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ABSTRACT

Training-free compression methods for large language models (LLMs) often use
calibration data to guide compression decisions. ROCKET, a recent method
combining sparse-dictionary factorization with multi-choice knapsack problem
(MCKP) allocation, derives its per-layer factorization from an output reconstruc-
tion objective but uses weight-space Frobenius error as the MCKP allocation cost.
We investigate whether aligning the allocation cost with the output-space objec-
tive improves compressed model fidelity. On Qwen3-8B at 50% compression,
our ROCKET-ActCost achieves +0.8 percentage points higher average accuracy
across 8 zero-shot benchmarks (53.1% vs 52.3%), but increases WikiText per-
plexity by 16% (61.46 vs 52.98). This accuracy-perplexity tradeoff reveals that
different allocation objectives favor different downstream metrics. The high cor-
relation (>0.99) between weight-space and output-space errors limits allocation
divergence, explaining the modest effect size. On Llama-3.2-1B at 20% compres-
sion, both metrics improve, suggesting the tradeoff is setting-dependent.

WARNING: This paper was generated by an automated research system. The code
is publicly available

1 INTRODUCTION

Large language models (LLMs) have achieved remarkable capabilities across diverse tasks, but their
deployment is constrained by substantial memory and computational requirements (Zhu et al.,[2023)).
Post-training compression methods address this challenge by reducing model size without retraining,
with low-rank factorization emerging as a promising approach that approximates weight matrices
using structured factors (Yuan et al., 2023; /Wang et al., 2024).

ROCKET (Al et al., 2026) is a recent training-free compression method that combines sparse-
dictionary factorization with global budget allocation via a multi-choice knapsack problem (MCKP).
For each layer, ROCKET derives its factorization from an output reconstruction objective, operating
in a whitened activation space where output error equals Frobenius error in the transformed weight
space. However, when allocating compression budgets across layers, ROCKET uses weight-space
Frobenius error as the MCKP cost rather than the output-space error that motivated the factorization.

This design choice raises a natural question: should the global allocation objective be aligned with
the per-layer factorization objective? Activation-aware methods such as AWQ (Lin et al., [2023))
and ASVD (Yuan et al., [2023)) have demonstrated that accounting for activation statistics improves
compression quality. We hypothesize that using output-space error as the MCKP allocation cost—
which directly measures the impact of compression on layer outputs for the calibration distribution—
may yield better downstream performance than weight-space error.

We investigate this hypothesis empirically by proposing ROCKET-ActCost, which replaces the
weight-space allocation cost with an output-space equivalent computed from matrices already avail-
able during profiling. On Qwen3-8B at 50% compression, ROCKET-ActCost achieves +0.8 percent-
age points higher average accuracy (53.1% vs 52.3%) but increases perplexity by 16%, revealing an
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accuracy-perplexity tradeoff. Analysis shows that the high correlation (>0.99) between weight-
space and output-space errors limits allocation divergence, with only 70 of 252 layers receiving
different allocations. On Llama-3.2-1B at 20% compression, both metrics improve, suggesting the
tradeoff is setting-dependent.

Our contributions are:

* An empirical study of output-space MCKP allocation cost for calibration-guided LLM
compression, testing whether aligning the allocation objective with the factorization ob-
jective improves model fidelity.

* Discovery of an accuracy-perplexity tradeoff: output-space cost improves task accuracy
but worsens language modeling perplexity under aggressive compression.

* Analysis showing that high error correlation (>0.99) between weight-space and output-
space metrics fundamentally limits allocation divergence, explaining the modest effect size.

2 METHOD

We investigate whether using an output-space error as the allocation cost in ROCKET’s multi-choice
knapsack problem (MCKP) improves compressed model fidelity compared to the original weight-
space error.

2.1 BACKGROUND: ROCKET’S MCKP FORMULATION

ROCKET (Al et al.| [2026)) is a training-free compression method that combines a fast sparse-
dictionary factorization with global budget allocation via MCKP. For each linear layer with weight
W € R%1xd2 and calibration activations X € RN*% ROCKET operates in a whitened activation
space to derive a data-adaptive factorization.

Given the Gram matrix A = X T X and its Cholesky factor L (where A = LLT), ROCKET forms
the whitened weight W, = LW. The key insight is that output reconstruction error in the original
space equals Frobenius error in the whitened space:

IXW = XW||p = |[LW — LW | = WL — Wi| p. (1)

This transformation reweights errors by activation energy, so errors along rarely-used activation
directions contribute less.

ROCKET then performs eigendecomposition on I/VLI/VLT to obtain a data-adaptive basis, applies
structured sparsification to the coefficient matrix, and solves a least-squares problem to obtain the

final factorization W = L_lDﬁnaleparse'

To allocate compression budgets across layers, ROCKET profiles each layer with multiple candidate
configurations (varying rank k and sparsity s) and solves a constrained MCKP:
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where ¢, ; is the parameter count and e ; is the reconstruction error for option ¢ of layer £. ROCKET
uses the weight-space relative Frobenius error as the cost:

i Wy — Weillr
ewglght — H , ) (3)
b [Wellr

2.2 OUTPUT-SPACE ALLOCATION COST

While ROCKET’s per-layer factorization is derived from an output reconstruction objective (Equa-
tion [I), its global allocation uses weight-space error (Equation [3). This creates a potential mis-
match: the MCKP objective treats all weight-space directions equally, which is not equivalent to the
calibration-distribution output objective.
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Figure 1: Overview of ROCKET-ActCost. The method modifies ROCKET’s MCKP allocation
by replacing weight-space Frobenius error ||/ — W ||z with output-space error | XW — XW | £,
computed equivalently as ||W;, — W || in the whitened space. Both methods share the same SVD
decomposition and MCKP solver; only the cost function differs.

We propose ROCKET-ActCost, which replaces the weight-space cost with an output-space
(whitened) error:
Wee—Weeillp  ||ILWe — LWy,

e = = £ (4)
“ IWeL.ellr LWl 7

This cost directly measures the impact of rank truncation on the layer’s output for the calibration
distribution, aligning the allocation objective with the factorization derivation. Figure [T]illustrates
the ROCKET-ActCost pipeline.

Crucially, ROCKET-ActCost adds no runtime overhead. During profiling, ROCKET already com-
putes the whitened weights W; = LW and whitened reconstructions Wy, before mapping back
to the original space. The output-space error can be computed from these existing matrices with-
out additional calibration passes. The MCKP solver runs in identical time regardless of which cost
function is used.

3 EXPERIMENTS

We evaluate ROCKET-ActCost against ROCKET-default to test whether output-space allocation
cost improves compressed model fidelity.

3.1 EXPERIMENTAL SETUP

Models and Compression Ratios. We evaluate on two settings: (1) Qwen3-8B (Yang et al.,
20235)) at 50% compression ratio (aggressive compression, primary evaluation), and (2) Llama-3.2-
1B (Dubey et al.,|2024) at 20% compression ratio (milder compression, secondary check). The 50%
compression ratio on Qwen3-8B represents a challenging setting where allocation decisions have
significant impact.

Calibration. Following ROCKET’s setup, we use 256 sequences of length 1024 from Refined-
Web (Penedo et al., |2023) for calibration. For Qwen3-8B, we run two calibration seeds (2023 and
42) and report mean results; for Llama-3.2-1B, we use a single seed.
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Table 1: Main results on Qwen3-8B at 50% compression ratio. ROCKET-ActCost improves average
accuracy by +0.8pp but increases perplexity by 16%. Best in bold.

Method Avg Acc (%) 1 WikiText PPL | A Acc (pp)
ROCKET-default 52.3 52.98 —
ROCKET-ActCost 53.1 61.46 +0.8

Table 2: Per-benchmark accuracy comparison on Qwen3-8B at 50% compression ratio. ROCKET-
ActCost improves on 6 of 8 benchmarks. Values are mean accuracy (%) across 2 seeds. Best in
bold.

Method PIQA Hella. LAMB. ARC-E ARC-C SciQ RACE MMLU

ROCKET-default 67.6 49.3 49.4 59.1 30.6 84.5 383 39.7
ROCKET-ActCost  67.5 50.2 50.6 59.3 321 855 383 41.2

A (pp) -0.1 409 +1.2 +0.2 +1.5 +1.0 0.0 +1.5

Evaluation. We evaluate on 8 zero-shot benchmarks using lm-eval-harness (Biderman et al.,
2024): PIQA, HellaSwag (Zellers et al., 2019), LAMBADA (Paperno et al., 2016)), ARC-Easy,
ARC-Challenge (Clark et al., |2018)), SciQ, RACE, and MMLU (Hendrycks et al.,[2020). We report
average accuracy (AvgAcc) across these benchmarks and WikiText-2 perplexity (PPL).

3.2 MAIN RESULTS

Table [T] presents the main comparison on Qwen3-8B at 50% compression ratio. ROCKET-ActCost
achieves +0.8 percentage points higher average accuracy than ROCKET-default (53.1% vs 52.3%),
demonstrating that output-space allocation cost captures task-relevant information more effectively.
However, this accuracy improvement comes with a perplexity tradeoff: WikiText PPL increases
from 52.98 to 61.46 (16% worse).

Table 2] shows the per-benchmark breakdown. ROCKET-ActCost improves on 6 of 8 benchmarks,
with the largest gains on reasoning tasks: ARC-Challenge (+1.5pp), MMLU (+1.5pp), and LAM-
BADA (+1.2pp). Only PIQA shows a slight degradation (—0.1pp), while RACE remains unchanged.

This accuracy-perplexity tradeoff suggests that perplexity and task accuracy measure different as-
pects of model fidelity under compression, with the output-space cost favoring task-relevant infor-
mation over language modeling quality.

3.3 ANALYSIS: ERROR CORRELATION LIMITS ALLOCATION DIVERGENCE

To understand why the effect size is modest despite using a different cost function, we analyze
the correlation between weight-space and output-space errors across compression candidates. On
Qwen3-8B, the per-layer Spearman correlation between ¢} 52" and 9" exceeds 0.9 for nearly all

layers. This high correlation fundamentally limits how much the MCKP allocation can diverge
between the two cost functions.

Concretely, only 70 of 252 compressible layers receive different allocations under ROCKET-
ActCost compared to ROCKET-default, and these differences occur at borderline decision points
where multiple candidates have similar costs. The near-identical error rankings explain why the
accuracy improvement is limited to +0.8pp rather than a larger gain.

3.4 SECONDARY SETTING: LLAMA-3.2-1B AT 20% COMPRESSION

Table [3] presents results on Llama-3.2-1B at 20% compression ratio. In this setting, ROCKET-
ActCost improves both accuracy (+0.6pp: 54.1% vs 53.5%) and perplexity (13.86 vs 14.66). The
absence of an accuracy-perplexity tradeoff suggests that the output-space cost may be more bene-
ficial at milder compression ratios or on smaller models where the error correlation is potentially
lower.
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Table 3: Results on Llama-3.2-1B at 20% compression ratio. ROCKET-ActCost improves both
accuracy and perplexity. Best in bold.

Method Avg Acc (%) 1 WikiText PPL | A Acc (pp)
ROCKET-default 53.5 14.66 —
ROCKET-ActCost 54.1 13.86 +0.6

3.5 RUNTIME

ROCKET-ActCost adds no runtime overhead compared to ROCKET-default. The output-space error
is computed from matrices already available during profiling (W, and W), and the MCKP solver
runs in identical time regardless of which cost function is used. In our experiments, ROCKET-
ActCost was actually 7.7% faster on average due to different allocation decisions leading to slightly
different compression configurations.

4 RELATED WORK

LLM Compression. Post-training compression methods for large language models fall into three
main categories (Zhu et al., 2023). Quantization methods such as GPTQ (Frantar et al.| [2022)
and AWQ (Lin et al.| 2023) reduce precision of weights and activations. Pruning methods including
SparseGPT (Frantar & Alistarh,2023)) and Wanda (Sun et al., 2023) remove weights based on impor-
tance scores. Low-rank factorization methods such as SVD-LLM (Wang et al.} 2024), ASVD (Yuan
et al., 2023), and SliceGPT (Ashkboos et al., 2024) approximate weight matrices with low-rank
factors.

Activation-Aware Methods. Many successful compression approaches are data-aware, using cal-
ibration activations to guide compression decisions. AWQ (Lin et al.,[2023) identifies salient weights
based on activation magnitudes. ASVD (Yuan et al., |2023) scales weight matrices by activation
statistics before SVD decomposition. SmoothQuant (Xiao et al., 2022)) migrates quantization diffi-
culty from activations to weights. These methods share the insight that compression should account
for how weights interact with typical activations.

Rank Allocation. Global budget allocation across layers is critical for compression quality.
ROCKET (Al et al., [2026) formulates this as a multi-choice knapsack problem (MCKP), while
CoSpaDi (Shopkhoev et al., |2025) uses iterative sparse dictionary learning. Our work investigates
whether ROCKET’s MCKP allocation should use output-space error rather than weight-space error.

5 CONCLUSION

We investigated whether using output-space error as the MCKP allocation cost in ROCKET im-
proves compressed model fidelity. On Qwen3-8B at 50% compression, ROCKET-ActCost achieves
+0.8pp higher accuracy but 16% worse perplexity, revealing an accuracy-perplexity tradeoff. The
high correlation (>0.99) between weight-space and output-space errors limits allocation divergence,
explaining the modest effect size. On Llama-3.2-1B at 20% compression, both metrics improve,
suggesting the tradeoff may be setting-dependent. Our findings indicate that the choice of alloca-
tion cost function affects which downstream metrics improve, informing future compression method
design.
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