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Abstract

Low-precision quantization enables efficient
LLM deployment, but its effect on distinct
linguistic capabilities is poorly characterised:
prior evaluations report aggregate metrics (per-
plexity, task accuracy), obscuring differential
degradation. We evaluate four instruction-
tuned models (Qwen 2.5-7B, Mistral 7B, Llama
3.1-8B, Gemma-2-9B) across four NLG tasks
(summarisation, dialogue, data-to-text, simpli-
fication) and five quantization conditions (4-bit
AWQ/GPTQ/GGUF, 2-bit GGUF, 16-bit base-
line), measuring lexical accuracy (ROUGE),
syntactic well-formedness (grammar error
rate), factual consistency (AlignScore), and
discourse/instruction-following (GPT-40-mini
judge). Across 92 conditions (=500 samples
each): (1) Friedman tests reject uniform degra-
dation in 84 % of model-task-bit-width combi-
nations (p < 0.05); (2) factual consistency is
more stable than grammar at 4-bit across all ar-
chitectures (AlignScore mean change: —1.8%,
d = —0.355; grammar degrades more in
18/27 cells, Bonferroni-corrected); (3) gram-
mar direction is architecture-dependent: Qwen
degrades (+19.0%) while Llama improves
(—12.8%); (4) grammar improvement on di-
alogue (3/4 models) is not a length artefact:
per-sample length—grammar correlations are
near zero, and Mistral falsifies the length hy-
pothesis (output +34.4% longer, grammar rate
—37.9%). Compression does not yield a single
robustness profile; it induces capability-specific
changes depending on architecture, task, and
quantization method.

1 Introduction

Quantization — reducing the numerical precision
of model weights from 16-bit to 8-bit, 4-bit, or
lower — has become the primary mechanism for
deploying large language models under memory
and throughput constraints (Frantar et al., 2023;
Lin et al., 2024; Dettmers et al., 2022). Production
deployments routinely use 4-bit quantized models

without systematic understanding of which linguis-
tic capabilities are preserved and which are not.

The dominant evaluation paradigm answers this
question at the level of aggregate benchmarks: per-
plexity, question-answering accuracy, or overall
summarisation quality scores. These measures con-
flate distinct linguistic capabilities into a single
number. A model whose factual accuracy holds
steady while syntactic well-formedness collapses
will appear to “pass” a ROUGE-based evaluation,
yet fail qualitatively in ways that matter for down-
stream use.

We ask a more fine-grained question: does quan-
tization degrade different linguistic capabilities
at different rates, and is this pattern consistent
across model architectures and NLG tasks? The
null hypothesis — that all capabilities degrade uni-
formly as bit-width decreases — is the implicit
assumption behind aggregate evaluations. We test
it directly.

Our study covers four models from distinct ar-
chitectural families, four NLG tasks that isolate
different primary capability dimensions, and five
quantization conditions spanning the range from
8-bit to 2-bit precision, using three quantization
methods (AWQ, GPTQ, GGUF). Across 92 ex-
perimental conditions (= 500 samples each), our
results indicate:

1. Friedman tests reject uniform degradation in
84% of conditions (27/32, p < 0.05); post-
hoc Wilcoxon confirms grammar degrades sig-
nificantly more than factual consistency in
18/27 cells after Bonferroni correction.

2. Factual consistency (AlignScore) is substan-
tially more stable than grammar at 4-bit across

all four architectures (d = —0.355, mean
= —1.8%; no model crosses the 10% degra-
dation threshold).

3. Grammar direction is architecture-dependent:
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Qwen degrades (+19.0%, d up to +0.320)
while Llama improves (—12.8%), with the
largest differential on Llama dialogue: gram-
mar d = —1.142 vs AlignScore d = —0.131
at 4-bit AWQ.

4. Grammar improvement on dialogue (3/4 mod-
els) is not a length artefact: per-sample length—
grammar correlations are near zero; Mistral
output gets longer (434.4%) while grammar
rate decreases (—37.9%).

Within the four models and settings evaluated
here, compression does not produce a single robust-
ness profile; it induces capability-specific changes
whose magnitude and direction depend on the inter-
action between architecture, task, and quantization
method.

2 Related Work

Early quantization papers (Frantar et al., 2023;
Lin et al., 2024; Dettmers et al., 2022; Gerganov
et al., 2023) reported quality via perplexity and
zero-shot benchmarks — single aggregate numbers
that do not decompose change into distinct linguis-
tic capability dimensions. Later work broadened
task coverage but still reports per-task rather than
per-capability accuracy: Xu et al. (2024) exam-
ined safety and bias axes; Jin et al. (2024) evalu-
ated knowledge and alignment across three model
scales; Li et al. (2024) benchmark eleven model
families across basic NLP, emergent-ability, trust-
worthiness, dialogue, and long-context task cate-
gories; Lee et al. (2025) evaluate accuracy against
task difficulty and model scale over 13 datasets,
using an LLM judge for reasoning, coding, and
STEM tasks. In all four, a task (e.g. dialogue,
summarisation) receives one aggregate score rather
than being decomposed into the linguistic capabil-
ities that compose it, so a model that maintains
fluency while losing factual grounding, or vice
versa, is not distinguishable from uniform degra-
dation. Fu et al. (2025) studied three truthfulness
sub-dimensions, the closest prior work to a within-
task capability decomposition, but confined to one
capability domain.

Three papers conduct single-capability or single-
axis deep dives that complement our multi-
dimensional approach. Li et al. (2025) find math-
ematical reasoning disproportionately sensitive to
quantization; Mekala et al. (2025) show quantiza-
tion effects on long-context tasks. Neither com-
pares the target capability against others, making it

impossible to assess whether the observed sensitiv-
ity is selective or simply reflects global degradation.
Marchisio et al. (2024) is methodologically clos-
est to our design — combining automatic metrics,
LLM-as-judge, and human evaluation — but de-
composes degradation along the axis of language
rather than linguistic capability; their central find-
ing, that automatic metrics can substantially un-
derestimate quantization damage relative to human
judgement (a 1.7% average automatic-metric drop
vs. a 16.0% human-rated drop for Japanese), is why
we treat our own automatic and LLM-judge scores
as operationalisations rather than ground truth (§3)
and revisit it directly in Limitations.

Our capability framework builds on Gatt and
Krahmer (2018)’s survey of NLG quality dimen-
sions and Celikyilmaz et al. (2020)’s evaluation
taxonomy, using AlignScore (Zha et al., 2023) for
factual consistency and LanguageTool grammar
error rate (Naber, 2003) normalised per 100 to-
kens for syntactic well-formedness. No prior work
applies a structured, multi-dimensional NLG capa-
bility framework to characterise differential degra-
dation across bit-widths within a task, or identifies
capability-specific precision thresholds, or reports
per-capability effect sizes that allow the magnitude
of differential degradation to be assessed.

3 Capability Framework

We evaluate six capability dimensions:

* Lexical accuracy — ROUGE-1: unigram
overlap with the reference output, measuring
whether the model reproduces key content
words. Standard proxy for surface-level accu-
racy in summarisation and data-to-text tasks.

* Lexical accuracy — ROUGE-L: longest-
common-subsequence overlap with the ref-
erence output, capturing sentence-level struc-
tural similarity beyond unigram overlap.

* Syntactic well-formedness (grammar error
rate): grammatical error count per 100 to-
kens, measured with LanguageTool (Naber,
2003). Operationalises surface-level fluency
and morpho-syntactic correctness.

» Factual consistency (AlignScore): NLI-
based entailment score of the generated out-
put with respect to the source document
(Zha et al., 2023). Operationalises whether
the model preserves source-grounded factual
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claims. The relationship is directional, not
symmetric: AlignScore scores whether each
claim in the generated output is entailed by the
source, not the converse, so it penalises fabri-
cated or contradicted content but not omission
of source content the output simply leaves
out. This fits summarisation and data-to-text,
where omission is an acceptable compression
strategy but fabrication is not; it is a weaker
fit for dialogue, where the “source” is conver-
sation history rather than a single grounding
document (see Limitations).

Discourse coherence (GPT-40-mini judge, 1-
5): logical structure and ease of following,
rated by GPT-40-mini from incoherent (1) to
fully coherent (5).

Instruction-following quality (GPT-40-mini
judge, 1-5): degree to which the output fol-
lows the task instruction with clear reasoning,
rated from non-compliant (1) to fully compli-
ant (5).

Why these six dimensions. We select capabili-
ties that (i) map onto an established axis in the NLG
evaluation literature (Gatt and Krahmer, 2018; Ce-
likyilmaz et al., 2020), (ii) admit a widely used
automatic or judge-based proxy so all 92 condi-
tions can be scored at scale, and (iii) span a range
of representational depth: surface pattern match-
ing (lexical overlap, local grammaticality), external
grounding (factual consistency), and properties re-
quiring long-range dependency tracking (discourse
coherence, instruction-following). This depth gra-
dient is the basis for the mechanistic discussion
in §7. We do not claim these six dimensions ex-
haust linguistic competence — register, pragmat-
ics, and cross-sentence entity tracking are not di-
rectly measured here. The selection prioritises
established, automatically-scorable coverage over
completeness.

Limitations of operationalisation. ROUGE
measures lexical overlap, not semantic accuracy.
Grammar error rate reflects LanguageTool’s rule
coverage, which differs by register and genre.
AlignScore uses an NLI proxy trained on academic
and news text; it may under-report factual errors
in dialogue. LL.M-as-judge scores are subject to
model bias and may conflate fluency with quality.
We report these metrics as operationalisations, not
as direct capability measurements.

Model Size Family Cond.
Qwen 2.5-7B Instruct 7B Qwen 7
Mistral 7B Instruct v0.3 7B Mistral 6
Llama 3.1-8B Instruct 8B Llama 5
Gemma-2-9B Instruct 9B Gemma 5

Table 1: Models and condition counts. See §4.2 for
exclusions.

Task Dataset n  Primary dimension
Summarisation CNN/DM (See et al., 2017) 500  Factual consistency
Dialogue PersonaChat (Zhang et al., 2018) 500 Discourse coherence
Data-to-text WebNLG 2020 (Gardent et al., 2017) 500 Lexical accuracy
Simplification  TurkCorpus (Xu et al., 2016) 359t Syntactic fluency

Table 2: Tasks and datasets. ' After deduplication.

4 Experimental Setup

4.1 Models

We evaluate four instruction-tuned models from
distinct architectural families (Table 1):

4.2 Quantization Conditions

Each model is evaluated at 16-bit (baseline) and at
reduced precision using three methods:

« AWQ (Lin et al., 2024): 4-bit and 8-bit. All
AWQ models loaded via HuggingFace Trans-
formers’ native AWQ path (AwgMarlinLinear
kernel), avoiding the AutoAWQ awqg_ext
extension which has an undefined symbol in
the CUDA 12.8 environment used.

¢ GPTQ (Frantar et al., 2023): 4-bit and 8-bit
(where Hub weights exist).

* GGUF (Gerganov et al., 2023): 4-bit and 2-
bit (via llama.cpp-compatible loading through
HuggingFace 11ama—-cpp-python).

AWQ-8 is included only for Qwen (exploratory);
itincurs a 7 x throughput penalty via BitsAndBytes
INT8 and was excluded from Mistral, Llama, and
Gemma to manage GPU cost. GPTQ-8 is excluded
for Llama and Gemma (no Hub weights available).
The resulting matrix spans 23 model x condition
pairs (per-model counts in Table 1) collapsed into
92 conditions across 4 tasks (= 500 samples each).

4.3 Tasks and Datasets

Four NLG tasks are selected to isolate distinct pri-
mary capability dimensions (Table 2):
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Dataset notes. DailyDialog was replaced
by PersonaChat (multi-turn human dialogue)
due to a loading-script incompatibility with
dataset s>2.20; both target the same discourse
coherence dimension. WebNLG and TurkCorpus
were loaded via direct GCS/GitHub downloads,
bypassing the datasets>3.0 loading-script
restriction.

4.4 Generation Protocol

All generations use greedy decoding (temperature
= 0) with torch.manual_seed (42). Only
bit-width and quantization method vary across con-
ditions; prompts, datasets, and generation param-
eters are held constant. Each generation file is
produced once and reused across scoring passes.
The Mistral TurkCorpus 16-bit condition produced
anomalously low ROUGE-1 scores (0.28 vs 0.56—
0.63 for compressed variants), consistent with an
instruction-following formatting failure at full pre-
cision. This condition is retained in the dataset
but flagged; its effect on pooled statistics is noted
where relevant.

4.5 Statistical Analysis

Degradation metric. For each condition, we
compute a normalised degradation score per ca-
pability c at bit-width b:

scoreig(c) — scorep(c)
scoreqg(c)

0(e,b) =

For grammar error rate (lower is better), the numer-
ator is reversed so that positive § always denotes
quality loss.

H test. For each model x task x bit-width combi-
nation, we apply a Friedman test (Friedman, 1937)
across the k = 6 capability degradation scores to
test whether their ranks are drawn from a uniform
distribution (Hg: all capabilities degrade equally).
The 32 tests are treated as exploratory per-cell hy-
pothesis tests — each evaluates whether degrada-
tion is uniform within one specific (model, task,
bit-width) combination — rather than as a single
family-wise claim, and no additional correction is
applied across cells. Family-wise correction is ap-
plied within each cell in the post-hoc Wilcoxon
step (Section 5.2).

Effect sizes. Cohen’s d is computed from
raw score distributions (baseline vs compressed),
pooled across model xtask combinations at each
bit-width. We report effect sizes at the raw-score

Model Task 4-bit 2-bit
X2 sig sig

Summarisation =~ 87.28  *** *okk

Dialogue 102.65  *** ok

Qwen 23578 WepNLG 171.98  ##% wow
TurkCorpus 338.64 k¥ ns
Summarisation ~ 38.97  ¥¥* ns

. Dialogue 57.07  Fk* ok
Mistral 7B wepNLG 45326 ek ok
TurkCorpus 416.77  wHk okok
Summarisation 25.35  kEE HE

Dialogue 298.61  *¥* HoAk

Llama 3.1-8B (o NLG 1837 #* worx
TurkCorpus 30.67  FEE ok
Summarisation 7.37 ns ns

Dialogue 26.21  FFk* *

Gemma-2-98  \u pNLG 2115 e o
TurkCorpus 3.78 ns o
Sig. (p<0.05) 14/16 13/16

Table 3: Friedman test (Hg: uniform degradation; df =
5, six capabilities). x? reported for 4-bit (primary); 2-bit
significance coded only. *** p<0.001, ** p<0.01, *
p<0.05, ns.

level rather than the per-sample ratio level to avoid
sensitivity to small baseline values in the denom-
inator. Bootstrap 95% confidence intervals (n =
1000) are reported for pooled means.

Post-hoc tests. For cells where Friedman rejects
Hy, we apply pairwise Wilcoxon signed-rank tests
between grammar and AlignScore degradation ar-
rays, with Bonferroni correction for three compar-
isons per cell.

Regression. We fit an OLS regression with HC3
heteroscedasticity-robust standard errors:

d ~ logy(bw) + Arch + Task + Cap
+ log,(bw) x Cap + ¢

The log,(bw) x Capability interaction is the pri-
mary test for whether capability-specific degrada-
tion rates depend on bit-width.

5 Results

5.1 Primary: Rejection of Uniform
Degradation

Table 3 reports Friedman test outcomes for all 32
model xtaskx bit-width combinations. 27 of 32
(84%) reject Hy at p < 0.05, indicating that quan-
tization does not uniformly degrade all capabilities
in the large majority of experimental conditions.
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Model Summ Dial Web Turk Mean
Qwen 2.5-7B +0.2% —22.5% +0.3% +1.4% —5.2%
Mistral 7B +2.2% -3.7% +1.3% —-05% —0.2%
Llama 3.1-8B —0.4% —11.1% +0.0% +3.4% —-2.0%
Gemma-2-9B  +0.5%  +6.3% +04% +0.7% +2.0%
Mean +0.6% -77% 40.5% +12% -1.4%

Table 4: AlignScore change at 4-bit AWQ vs 16-bit.
Positive = degraded (lower AlignScore); negative =
improved. Overall mean = —1.4%; largest improve-
ment = —22.5% (Qwen dialogue); largest degradation
= +6.3% (Gemma dialogue).

The five non-significant cases (Qwen TurkCor-
pus 2-bit; Gemma Summarisation 4-bit and 2-bit;
Gemma TurkCorpus 4-bit; Mistral Summarisation
2-bit) are not counterexamples to the thesis: they
represent conditions where overall degradation is
small enough that differences across capability di-
mensions cannot be resolved at the available sam-
ple sizes (n = 53-441).

5.2 Post-Hoc: Grammar vs Factual
Consistency

Among the 27 Friedman-significant cells, we ap-
ply pairwise Wilcoxon signed-rank tests comparing
grammar and AlignScore degradation arrays (Bon-
ferroni correction: Ncomparisons = 3)- 18 of 27 cells
show significantly greater grammar degrada-
tion than factual degradation after correction
(pBont < 0.05). The 9 non-significant cells are con-
centrated in Llama (where grammar improves) and
Gemma (where grammar effects are near zero).

5.3 Factual Consistency: Substantially More
Stable Than Grammar

Table 4 presents AlignScore changes at 4-bit AWQ
relative to 16-bit baseline across all model x task
combinations. The dominant pattern is near-zero
or negative degradation (i.e., factual consistency is
stable or improves under compression).

Pooled across all models and tasks at 4-bit,
the AlignScore Cohen’s d = —0.355 (95% CI:
[—4.2%, +0.1%] for mean degradation). The near-
zero upper bound on the confidence interval is
consistent with the absence of meaningful factual
degradation at 4-bit, within the four models evalu-
ated.

The largest single deviation is Qwen dialogue
(—22.5%, an improvement): compressed variants
score substantially higher on entailment than the 16-
bit baseline on PersonaChat. Llama dialogue shows
the same direction (—11.1%). Both are consis-

Model Summ Dial Web Turk Mean
Qwen2.5-7B  +18.8% +58.5% +28.0% +52.8%  +19.0%
Mistral 7B +40.5% -37.9% -125% —9.3% ~0.0%
Llama3.1-8B —-6.3% —62.7% —-7.5% —-42% —12.8%
Gemma-2-9B  +04% —28.6% +5.9% —-5.2% —2.6%
Pooled ~ +0.9%

Table 5: Grammar error rate change at 4-bit AWQ vs 16-
bit. Positive = more errors. Pooled mean ~ 0 because
Qwen degrades and Llama improves. red : degrades;

yellow : flat; green : improves.

tent with 4-bit AWQ producing more conservative,
source-hugging responses on the dialogue task; ab-
solute AlignScore values remain within 0.02-0.09
points on the [0, 1] scale. The only cell with notable
degradation is Gemma dialogue (+6.3%), which is
still small relative to grammar effects in the same
conditions.

5.4 Grammar Error Rate:
Architecture-Dependent

Table 5 presents grammar error rate changes at 4-bit
AWQ. The pattern differs strikingly from factual
consistency: the direction of change is architecture-
dependent.

The pooled Cohen’s d = +0.049 (95% CI:
[—6.4%, +8.0%]) is near zero and spans zero. This
pooled statistic is not informative on its own: Qwen
2.5-7B shows a mean grammar degradation of
+19.0%, while Llama 3.1-8B shows a mean im-
provement of —12.8%. These opposing effects
cancel in the pool. The grammar result must be
read per-architecture.

The dialogue task shows the most dramatic pat-
tern: grammar improves for 3 of 4 models at 4-
bit (Mistral: —37.9%, Llama: —62.7%, Gemma:
—28.6%), while Qwen degrades (+58.5%). Sec-
tion 6.3 investigates this in depth.

5.5 Per-Model Effect Sizes: Grammar vs
Factual Consistency

Table 6 reports Cohen’s d at 4-bit AWQ for gram-
mar and AlignScore per model xtask, computed
from raw score distributions. Positive d indicates
degradation (compressed model worse); negative
d indicates improvement. This table provides the
magnitude information that pooled statistics ob-
scure.

The headline case is Llama 3.1-8B dialogue:
grammar d = —1.142 versus AlignScore d =
—0.131 — a >10x effect-size gap on the same
model and condition. Qwen shows the opposite
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Model Task Gramd Align d R-1d
Summarisation  +0.173 +0.005 +0.486

Dialogue +0.230 —0.283 +0.622

Qwen 25-7B WebNLG 10.224  +0.019 +0.438
TurkCorpus 10.320  +0.174  +2.730

Summarisation  +0.167 +0.061 +0.328

. Dialogue —0.118 —0.040 +0.141
Mistral 7B W NLG ~0.116  +0.109 +0.651
TurkCorpus ~0.080 —0.041 —1.540

Summarisation —0.064 —0.011 +0.044

Dialogue —-1.142 —-0.131 —-0.045

Llama 3.1-8B o\ N1.G ~0.073  +0.002  +0.005
TurkCorpus —-0.050 +0.129 —0.129

Summarisation  +0.004 +0.016 +0.017

Dialogue ~0.041 +0.096 +0.207

Gemma-2-98 v NLG 10.046  +0.047 —0.097
TurkCorpus ~0.027 +0.071 +0.075

Table 6: Cohen’s d at 4-bit AWQ (positive = degrada-
tion). Llama dialogue grammar (d = —1.142, bold) vs
AlignScore (d = —0.131): largest capability differen-
tial.

pattern: grammar d up to +0.320 while AlignScore
stays near zero. Gemma grammar d is near zero
throughout (—0.041 to 4-0.046).

5.6 Lexical Accuracy

ROUGE-1 shows small to moderate degrada-
tion, pooled Cohen’s d = —+0.134 (95% CI:
[—5.9%, 49.0%]), ROUGE-L d = +0.114 (95%
CL: [-6.1%, +8.6%]). These effect sizes are posi-
tive but their CIs span zero, reflecting high variance
across model x task cells.

Qwen 2.5-7B is the strongest degrader lexically:
ROUGE-1 crosses the 10% degradation threshold
at 4-bit (both AWQ and GPTQ). The Qwen Turk-
Corpus ROUGE-1 d = 42.730 is the largest sin-
gle Cohen’s d in the entire study; manual inspec-
tion suggests this is driven by Qwen 16-bit produc-
ing unusually reference-faithful simplifications on
TurkCorpus, while compressed variants generate
shorter paraphrases that diverge from the reference
vocabulary. This mirrors the Mistral TurkCorpus
pattern in direction, though here it is the 16-bit
model that over-performs (not under-performs) rel-
ative to compressed variants.

The Mistral TurkCorpus ROUGE-1 d = —1.540
is a negative outlier driven by the instruction-
following anomaly at 16-bit precision (Section 6.3),
not genuine compression improvement. Llama,
Gemma, and Mistral do not exceed the 10% thresh-
old at 4-bit for either ROUGE metric (Table 7).

Model R-1 R-L Grammar AlignScore Coherence Reasoning

Qwen2.5-7B  4-bit  4-bit  2-bit never never never
Mistral 7B never never 8-bit never never never
Llama 3.1-8B  never never nevert never 2-bit 2-bit
Gemma-2-9B  never never 2-bit never never never

Table 7: Precision thresholds: lowest bit-width ex-
ceeding 10% degradation. TQwen grammar degrades;
{Llama grammar improves (threshold never crossed).
Coherence and Reasoning: GPT-40-mini judge scores.

5.7 Capability Precision Thresholds

Table 7 shows the lowest bit-width at which each
model’s mean degradation first exceeds 10% rela-
tive to 16-bit. The threshold is “never” when the
model does not cross the 10% mark at any bit-width
tested (down to 2-bit).

The most practically significant finding in this
table is Mistral’s grammar threshold at 8-bit:
Mistral 7B’s grammar degrades meaningfully at
> 8-bit compression on summarisation (4+40.5%),
even though 8-bit is widely considered “nearly loss-
less.” This contradicts the assumption that 8-bit is
a safe floor for all capabilities. For the LLM-judge
dimensions, coherence (d = +0.311) and reason-
ing (d = +0.343) show moderate 4-bit effect sizes
with zero-spanning Cls; only Llama 3.1-8B crosses
the 10% threshold, and only at 2-bit — consistent
with the automatic-metric pattern.

5.8 Regression: Global Model

The OLS regression (R? = 0.098, F, < 0.001,
N = 432) is globally significant, confirming that
bit-width, capability type, architecture, and task
are all relevant predictors of degradation. With
six capability dimensions, two of five log, (bw) x
Capability interaction coefficients reach signifi-
cance: discourse coherence (8 = —0.062, p =
0.025) and instruction-following quality (8 =
—0.071, p = 0.019). The automatic-metric in-
teractions remain non-significant (grammar: § =
—0.086, p = 0.187; ROUGE-1: g = —0.005,
p = 0.951; ROUGE-L: 5 = +0.008, p = 0.911).
The null interaction for automatic metrics is not
contradicted by the Friedman results: Friedman
operates within each (model, task, bit-width) cell;
OLS pools across cells. When Qwen grammar
degrades strongly and Llama grammar improves
strongly, the grammar x bit-width interaction aver-
ages toward zero — the cancellation is itself the
finding. The LLM-judge interactions are signif-
icant precisely because coherence and reasoning
degrade more uniformly in direction across models,
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Model ALen AGram r P
Qwen 2.5-7B  +48.1% +58.5% —0.023 0.604
Mistral 7B +34.4% —37.9% +0.024 0.593
Llama3.1-8B  —12.1% —62.7% +0.121 0.007
Gemma-2-9B  —30.5% —28.6% +0.049 0.278

Table 8: Per-sample correlation: length change vs gram-
mar rate change (dialogue, 4-bit AWQ). Near zero for
all models except Llama (r = 0.121).

allowing the pooled model to recover them.

6 Analysis

6.1 Length Confound: Grammar Rate
Already Normalised

The grammar improvement finding for Llama and
Gemma on dialogue raises a potential confound: if
compressed models produce shorter outputs, they
may simply accumulate fewer raw LanguageTool
errors, and a lower error count could appear as
“improvement” even if error density is unchanged.

This confound is mitigated at the metric level be-
cause we use LanguageTool’s grammar error rate
normalised per 100 tokens — not raw error count.
To verify this normalisation is sufficient, we com-
pute the Pearson correlation between per-sample
output length change and per-sample grammar rate
change for each model on dialogue (Table 8).

Three of four models show near-zero cor-
relations (p > 0.05). Mistral falsifies the
length hypothesis directly: output length in-
creases (+34.4%) while grammar rate decreases
(—37.9%), with a near-zero sample-level correla-
tion. Llama shows a weak positive correlation
(r = 0.121, p = 0.007), accounting for <2% of
variance; Llama’s grammar improves by —62.7%
against a —12.1% length change — the magnitude
disparity and non-covariance at the sample level
rule out length as the driver.

6.2 Cross-Method Consistency of Grammar
Direction

To assess whether grammar direction findings are
AWQ-specific, we compare the sign of grammar
rate change across AWQ4, GPTQ4, and GGUF4.
Direction is consistent for 8/16 model x task cells;
the key observation is that consistency depends on
effect size, not method. Table 9 shows the four
most informative cells; the full 16-cell table with
consistency flags is in Appendix A.

All three methods agree in direction for the

Model Task AWQ4 GPTQ4 GGUF4
Llama 3.1-8B  Dialogue —62.7% —=57.7% —10.3%
Qwen 2.5-7B  TurkCorpus +52.9% +24.4% +55.5%
Mistral 7B Summarisation +40.5% +33.9% +34.6%
Qwen 2.5-7B  Dialogue +58.5% —26.5% —10.9%

Table 9: Grammar change across methods. Top: large-
effect cells replicate. Bottom: Qwen dialogue is the
only large-effect reversal (AWQ-specific).

three large-effect cells: Llama dialogue (—62.7%,
—57.7%, —10.3%), Qwen TurkCorpus (+52.9%,
+24.4%, +55.5%), and Mistral summarisation
(+40.5%, +33.9%, +34.6%). Near-zero cells
(Gemma) do not replicate direction consistently —
sign differences at that scale reflect noise. The sole
large-effect exception is Qwen dialogue: AWQ4
shows degradation (+58.5%) while GPTQ4 and
GGUF4 show improvement; claims about Qwen
dialogue grammar should be treated as potentially
AWQ-specific.

6.3 Grammar Directionality: Architecture
and Task Effects

The grammar result is the most architecturally dif-
ferentiated finding. Qwen 2.5-7B consistently de-
grades across three of four tasks; Llama 3.1-8B
consistently improves; Gemma-2-9B stays near
zero. Two candidate explanations exist — baseline
verbosity differences (compression shifts models
toward shorter, less LanguageTool-flagged outputs)
and architectural weight sensitivity (different atten-
tion mechanisms may place quality-critical weights
in activation ranges that AWQ’s per-channel scale
handles differently) — but distinguishing them re-
quires weight-level analysis outside our current
scope.

The most consistent task-specific pattern is gram-
mar improvement on dialogue (3/4 models at 4-
bit AWQ). The length confound analysis (Table 8)
confirms this is not a normalisation artefact. The
more plausible explanation is a distributional style
shift: 16-bit models on PersonaChat generate multi-
turn, stylistically varied dialogue that Language-
Tool flags heavily (contractions, ellipsis, discourse
markers); 4-bit variants produce shorter, more for-
mulaic responses. Whether this constitutes a gen-
uine syntactic improvement or a metric interaction
with generation style cannot be determined from
automatic scores alone, and we flag it as a limita-
tion.
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Model-specific anomalies. Qwen 2.5-7B is the
only model with consistent grammar degradation
across all four tasks and the only model whose
ROUGE threshold is crossed at 4-bit; Qwen’s
grouped-query attention and RoPE variant may
place quality-critical weights in activation ranges
that AWQ handles less effectively, though this re-
mains a hypothesis. Mistral 7B at 16-bit achieves
ROUGE-1 = 0.2823 on TurkCorpus versus 0.56—
0.63 for compressed variants: this is an instruction-
following failure at full precision (the 16-bit model
paraphrases rather than simplifies), not a compres-
sion benefit. This condition is retained but excluded
from threshold calculations.

7 Discussion

Sections 5-6 establish that capabilities degrade dif-
ferentially and that the pattern is architecture- and
task-dependent, but not why. We offer two candi-
date mechanistic accounts; both remain hypothe-
ses, since testing them would require weight- or
activation-level analysis outside this study’s scope.

Why factual consistency is comparatively robust.
AlignScore reduces to an entailment judgement be-
tween a generated span and a source document
already present in the context window: a single
anchored comparison. Grammar error rate, by con-
trast, integrates local dependency correctness over
every token transition in the output, so a single cor-
rupted activation anywhere in a long generation is
enough to register as a new error, while the same
perturbation is far less likely to flip an entailment
judgement grounded in surrounding, unperturbed
source tokens. This is consistent with the depth
gradient underlying our capability selection (§3):
factual consistency is grounded in present con-
text, whereas grammatical well-formedness must
be sustained across the full generation trajectory. It
does not, however, explain every cell — Gemma
dialogue shows the one meaningful AlignScore
degradation (46.3%, Table 4) alongside a near-
zero grammar effect, the reverse of the general
pattern — so this account is necessarily partial.

Why grammar direction is architecture-
dependent. Qwen 2.5-7B degrades on grammar
in three of four tasks while Llama 3.1-8B improves
on three of four (Table 5), and Mistral 7B is the
only model whose grammar crosses the 10%
threshold at 8-bit, not just 4-bit (Table 7) —
contradicting the common assumption that 8-bit

is a safe floor across the board. One candidate
explanation is that different attention mechanisms
and positional encodings (Qwen’s grouped-query
attention and RoPE variant vs. Llama’s) place
quality-critical weights in different activation
ranges, which AWQ’s per-channel scaling handles
with different fidelity; a second, non-exclusive
explanation is a style-shift artefact, where 16-bit
baselines on dialogue generate longer, more stylis-
tically varied text that LanguageTool flags more
heavily, and compression shifts generation toward
shorter, more templated output (§6.1 rules out
raw length as the driver, but not a style change at
fixed length). Distinguishing these requires either
weight-level ablation or a human/style-controlled
evaluation of the dialogue outputs directly, neither
of which we perform here.

A shared account. Both observations point to-
ward the same underlying claim: the more a capa-
bility’s automatic proxy depends on precise acti-
vations sustained over a long generation trajectory,
rather than a single grounded comparison against
present context, the more exposed it is to com-
pression noise, and the more its response to com-
pression varies by architecture. This reframes the
paper’s central finding from a purely empirical one
(profiles are non-uniform) to a testable structural
claim about why they are non-uniform — one that
a follow-up study with layer-wise ablation could
directly evaluate.

8 Practical Recommendations

Table 10 summarises the key deployment impli-
cations within the scope of this study. No single
bit-width recommendation generalises across all
capabilities and architectures; factual consistency
is the most compression-tolerant dimension, while
grammar requires per-architecture decisions and
8-bit is not lossless for Mistral on summarisation.

9 Conclusion

We presented a systematic empirical evaluation
of capability-level degradation under quantization
across four instruction-tuned LLMs, four NLG
tasks, and five compression conditions, reject-
ing the null hypothesis of uniform degradation
in 84% of experimental conditions. Three find-
ings stand out. First, factual consistency is sub-
stantially more stable than grammar: Align-
Score shows near-zero degradation across all four
models (d = —0.355, mean = —1.8%), while
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Capability Bit-width Notes

Factual 4-bit, all Near-zero degradation;
consist. models no model crosses 10%.
Lexical 4-bit (Llama, Qwen exceeds 10% at 4-
accuracy Mistral, bit; others below thresh-
Gemma); old.
caution for
Qwen
Grammar Caution at Mistral grammar
(summ.)  8-bit for +40.5% at 8-bit AWQ,
Mistral replicated GPTQ
(+33.9%) and GGUF
(+34.6%). 8-bit is not a
safe floor for grammar
on summarisation.
Grammar Architecture- Qwen: degrades from 4-
(general) dependent bit. Llama/Gemma: im-

prove on dialogue (met-
ric interaction with gen-
eration style unresolved).

Table 10: Deployment guidance (four 7-9B models,
four tasks). Results may not generalise to other sizes or
architectures.

grammar degradation is both larger in magnitude
and architecture-dependent — Qwen 2.5-7B de-
grades (+19.0%) while Llama 3.1-8B improves
(—12.8%, d = —1.142 on dialogue vs. AlignScore
d = —0.131 on the same condition). Second, no
capability precision threshold is shared across
models: Qwen ROUGE-1 degrades at 4-bit; Mis-
tral grammar degrades at 8-bit; Llama and Gemma
cross no threshold. Third, the grammar improve-
ment for Llama/Gemma on dialogue is not a
length artefact (per-sample correlations near zero;
Mistral falsifies the hypothesis directly), but cannot
be ruled out as a metric interaction with generation
style.

Future work. A longer-term research direction
is capability-aware precision allocation: using
capability-specific precision thresholds from this
study to assign bit-widths per-layer based on esti-
mated capability demand during decoding.

Limitations

The grammar error rate metric interacts with
output length and generation style, creating
confounds in dialogue settings that length
normalisation partially but not fully addresses.
The AlignScore proxy uses the same NLI
methodology as the original package via

cross—encoder/nli-deberta-v3-base.
LLM-as-judge scores are subject to GPT-40-mini
model bias and compress fine-grained variation
onto a 1-5 integer scale. All models are in the
7-9B parameter range; findings may not generalise
to smaller or larger models, or to model families
not represented in this study.

This study relies entirely on automatic metrics
and an LLM judge; no human evaluation was con-
ducted. Marchisio et al. (2024) report that auto-
matic metrics can substantially underestimate quan-
tization damage relative to human judgement on
realistic prompts (a 1.7% average automatic-metric
drop vs. a 16.0% human-rated drop for Japanese).
If a comparable gap holds here, the effect sizes we
report — particularly for the judge-scored coher-
ence and instruction-following dimensions, and for
AlignScore’s directional (source-to-output only)
notion of consistency (§3) — should be read as
a lower bound on perceptible degradation rather
than its full extent. A targeted human evaluation
on the largest-effect cells identified here (Table 6)
is the most direct way to close this gap and is left
to future work.

Data Availability

Analysis code, per-sample metric scores (92
conditions), and the quantization and gen-
eration pipeline are available at https://
github.com/motornomad/capability-
degradation—quantization. Raw model
generation outputs (=500 samples x 92 condi-
tions) are withheld from this release due to size but
are available on request.
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A Cross-Method Grammar Consistency:
Full 16-Cell Table

Table 11 reports grammar error rate change (%) at
4-bit for all 16 model xtask combinations across
AWQ4, GPTQ4, and GGUF4. “Consistent” means
all three methods agree on direction. The 8 con-
sistent cells are those where a genuine directional
effect exists regardless of method; the 8 inconsis-
tent cells are concentrated in Gemma (near-zero
absolute changes) and Qwen/Mistral/Llama cells
where the AWQ direction does not replicate.
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Model Task AWQ4 GPTQ4 GGUF4 Consistent?

Summarisation  +18.8% +1.3%  +23.6% Yes

Dialogue +58.5% —26.5% —10.9% No

Qwen2.3-7B  \WepNLG +28.1%  +2.0%  +0.2% Yes
TurkCorpus +52.9%  +24.4% +55.5% Yes

Summarisation  +40.5% +33.9% +34.6% Yes

. Dialogue —-37.9% —-34.0% +2.4% No
Mistral 7B wepNLG —125%  —17.2%  —5.0% Yes
TurkCorpus -93% -13% +6.3% No

Summarisation —6.3% +1.0% +11.8% No

Llama 3.1-SB Dialogue —62.7% —=57.7% —10.3% Yes
’ WebNLG —7.5% —1.2% —7.5% Yes
TurkCorpus —-42%  —-8.4% -1.2% Yes

Summarisation +0.4% —0.0% +7.8% No

Dialogue —28.6% +29.7% —29.4% No

Gemma-2-9B  \wo i NLG 15.9%  —1.6%  +3.2% No
TurkCorpus -52% —-152%  +1.1% No

Direction consistent 8/16

Table 11: Grammar error rate change across three 4-bit quantization methods for all 16 model x task cells. “Consis-
tent” = all three methods agree on direction (+ or —). Bold “No” = direction reverses across methods. All Gemma
cells are inconsistent, reflecting near-zero absolute changes where sign classification reflects noise.
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