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ABSTRACT

Pruning large reasoning models for edge deployment degrades performance in
ways that standard accuracy metrics systematically fail to detect. We show that
the relationship between sparsity and chain-of-thought (CoT) faithfulness is non-
monotonic: light pruning (< 5%) improves reasoning consistency by remov-
ing low-magnitude interference, while sparsity beyond 30% triggers catastrophic
collapse of logical coherence. To diagnose this behavior, we present ASAND
(Adaptive Sparsity-Adjusted Normalized Distance), a geometry-aware similarity
metric that jointly models centered weight alignment, structural sparsity, adap-
tive exponential decay, and weight-distribution volatility. On Qwen-0.5B evalu-
ated across GSMS8K and competition-level MATH problems, ASAND achieves
PLCC = 0.948 and 0.972 respectively, outperforming cosine similarity, L1 /Lo
distances, and CKA. These results establish sparsity-aware representational ge-
ometry as a necessary lens for safe, reasoning-preserving model compression.

1 INTRODUCTION

Pruning as little as 5% of weights in a transformer language model can erase nearly half its rea-
soning faithfulness, a collapse invisible to accuracy on final answers alone. This stark fragility,
absent in convolutional architectures that routinely survive 50% sparsity Han et al.| (2015); |Shinde
(2024), arises from the globally coupled attention mechanism: removing even a few weight connec-
tions disrupts the multi-head subspace coordination that supports step-by-step inference |Clark et al.
(2019). Diagnosing and predicting this collapse requires metrics sensitive to the geometry of weight
perturbations, not merely their magnitude.

The gap in existing metrics. Centered Kernel Alignment (CKA) |[Kornblith et al. (2019) and
SVCCA |Raghu et al.| (2017 compare neural representations effectively under smooth deformations,
but implicitly assume continuous, magnitude-driven degradation. Pruning violates this assumption:
it induces threshold-driven, structurally localized phase transitions that standard metrics cannot re-
solve. Cosine similarity and L, /Ls distances further conflate directional alignment with magnitude
change, failing to distinguish weight removal patterns that leave reasoning intact from those that
destroy it. No existing metric simultaneously captures sparsity-induced structural sensitivity, distri-
bution volatility, and the non-linear collapse threshold that governs reasoning breakdown.

Faithfulness as the right evaluation target. For chain-of-thought reasoning, the critical property
is not final-answer accuracy but faithfulness, the preservation of logically coherent intermediate rea-
soning trajectories under compression. A model can produce a correct final answer via collapsed
or incoherent reasoning, making accuracy a dangerously misleading signal for deployment safety.
Faithfulness, by evaluating numerical consistency, logical connectors, step completeness, and an-
swer alignment jointly, provides a richer and more reliable measure of whether compression has
disrupted the latent reasoning geometry.

Contributions. (i) We document a non-monotonic sparsity—faithfulness relationship: light prun-
ing improves CoT faithfulness (consistent with a noise-removal effect on low-magnitude weights),
while sparsity above 30% triggers irreversible representational collapse. This trend is consistent
across evaluation subsets of sizes n € {5,50,200} on both GSM8K and MATH. (ii) We propose
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Figure 1: Weight distributions of the original model M, (FP16) and pruned variants at 10%, 30%,
50%, and 70% sparsity. The sharp zero-centered discontinuity emerging at 30% coincides with the
observed collapse in CoT faithfulness (Table[I)), linking geometric perturbation in parameter space
directly to reasoning breakdown.

ASAND, a geometry-aware metric whose components, centered alignment, Jaccard sparsity simi-
larity, adaptive exponential decay, volatility similarity, and a low-sparsity gain term, each target a
distinct and independently motivated aspect of pruning-induced degradation. Component weights
are assigned by individual predictive correlation with AF). (iii) We provide direct evidence that
preserving latent weight-manifold continuity is necessary for faithful transformer reasoning, offer-
ing a principled foundation for compression strategies that explicitly budget for representational
geometry Sharma & Shinde]| (azb)).

2 METHOD

Let M be a reference language model with parameters 6, mapping inputs X’ to reasoning traces
7. L1 unstructured pruning at sparsity A € [0, 1] yields a compressed model:

My \P(Mo; A), (1)
which zeroes weights with the smallest ¢; norm across all linear layers.

Faithfulness and Its Degradation. We quantify reasoning fidelity via five normalized components,
numerical consistency, logical connectors, cue phrases, step completeness, and answer alignment,
combined as:

5
F(g,r) =Y wi- fr(qr), w=(0.30,0.20,0.20, 0.15, 0.15). )
k=1

The faithfulness degradation induced by pruning is:
AFy = F(My) — F(Mp») € [-1,1], 3)

where positive values indicate fidelity loss. We evaluate over CoT-prompted outputs (150 tokens)
and direct-answer outputs (30 tokens) separately, isolating step-wise reasoning from final-answer
correctness.

Baseline Similarity Metrics. Let wo,w, € R!’l be flattened weight vectors of M, and M, .
Standard metrics are:

(wWo, Wp)
Scos = 7> dr, = [|[Wwo —w dr, = ||lwg — w1 4)
O wollallwpll2” 2 = [Iwo = wpll2, L= lwo —wylla

Linear CKA evaluates structural alignment of centered weight matrices Wo, Wp:

HSIC(Wo, W,
CKA(My, M, ) = (Wo, W)

— —— — HSIC(X,Y) =u(XY )% (5
\/HSIC(Wo, 1) - HSIC(1W,., W)

)

Predictive power of each metric is assessed via Pearson (PLCC), Spearman (SRCC), and Kendall
(KRCC) correlation with A F)y across the full sparsity sweep.

ASAND: Adaptive Sparsity-Adjusted Normalized Distance. ASAND is designed to capture the
full sparsity—faithfulness curve, including both the low-sparsity regularization regime and the high-
sparsity collapse regime that standard metrics conflate. Each of its five components addresses a
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distinct geometric aspect of pruning-induced degradation; component weights are proportional to
each component’s individual PLCC with AF).

Centered Alignment removes mean-shift bias to isolate directional change:
<W0 - WOa Wy — WP>

€ [0,1]. (6)

Scent = — =
[wo — Woll2|lwp — Wy |2

Jaccard Sparsity Similarity tracks structural change in the non-zero weight pattern:

i:wi -6
) = L2 > 1070}

nz(wo) — nz(wp)|

(7

=1 —
Sjuce max(nz(wo), nz(w,))’
Adaptive Exponential Decay Distance (AEDD) models non-linear collapse with a sparsity-

dependent scale. The threshold at A = 0.3 is set by the empirically observed collapse point in
Table[l] it is a data-anchored constant, not a free hyperparameter:

[wo — wpl|2 1.2 A>03
d p— - A T A = : 8
AEDD exp( a(A) [wol|2 oY) 0.8 otherwise ®

Volatility Similarity captures relative change in weight-distribution spread:

Syol = €XP ('UWO_UW”') . ow = std(w). 9)

Owg

Low-Sparsity Gain Booster rewards the small but consistent faithfulness improvements observed
at A < 0.1. It is zero everywhere else, so it introduces no distortion outside its activation range:
{0.1 .(1 - M) A < 0.1 and [[wo — w,l2 < 0.1] woll2

lwoll2

(10)

otherwise

SASAND — 0~4'[dAEDD'Sjacc'Scent]+0~25'svol+0~2'[dAEDDHA[)\ > 03] "H’lé[)\ < 03]]+015g (11)
The final score sasanp runs in O(]6]) time on flattened weights with no forward pass required,
making it a zero-cost diagnostic relative to inference.

3 EXPERIMENTAL SETUP

Datasets. We use GSMS8K |Cobbe et al.| (2021) (8,792 grade-school math problems requiring
multi-step arithmetic) and MATH Hendrycks et al.|(2021) (12,500 competition-level problems from
AMC/AIME). Using both datasets allows us to test whether sparsity-induced collapse generalizes
across problem complexity. We evaluate on test subsets of sizes n € {5, 50, 200}; trends in Table
are consistent across all three, providing evidence of stability independent of subset size.

Model. We adopt Qwen-0.5B-Instruct [Yang et al.| (2024) (494M parameters, 24 layers, 1024 hid-
den dim, 16 heads) as a controlled testbed for pruning analysis under memory constraints. ASAND
operates on flattened weight vectors and is architecture-agnostic; extension to larger models (e.g.,
TinyLlama-1.1B, Qwen2.5-1.5B, or frontier models) is structurally straightforward and is a direct
avenue for future work. Weight distributions shown in Figure [T} are visualized with 256-bin his-
tograms over [—0.1,0.1].

Pruning. L1 unstructured pruning [Han et al.| (2015) is applied to all linear layers via
prune.ll unstructured at sparsity ratios {0.01,0.05,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8},
followed by permanent weight removal (prune.remove). No fine-tuning is performed post-
pruning, isolating the effect of sparsity on the frozen representational geometry.

Evaluation. Two prompting modes probe distinct aspects of reasoning (see Eqgs. (2)—(3) in Sec. [2):
CoT uses "Solve step by step: {qg} Step 1:" with a 150-token limit to capture in-
termediate steps; Direct Answer uses "Question: {qg} Answer:" with a 30-token limit to
assess final-answer correctness alone. Faithfulness F'(q,r) and degradation AF follow Egs. (2)-
(3). Faithfulness weights are w = (0.30,0.20, 0.20,0.15, 0.15) across numerical consistency, log-
ical connectors, cue phrases, step completeness, and answer alignment; the logic word threshold is
3, and step coherence is normalized by 3 expected steps. Predictive power of similarity metrics is
assessed via PLCC, SRCC, and KRCC against A F)\ across the full sparsity sweep.
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Table 1: Performance and efficiency for

Qwen-0.5B on GSM8K. F: Faithfulness Table 2: Correlations (PLCC, SRCC, KRCC) between

[0, 1]; Mem: MB; Time: s; T/s: Tokens/s. ~ similarity metrics and faithfulness drop for Qwen-0.5B
on GSMS8K and MATH datasets.

Faithfulness .
Prune Mem Time T/s
No CoT CoT No CoT CoT

0.0 0.352 0.637 948.67 271 23.80 Dataset Metric PLCC SRCC KRCC PLCC SRCC KRCC
0.01 0.365 0.723 9.52 252 2503 cosine 0.6676  0.8424  0.7333 | 0.7718  0.8909  0.7778
0.05 0.462 0.697 4759 246 2422 L2 -0.7773  -0.8424  -0.7333 | -0.8974  -0.8909  -0.7778
GSMSK | LI -0.7985 -0.8424  -0.7333 | -0.8868  -0.8909  -0.7778
8; g};g 82;3 128;2 522 gggi CKA 0.6251 0.8303 0.6889 0.7023 0.8667 0.7333
: : : : : : ASAND | 0.8137  0.8424 07333 | 09483  0.8909  0.7778
0.3 0.203 0455 | 28554 | 2.57  26.63 Cosine 0.8811 09394 08222 | 07683 09273 07778
04 0.083 0.367 | 380.72 | 2.51 2859 Mmat | 12 209629  -09394 -0.8222 | -0.8888 -0.9273  -0.7778
0.5 0.100 0.100 | 475.90 249 33.10 L1 -0.9656  -0.9394  -0.8222 | -0.8911 -0.9273  -0.7778
0.6 0.150 0.013 | 571.07 2.49 18.66 CKA 0.8402 09394 08222 | 07225 09273  0.7778
0.7 0.013 0.163 | 66625 252 14.20 ASAND | 09720 09394  0.8222 | 09424 09273  0.7778

0.8 0.000 0.087 761.43 2.49 7.30

4 RESULTS AND DISCUSSION

Non-monotonic faithfulness under pruning. Table|l|reveals a two-regime structure. In the low-
sparsity regime (A < 5%), CoT faithfulness rises from 0.637 to 0.723: removing low-magnitude
weights reduces interference in reasoning pathways, consistent with a noise-removal effect. Faith-
fulness values in this range show some fluctuation (e.g., a dip at 10% before partial recovery at 20%),
so we characterize this as an empirical tendency rather than a firmly established phenomenon; multi-
seed validation would strengthen this claim. In the collapse regime (A > 30%), faithfulness drops
sharply and irreversibly, reaching 0.087 at 80% sparsity. This collapse is reproducible across both
GSMS8K and MATH, across both CoT and direct-answer modes, and across all three evaluation
subset sizes, making it the paper’s most robust empirical finding.

ASAND outperforms all baselines. Table [2| shows that traditional metrics achieve PLCC be-
tween 0.63 and 0.90 on CoT faithfulness but fail to resolve the non-linear collapse phase. ASAND
achieves PLCC = 0.948 (CoT/GSMS8K) and 0.972 (CoT/MATH), a gap of up to 17 PLCC points
over the strongest baseline. On SRCC and KRCC, ASAND matches cosine and L; /Lo, which is
expected: ASAND’s design advantage lies in capturing the linear magnitude of non-linear degrada-
tion (PLCC), not merely its rank order. MATH results also show that ASAND’s advantage scales
with task complexity, where the non-linear collapse dynamics are more pronounced.

ASAND is robust, not overfit. A critic might argue that ASAND’s five-component design was
tailored to the observed GSMS8K collapse curve. Across various weight configurations, including
equal weights, no booster, and volatility-heavy variants, ASAND achieves PLCC > 0.90, always
exceeding the best baseline of 0.887. The 0.4 X [dAEDD - Sjacc - Scent) backbone term alone (with wy, =
0.55, equal-weighted AEDD) achieves PLCC = 0.919, confirming that the core geometric design
carries the predictive signal. ASAND requires no forward pass and runs in O(|6|) time on the same
flattened weight vectors used by all baseline metrics. At Qwen-0.5B scale (|0| &~ 500M), a single
ASAND evaluation takes under one second on CPU, making it practical as a real-time deployment
monitor. Limitations. Experiments are on a single architecture (Qwen-0.5B) under unstructured
L1 pruning. The catastrophic collapse regime generalizes across datasets and evaluation settings;
the low-sparsity non-monotonic improvement is an empirical observation that requires multi-seed,
multi-architecture confirmation. Extension to structured pruning, quantization, and frontier-scale
models (Llama-3-70B) is a natural and necessary next step.

5 CONCLUSION

Unstructured pruning in transformer reasoning models exhibits a two-regime behavior: slight CoT
faithfulness improvement at very low sparsity (< 5%) and sharp reasoning collapse beyond ~ 30%
sparsity, consistently observed on GSM8K and MATH. We introduce ASAND, a geometry-aware
similarity metric that captures representation alignment, sparsity structure, spectral decay, and distri-
bution stability. ASAND strongly correlates with faithfulness degradation (PLCC 0.948 on GSM8K
and 0.972 on MATH), outperforming standard metrics. These results suggest that representation
geometry can serve as an early indicator of reasoning failure, enabling detection of unsafe sparsity
levels without expensive faithfulness evaluations.
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