O(d3) bottleneck of second-order reconstruction199

methods (Frantar & Alistarh, 2023; Ma et al., 2023; Tang et al., 2025), enabling the high-200

frequency scoring and realization of hundreds of distinct candidates during the evolutionary201

search. Crucially, while I(κl)l,j provides a local channel-selection heuristic, the global202

distribution of the sparsity ratios κl is governed by the TraceNAS proxy Φ (Sec. 3.4), which203

accounts for the inter-layer dependencies and impact of pruning that local heuristics ignore.204

In-Place Masking To score candidates, we use an in-place masking strategy operating205

directly on the weight matrices ofMbase. For depth,Mbase is modified according to dl ∈ d;206

if dl = 0, the block is bypassed and activations are routed through the residual connection,207

ensuring functional continuity (Veit et al., 2016; Gromov et al., 2024). For active blocks208

(dl = 1) the binary masks are applied via a modify-then-restore pointer: W ′base = Wbase ⊙209

Mask(κl). This allows the search framework to execute forward and backward passes over210

a calibration set to capture the cumulative effects of pruning without the memory overhead211

of instantiating eachMsub in the population. Once the gradient trace is recorded for scoring,212

the original weights are restored, preservingMbase for subsequent search iterations.213

3.4 TraceNAS: Evaluating Functional Alignment214

To evaluate the functional integrity and recovery potential of candidate models Msub,215

we propose the proxy Φ. While structured pruning induces immediate representational216

shifts (Tran et al., 2022), local importance-based metrics (Sun et al., 2023; An et al., 2024)217

often overlook inter-layer dependencies that are inherently captured by gradients (Das et al.,218

2023). To address this, we define Φ as a zero-shot, gradient-based proxy that quantifies219

functional inheritance. Φ measures the directional alignment between the gradient trace of220

Msub andMbase. This directional alignment allows Φ to identify models that are favorably221

positioned within the pretrained convergence basin, thereby enhancing their potential for222

functional recovery.223

Establishing the Functional Anchor We define the optimal functional state as the gradient224

trace gbase of the pretrained model Mbase. Using a calibration set B, gbase provides the225

directional anchor within the optimization landscape that sub-networksMsub must align226

with to ensure functional inheritance. The gradient traces for the base and candidate models227

are calculated as g = Eb∈B [∇θL(M(b; θ))] where θ denotes the trainable model parameters.228
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Low-Rank Gradient Manifold To ensure computationally tractability across model sizes,229

we compute gradient traces g within a low-rank subspace. Since storing full-rank LLM230

gradients is memory-prohibitive, we attach Low-Rank Adapters (LoRA) (Hu et al., 2022) to231

all linear projections. This approach leverages the observation that the functional knowledge232

of LLMs resides within a low-dimensional manifold (Aghajanyan et al., 2021; Zhao et al.,233

2024), allowing us to capture global dependencies while significantly reducing the memory234

footprint of gradient storage.235

Measuring Functional Alignment To quantify how effectivelyMsub inherits the func-236

tional state ofMbase, we calculate the Pearson Correlation Coefficient ρ(l) per layer l ∈ L.237

For each transformer-block l, ρ(l) measures the alignment between the low-rank gradient238

traces of the pruned attention and MLP sub-blocks:239

ρ(l) =
1
Nl

〈 g(l)sub − µ
g(l)sub

σ
g(l)sub

 ,

 g(l)base − µ
g(l)base

σ
g(l)base

〉
(1)

where Nl is the dimensionality of the low-rank subspace, and µ, σ denote the mean and240

standard deviation of the gradient elements. By standardizing the traces, we decouple the241

directional alignment from magnitude shifts inherently induced by structural pruning.242

Retention-Weighted Aggregation We formulate the final proxy Φ by aggregating sub-243

block correlations using a retention-weighted summation. While gradient standardization244

ensures local scale-invariance, a uniform average of ρ(l) across layers fails to account for245

the heterogeneous representation capacity ofMsub. We therefore weight each correlation246

coefficient by its corresponding layer retention ratio r̄(l) = 1− r(l) ∈ κl :247

Φ(Msub,Mbase) = ∑
l∈Attn

r̄(l)attn · ρ
(l) + ∑

l∈MLP
r̄(l)mlp · ρ

(l) (2)

This formulation anchors the global score in the high-capacity regions ofMsub, prioritizing248

the sub-blocks that serve as the primary repositories of functional inheritance. By weighting249

ρ(l) by parameter density, we prevent Φ from being skewed by the high-variance noise250

typical of aggressively pruned sub-blocks.251

3.5 Selection & Evolutionary Mechanics252

Search Space Evolution We navigate G via an evolutionary strategy driven by Φ as shown253

in Fig. 2. The population P0 is warm-started using a global importance prior (Appendix C).254

A hybrid strategy optimizes the joint (d, κ) space: depth evolution utilizes contiguous-range255

crossover and bit-flip mutations, while width evolution employs interpolation crossover256

and multiplicative Gaussian jitter. This joint optimization explores architectural trade-offs257

between depth and width while adhering to the parameter constraint C.258

Search Granularity Activations at the attention output (Wo) and MLP down (Wdown) pro-259

jection layers serve as importance proxies for upstream weights. We apply the resulting260

masks to Wq, Wk, Wv, Wo for attention and Wup, Wgate, Wdown for MLP. For Grouped-Query261

Attention (GQA) (Ainslie et al., 2023) models, Wk and Wv are preserved to maintain rep-262

resentation integrity. Wo importance scores are aggregated head-wise to ensure that the263

number of pruned channels remains a multiple of the head dimension dhead, preserving the264

structural integrity required for multi-head and grouped-query attention. Finally, pruned265

MLP hidden dimensions are rounded to multiples of m = 32 to maintain efficient tensor266

operations.267

3.6 Interpreting Functional Inheritance through Gradient Trace Alignment268

The effectiveness of Φ as a proxy for functional inheritance is driven by the following269

observations:270

• Manifold Anchoring: High-performing pretrained models reside within flat, stable271

convergence basins (Frankle et al., 2020; Li et al., 2018). A high alignment score Φ272

implies that the first-order Taylor expansion of the sub-network’s loss surface remains273
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congruent with that of the base model. By preserving the gradient’s direction,Msub274

remains anchored within the original functional manifold. This ensures that post-275

pruning recovery initiates from a region of high directional certainty, enabling a stable276

loss trajectory rather than necessitating a costly search for a new local minimum.277

• Global Sensitivity via Chain-Rule: Unlike metrics that evaluate layers in isola-278

tion (Sun et al., 2023; Askari et al., 2025), gsub is computed via backpropagation279

through the masked computational graph. This captures inter-layer disruptions: if280

an upstream block bottlenecks the representational flow, subsequent layer gradient281

traces will de-correlate from the base model optimization manifold. This causes a282

sharp drop in Φ, allowing the proxy to detect structural incoherence and broken283

residual streams that local heuristics are inherently blind to.284

• Magnitude Invariance: By decoupling the proxy from absolute gradient magnitudes,285

Φ prevents the search from being biased by model size and focuses on functional286

preservation. This design reflects the use of AdamW (Loshchilov & Hutter, 2017),287

where the update ∆wt ∝ m̂t/(
√

v̂t + ϵ) normalizes scale to prioritize directional con-288

sistency over raw magnitude. Furthermore, Pre-LayerNorm and residual connections289

stabilize activation scales across the depth of the model, ensuring that Φ captures the290

underlying optimization trajectory rather than artifacts of the pruning mask.291

4 Experiments292

4.1 Experimental Setup293

Models and Datasets We evaluate TraceNAS across multiple scales using Llama-2-7B (Tou-294

vron et al., 2023), Llama-3.1-8B (Dubey et al., 2024) and Qwen-2.5-14B (Team, 2024b; Yang295

et al., 2024), covering both Multi-Head Attention (MHA) (Vaswani et al., 2017) and Grouped-296

Query Attention (GQA) (Ainslie et al., 2023) architectures. We use the FineWeb-Edu (Penedo297

et al., 2024) 100BT dataset for both evolutionary search and post-pruning CPT. For the search,298

we use a fixed calibration set of 65,536 tokens (16 sequences) per pruned candidate to evalu-299

ate a total population of 1500 candidates. This is followed by 20B tokens of post-pruning300

CPT. Results on additional models (Dubey et al., 2024; Team, 2025; 2024a; Biderman et al.,301

2023) and CPT token budgets is provided in Appendix F.3 and F.4.302

Implementation Details The evolutionary search is performed with a population of 30303

candidates over 50 search iterations. On a single NVIDIA H200 GPU, the search concludes304

in∼2 hours, a significant acceleration over the 8.5-hour A100 baseline reported in Fig. 1. The305

highest scored sub-networks then undergo CPT on a cluster of six H200 GPUs (∼16 hours)306

using a global batch size of 1024 and peak learning rate of 1e−4. We use a Warmup-Stable-307

Decay (WSD) (Hu et al., 2024) scheduler, with context lengths set to 4096 for Llama-2 and308

Qwen-2.5, and 8192 for Llama-3.1. Detailed hyperparameters are available in Appendix C.5.309

Baselines We benchmark TraceNAS against leading structured and layer-pruning meth-310

ods. This includes, mask-learning methods, ShearedLLaMA (Xia et al., 2023) and E3-311

Pruner (Yuan et al., 2025), which employ Lagrangian optimization. We compare perfor-312

mance with LLMPruner (Ma et al., 2023) which uses Taylor series approximation of the313

gradient as the importance metric for pruning. For training-aware pruning, we compare314

against DarwinLM (Tang et al., 2025), LoRAP (Li et al., 2024) which incorporates fine-tuning315

with LoRA (Hu et al., 2022) during pruning and DISP-LLM (Gao et al., 2024b) which trains316

a hypernetwork for mask generation. We further evaluate against Minitron (Sreenivas317

et al., 2024), Flextron (Cai et al., 2024), and uniformly pruned models found via TraceNAS318

to isolate the benefits of non-uniform pruning. Comparisons with unstructured pruning319

methods like Wanda (Sun et al., 2023), FLAP (An et al., 2024) and PrunerZero (Dong et al.,320

2024b) and LoRA finetuned models are included in Appendix F.5.321

Evaluation Benchmarks Models are evaluated using lm-evaluation-harness (Gao et al.,322

2024a) across 0-shot commonsense reasoning benchmarks: ARC-easy (Clark et al., 2018),323

LogiQA (Liu et al., 2020), PIQA (Bisk et al., 2020), SciQ (Welbl et al., 2017) and BoolQ (Clark324

et al., 2019). We also report 5-shot performance on MMLU (Hendrycks et al., 2020) and325

WinoGrande (Sakaguchi et al., 2020), 10-shot on HellaSwag (Zellers et al., 2019), and 25-shot326

on ARC Challenge (Clark et al., 2018).327
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4.2 TraceNAS Proxy Validation: Performance Correlation and Stability328

To evaluate TraceNAS as a proxy for recovery potential and verify hyperparameter con-329

sistency, we analyze 70 models sampled from the AmoebaLLM (Fu et al., 2024) search330

space. This evaluates the proxy in an environment unbiased by our evolutionary search and331

large-scale CPT setup. We compute Spearman Rho (SP) and Kendall Tau (KT) correlations332

against Wikitext-2 perplexity (PPL), MMLU accuracy and average downstream accuracy333

after Once-for-All (OFA) (Cai et al., 2019; Sukthanker et al.) finetuning on Alpaca (Taori334

et al., 2023).335

Method PPL MMLU Avg. Acc.
SP KT SP KT SP KT

#Params 0.87 0.72 0.11 0.07 0.66 0.50
NASWOT 0.69 0.50 0.35 0.26 0.39 0.29
ZiCo 0.87 0.72 0.11 0.07 0.66 0.50
GradNorm 0.93 0.79 0.45 0.32 0.93 0.78
Synaptic 0.93 0.78 0.37 0.25 0.89 0.73
MeCo 0.92 0.79 0.03 0.02 0.75 0.58
PrunerZero 0.44 0.31 0.88 0.69 0.68 0.50
TraceNAS – Dot 0.57 0.46 0.35 0.25 0.58 0.47
TraceNAS – Cos 0.91 0.77 0.48 0.35 0.91 0.79
TraceNAS – Unw. 0.85 0.71 0.23 0.16 0.77 0.62
TraceNAS (Ours) 0.93 0.79 0.54 0.39 0.94 0.82

Table 1: Correlation of zero-shot proxies with
model performance. Best in bold, second best
underlined.

N Samples 4 8 16 64 128 256
CL Tokens 128 256 512 1024 2048 4096
Rank r 2 8 64 256 1024 4096

Hyperparameter
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Figure 3: TraceNAS proxy stability. High
τ values demonstrate that TraceNAS con-
sistently ranks models across hyperpa-
rameters.

Correlation with Downstream Performance TraceNAS achieves superior ranking correla-336

tion with downstream performance, as shown in Table 1. Proxies like NASWOT (Mellor337

et al., 2021) and ZiCo (Li et al., 2023) rank models based on their expressivity and conver-338

gence capability from random initializations, in contrast TraceNAS explicitly accounts for339

pretrained knowledge inheritance. By measuring the alignment between the pruned and340

base model gradient traces, Φ captures how structural changes impact the functional sensi-341

tivity of the model. This allows the proxy to account for complex reasoning dependencies342

that feature-based or loss-landscape smoothness-based metrics fail to capture.343

While GradNorm (Abdelfattah et al., 2021) and Synaptic Saliency (Tanaka et al., 2020)344

effectively rank PPL, they prioritize the health of the gradient signal and whether pruning345

disproportionately impacts individual layers. This provides an incomplete picture of the346

candidate’s representational integrity. Similarly, while MeCo (Jiang et al., 2023) performs347

well on PPL, it fails to translate to task-specific accuracy. PrunerZero (Dong et al., 2024b)348

achieves the highest correlation on MMLU by incorporating gradient information, but349

this success does not generalize to PPL or average downstream accuracy. Additionally,350

#Params has high ranking potential for both PPL and average accuracy, however this does351

not translate to a good measure of a model’s knowledge retention capability, which is352

needed for MMLU. This tells us that while increasing model size is a good indicator of353

generalizability potential, #Params cannot capture the nuances required to analyze a pruned354

model’s factual knowledge and reasoning capabilities.355

In contrast, TraceNAS maintains superior ranking stability across all three metrics by lever-356

aging Retention-Weighted Pearson Correlation (Φ). Φ is specifically designed to isolate357

functional signals from directional noise through gradient centering. By using layer-wise358

retention as a weighting factor, Φ anchors the global fitness score in high-capacity regions.359

This prevents the ranking from being skewed by the high variance noise typical of aggres-360

sively pruned sub-blocks. We further validate the choice of our proxy by comparing against361

alternative alignment metrics, including dot product, cosine similarity and unweighted362

aggregation of Pearson Correlation Coefficients. A detailed analysis of the correlation results363

is presented in Table 1 is provided in Appendix E.364

Hyperparameter Stability Analysis We evaluate the robustness of TraceNAS by comput-365

ing the Kendall τ correlation across search hyperparameters and their respective highest366

settings (N = 256, CL = 4096, r = 4096). As shown in Fig. 3, the proxy maintains high367

ranking consistency across all variables, confirming that gradient trace alignment effectively368
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captures model inheritance even under constrained search settings. Our analysis of these369

internal ranking correlations follows:370

• Number of Calibration Samples (N): We observe that correlation monotonically371

align with the N = 256 configuration as sample density increases. While ranking372

sensitivity is present at N = 4 with τ ≈ 0.57, stability improves significantly to373

τ ≈ 0.71 at N = 128. This trend suggests that representative gradient alignment is374

captured with relatively few samples, justifying our sample-efficient search settings.375

• Context Length (CL): We observe that correlation with CL = 4096 remains high across376

context lengths, rising from τ ≈ 0.70 at shorter contexts to τ ≈ 0.80 at CL = 2048. The377

high agreement for all CL ≥ 1024 rankings suggests that the proxy’s saliency is largely378

preserved once the model captures sufficient long-range dependencies, allowing for379

significantly reduced compute during pruned model discovery.380

• Low-rank Gradient Subspace (r): We observe that proxy stability is most significant381

across gradient subspace dimensions. Correlation with full-rank (r = 4096) config-382

uration remains consistently high, exceeding τ ≈ 0.77 even at r = 2, and peaking383

at τ ≈ 0.82 for r = 8 before stabilizing. This validates our use of r = 64 during the384

search, confirming that low-rank gradient traces are sufficient to capture functional385

nuances while minimizing search memory overhead.386

Detailed inter-hyperparameter correlations, comparing each configuration directly to down-387

stream task performance, are provided in Appendix E.3.388

4.3 Main Results389

We evaluate TraceNAS for pruned model discovery by evaluating on Llama-2-7B, Llama-390

3.1-8B, and Qwen-2.5-14B Instruct to 2.7B, 4.6B, and 8.4B parameters, respectively. As391

shown in Tables 2 and 3, TraceNAS identifies sub-networks with high sample efficiency,392

requiring only 98M total search tokens, a 10× and 4× reduction compared to DarwinLM and393

ShearedLLaMA, while achieving superior accuracy. This validates the ranking capability394

and stability of our proxy, as observed in Sec. 4.2.395

Table 2: Pruning results for LLaMA-2-7B. Averages are calculated across eight reason-
ing benchmarks.

Method #Params Srch Recv PIQA WG ArcE ArcC HS SciQ LQA BQ Avg.

Llama-2-7B 6.7B – – 77.69 74.11 76.34 52.81 78.96 93.80 29.80 77.73 70.16

LoRAP 2.7B 16K 50K steps 57.20 47.90 31.30 26.30 30.00 51.20 27.50 61.90 41.66
Flextron2 3.4B 1K 90B 74.10 62.00 66.50 – 68.50 – – – –
E3 2.7B 0.5B – 71.20 57.30 65.40 38.10 54.60 88.40 28.10 63.60 58.34
ShearedLLaMA 2.7B 0.4B 50B 75.80 64.20 67.00 41.20 70.80 90.80 28.20 63.00 62.63
DarwinLM 2.7B 1.0B 10B 73.12 63.77 69.94 43.94 66.95 90.20 28.57 64.10 62.57

Uniform 3.4B 98M 20B† 65.10 58.30 69.50 38.20 54.30 87.10 26.03 59.90 57.30
LLMPruner 2.86B 1.3K 20B† 68.43 59.52 65.52 36.84 59.73 88.71 26.76 59.21 58.09
DISP-LLM 2.7B – 20B† 70.83 62.42 68.52 39.75 65.87 89.21 27.98 60.52 60.63
ShearedLLaMA 2.7B 0.4B 20B† 72.92 60.80 67.46 38.06 64.73 90.30 28.72 63.91 60.86
DarwinLM 2.7B 1.0B 20B† 73.17 63.59 69.90 42.91 66.57 89.00 29.18 63.63 62.24
TraceNAS (Ours) 2.7B 98M 20B 73.40 63.97 70.20 43.80 68.54 91.10 29.71 61.76 62.81

Performance on Llama-2-7B TraceNAS achieves the highest average accuracy on Llama-2396

7B across eight benchmarks, outperforming all reported baselines. To ensure a fair com-397

parison, we train DarwinLM, ShearedLLaMA, DISP-LLM, and LLMPruner on our 20B398

token distribution (†). Notably, ShearedLLaMA’s performance drops when restricted to our399

20B token budget, highlighting its reliance on high-token-count recovery to reach compet-400

itive accuracy. In contrast, DarwinLM performs competitively at 10B tokens, leveraging401

search-time training to accelerate recovery. While TraceNAS requires 20B tokens to exceed402

these results, this recovery is justified by 3.5× lower search overhead, thus enabling high-403

fidelity discovery. Additionally, LLMPruner does not surpass TraceNAS performance, and404

†
Models trained on our CPT data setup and the original codebase provided in the respective

papers.
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Table 3: Pruning results for Llama-3.1-8B and Qwen-2.5-14B-Instruct. Averages are calcu-
lated across the eight reasoning benchmarks, not including MMLU.

Method #Params Srch Recv MMLU PIQA WG ArcE ArcC HS SciQ LQA BQ Avg.

Llama-3.1-8B 8B – – 64.78 81.22 77.42 81.64 57.59 81.81 96.20 31.02 82.14 73.63

Minitron2 4.4B – 94B 60.50 76.82 73.50 76.89 56.14 76.03 96.20 31.02 83.14 71.22
DarwinLM 4.6B 1B 10B 43.21 74.59 65.03 73.27 51.27 71.13 93.40 30.72 71.00 66.30
Uniform (Ours) 4.6B 98M 20B† 28.76 68.32 58.54 68.23 47.89 66.42 88.48 27.54 66.59 61.50
LLMPruner 4.6B 1.3K 20B† 26.45 54.76 48.93 25.16 27.04 25.81 21.8 24.42 59.63 35.94
DarwinLM 4.6B 1B 20B† 43.32 74.53 65.26 73.13 51.62 71.17 93.24 30.76 70.08 66.22
TraceNAS (Ours) 4.6B 98M 20B 30.12 74.23 66.08 73.50 52.26 69.01 93.90 30.81 73.00 66.60

Qwen-2.5 14B 14B – – 82.53 82.10 79.71 85.81 72.44 85.10 96.70 41.16 87.95 78.87

DarwinLM 8.4B 1B 10B 55.97 78.12 70.63 79.41 57.42 74.93 89.30 33.10 73.57 69.56
E3 8.2B 0.5B – 36.50 76.90 63.00 76.00 47.90 67.00 93.70 30.00 66.50 65.13
Uniform (Ours) 8.4B 98M 20B† 51.23 71.32 62.64 77.12 50.02 69.89 88.91 28.53 69.45 64.73
LLMPruner 8.4B 1.3K 20B† 25.72 51.30 50.19 28.84 27.30 28.56 25.6 23.04 39.23 34.26
DarwinLM 8.4B 1B 20B† 56.97 78.17 72.09 79.86 57.03 74.96 90.32 32.80 73.17 69.80
TraceNAS (Ours) 8.4B 98M 20B 58.79 76.63 73.24 81.07 56.05 73.77 95.70 32.56 73.70 70.34

DISP-LLM requires hypernetwork training and post-pruning CPT, and still does not match405

TraceNAS performance and is a more expensive technique end-to-end.406

Furthermore, TraceNAS significantly outperforms LoRAP (Li et al., 2024), E3-Pruner (Yuan407

et al., 2025), and our uniform baseline. Our 2.7B model has comparable performance to408

Flextron (Cai et al., 2024) despite the latter having a larger parameter footprint and requiring409

4.5×more CPT tokens. The substantial performance gap between TraceNAS and the uni-410

form baseline (5.51% average) underscores the necessity of non-uniform architecture search411

for maintaining representational integrity. Additional results on pruned Llama-2, specifi-412

cally zero-shot performance, baseline comparisons of model perplexity and performance413

scaling at 10B and 50B training tokens, in Appendices C.3, E.4 and F.4, respectively.414

Generalization to GQA Architectures Evaluation on Llama-3.1 and Qwen-2.5 demon-415

strates the generalizability of TraceNAS to GQA architectures. For Llama-3.1-8B, TraceNAS416

significantly improves on the uniform baseline and outperforms DarwinLM across reasoning417

tasks such as ARC-C (52.26%) and BoolQ (73.00%). On Qwen-2.5-14B, TraceNAS maintains418

its lead with a 70.34% average, surpassing both DarwinLM (69.80%) and E3-Pruner (65.13%).419

Notably, LLM-Pruner (Ma et al., 2023) exhibits severe performance degradation on these420

architectures. We evaluate its original search strategy without modification for comparison.421

While Minitron (Sreenivas et al., 2024) achieves higher accuracies across reasoning baselines,422

it requires an intensive 94B tokens for recovery, approximately 4.7× the computational cost423

of TraceNAS. Across all architectures, TraceNAS produces sub-networks whose gradient424

traces are highly aligned with the pretrained gradient trace, allowing for high-fidelity425

recovery and discovered at a fraction of the computational search cost required by existing426

training-aware methods. Detailed pruned model performance before CPT, inference, search,427

and recovery speedup analysis against all publicly available baselines are provided in428

Appendix C.3, F.1, and F.2, respectively.429

5 Conclusion430

In this work, we introduce TraceNAS, a zero-shot NAS framework for non-uniform struc-431

tured pruning of LLMs. By leveraging a novel scale-invariant gradient proxy, TraceNAS432

identifies sub-networks that maintain high gradient trace alignment with the pretrained433

base model. This alignment ensures the preservation of functional inheritance, allowing for434

efficient recovery during continued pretraining. Our framework demonstrates consistent435

performance gains across Llama-2, Llama-3.1, and Qwen-2.5 architectures, achieving an436

order-of-magnitude reduction in search overhead compared to training-aware baselines.437

By eliminating the prohibitive cost of search-time training, TraceNAS provides a scalable438

and high-fidelity foundation for model compression that effectively retains the complex439

reasoning capabilities of dense pretrained models.440

2Flextron Cai et al. (2024) and Minitron Sreenivas et al. (2024) utilize ∼90B recovery tokens (∼4.5×
TraceNAS’s budget). They serve as accuracy upper bounds rather than direct efficiency competitors.
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A Limitations713

TraceNAS provides an efficient zero-shot metric for model pruning, yet several constraints714

remain. The proxy Φ captures immediate functional alignment but does not explicitly715

model loss landscape curvature or smoothness, factors which may influence long-term716

convergence. Additionally, our empirical validation is restricted to language-only models.717

Although the framework is extensible, its performance on multi-modal architectures has not718

yet been verified. From a deployment perspective, our search process does not incorporate719

hardware-specific latency bottlenecks or inference-engine optimizations such as vLLM.720

Furthermore, we do not perform a full multi-objective search to map the entire Pareto721

frontier between size, speed, and accuracy, focusing instead on validating the Φ proxy722

under fixed architectural constraints. Future work will explore hardware-aware metrics and723

cross-modal generalizability to broaden the utility of zero-shot structured pruning.724

B Code & Reproducibility725

Our code can be found at: https://github.com/pmaletti/TraceNAS.726

C Implementation & Search Analysis727

C.1 Evolutionary Search Initialization728

Table 4: Comparison of LLaMA-2-7B pruning using evolutionary search and importance
based initialization, highlighted as TraceNAS (Ours).

Method #Params PIQA WG ArcE ArcC HS SciQ LQA BQ Avg.

Llama-2-7B 6.7B 77.69 74.11 76.34 52.81 78.96 93.80 29.80 77.73 70.16

TraceNAS - Random Search 2.7B 68.42 58.86 66.72 37.13 58.45 88.79 27.85 59.98 58.28
TraceNAS - Uniform Init 2.7B 72.24 61.21 69.72 41.79 65.24 89.96 28.84 59.79 61.10
TraceNAS - Random Init 2.7B 71.96 60.87 68.98 40.75 63.11 90.75 28.76 59.85 60.63
TraceNAS (Ours) 2.7B 73.40 63.97 70.20 43.80 68.54 91.10 29.71 61.76 62.81

To improve search efficiency and avoid sub-optimal architectural configurations, we warm-729

start the evolutionary search using a layer importance global prior. Instead of initializing730

the population uniformly or randomly within the search space, we bias candidates toward731

structurally stable regions of the pretrained model. Specifically, we compute per-layer732

importance scores based on the expectation of the weight-activation product(Sun et al.,733

2023), defined as Il = E
[
|Wl | ⊙ ∥Xl∥2

]
, which characterizes the sensitivity of each layer.734

These importance scores define a non-uniform sampling prior over the sub-module width735

sparsity configurations κ = {κ1, . . . , κL}, where κl = (r(l)attn, r(l)mlp). Biasing the initial pop-736

ulation P0 toward high-importance layers anchors the search in regions that preserve the737

representational capacity of the base model while adhering to the parameter budget C.738

This initialization strategy reduces search variance typically caused by stochastic sparsity739

assignments and prevents early convergence to architectures that fail to inherit pretrained740

capabilities.741

To quantify the benefits of importance-based initialization, we conduct an ablation study742

on LLaMA-2-7B comparing our approach to uniform and random initialization strate-743

gies. Additionally, we compare our evolutionary search against random search in Table 4.744

Importance-based initialization provides a significantly stronger starting point than stan-745

dard schemes; when initialized using Il , TraceNAS achieves an average accuracy of 62.81%,746

representing a 1.71% improvement over uniform and a 2.18% improvement over random747

initialization. These results indicate that leveraging layer-wise importance effectively warm-748

starts the search, accelerating the discovery of high-performing sub-networks under a fixed749

parameter budget.750

Furthermore, evolutionary search yields a substantial 4.54% absolute gain in average accu-751

racy over random search. This improvement confirms that selecting elite candidates via Φ,752

coupled with importance-based initialization, provides a robust search scheme for iterative753
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Figure 4: TraceNAS Evolutionary Dynamics and Search Convergence. Search trajectory
for pruning Llama-2-7B to 2.7B across 50 iterations. (a) TraceNAS score (Φ) evolution:
Illustrates the discovery of top scored candidates across the specified parameter budget
window. The red star indicates the model with maximal functional inheritance for the
given constraint. (b) Attention Width Evolution: Tracks the sparsity ratios for the attention
sub-block (κattn); the search identifies specific layers where attention heads are critical
for maintaining representational flow. (c) MLP Width Evolution: Sparsity ratios for MLP
sub-blocks (κmlp), revealing the high structural sparsity and exploration across the model
depth. (d) Total Search Variance: Illustrates the search variance across all identified models,
the relative stability indicates that TraceNAS identifies high performing models within a
short search window. In figures (b), (c) and (d), κ = 0.0 indicates no pruning in that layer
and κ = 1 indicates the layer has been dropped.

refinement. By effectively navigating the discrete architectural space, this approach enables754

the consistent discovery of high performing models, without the high variance of random755

search.756

C.2 Search Space Analysis757

To analyze the dynamics of the evolutionary search, Fig. 4 illustrates the behavior of Trace-758

NAS across 50 iterations. As shown in Fig. 4(a), the population moves from initial stochastic759

exploration toward candidates with progressively higher gradient alignment scores. The760

presence of negative alignment values in early iterations suggests that importance-based761

initialization alone cannot guarantee functional inheritance, as initial sparsity patterns intro-762

duce representational instability. This behavior also confirms that the prior does not overly763

constrain the search, leaving sufficient flexibility for the evolutionary process to explore the764

broad search space.765

The distinct structural sensitivity of different sub-modules is detailed in Fig. 4(b) and (c).766

While the global importance prior is relatively uniform, the search discovers unique sparsity767

profiles for attention (κattn) and MLP (κmlp) widths. Specifically, the first iteration of the768

search finds that the final MLP layers are very important and thus they are not pruned,769

whereas attention modules less importance in later layers and thus initial layers have770

high sparsity. This indicates that representational integrity relies on different depth-wise771

configurations for different sub-module types.772

Finally, Fig. 4(d) reports the population-level variance. The zero variance in the first iteration773

confirms that the search begins from a single anchored model, with diversity expanding774

only as mutations and crossovers are introduced in subsequent steps. The subsequent775

stabilization and variance plateau signal that the search successfully converged to a set of776

high-quality architectures. This trend validates the efficiency of the evolutionary mechanism777

in navigating the discrete search space and identifying optimal non-uniform configurations778

within a limited iteration budget.779

C.3 Performance Before Post-pruning CPT780

We provide zero-shot results after pruning with all previously reported baselines and781

additional methods. Decomposition methods(Ashkboos et al., 2024; Lin et al., 2024) preserve782

model capability via low-rank approximation; however it is increasingly difficult to achieve783

superior performance at high sparsity (60%) and requires post-pruning training/finetuning784

for optimal performance. LLMPruner(Ma et al., 2023) uses Taylor’s series approximation of785

19



Under review as a conference paper at COLM 2026

Table 5: Zero-shot performance of pruned LLaMA-2-7B. Training-aware baselines ex-
hibit higher zero-shot performance. Methods marked with * denote verified methods
for specific sparsity levels.

Method #Params Srch Recv PIQA WG ArcE ArcC HS SciQ LQA BQ Avg.

Llama-2-7B 6.7B – – 77.69 74.11 76.34 52.81 78.96 93.80 29.80 77.73 70.16

SliceGPT 4.69B 2M – 72.25 59.83 63.93 37.80 55.86 – – – –
MoDeGPT 4B 262K – 70.35 64.40 59.76 34.73 58.63 – – – –
LLMPruner 2.86B 1.3K* – 51.68 49.96 25.25 26.53 25.89 20.6 23.50 40.24 32.95
DISP-LLM 2.7B –* – 53.92 46.41 27.69 25.26 25.81 22.9 26.57 57.55 35.76
ShearedLLaMA 2.7B 0.4B* 0.4B 66.21 53.74 49.78 28.49 47.96 84.4 27.34 59.20 52.14
DarwinLM 2.7B 1.0B* 1.0B 70.8 55.8 63.3 38.1 53.2 85.6 28.5 62.7 57.2
TraceNAS (Ours) 2.7B 98M – 61.12 51.40 43.33 31.03 42.35 47.5 25.96 50.55 44.16

gradients for weight pruning. However, we observe that at 60% sparsity, it fails to perform786

comparably to training-based methods like DISP-LLM(Gao et al., 2024b), ShearedLlama(Xia787

et al., 2023) and DarwinLM(Tang et al., 2025). Furthermore, DISP-LLM requires training a788

hypernetwork for 10k steps to learn pruning masks. In contrast, TraceNAS is fast and strictly789

zero-shot during the search phase, while also demonstrating superior zero-shot and post-790

CPT performance compared to DISP-LLM. Furthermore, we observe that SHearedLlama and791

DarwinLM report much superior zero-shot performance post-pruning. However, this comes792

at the cost of search-time training and increase in end-to-end pruned model deployment793

time as highlighted in Table 11.794

C.4 Performance Across Varied Search Constraints795

To showcase the modularity of TraceNAS we compare layer-only pruning to full layer and796

width pruning using TraceNAS. Additionally, we also highlight the choice of(Sun et al.,797

2023) for width pruning by showing comparisons against Magnitude(Han et al., 2015),798

Random width maks generation and FLAP(An et al., 2024). The results show that both799

FLAP and Wanda perform comparably, and we choose Wanda to avoid the additional cost800

of computing the per layer activation variances.801

Table 6: Post-CPT performance across layer-only pruning constraints and varied mask
realization metrics, showcasing the robustness of the framework and validates the choice of
Wanda for mask realization.

Method Pruning Strategy #Params PIQA WG ArcE ArcC HS SciQ LQA BQ Avg.

Llama2 - 7B – 6.7B 77.69 74.11 76.34 52.81 78.96 93.80 29.80 77.73 70.16

TraceNAS - Layer-only – 2.7B 71.63 61.35 67.82 40.49 65.66 89.81 28.77 60.73 60.78
TraceNAS Magnitude 2.7B 67.84 58.76 65.32 35.76 54.32 83.21 24.12 56.34 55.71
TraceNAS Random 2.7B 65.49 54.89 64.21 33.12 53.67 76.82 23.15 54.87 53.28
TraceNAS FLAP 2.7B 72.97 62.89 70.78 44.02 67.45 90.56 29.37 62.87 62.61
TraceNAS (Ours) Wanda 2.7B 73.40 63.97 70.20 43.80 68.54 91.10 29.71 61.76 62.81

C.5 Evolution Search and CPT Hyperparameters802

Table 7 provides comprehensive overview of the evolution search and CPT hyperparameters803

used to realize the models presented in TraceNAS. During the search, we initialize both804

LoRA adapter matrices using Kaiming Normal initialization(He et al., 2015) to ensure805

non-zero gradient flow across the entire parameter subspace.806

C.6 Pseudocode807

Algorithm 1 provides detailed overview of the TraceNAS evolution search.808

20



Under review as a conference paper at COLM 2026

Table 7: Hyperparameter Configuration for TraceNAS Search (Left) and CPT (Right).

Search Parameters CPT Parameters
Parameter 2.7B 4.6B 8.4B Parameter 2.7B 4.6B 8.4B

Population Size (P) 30 Learning Rate 1× 10−4

Elites (K) 10 Batch Size 1024
Crossover Rate 0.7 LR Scheduler WSD
Mutation Rate 0.2 / 0.2 WSD Ratios 0.05 / 0.65 / 0.30
Search Iterations (N) 50 Context Length 4,096 8,192 4,096
– – Overall Tokens 20B

Algorithm 1: TraceNAS
Input :PretrainedMbase; Budget C; Calibration set B; Sparsity κ; Elite size k; Search

iterations T
Output :Optimal pruned sub-network M̂sub

InitializeMbase with LoRA modules;
gbase ← Eb∈B [∇θL(Mbase(b; θ))] ; // Functional Anchor

Il ← E
[
|Wl | ⊙ ∥Xl∥2

]
; // Compute block importance for all L

Initialize P0 with random depth d ∈ {0, 1}L and width κ weighted by Il ;

for t = 1 to T do
for each candidate (Msub(d, κ)) ∈ Pt do

// Structural Realization
if #Params(Msub) > C then

Φ(Msub)← −∞ ; // Budget Penalty
continue;

else
Realize masks W ′l = Wl ⊙Mask(κl) based on active layers d

Route activations via residual connections for deactivated layers (dl = 0);

// Gradient-based Evaluation
gsub ← Eb∈B [∇θL(Msub(b; θ))];
for each active layer l do

ρ(l) ← Pearson Correlation Coefficient(g(l)sub, g(l)base) ; // Gradient Trace
Correlation

// Fitness Aggregation

Φ(Msub)← ∑l∈Attn r(l)attnρ(l) + ∑l∈MLP r(l)mlpρ(l);

// Elite Selection and Reproduction
Et ← Select top k candidates from Pt based on Φ;
Pt+1 ← Et ; // Carry over elite set directly
while |Pt+1| < |Pt| do

Parent A, B← Sample from Et;
Child C ← Crossover(A, B) + Mutation(C);
Add Child C to Pt+1;

return M̂sub ← arg max
Φ
{PT}

D Motivation & Conceptual Framework809

To further clarify the positioning of TraceNAS, we distinguish our framework from data-810

centric influence functions(Koh & Liang, 2017; Kwon et al., 2023), specifically LayerIF(Askari811

et al., 2025) and TracIn(Pruthi et al., 2020).812
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D.1 Influence Functions813

Data influence functions (IF) are typically used to quantify how a specific training sample
contributes to a model’s prediction on a test sample. Specifically, IF quantifies how model
parameters θ∗ change when a specific training point zk is infinitesimally up-weighted.
Formally, assuming the loss L is twice differentiable, the influence of the k-th training point
on the parameters is defined as:

Iθ∗(zk) :=
dθ(k)

dϵ

∣∣∣∣
ϵ=0

= −H(θ∗)−1∇θL(zk, θ)

where H(θ) is the Hessian matrix. The influence of a training sample zi on the validation
loss across m validation points is then:

I(zi) = −
m

∑
j=1
∇θL(zV

j , θ)⊤H(θ)−1∇θL(zi, θ)

This measures whether a specific sample has a beneficial or detrimental impact on predictive814

performance.815

D.2 Structural Sensitivity via Data-Centric Influence816

LayerIF adapts this concept to assess the relative quality of different layers by localizing the
computation to each layer l:

I(l)(zi) = −
m

∑
j=1
∇(l)

θ L(z
V
j , θ)⊤

[
H(l)(θ)

]−1
∇(l)

θ L(zi, θ)

By aggregating positive influence scores, LayerIF derives a vector S where each element817

S(l) = ∑n
i=1 I[I(l)(zi) > 0] · I(l)(zi), where I[·] is the indicator function, captures the cumu-818

lative contribution of training data to validation performance through that specific layer.819

Crucially, LayerIF maintains a static model architecture; its analysis is data-centric, keeping820

the architecture fixed to evaluate layer specialization across different data samples.821

D.3 TracIn & the Link to TraceNAS822

In contrast, TraceNAS keeps the data static and instead evaluates model sensitivity. We823

analyze the functional performance of the model as its architecture is structurally perturbed.824

Our formulation is inspired by TracIn, which simplifies standard influence functions by825

removing the O(d3) complexity of the inverse Hessian. TracIn computes a first-order ap-826

proximation via the dot-product alignment between gradients of training and test samples:827

TracIn(zi, zj) =
T

∑
t=1

ηt∇θL(zi, θt) · ∇θL(zj, θt)

We extend this simplification to the domain of structural pruning by comparing the base828

model’s gradient (gbase) and the pruned candidate’s gradient (gsub) on the same fixed data.829

As detailed in Sec. 3.4, to quantify how effectively Msub inherits the functional state of830

Mbase, we calculate the sub-block-wise Pearson Correlation Coefficient ρ(l):831

ρ(l) =
1
Nl

〈 g(l)sub − µ
g(l)sub

σ
g(l)sub

 ,

 g(l)base − µ
g(l)base

σ
g(l)base

〉

where Nl is the dimensionality of the low-rank subspace, gbase and gsub are defined as g =832

Eb∈B [∇θL(M(b; θ))], µ and σ denote mean and standard deviation of gradient elements.833

By standardizing the traces g, ρ(l) captures the directional alignment decoupled from the834

magnitude shifts induced by pruning.835
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We aggregate these correlations using Retention-Weighted Aggregation to account for
heterogeneous representation capacity:

Φ(Msub) = ∑
l∈Attn

r̄(l)attn · ρ
(l) + ∑

l∈MLP
r̄(l)mlp · ρ

(l)

where r̄(l) = 1− r(l) is the retention ratio. This formulation anchors the global score in high-836

capacity regions, preventing Φ from being skewed by high-variance noise in aggressively837

pruned sub-blocks. This ensures the candidate resides within the original pretrained838

convergence basin, facilitating high-fidelity recovery.839

D.4 Why this works840

The primary reason this formulation works is that it treats the gradient as a local “topo-841

graphic map” of the optimization landscape. While magnitude-based proxies like Grad-842

Norm measure if the landscape is stable, Φ measures if the gradient direction of the pruned843

model still points in the same direction as the original.844

• Gradient Trace as a Proxy for the Optimization Path: The gradient trace represents845

the direction of steepest descent. By calculating the alignment between gbase and gsub,846

we are measuring whether the sub-network wants to move toward the same local847

minima as the pretrained model. This is why we refer to it as Functional Inheritance,848

whether the pruned model inherits the optimization intent of its base model.849

• Decoupling Magnitude from Direction: We used the Pearson Correlation Coefficient850

(ρ(l)) specifically to decouple the directional signal from magnitude shifts. Structural851

pruning inherently reduces the total weight volume, which naturally suppresses852

gradient magnitudes. If we used a simple dot product, the score would drop simply853

because the model is smaller. Standardizing the traces via µ and σ allows us to854

evaluate if the logic of the layer remains, regardless of its reduced power.855

E Validation & Proxy Correlation856

This section provides a detailed analysis of the TraceNAS proxy Φ and its ranking correlation857

with model perplexity (PPL), MMLU, and average downstream accuracies compared against858

the established baselines in Table 1.859

E.1 Correlation with Downstream Performance860

Expressivity & Convergence Proxies: As shown in Table 1, TraceNAS achieves superior861

ranking correlation with downstream performance by effectively modeling functional inher-862

itance. Proxies like NASWOT(Mellor et al., 2021) and ZiCo(Li et al., 2023) are formulated to863

rank models based on expressivity and convergence capability from random initializations.864

NASWOT measures the linear separability of data representations by quantifying the dis-865

similarity in feature patterns using the Hamming distance. This metric characterizes the866

richness of data representations in a network, this is reflected in ranking performance on867

PPL (τ = 0.5). However, this does not account for whether a pruned architecture retains868

the specific linguistic knowledge, MMLU correlation of (τ = 0.26) that is already encoded869

in the weights.870

Similarly, ZiCo serves as a measure of loss landscape smoothness using the inverse coef-871

ficient of variation. This is defined as the ratio of the mean of gradients to their standard872

deviation across samples. This assumes that networks with high convergence speed and873

generalization capacity exhibit high absolute mean gradients and low variance, and will874

generalize well. This measure of generalizability is reflected in PPL (τ = 0.72) ranking.875

These properties of ZiCo are crucial for optimization, yet they are inherently blind to the876

pretrained knowledge of extensively pretrained LLMs and the functional disruption caused877

by pruning, MMLU τ = 0.07,. These metrics optimize for a model that could learn well,878

whereas pruning requires a model that has already learned and preserved its pretrained879

distributions. This lack of accounting for pretrained knowledge inheritance explains their880

limited ranking correlation on specialized tasks like MMLU, where representational fidelity,881

not just trainability, is the primary driver of performance.882
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Robustness Proxies: In contrast, GradNorm(Abdelfattah et al., 2021) functions as a robust883

proxy for pruned variants of pretrained models. This stems from the principle it operates884

on: that the stability of a model, expressed through its gradient L2 norm is a good measure885

of potential performance. Similarly, Synaptic Saliency(Tanaka et al., 2020) approximates886

parameter importance by measuring the impact of parameter removal on the model’s887

loss function. Specifically, the proxy measures how much structural perturbations, in888

the form of parameter removal, impacts the model’s total loss. However, these metrics889

primarily prioritize structural health and do not account for the global impact of pruning890

on representational depth or the specific disruption caused by multi-parameter pruning891

to knowledge retention tasks like MMLU. This limitation is reflected in their Kendall τ892

correlation values of only τ = 0.32 and τ = 0.25 on MMLU, respectively.893

Proxies that Model the Impact of Pruning: To further highlight the need for proxies894

to account for the global impact of pruning, we analyze MeCo(Jiang et al., 2023). MeCo895

measures generalization capacity of a model using the minium eigen values of the Pearson896

Correlation matrix across feature representations. This effectively captures generalizability,897

as reflected in PPL ranking (τ = 0.79). However, it does not translate to the complex898

reasoning and knowledge retention abilities required in pruned models, MMLU τ = 0.02,899

that inherit a distorted version of the pretrained weight state. Conversely, PrunerZero(Dong900

et al., 2024b), achieves the highest ranking correlation on MMLU, τ = 0.69. However,901

this high performance does not translate to model generalizability in the form of PPL or902

average accuracy on downstream tasks. We attribute this to the proxy formulation, defined903

as the product of the weight norms and the min-max scaled gradient vector. The high904

ranking correlation on MMLU is driven by the high magnitude weights acting as pointers905

to the high knowledge retention regions within the pretrained model. These regions are906

isolated by the min-max scaled gradients, making the proxy susceptible to outliers, thus907

resulting in poor performance on PPL (τ = 0.31). Lastly, #Params is a strong indicator of908

model generalizability through PPL ranking (τ = 0.72). However, it does not account for909

representational collapse in pruned models, MMLU correlation τ = 0.07. Furthermore, it910

would not be able to distinguish between models under a contrained parameter budget.911

Conclusion: In contrast, TraceNAS provides the best end-to-end ranking correlation.912

While GradNorm is sensitive to mean directional shifts in gradients, TraceNAS employs913

centering via Pearson Correlation to isolate the functional gradient trace alignment from914

directional noise. This de-noises the signal to reveal the underlying structural inheritance915

that simpler magnitude-based metrics miss and functions as a reliable proxy for model916

performance.917

E.2 Validating Retention-Weighted Pearson Correlation918

To justify the formulation of Φ, we evaluate dot product (TraceNAS - Dot), cosine similarity919

(TraceNAS - Cosine), and unweighted aggregation of Pearson correlation coefficients (Trace-920

NAS - Unweighted) within the our low-rank gradient setup. We see that cosine similarity is921

more robust than dot product, which fails due to the magnitude shifts caused by structural922

pruning. However, cosine similarity remains sensitive to mean-gradient bias. Pearson923

correlation coefficient addresses this by centering the gradient traces, however, uniformly924

aggregating these coefficients across layers introduces instability in highly compressed925

blocks. By using layer sparsity as a weighting factor, Φ acts as a dynamic noise-filtering926

mechanism, thus de-emphasizing highly pruned layers. This weighting anchors the global927

score in the high-capacity regions identified as the primary repositories of functional in-928

heritance. By prioritizing sub-blocks with higher parameter density, we prevent the global929

fitness signal from being skewed by the high-variance typical of aggressively pruned, low-930

capacity blocks. Furthermore, dot product fails as it lacks the scale-invariance necessary to931

handle the significant magnitude shifts inherently caused by structural pruning.932

E.3 Robustness of Proxy Stability: Correlation with Downstream Accuracy933

As shown in Sec. 4.2, the TraceNAS proxy (Φ) demonstrates strong robustness and inter hy-934

perparameter stability in ranking pruned model performance across accuracy and perplexity.935

To further validate these results we show that Φ, consistently shows high correlation with936

downstream performance metrics under various search constraints. We measure Spearman937
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ρ and Kendall τ correlations between the proxies (generated across all hyperparameters)938

and WikiText-2 Perplexity (PPL), MMLU accuracy and average accuracy in Table 8 and 9.939

Table 8: Spearman ρ correlation between various search hyperparameters and model PPL
and average downstream accuracy. All correlation values reported are averaged over 3
random seeds to ensure robustness.

(a) N (b) CL (c) r

N PPL Avg Acc CL PPL Avg Acc r PPL Avg Acc

4 0.893 0.832 128 0.932 0.864 2 0.923 0.900
8 0.925 0.883 256 0.915 0.834 8 0.933 0.902
16 0.930 0.902 512 0.896 0.820 64 0.930 0.902
64 0.923 0.896 1024 0.850 0.780 256 0.928 0.902
128 0.928 0.903 2048 0.915 0.864 1024 0.928 0.902
256 0.841 0.748 4096 0.930 0.902 4096 0.955 0.912

Table 9: Kendall τ correlation between various search hyperparameters and model PPL and
average downstream accuracy. All correlation values reported are averaged over 3 random
seeds to ensure robustness.

(a) N (b) CL (c) r

N PPL Avg Acc CL PPL Avg Acc r PPL Avg Acc

4 0.742 0.680 128 0.803 0.708 2 0.791 0.745
8 0.790 0.732 256 0.779 0.689 8 0.803 0.748
16 0.797 0.748 512 0.750 0.671 64 0.797 0.748
64 0.778 0.736 1024 0.712 0.636 256 0.795 0.746
128 0.790 0.739 2048 0.767 0.706 1024 0.794 0.748
256 0.707 0.613 4096 0.797 0.748 4096 0.837 0.760

The results confirm that TraceNAS maintains a stable and predictive ranking signal across a940

wide range of hyperparameter settings, validating that the inherited optimization landscape941

of the base model is reliably captured without requiring dense calibration. We provide a942

detailed analysis of the results in Table 8:943

• Calibration Sample Density (N): With as few as 4 calibration samples, the proxy944

achieves a strong correlation of 0.832 with average accuracy. This correlation peaks945

and stabilizes between N = 16 and N = 128 at approximately 0.90, supporting the946

use of relatively low sample counts during evolutionary search to maximize efficiency947

without sacrificing ranking fidelity. Interestingly, the correlation dips noticeably at948

N=256, which may result from additional samples introducing less optimal data949

points that could dilute the alignment proxy. This suggests a potential benefit from950

filtering or weighting calibration samples to maintain high-quality proxy scores.951

• Context Length (CL): Proxy correlations remain high at shorter context windows;952

for example, at CL = 128, the PPL correlation is 0.932 and the accuracy correlation is953

0.864. Increasing context length to CL = 4096 further improves alignment, reaching954

an accuracy correlation of 0.902. This indicates that while local dependencies are cap-955

tured early, longer contexts enhance the proxy’s ability to predict complex reasoning956

performance.957

• Low-Rank Gradient Subspace (r): The proxy shows exceptional stability across958

gradient subspace ranks. Even at a very low rank of r = 2, correlation with average959

accuracy remains at 0.900, validating the Intrinsic Dimensionality Invariance principle:960

the core manifold dynamics necessary for effective pruning exist within a compact961

subspace. Although correlation improves slightly to 0.912 at full rank (r = 4096), the962

minimal gain does not justify the additional overhead, confirming the effectiveness of963

using lower-rank subspaces during search.964

By maintaining approximately 0.90 correlation with downstream accuracy across these965

hyperparameters, TraceNAS provides a scalable and reliable foundation for zero-shot966
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model compression. This stability ensures that the identified sub-networks consistently967

reside within the original pretrained convergence basin regardless of search-time resource968

limitations.969

E.4 Performance Across Different Sparsities970
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Figure 5: TraceNAS PPL across sparsity levels.
WikiText-2 perplexity reported for pruned models
identified via TraceNAS evolutionary search and
trained using 2.5B tokens of CPT.

We evaluate TraceNAS across a range971

of sparsity levels and report WikiText-972

2 perplexity for LLaMA-2-7B in Fig. 5973

after lightweight CPT with 2.5B to-974

kens. We generate compressed mod-975

els ranging between 7B (0% sparsity)976

and 3.3B (50% sparsity) parameters977

using TraceNAS over 200 evolution-978

ary search iterations on 16 sequences979

of data from FineWeb-Edu. Across980

all sparsity regimes, TraceNAS consis-981

tently achieves lower perplexity than982

competing width and layer pruning983

baselines.984

As expected, perplexity increases with985

sparsity for all methods; however, Tra-986

ceNAS exhibits a flatter degradation987

curve. At 50% sparsity, TraceNAS at-988

tains a perplexity of approximately 11,989

compared to roughly 15 for DarwinLM990

and over 100 for ShortGPT. This re-991

silience under aggressive compression suggests that the gradient trace proxy effectively992

identifies architectures that remain within the pretrained model’s convergence basin, miti-993

gating representational collapse as parameters are removed.994

Notably, the robustness of TraceNAS at high sparsity arises from architectural selection995

rather than additional recovery training. All methods are evaluated under comparable996

lightweight CPT budgets, yet TraceNAS consistently identifies sub-networks with substan-997

tially lower perplexity by prioritizing architectures that preserve optimization landscape.998

TraceNAS leverages gradient alignment to capture global sensitivity across layers, enabling999

the retention of long-range dependencies even under severe compression. The key advan-1000

tage of TraceNAS lies in its ability to discover non-uniform architecture configurations1001

tailored to a given parameter budget. Whereas layer-dropping approaches primarily re-1002

move entire blocks in a uniform manner, TraceNAS jointly optimizes depth and per-layer1003

width, retaining parameters where they are most necessary. By guiding the search using1004

gradient alignment the resulting sub-networks maintain geometric alignment with the base1005

model’s optimization landscape, yielding significantly more stable performance as sparsity1006

increases.1007

F Scalability & Speedup Analysis1008

F.1 Inference Speedup Analysis1009

The practical advantages of the TraceNAS architectures are detailed in Table 10. We evaluate1010

inference performance on an NVIDIA A100 GPU using a 4096 token prompt and a 1281011

token generation window. To isolate architectural effects under a uniform execution path,1012

all models are evaluated using native PyTorch with a standardized inference configuration.1013

Results are recorded over 20 independent trials to reduce runtime variance and ensure1014

stable, comparable measurements. As shown in the results, our architectures demonstrate1015

significant improvements in memory efficiency and interactive latency, primarily driven by1016

reductions in TTFT.1017

While training-aware baselines like DarwinLM demonstrate higher raw decode throughput1018

(Sd), our models achieve a substantial reduction in Time To First Token (TTFT), which is a1019
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Table 10: Inference phase specific speedup analysis on NVIDIA A100. Sp and Sd denote the
prefill and decode speedup, respectively.

Model TTFT TPOT Throughput Peak Memory Sp Sd
(ms) (ms) (T/s) (GB) (Prefill) (Decode)

Llama-2 7B 1462.05 35.80 27.93 15.01 1.00× 1.00×
ShearedLlama 2.7B 3071.05 33.24 47.92 7.88 0.48× 1.08×
DarwinLM 2.7B 649.83 12.96 83.50 6.07 2.25× 2.76×
TraceNAS 2.7B (Ours) 346.56 17.61 56.80 6.33 4.22× 2.03×
Llama-3.1 8B 960.25 42.55 23.50 16.52 1.00× 1.00×
Minitron 4.4B 1340.86 34.61 31.70 10.49 0.72× 1.23×
DarwinLM 4.6B 918.68 18.95 56.54 11.53 1.05× 2.25×
TraceNAS 4.6B (Ours) 556.52 26.61 37.58 9.98 1.73× 1.60×
Qwen 2.5 14B 1927.08 79.43 12.59 30.29 1.00× 1.00×
Minitron 8.4B 5361.37 72.19 20.05 18.03 0.36× 1.10×
DarwinLM 8.4B 4717.75 46.18 29.99 19.88 0.41× 1.72×
TraceNAS 8.4B (Ours) 1322.30 54.52 18.34 17.71 1.46× 1.46×

critical metric for interactive responsiveness. Specifically, at the 2.7B scale, TraceNAS reaches1020

a 4.22× prefill speedup (Sp), representing a 1.97× improvement over DarwinLM’s prefill1021

speedup. This trend of superior prefill efficiency persists across larger scales, suggesting1022

that our search constraints and gradient alignment objective effectively identifies layer1023

configurations that minimize the computational overhead of the initial prompt processing1024

phase.1025

Furthermore, TraceNAS architectures exhibit superior memory efficiency, maintaining the1026

lowest peak memory utilization at the 8.4B and 14B parameter scales. For instance, our1027

8.4B configuration requires only 17.71 GB of peak memory, outperforming both Minitron1028

and DarwinLM. While TraceNAS models do not maximize raw decode throughput, they1029

prioritize TTFT and memory efficiency, which are more critical for real-time, user-facing1030

deployment.1031

F.2 Search and Recovery Speedup Analysis1032

We provide quantitative values depicted in Fig. 1. We show the search and recovery time,1033

number of GPUs used for training and the total recovery tokens.

Table 11: Comparison of computational costs for architecture search and recovery training.
Search and recovery times are reported in GPU hours unless otherwise specified. TraceNAS,
ShearedLlama, DISP-LLM, and LLM-Pruner performed search on NVIDIA A100, while
DarwinLM used L40S.

Method Search Time Recovery Time Training GPU Tokens

ShearedLlama 60 h ∼24–28 days 8 × A100 50B
DarwinLM 28 h 520 h 40 × H100 10B
DISP-LLM 4 h – – –
LLM-Pruner 10 min – – –
TraceNAS (Ours) 8.5 h 96 h 6 × H200 20B

1034

F.3 Extending TraceNAS to Different Model Scales1035

We demonstrate that TraceNAS consistently identifies high-performing sub-networks across1036

a wide range of model scales in Tables 12, 13 and 14. At the 70B scale, pruning Llama-3.1-1037

70B to 40B parameters, TraceNAS maintains strong reasoning performance, with MMLU1038

accuracy of 77.21 and a SciQ accuracy of 97.32. These results show that TraceNAS gradient1039

alignment proxy effectively navigates the large-scale architecture space without search-time1040

training. These results are achieved after performing post-pruning supervised finetuning1041

(SFT) for 5000 steps using LoRA(Hu et al., 2022) and the Orca(Mukherjee et al., 2023)1042
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finetuning dataset, further showcasing that TraceNAS can be used as a proxy for finetuning1043

performance.1044

Table 12: Pruning results for Llama-3.1-70B Instruct.

Method #Params MMLU PIQA WG ArcE ArcC HS SciQ LQA BQ Avg.

Llama-3.1-70B Instruct 70B 81.22 83.89 85.9 87.2 70.39 87.44 96.12 37.21 85.2 79.17

PUZZLE 51B 80.20 – 84.53 – 69.20 85.58 – – – –
DarwinLM 35B – 81.2 83.5 82.5 60.5 80.3 95.4 33.0 84.2 75.07
TraceNAS (Ours) 40B 77.21 82.1 85.21 83.19 60.32 78.21 97.32 34.12 85.12 75.70

Table 13: Pruning results for Qwen3-8B.

Method #Params MMLU PIQA WG ArcE ArcC HS SciQ LQA BQ Avg.

Qwen-3 8B 8B 76.90 76.27 70.56 83.50 67.49 76.58 96.7 34.86 86.51 74.05

TraceNAS (Ours) 4.1B 65.48 71.78 60.51 70.21 53.28 62.54 93.42 28.35 72.44 64.07

Table 14: Pruning results for Pythia-2.8B and Gemma-2-2B .

Method #Params MMLU PIQA WG ArcE ArcC HS SciQ LQA BQ Avg.

Pythia-2.8B 2.8B 24.30 74.04 60.37 64.43 35.65 60.73 88.4 28.41 63.48 59.48

DarwinLM 1.4B 25.1 71.3 57.3 61.2 34.7 54.5 82.9 27.9 65.0 56.85
TraceNAS (Ours) 1.4B 25.5 71.8 58.69 62.83 34.4 54.11 84.9 28.18 64.92 57.47

Gemma2-2B 2.5B 51.35 79.27 71.66 80.21 53.32 74.65 95.7 29.18 72.72 69.58

DarwinLM 1.2B 25.3 61.3 52.1 48.5 23.2 30.5 80.0 26.4 55.5 47.18
TraceNAS (Ours) 1.2B 26.44 70.34 57.93 66.70 36.77 51.84 91.2 27.49 65.62 58.23

The benefits of TraceNAS are equally evident in smaller models. For Pythia-2.8B pruned to1045

1.4B parameters, TraceNAS improves average performance over DarwinLM (57.47 vs. 56.85)1046

and achieves the highest accuracy on nearly all reasoning tasks. For Gemma2-2B pruned to1047

1.2B parameters, TraceNAS dramatically reduces the performance drop seen in DarwinLM,1048

achieving an average of 58.23 compared to 47.18 while leading across nearly all individual1049

tasks. The results reported for the 2B models are after for CPT on FineWeb-Edu 100BT for1050

10B tokens.1051

Overall, these results highlight that TraceNAS is robust across scales. By leveraging gra-1052

dient alignment to guide architectural selection, it consistently produces non-uniform1053

sub-networks that outperform training-aware pruning approaches, for both massive 70B1054

models or highly compressed 1.2B models.1055

F.4 Training with more tokens1056

We provide results on training our Llama-2-2.7B pruned model on 10B tokens, 20B tokens1057

and 50B tokens and compare with baselines ShearedLlama and DarwinLM.1058

Table 15: TraceNAS LLaMA-2-2.7B model trained across 10B, 20B and 50B tokens on FineWeb-Edu
100BT subset.

Method #Params Srch Recv PIQA WG ArcE ArcC HS SciQ LQA BQ Avg.

Llama-2-7B 6.7B – – 77.69 74.11 76.34 52.81 78.96 93.80 29.80 77.73 70.16

ShearedLLaMA 2.7B 0.4B 50B 75.80 64.20 67.00 41.20 70.80 90.80 28.20 63.00 62.63
DarwinLM 2.7B 1.0B 10B 73.12 63.77 69.94 43.94 66.95 90.20 28.57 64.10 62.57

TraceNAS (Ours) 2.7B 98M 10B 71.54 59.43 68.25 40.24 66.40 89.40 28.57 62.01 60.73
TraceNAS (Ours) 2.7B 98M 20B 73.40 63.97 70.20 43.80 68.54 91.10 29.71 61.76 62.81
TraceNAS (Ours) 2.7B 98M 50B 73.95 64.35 70.93 44.67 69.12 91.28 28.18 62.42 63.11
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F.5 Evaluating TraceNAS for Unstructured Pruning1059

We evaluate the capability of TraceNAS as a proxy for unstructured pruning of the dense1060

Llama-2-7B model and evaluate its performance after SFT. We compare 50% pruned1061

TraceNAS model against magnitude pruning(Han et al., 2015), FLAP(An et al., 2024),1062

Wanda(Wang et al., 2020), ShortenedLlama(Kim et al., 2024), AmoebaLLM(Fu et al., 2024)1063

and PrunerZero(Dong et al., 2024b) in Table 16.1064

Table 16: Evaluating Llama-2-7B unstructured pruning using TraceNAS against SOTA
unstructured pruning baselines. Average accuracy excludes MMLU.

Method #Params MMLU WG ArcE ArcC HS BQ Avg.

Llama-2-7B 6.7B 46.53 74.11 76.34 52.81 78.96 77.73 71.99

ShortenedLlama 50% 24.76 51.54 50.63 26.45 43.60 62.23 46.89
Magnitude 50% 30.69 59.19 58.84 33.53 45.49 54.59 50.33
FLAP 50% 27.67 56.75 55.43 31.57 51.33 59.45 50.91
AmoebaLLM 50% 30.60 60.10 56.60 31.50 51.30 65.70 53.04
Wanda 50% 39.27 68.19 72.77 39.59 52.49 75.99 61.81
PrunerZero 50% – 67.80 69.19 38.82 69.12 68.87 62.76
TraceNAS (Ours) 50% 38.76 68.83 73.86 42.51 56.42 74.13 63.15

We finetune our 50% pruned model on the Orca(Mukherjee et al., 2023) dataset for 10,0001065

steps with LoRA(Hu et al., 2022), AmoebaLLM SFT on Alpaca for 10,000 steps, 50% pruned1066

and finetuned Wanda model, 50% pruned FLAP model and the reported ShortenedLlama1067

results. Evaluating TraceNAS under this setup showcases its robustness as a proxy for1068

performance potential under unstructured pruning and SFT post-pruning recovery.1069

The results in Table 16 showcase that TraceNAS has the highest average accuracy at 63.15%1070

outperforming Wanda (61.81%) and PrunerZero (62.76%). The high performance of Wanda1071

showcases why we chose it as a mask generation metric and our higher performance further1072

validates that TraceNAS significantly boosts performance over Wanda.1073
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Table 17: Qualitative Analysis: TraceNAS (2.7B) demonstrating sustained professional
persona and domain-specific knowledge in renewable energy.

Prompt: Act as a Renewable Energy Consultant specializing in grid modernization. What are the
primary challenges utility companies face when integrating large-scale solar and wind power
into an aging electrical grid, and what storage solutions do you recommend?

TraceNAS: The main challenge is that there’s no one solution that can meet the needs of all
customers. The cost of adding more renewables to the grid will likely vary depending on where
it’s added and how much storage is used. If storage is used, then the cost per unit may be higher
than with new energy generation sources like natural gas or nuclear power plants. And if some
customers choose not to use renewable energy, they still need reliable power supplies.

A second challenge is that electricity demand is highly variable throughout the day and year. In
order to provide enough power at all times, utilities must have a mix of generating resources,
including coal, natural gas, nuclear and renewables. This is very expensive and time-consuming,
and it can lead to blackouts, especially during peak hours when people want their air conditioners
to run. What is your favorite renewable energy project to date?

We recently completed a 100 kW biomass cogeneration system for a small community in northern
Maine. Biomass cogeneration, or producing both heat and electricity from biomass, has long been
underutilized because it’s difficult to get a contractor to work on a site that doesn’t have access to
water. We overcame this obstacle by developing an offsite water delivery system using trucks
equipped with pumps that deliver water directly to the boiler. I am passionate about finding
innovative ways to help rural communities become less dependent on fossil fuels. I believe that
clean energy solutions such as biomass cogeneration can play an important role in helping rural
areas reduce dependence on traditional energy sources.
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