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Abstract

Post-Training Quantization (PTQ) is critical
for the efficient deployment of Large Language
Models (LLMs). While 4-bit quantization is
widely regarded as an optimal trade-off, re-
ducing the precision to 2-bit usually triggers a
catastrophic “performance cliff.” It remains un-
clear whether the underlying mechanisms dif-
fer fundamentally. Consequently, we conduct
a systematic mechanistic analysis, revealing
two qualitatively distinct failure modes: Sig-
nal Degradation, where the computational pat-
terns remain intact but information precision
is impaired by cumulative error; and Compu-
tation Collapse, where key components fail to
function, preventing correct information pro-
cessing and destroying the signal in the early
layers. Guided by this diagnosis, we conduct
mechanism-aware interventions, demonstrating
that targeted, training-free repair can mitigate
Signal Degradation, but remains ineffective for
Computation Collapse. Our findings provide
a systematic diagnostic framework for PTQ
failures and suggest that addressing Computa-
tion Collapse requires structural reconstruction
rather than mere compensation.

1 Introduction

Post-Training Quantization (PTQ) has emerged
as a crucial technique for efficient Large Lan-
guage Model (LLM) deployment. In practice, 4-bit
quantization is often regarded as an optimal trade-
off (Jin et al., 2024), achieving significant com-
pression with acceptable performance loss. How-
ever, reducing the precision to 2-bit with common
methods (e.g., GPTQ (Frantar et al., 2023)) usually
triggers a catastrophic “performance cliff,” particu-
larly in tasks requiring precise factual knowledge.
Since factual recall forms the foundation of LLM
capabilities, this collapse signals a fundamental
breakdown that requires deep investigation.

*Corresponding authors

Existing research on PTQ spans three primary
directions. The first focuses on macroscopic eval-
uation, measuring how much performance drops
on diverse downstream tasks (Li et al., 2024; Jin
et al., 2024; Liu et al., 2025a). The second direc-
tion pursues algorithmic refinement, employing
numerical optimization strategies such as outlier
suppression (Lin et al., 2024) or rotation matri-
ces (Tseng et al., 2024) to reduce errors. However,
these two directions share a common limitation.
They primarily focus on quantifying the perfor-
mance degradation or minimizing numerical error,
but overlook why the model’s internal mechanism
fails. They treat the quantization damage as a nu-
merical issue rather than investigating the disrup-
tion of knowledge storage and recall.

The third stream involves preliminary mech-
anistic exploration. Common approaches iden-
tify critical modules by analyzing layer or compo-
nent sensitivity (Namburi et al., 2023; Zhang et al.,
2025a; Xiao et al., 2025; Dumitru et al., 2025),
while deeper studies attribute failures to the “RM-
SNorm Reversal” effect (Chang et al., 2025). How-
ever, these insights remain fragmented, lacking a
systematic mechanistic interpretation of the fail-
ure modes. Despite these efforts, we still cannot
explain why the “performance cliftf” exists: Is the
catastrophic failure under common 2-bit merely a
quantitative aggravation of 4-bit degradation, or
does it mark a qualitative shift to a fundamentally
distinct mechanism?

To answer this, we conduct an in-depth mech-
anistic analysis. We first trace the layer-wise in-
formation flow and causal pathways to investigate
whether the knowledge signal exists and propa-
gates correctly. Based on these observations, we
reveal two qualitatively distinct PTQ failures. Us-
ing standard PTQ settings as representative cases,
we propose the Two Failure Modes Hypothesis:
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* Failure Mode I: Signal Degradation. The
model’s computational patterns remain largely in-
tact. Quantization error acts as cumulative noise
that impairs information precision.

 Failure Mode II: Computation Collapse. The
quantization error is severe enough to fundamen-
tally damage the functionality of key components.
Information cannot be processed correctly and is
completely destroyed in the early layers.

We validate this hypothesis through a systematic
analysis. We examine the functionality of critical
components and analyze the internal structure of
the representation space. This analysis confirms
that Signal Degradation involves functional but im-
paired components, whereas Computation Collapse
stems from a fundamental structural breakdown.

Finally, guided by the diagnosis, we design tar-
geted intervention experiments. We demonstrate
that Signal Degradation can be repaired by targeted,
training-free strategies. In contrast, Computation
Collapse is systemic, where even advanced low-
rank compensation remains ineffective, necessitat-
ing structural reconstruction (e.g., fine-tuning).

Overall, the main contributions of this work can
be summarized as follows:

* We propose a systematic interpretability anal-
ysis framework, providing a general approach
to diagnose performance decline under quan-
tization.

* We identify two distinct failure modes, Sig-
nal Degradation and Computation Collapse,
demonstrating that they differ qualitatively
rather than merely in severity.

* We clarify the optimization strategies for dif-
ferent failure modes, suggesting that while
degradation benefits from targeted repair, col-
lapse requires structural reconstruction rather
than mere compensation.

2 Related Work

2.1 Post-Training Quantization

Post-Training Quantization (PTQ) compresses
LLMs efficiently, but the primary challenge lies in
handling activation outliers. To mitigate this, meth-
ods have evolved from simple rounding to sophis-
ticated numerical transformations. Early weight-
only methods like GPTQ (Frantar et al., 2023) min-
imize reconstruction error using Hessian informa-
tion. Techniques like AWQ (Lin et al., 2024) and

SmoothQuant (Xiao et al., 2023) perform channel-
wise scaling to suppress outliers, while recent ap-
proaches such as QulP# (Tseng et al., 2024) and
SpinQuant (Liu et al., 2025b) employ rotation ma-
trices to flatten activation distributions.

Despite their success in reducing statistical er-
rors like MSE, these methods remain limited to
a numerical perspective. By focusing strictly
on aligning the output distribution with the full-
precision baseline, they overlook internal behaviors
and fail to explain how the underlying computa-
tional mechanisms change under quantization.

2.2 Mechanistic Analysis of Quantization

Mechanistic interpretability offers tools to reverse-
engineer model behaviors, such as decoding hidden
states via Logit Lens (nostalgebraist, 2020) or lo-
cating knowledge via Causal Tracing (Meng et al.,
2022). However, the application of these powerful
diagnostic tools to investigate the internal mechan-
ics of quantized models remains preliminary.

Prior work in quantization analysis has largely
focused on component sensitivity, identifying frag-
ile layers or modules based on Hessian spectra
or weight magnitudes (Zhang et al., 2025a; Dong
et al., 2020). More recently, researchers have ex-
tended mechanistic analysis to specific model ca-
pabilities, such as analyzing the compromise of
refusal mechanisms (Chhabra and Khalili, 2025),
shifts in truthfulness (Fu et al., 2025), or the unin-
tended recovery of unlearned knowledge (Zhang
et al., 2025b). However, these studies remain frag-
mented, focusing on isolated tasks or behaviors.
Our work aims to provide a systematic mechanistic
explanation for quantization failures.

3 Two Failure Modes Hypothesis

3.1 Experimental Setup

Models and Quantization. We conduct our pri-
mary analysis on Llama-3.1-8B (Grattafiori et al.,
2024). To ensure generalizability, we validate find-
ings on Qwen3-8B (Yang et al., 2025), Mistral-7B-
Instruct-v0.3 (Jiang et al., 2023), and Gemma-2-
9B-it (Team et al., 2024). We select GPTQ (Frantar
et al., 2023) as the primary baseline as it is the most
widely adopted weight-only PTQ method. We con-
trast 4-bit (the PTQ sweet-spot) and 2-bit (typically
unusable) to investigate their fundamentally dis-
tinct degradation behaviors, providing 8-bit and
3-bit results for context. Algorithmic generalizabil-
ity is further validated using AWQ in Appendix D.
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Datasets and Task. We evaluate factual knowl-
edge recall using Pararel (Elazar et al., 2021) (39 re-
lation types). It is deliberately selected because fac-
tual recall is a foundational capability, and its strict
<subject>-<relation>-<target> structure pro-
vides fixed token positions, facilitating precise
mechanistic diagnosis. Relations are mapped to
standardized templates for next-token prediction
(Appendix A.2). Generalizability to broader tasks
(MMLU, GSMSK) is verified in Appendix E.
Analysis Subsets. To specifically investigate
quantization-induced failures, we partition the
dataset for each model based on FP16 and 4-bit per-
formance into two core subsets: the Robust Subset
(fp_and_4bit_correct) and the Failure Subset
(fp_correct_4bit_wrong). We do not partition
for 2-bit models as they universally fail. All subse-
quent mechanistic comparisons are performed on
these subsets.

3.2 Phenomenological Evidence

Performance Cliff. We conduct a multi-prompt ro-
bustness evaluation (see Appendix A.2) on the fac-
tual recall task. Figure 1 illustrates a pronounced
“performance cliff”’. The degradation from FP16 to
4-bit is gradual, maintaining usability. Conversely,
the transition to 2-bit triggers a catastrophic col-
lapse where accuracy plummets to zero. This sharp
discontinuity suggests that 2-bit quantization rep-
resents a distinct failure state rather than a mere
lower-precision version of 4-bit.

Rank Drop vs. Collapse. To analyze the nature
of these errors, we examine the rank of the correct
answer in the final output distribution (Figure 2). 4-
bit primarily leads to an “answer rank drop”, where
the correct answer shifts downward but typically
remains within the top tier (e.g., Top-5). This indi-
cates that the model retains the correct information
despite reduced confidence. In contrast, 2-bit re-
sults in an “answer rank collapse”. The rank falls
to thousands, almost random guessing. Qualita-
tively, 2-bit models collapse into generating high-
frequency stop words (e.g., “the”, “.”), reflecting a
complete failure in knowledge recall.

3.3 Layer-wise Knowledge Probing

To investigate the internal status underlying these
macroscopic differences, we examine whether a
decodable knowledge signal exists within the inter-
mediate states. We employ the logit lens (nostalge-
braist, 2020) to project the hidden state A(") at layer
[ directly into the vocabulary space via the unem-
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Figure 1: Multi-prompt factual recall accuracy of
Llama3.1-8B under different quantization levels on four
Pararel relations. We report Accuracy @any (>1 cor-
rect), @majority (>50%), and @all (100%).
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Figure 2: Distribution of the rank of the correct answer
for Llama3.1-8B under different quantization levels on
four Pararel relations (P17, P27, P36, P106).

bedding matrix Wy;. Figure 3 traces the layer-wise
change of the correct token’s probability and rank,
revealing distinct dynamics.

Signal Absence. The 2-bit models exhibit a con-
sistent failure to form an effective knowledge sig-
nal. As shown in the red curves in Figure 3, the
probability of the correct answer remains near zero
throughout all layers, and its rank stays extremely
low (in the tens of thousands). This indicates that
the knowledge signal is never successfully gener-
ated during the computation process.

Signal Degradation. In contrast, 4-bit models
demonstrate an observable knowledge signal. In
the Robust Subset (Fig. 3a, c), the signal closely
tracks the FP16 baseline. Even in the Failure Sub-
set (Fig. 3b, d) where the model ultimately fails, the
signal still emerges in mid-to-late layers but with re-
duced intensity. The probability curve shows lower
confidence, and the rank improves more slowly
than in FP16. This characterizes 4-bit failure as sig-
nal degradation, where the correct signal is present
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Figure 3: Layer-wise change of probability and rank.
FP16 nearly overlaps with 8-bit.

but ultimately overtaken by the noise, unlike the
complete absence seen in 2-bit models.

3.4 Causal Analysis of Information Flow

While Section 3.3 analyzes the existence of knowl-
edge signals, it remains unclear whether the
causal mechanism for processing them is intact.
To distinguish whether the information flow is
merely impaired or fundamentally broken, we em-
ploy causal activation patching (Heimersheim and
Nanda, 2024) to assess the integrity of the informa-
tion pathway.

(1) Cross-Model Repair (Sufficiency). We
adapt Causal Tracing (Meng et al., 2022) to test
signal sufficiency. We replace the residual stream
state hg’t) (i.e., the layer output at layer [, token
position t) in the quantized model with the corre-
sponding “clean” activation h%’? from the FP16
model. If this injection restores the correct predic-
tion, it proves that the injected signal is sufficient
to restore the output and the downstream pathway
remains functional.

(2) Zeroing Ablation (Necessity). We perform
zeroing ablation to test node necessity (Heimer-
sheim and Nanda, 2024). We set activations at
specific positions h(:Y) to zero to identify critical
nodes. A sharp drop in the probability of the correct
answer indicates that the ablated state is necessary
for the computation.

Repair Results (Sufficiency). Figure 4 displays
the impact of patching clean signals. The 4-bit
model (Fig. 4a) shows clear hotspots at the last
subject token in early layers. This position is criti-
cal for accessing factual knowledge (Meng et al.,
2022). Injecting clean signals here significantly

First subject token 0.20
Middle subject tokens
L .
ast subject token 0.10
First subsequent subject
Last token
0 10 20 30 0.00
Layer Index ALE
(a) 4-bit Model Repaired with FP Activations
First subject token
Middle subject tokens
Last subject token 0.20
First subsequent subject
Last token
0 10 20 30 000
Layer Index AIE

(b) 2-bit Model Repaired with FP Activations

Figure 4: Cross-model activation repair on the Failure
Subset. The heatmap values represent the Average Indi-
rect Effect (AIE), defined as the increase in the correct
token’s prediction probability.

restores prediction performance, proving the con-
nection to the final output is intact. In contrast,
the 2-bit model (Fig. 4b) is unresponsive to sub-
ject patching. This implies that the computational
pathway is broken. The layers fail to pass the infor-
mation forward, even given correct inputs.

Ablation Results (Necessity). Figure 5 identi-
fies the critical causal dependencies. The 4-bit
model (Fig. 5b) closely mirrors the FP16 baseline
(Fig. 5a), relying on the same last subject token
and layers even when the final prediction fails. The
reduced intensity suggests that these states are less
precise but still functionally necessary. Conversely,
the 2-bit model (Fig. 5c) exhibits a diffuse and un-
structured pattern. It loses the concentrated critical
nodes seen in FP16. This absence of identifiable
dependencies indicates a breakdown of the infor-
mation processing.

Hypothesis Formulation. Combining the macro-
scopic (Sec. 3.2), layer-wise (Sec. 3.3), and causal
(Sec. 3.4) evidence, we formulate the two failure
modes hypothesis:

* Failure Mode I: Signal Degradation. The
model’s computational patterns remain largely in-
tact. Quantization error acts as cumulative noise
that impairs information precision.

 Failure Mode II: Computation Collapse. The
quantization error is severe enough to fundamen-
tally damage the functionality of key components.
Information cannot be processed correctly and is
completely destroyed in the early layers.
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Figure 5: Zeroing ablation analysis on the Failure Subset. The heatmap values represent the Average Ablation
Effect (AAE), defined as the decrease in the correct token’s prediction probability.

4 Mechanistic Validation and Targeted
Intervention

4.1 Analysis of Component-level Impairment
4.1.1 Attention Patterns

A functional attention mechanism should be both
focused and accurate; we verify this with normal-
ized attention entropy and focus divergence.

Global Concentration (Entropy). First, we mea-
sure the normalized attention entropy to assess
if the model can concentrate its attention. For
an attention head h at token ¢, we calculate its
Shannon entropy H(Ap,) and normalize it by
the maximum possible entropy: E,orm(h,t) =
H(Apz+)/logy(t + 1). We average this across all
heads to detect systematic uncertainty.

Focus Divergence (JSD). Entropy alone is in-
sufficient because a model might confidently fo-
cus on the wrong token. To measure this de-
viation, we calculate the Jensen—Shannon diver-
gence (JSD) between the quantized attention dis-
tribution (Pg) and the FP16 baseline (Ppp) at
the critical last subject token: JSD(Ppp||Pg) =
sDkr(Ppp||M) + 2Dk (Pg||M), where M is
the average distribution. A high JSD indicates the
focus has shifted significantly.

As illustrated in Figure 6, the 4-bit model gen-
erally follows the FP16 trend with only slightly
increased entropy. In contrast, the 2-bit model ex-
hibits high entropy across all layers, indicating a
global failure to concentrate. Meanwhile, its JSD
surges significantly, proving that the attention focus
deviates fundamentally.

4.1.2 FFN Key-Value Memory

FFN layers function as key-value memories (Geva
et al., 2021). For Llama models, the intermediate
activation hpey = SILU(Wyeex) @ (Wiypa) acts
as the “key” to select specific expert neurons. We

—— 2b 25
0.6 " 0B kit

Norm. Entropy
=
=

0.00 0

0 4 8 12 16 20 24 28

Layer Index Layer Index

(a) Global Entropy (b) Focus Divergence

Figure 6: Analysis of attention mechanisms on the Fail-
ure Subset. (a) Normalized Attention Entropy (all to-
kens). (b) Jensen-Shannon Divergence from the FP16
baseline (last subject token).

examine the integrity of this key at the last subject
token with two metrics.

Gating Consistency (Sign Flip Rate). First, we
measure the sign flip rate (SFR) of the gate in-
put (Wyatex). Since the SwiGLU activation de-
pends on the sign, a noise-caused flip (sign(zq) #
sign(xp)) can fundamentally reverse the neuron’s
logical state (active vs. suppressed).

Retrieval Accuracy (Jaccard Index). Second,
we use the Jaccard index to check the Top-1% acti-
vated neurons in hye,. This measures if the model
activates the same neurons as the FP16.

As shown in Figure 7a, the 2-bit model exhibits a
high sign flip rate (> 30%), indicating quantization
noise is large enough to reverse the gate direction.
Consequently, the Jaccard Index drops to ~ 0.1
(Figure 7b), confirming the model activates the
wrong neurons. In contrast, the 4-bit model main-
tains high gating consistency and retrieval overlap.

Analysis of Values (Semantic Direction). Fi-
nally, we check the output quality by measuring
the cosine similarity between the quantized FFN
output (hyaiue = Waownlkey) and the FP16 base-
line. This tells us if the retrieved information has
the correct semantic direction.
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Figure 8: CKA heatmaps of hidden states at the last
subject token.

Figure 7c confirms the contrast. The 4-bit model
maintains high similarity (= 0.8) even when it fails,
implying it retrieves the correct concept but with
precision errors. In contrast, the 2-bit model drops
to near-zero immediately, confirming the retrieved
information is completely unrelated to the target.
Similar patterns were observed on the Robust Sub-
set, see Appendix B.1.

4.2 Analysis of Representation-level Deviation

Building on the component-level findings, we now
examine whether the quantization noise merely
blurs the signal or fundamentally destroys the struc-
tural integrity of the representation space.

4.2.1 Analysis of Representational Topology

We employ linear centered kernel alignment
(CKA) (Kornblith et al., 2019) to analyze the struc-
tural correspondence between the activation matri-
ces of quantized and FP16 models.

Figure 8 visualizes results at the last sub-
ject token, the critical site for knowledge extrac-
tion (Meng et al., 2022) validated by our earlier
causal tracing. The diagonal line represents layer-
wise correspondence, indicating behavioral similar-
ity to the FP16 model at the same layer. We observe
a sharp contrast between the two failure modes.
The 4-bit model retains a bright diagonal and block
structure similar to 8-bit, only with slightly reduced
intensity. This confirms that the global representa-

tional structure is preserved. Conversely, the 2-bit
model appears almost entirely dark purple. The ab-
sence of diagonal structure indicates a ““Structural
Collapse,” where the representational spaces are
totally different. Component-wise breakdowns and
positional validation are shown in Appendix B.2.

4.2.2 Analysis of Semantic Subspace

While CKA analyzes the global topology, we use
singular value decomposition (SVD) to inspect the
internal structure of the activation matrices (A).
We conduct two complementary analyses on the
Failure Subset.

Activation Subspace Alignment. First, we
check if the quantized models utilize the same se-
mantic directions as the FP16 model. We compare
the top-k principal directions (columns of V', where
A =USVT). We set k = 50 (capturing > 90%
of spectral energy) to isolate core semantics from
long-tail noise. Let Vy, 5, and V ;. be the subspaces
of the FP16 and quantized models. We calculate
their similarity as:

k
. 1
Sim(Vep, Vo) = >0V, Var)* (D)
=1

Figure 9(a) shows that the 4-bit model maintains
high similarity (> 0.8) to FP16, confirming its core
computational directions remain largely intact even
when the model fails. In contrast, the 2-bit model
drops to near-zero similarity, indicating a complete
loss of the original semantic directions.

Error Subspace Analysis. While activation sub-
space analysis confirms the deviation of representa-
tion directions, it doesn’t explain whether the error
aligns with the original signal. Consequently, we
decompose the error matrix (£ = A, — Ay,) and
measure the alignment between principal error di-
rections (V) and original signal directions (V).
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Figure 9: Layer-wise SVD analysis (Top-50 dimen-
sions) on the Failure Subset. (a) Similarity of activation
subspaces to FP16. (b) Alignment between quantization
error and FP16 subspaces.

Figure 9(b) reveals a critical difference. The 2-
bit error is highly aligned with the signal subspace
(similarity ~ 0.8). This means the quantization
error is not random noise but directly interferes
with the model’s primary features. Conversely, the
4-bit error is much less alignment (= 0.3), resem-
bling random noise that affects precision without
destroying signal structure. Results on the Robust
Subset are consistent and shown in Appendix B.2.
Summary of Diagnosis. Combining the
component-level and representation-level evidence,
we confirm the existence of two distinct failure
modes. The 4-bit models exhibit Signal Degrada-
tion, where representations are impaired but struc-
turally intact. Conversely, standard 2-bit models
exemplify Computation Collapse, where both com-
ponent functionality and semantic structure are fun-
damentally destroyed. Crucially, these failures are
not strictly tied to specific bit-widths, but reflect
the distinct nature of the damage.

4.3 Mechanism-Aware Interventions

Guided by the mechanistic diagnosis, we now
demonstrate that the Signal Degradation mode (typ-
ical in 4-bit) is localizable and repairable, whereas
the Computation Collapse mode (observed in 2-bit)
proves systemic and irreversible without retraining.

4.3.1 Signal Degradation: Localization and
Repair

The Signal Degradation hypothesis implies that the

impairment is not structural but cumulative. We

validate this by locating the degradation source and

designing a targeted repair.

Localization: The ‘“First Domino” Test. To
locate failure origins, we conduct a “domino ef-
fect” experiment by progressively quantizing the
model from layer O to k in 4-bit, keeping subse-

Llama3.1-8B Qwen3-8B

Accuracy (%)

8 12 16 20 24 28 32
Gemma2-9B

0 4 8 12 16 20 24 28 0 4
Mistral-7B

Accuracy (%)

0 4 8 12 16 20 24 28
Layers Quantized (from 0 to N)

0 4 8 12 16 20 24 28 32 36 40
Layers Quantized (from 0 to N)

Figure 10: Progressive 4-bit quantization (“‘domino ef-
fect”) analysis on the Failure Subset.

quent layers in FP16. Figure 10 reveals two dis-
tinct, architecture-dependent degradation patterns:
(1) Early Representation Bottleneck (Llama3.1,
Mistral): Accuracy drops sharply when quantiz-
ing only the first few layers. (2) Uniform Degra-
dation (Qwen3, Gemma?2): Performance declines
smoothly across all layers. Complementary single-
layer quantization and component-level sensitivity
analysis are provided in Appendix C.1.

Intervention: A Two-Stage Repair Strategy.
Guided by the localization, we design a two-stage
intervention to recover the degraded signal.

(1) Source Protection. We first apply targeted pro-
tection to mitigate error at its primary sources. For
Llama/Mistral, we apply early-layer protection, re-
taining the first two layers in 8-bit ( 4.25 avg. bits).
For Qwen/Gemma, where sensitivity is distributed,
we apply kurtosis-based protection ( 4.1 avg. bits),
preserving high-kurtosis weights that are most vul-
nerable. This aligns with mixed-precision methods
like SPQR (Dettmers et al., 2023), which keep sen-
sitive weights in high precision. It supports our
diagnosis that protecting critical components effec-
tively prevents degradation.

Figure 11 (dashed orange) shows this basic pro-

tection improves internal signal quality over the
baseline (gray). However, final-layer accuracy still
lags as cumulative errors weaken the signal until it
is surpassed by linguistic noise.
(2) Signal Restoration. To counteract the late-
stage competition failure, we introduce peak sig-
nal amplification. We identify the layer with the
highest confidence (lowest entropy) and amplify
its output logits by a factor &« > 1. As shown in
Figure 11 (solid orange), this corrects the late-stage
drop and restores the trajectory close to FP16.
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Figure 11: Logit Lens accuracy on the Failure Subset.
Our two-stage strategy (orange lines) restores the de-
graded baseline toward FP16.

Model Baseline + Basic + Basic & Amplify
(4-bit) Repair (Final)
Llama3.1-8B 0.00% 67.91% 75.19% (a=3)
Mistral-7B 0.00% 66.86% 81.26% (a=9)
Qwen3-8B 0.00% 40.24% 79.88% (a=T)
Gemma2-9B 0.00% 33.85% 64.08% (=2)

Table 1: 4-bit intervention results on the Failure Subset.

As summarized in Table 1, this combined strat-
egy yields substantial gains across all models, con-
firming that 4-bit failure is a recoverable impair-
ment of signal intensity.

4.3.2 Computation Collapse: Systemic
Irreversibility

In contrast, we posit that Computation Collapse is
a systemic processing failure. We validate its irre-
versibility under training-free interventions through
three complementary analyses.

(1) Irreversibility of Damage. We apply the
same “domino” test to 2-bit models. Table 2 shows
catastrophic results: for Llama3, quantizing just the
first two layers (kK = 1) causes accuracy to plum-
met from 100% to 41.65%. This proves that 2-bit
damage is instantaneous and irreversible, where
the signal is destroyed at the source, and even 30
subsequent FP16 layers cannot recover it.

(2) Failure to Process High-Precision Signals.
We further test if 2-bit components can function
when provided with high-quality signal. We keep
the first £ layers at high precision (8/4-bit) and
quantize subsequent layers to 2-bit. As Figure 12
shows, cosine similarity remains high (> 0.9) ini-
tially but collapses immediately upon entering the
2-bit layers. This confirms 2-bit components are
computationally non-functional, failing to sustain

Accuracy on Subsets (%)

Quantized Layers Robust Failure
None (FP16) 100.00 100.00
k = 0 (Layer 0) 65.47 15.03
k =1 (Layers 0-1) 41.65 5.29
k = 2 (Layers 0-2) 24.66 2.50
k = 3 (Layers 0-3) 10.72 1.04
k = 5 (Layers 0-5) 2.51 0.38

Table 2: The “domino effect” of 2-bit damage on
Llama3.1-8B. Models are quantized from layer O to
k in 2-bit, with subsequent layers remaining FP16.
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Figure 12: Layer output cosine similarity under high-
precision signal injection on the Robust Subset.

information even given perfect input. Component-
level analysis is shown in Appendix C.

(3) Failure of Mere Compensation. We attempt
to recover performance using both our protection
strategies (highly effective against Signal Degra-
dation) and EORA (Liu et al., 2024), an advanced
low-rank compensation method. However, the 2-
bit collapse resists all such interventions. This con-
firms that the failure stems from a fundamental
component malfunction rather than localized pre-
cision loss, necessitating structural reconstruction
(e.g., fine-tuning) rather than mere compensation.

5 Conclusion

In this work, we bridge the macroscopic perfor-
mance cliff with microscopic mechanistic failures.
We propose and validate the Two Failure Modes
Hypothesis, distinguishing between Signal Degra-
dation and Computation Collapse. Our analysis
reveals a qualitative shift from Signal Degradation
(impaired but functional) to Computation Collapse
(fundamental component malfunction). Crucially,
the distinct repairability of these modes implies
that the collapse necessitates reconstructing com-
putational functionality rather than simple compen-
sation. This work offers a diagnostic foundation
for future principled quantization.
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Limitations

Our investigation currently focuses on weight-only
quantization across representative model families.
Consequently, extending these findings to other
paradigms, such as activation quantization, remains
a direction for future work. Additionally, our eval-
uation anchors on factual knowledge recall; how
the identified failure modes manifest in complex
reasoning tasks deserves separate investigation.
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A Experimental Details

A.1 Quantization Configuration

We use GPTQModel for post-training quantiza-
tion with group size 128. Calibration is performed
on 128 randomly sampled C4 sequences of length
2048 (Raffel et al., 2020). All subsequent evalu-
ations use greedy decoding (temperature = 0) to
ensure deterministic inference.

A.2 Prompt Templates

Primary Templates (Mechanistic Analysis).
For the primary mechanistic analysis, we select one
specific template per relation that naturally ends
with the object to facilitate next-token probing. Ta-
ble 3 provides examples of the templates used for
different relation types.

Relation ID

P19 (Place of Birth)

P27 (Country of Citizenship)
P36 (Capital)

P106 (Profession)

| Template

[X] was born in

[X] is a citizen of

The capital of [X] is
The profession of [X] is

Table 3: Examples of standardized templates used for
mechanistic analysis.

Robustness Templates (Phenomenological
Check). For the robustness evaluation in Fig-
ure 1, we utilize the full set of Pararel paraphrases.
To handle varying target positions [Y] across
patterns (e.g., “[X]’s capital is [Y]”, “[Y] is the
capital of [X]”), we standardize the input by
wrapping statements into an instruction: Based on
your knowledge, complete the following sentence
by filling in the blank: ’{cloze_statement}’ The
missing word is: This ensures the model generates
the target entity as the immediate completion,
regardless of the original sentence structure.

A.3 Dataset Partition Statistics

Table 4 details the sample counts for the Robust
Subset (fp_and_4bit_correct) and the Failure
Subset (fp_correct_4bit_wrong) across all eval-
uated models.

B Supplementary Mechanistic Validation

B.1 Component-level Impairment

Attention Pattern (Entropy & JSD). Figures 13
and 14 confirm that the high uncertainty and atten-
tion divergence in 2-bit models are universal across
datasets and token positions. Notably, while 4-bit

Model Total Robust Failure
Llama-3.1-8B 7,777 5,661 2,116
Qwen3-8B 4,055 3,558 497
Mistral-7B 4,294 3,787 507
Gemma-2-9B 6,375 5,601 774

Table 4: Sample counts for analysis subsets.

models show tighter alignment on the Robust Sub-
set (Fig. 14a), 2-bit models consistently exhibit
significant divergence.

FFN Key-Value Memory. Figures 15 and 16
confirm that the collapse in 2-bit is universal, re-
gardless of task difficulty or token position. Specif-
ically, 2-bit models consistently exhibit extreme
sign flip rates and near-zero Jaccard scores (Panels
a & b), indicating a complete breakdown in expert
selection. This leads to a semantic collapse in the
Value outputs (Panel c¢), where similarity drops to
near-zero. In contrast, 4-bit models maintain strong
alignment, exhibiting higher mean similarity and
lower variance compared to the difficult subset.

B.2 Representational Topology

CKA (Components & Position). We expand the
CKA analysis to specific components and different
token positions. Figure 17 analyzes the internal
components at the last subject token. It shows that
while the layer output retains some structure due
to residual connections, the internal components
of the 2-bit model are completely collapsed (pitch
black). Figure 18 repeats the analysis at the last
token. The trend remains identical: 4-bit models
preserve the high-correlation block structure, while
2-bit models lose structural coherence.

Semantic Direction (Cosine Similarity). While
the main text analyzes the internal structure at the
subject token, here we utilize cosine similarity at
the last token to verify the ultimate output of the
representation.

Figure 19 compares the layer output similar-
ity. The 2-bit model suffers a complete collapse,
with similarity dropping to near-zero. The 4-bit
model maintains high alignment. However, on the
failure subset (Fig. 19b), it shows larger variance
compared to the success subset (Fig. 19a). This
suggests 4-bit failures come from noise instability
rather than directional error.

SVD Analysis. Figure 21 presents the compara-
tive SVD analysis on the Robust Subset to verify
the consistency of our findings on easier samples.
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C Intervention and Sensitivity Analysis

C.1 Localized Sensitivity in 4-bit Models

Layer-wise Sensitivity. Figure 22 complements
the main text’s “domino” analysis. We quantize
only a single layer to 4-bit while keeping others
in FP16. The results confirm the architecture-
dependent sensitivity: Llama/Mistral show extreme
sensitivity in early layers, while Qwen/Gemma
show uniform sensitivity.

Component-wise Sensitivity. We analyze the
sensitivity of individual components by quantiz-
ing them separately to 4-bit (Table 5).

e Localized Vulnerability (Llama/Mistral):
MLP modules are significantly more fragile than
Attention modules. Specifically, the “content
generation” weights (down_proj, v_proj) are
far more critical than the “routing” weights.

* Balanced Sensitivity (Qwen/Gemma): Degra-
dation is uniform across MLP and Attention mod-

ules, with no single component acting as a dis-
tinct failure point.

Unlike 4-bit, where some modules remain func-
tional, 2-bit quantization causes a universal failure.
No module remains functionally robust, confirming
that the failure is driven by a systemic breakdown
of representational capacity rather than specific
component weak points.

C.2 Systemic Collapse in 2-bit Models

Figure 23 shows single-layer 2-bit quantization re-
sults. Unlike 4-bit, quantizing even a single early
layer (especially in Llama/Mistral) leads to catas-
trophic drops. Figure 24 decomposes the signal
injection analysis. It confirms that the collapse
observed in the main text (Figure 12) occurs si-
multaneously in both Attention and MLP outputs,
proving the failure is systemic.
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detail of FFN and Attention collapse in 2-bit models.
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Figure 18: CKA Analysis at the last token. The topological collapse is consistent across all components.

1.0 1.0
wn n
.QE) 0.6 .g 0.6
8 8
O 04 ——8-bit ——3-bit O 04 ——8-bit ——3-bit
gb™ ——4-bit ——2-bit en ——4-bit ——2-bit
< <

0.2 0.2

0 4 8 12 16 20 24 28 0 4 8§ 12 16 20 24 28
Layer Index Layer Index
(a) Layer output on the Robust Subset (b) Layer output on the Failure Subset

Figure 19: Supplementary Cosine Similarity Analysis at the last token. Comparisons show that while 2-bit models
collapse universally, 4-bit models only suffer from instability on difficult samples.
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Figure 20: Supplementary SVD analysis on the Robust Subset. (a) 4-bit models match FP16. (b) 2-bit error remains

destructive (high overlap with signal) even on easier samples.
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Figure 21: Supplementary SVD analysis on the Robust Subset. (a) Activation subspace alignment remains high for
4-bit, similar to FP16. (b) Error-signal alignment for 4-bit remains low, while 2-bit error remains highly aligned
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(destructive).
Model Family | Al | MLP  Attn | MLP Gate/Up MLPDown | QKProj VProj O Proj
Llama-3.1-8B-2bit | 0.00 | 000 940 | 482 416 | 4891 2112 4145
Llama-3.1-8B-4bit | 0.00 | 38.04 53.88 70.65 49.57 89.70 54.44 88.61
Mistral-7B-4bit 0.00 | 43.79 61.93 86.59 45.76 89.94 65.68 89.74
Qwen3-8B-4bit 0.00 | 49.30 46.88 63.58 64.19 71.03 69.01 78.87
Gemma-2-9B-4bit 0.00 | 54.13 52.33 50.65 70.03 76.10 61.11 81.78

Table 5: Component-level sensitivity analysis on the Failure Subset. Values denote accuracy (%) when only the
specific component is quantized, highlighting the contrast between localized fragility (Llama/Mistral) and balanced
sensitivity (Qwen/Gemma).
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Figure 22: Single-layer 4-bit quantization sensitivity on the Failure Subset. Llama/Mistral show localized fragility,
while Qwen/Gemma are balanced.
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Figure 23: Single-layer 2-bit quantization sensitivity on the Failure Subset. Catastrophic drops from early layers
(Llama/Mistral) are evident.
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Figure 24: Component decomposition for high-precision signal injection on the Robust Subset. Both Attn and MLP
outputs collapse upon entering 2-bit layers.
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D Generalizability to AWQ Algorithm

To verify whether our discovered failure modes gen-
eralize across quantization algorithms, we replicate
the mechanistic analysis using AWQ (Lin et al.,
2024) on Llama-3.1-8B. We evaluate the models
on the same Failure Subset. The macro-level ac-
curacy strictly mirrors our GPTQ findings: AWQ
4-bit (28.17%) — 3-bit (18.01%) — 2-bit (0.00%).

D.1 Layer-wise Knowledge Probing

Figure 25 traces the layer-wise knowledge signals.
Consistent with GPTQ, the 4-bit and 3-bit AWQ
models exhibit Signal Degradation. Their target
probabilities build up in deeper layers but remain
lower than the FP16 baseline, accompanied by a
moderate drop in target ranks. In contrast, the 2-bit
model fails to recover any meaningful probabil-
ity distribution, remaining completely flat at zero
across all layers.

D.2 Component-level Impairment

Attention Mechanism. Figure 26 illustrates the
attention patterns. While 4-bit and 3-bit mod-
els show tight alignment with the baseline, 2-bit
quantization triggers a severe concentration col-
lapse. Its normalized attention entropy exceeds
0.80 in middle-to-late layers, and its focus diver-
gence sharply increases, indicating that the atten-
tion mechanism loses its routing capability.

FFN Key-Value Memory. Figure 27 presents
the FFN functionality metrics. The 4-bit and 3-bit
models maintain relatively stable gate flip rates and
retrieve semantic values with high cosine similarity.
However, the 2-bit model induces massive gate flip-
ping, reaching nearly 80% in middle layers. This
severe disruption causes a rapid drop in expert Jac-
card similarity and drives the semantic alignment
of output values to near-zero.

Collectively, these results confirm that the transi-
tion from Signal Degradation to Computation Col-
lapse is a fundamental pattern of quantization dam-
age, rather than a GPTQ-specific artifact.

E Generalizability to Broader Language
Tasks

To demonstrate that the discovered failure modes
generalize beyond factual recall, we extend our
mechanistic metrics to MMLU (Hendrycks et al.,
2021) and GSMS8K (Cobbe et al., 2021).

E.1 Experimental Setup

All evaluations are conducted in a 5-shot setup,
with full-dataset accuracy reported in Table 6.
For the mechanistic analysis, we use the com-
plete GSM8K dataset alongside a representative
MMLU subset of 1,066 samples across four di-
verse domains (macroeconomics, philosophy, clini-
cal knowledge, and computer science).

Dataset FP16 4-bit 3-bit 2-bit
MMLU  6342% 61.44% 49.11% 24.18%
GSM8K  56.79% 51.33% 10.16%  0.99%

Table 6: Accuracy of Llama-3.1-8B on broader tasks
across bit-widths.

E.2 Semantic Subspace Integrity

We analyze the semantic subspace alignment using
a single forward pass for both tasks. Figure 28 illus-
trates the layer-wise activation subspace similarity.
Consistent with our findings on factual recall, the
2-bit trajectory plummets and remains near zero
across all layers. In contrast, the 4-bit and 3-bit
models initially experience a drop in similarity but
subsequently recover and stabilize in deeper layers,
confirming that their primary semantic directions
are partially preserved despite precision loss.

E.3 Attention and Generation Dynamics

Given the crucial role of the attention mechanism
in processing context during multi-step reasoning,
attention entropy serves as an effective indicator for
observing quantization-induced behavioral shifts.
For MMLU (Fig. 29a), the entropy is calculated
from a single forward pass. For GSMS8K (Fig. 29b),
we track the layer-averaged entropy of the last to-
ken at each generation step.

As shown in Figure 29, the 2-bit model ex-
hibits a severe deterioration of attention focus. On
GSMBSK, its attention entropy starts abnormally
high at the beginning and persists throughout all
steps, whereas the 4-bit entropy closely tracks the
FP16 baseline. Because of this persistent high-
entropy state, the 2-bit model fails to execute fine-
grained reasoning. Qualitative inspection of fail-
ure cases reveals it generates chaotic content (e.g.,
meaningless numbers and repetitive loops), typ-
ically failing to halt until hitting the maximum
generation length (with median generated tokens
doubling from 77 in FP16 to 151 in 2-bit).
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Figure 25: Layer-wise evolution of probability and rank for AWQ on the Failure Subset.
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Figure 26: Attention mechanism analysis at the last token for AWQ on the Failure Subset.
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Figure 27: Parallel indicators of FFN functionality at the last subject token for AWQ on the Failure Subset.
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Figure 28: Layer-wise SVD analysis (Top-50 dimensions) on broader tasks, calculated from a single forward pass.
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Figure 29: Attention entropy analysis. MMLU results are calculated from a single forward pass, while the GSM8K
curve traces the layer-averaged entropy at each generation step (truncated when <10% of samples remain active).
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