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Abstract. Post-training quantisation to 4 bits is widely treated as nearly free, a judgement resting on perplexity and
multiple-choice accuracy. Whether it is also free for safety is now contested: 2025-2026 studies report that 4-bit
checkpoints lose refusal while their quality holds, that 3-bit weights make previously unbiased answers stereotyped in a
dose-response pattern, and, in the opposite direction, that standard 4-bit quantisation is approximately safety-neutral. In
this analysis the author reviews and synthesises published results to show that these findings cannot yet be set against one
another, because the studies differ on six design axes before they differ on bit-width: what the treatment is, which
toolchain produced the artefact, what outcome is scored, which instrument scores it, how the behaviour is elicited, and
how the change is accounted. The sharpest case is a pair of 2026 studies that both quantise models named Llama 3.2 3B
and Mistral 7B with AWQ to 4 bits. One reports refusal losses of 22.7 and 15.9 points; the other reports attack-success
changes of +1.6 and +0.5 points. They differ on at least four of the six axes and cannot be shown to share the other two.
Read along those axes, the literature supports three claims: 8-bit is close to neutral almost everywhere, retained quality
cannot certify retained safety, and item-level behaviour changes even when aggregates do not. It does not support a general
claim about 4-bit safety in either direction. The paper states a reporting protocol and the matched measurements that
would settle the open part.
Keywords: post-training quantization; safety alignment; refusal; social bias; LLM-as-a-judge; evaluation methodology; model
compression; confounding
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1. Introduction
Quantisation is how most open-weight language models
reach the hardware they run on. A checkpoint trained in
16-bit precision is mapped, after training, to 8, 4 or
fewer bits per weight, by methods that range from
rounding each weight to the nearest grid point to
second-order reconstruction (GPTQ; Frantar et al.,
2022), activation-aware scaling (AWQ; Lin et al., 2023)
and mixed-precision outlier handling (LLM.int8();
Dettmers et al., 2022). The case for doing so was made
on capability measurements. Dettmers and Zettlemoyer
(2022), over more than 35,000 experiments, report that
4-bit precision is almost universally optimal for total
model bits against zero-shot accuracy. Kurtic et al.
(2024), over more than 500,000 evaluations of the
Llama-3.1 family, report FP8 as effectively lossless, well-
tuned INT8 within 1 to 3 percent, and INT4 weight-only
quantisation as more competitive than expected. Jin et
al. (2024) report that 4-bit models retain performance
comparable to their full-precision counterparts and that
perplexity can serve as a proxy on most benchmarks they
test.

A second literature, mostly from 2024 to 2026, asks
whether that case carries over to safety. Its answers
conflict. Kadadekar (2026) audits a 51-row matrix of

GGUF, AWQ and GPTQ checkpoints and reports that 7 of
11 AWQ and GPTQ rows are "hidden-danger" rows,
where a quality dashboard would pass the checkpoint
while refusal of harmful requests falls by 12 to 68
percentage points. Rath and Maliakkal (2026) report that
3-bit quantisation causes 6 to 21 percent of previously
unbiased BBQ items to produce the stereotyped answer
at least once in five runs, in a dose-response pattern
across bit-widths. Kharinaev et al. (2025) report that
both post-training and quantisation-aware methods can
degrade safety alignment. In the other direction, Prasad
and Pal (2026), across 8 models, 3 precisions, 6
temperatures and about 2.0 million judged responses,
report that AWQ INT4 keeps attack success within about
1.6 points of FP16, or lowers it, for 7 of 8 models. Hong
et al. (2024) report that a 4-bit quantised Llama-2-13B-
Chat keeps its trustworthiness within 5 points on every
dimension they measure and gains more than 5 points on
two. Hua et al. (2026) report that aggregate bias scores
change significantly in a minority of cases, in both
directions, while up to 21 percent of individual
responses flip. Al Hakim et al. (2026) summarise the
state of the field in one phrase: "findings remain mixed".

The question this paper asks is why. The working
hypothesis behind most reviews, stated or not, is that the
conflicts are about bit-width, model family and method:
that some combination of these makes 4-bit safe for
some models and unsafe for others, and that more
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studies will map the boundary. The author argues for a
different reading. The published studies differ on six
design axes before they differ on bit-width, and the axes
are not reported consistently enough for any two studies
to be placed on a common scale. Two results that
disagree may be measuring different treatments,
different outcomes, through different instruments, under
different elicitation, with different accounting. Until
those differences are controlled, a conflict between two
quantisation-safety results is not evidence about
quantisation.

This paper consolidates the evidence for that reading and
states what follows from it. Its contributions are four.
First, it separates six axes on which the published studies
differ - treatment, toolchain, outcome, instrument,
elicitation and accounting - and shows, from within-
study contrasts the sources themselves report, that the
treatment, instrument, elicitation and accounting axes
each, in at least one published comparison, move
reported safety numbers by amounts comparable to or
larger than the quantisation effects under dispute, that
the outcome axis can reverse the sign of a result, and
that the toolchain axis changes the artefact itself,
although no published contrast yet measures its effect on
a safety number (Sections 3 to 8). Second, it re-reads the
sharpest conflict in the literature, the Kadadekar (2026)
and Prasad and Pal (2026) results on models with the
same names, quantised with the same method at the
same nominal bit-width, and shows that the two studies
differ on at least four axes and cannot be shown to share
the rest (Section 9, Table 2, Figure 1). Third, it states
which claims survive the confound audit and which do
not (Section 10). Fourth, it gives a reporting protocol,
Algorithm 1, and the matched measurements that would
settle the open part (Sections 13 and 14).

The scope is deliberate. The proxy claim - that retained
quality is not a safety certificate - has already been
argued at length by Kadadekar (2026), under a title that
states it directly, and before that by Xu et al. (2024) for
perplexity. This paper does not re-argue it; it takes it as
one of the claims that survives, and asks the further
question of what the field's conflicting positive findings
can be read to say. Hua et al. (2026) also observe that
effect sizes centred on zero may explain conflicting
results among prior work; this paper takes that
observation as a starting point and identifies the specific
design choices that produce the conflicts. Adversarial
quantisation, in which a model is built to behave
differently once quantised (Egashira et al., 2024), is a
separate question and is treated only in Section 12, as a
bound on what any full-precision evaluation can certify.

Section 2 states the conflicts precisely and consolidates
the measured values in Table 1. Sections 3 to 8 take the
six axes and the model population in turn. Section 9
applies them to the matched contrast. Section 10 states
what survives, Section 11 what the mechanistic evidence
can and cannot adjudicate, and Section 12 the

adversarial bound. Section 13 gives the protocol, Section
14 the measurements that would settle the question,
Section 15 the strongest objections to this analysis, and
Section 16 what is not known.

2. The conflicts, stated precisely

2.1 Three disagreements
Three published disagreements carry the debate. They
are worth stating at the resolution of the sources,
because the popular summaries lose exactly the details
that matter.

The first is about refusal at 4 bits. Kadadekar (2026)
evaluates 6 models in 4 families - Llama 3.2 1B and 3B,
Qwen 2.5 1.5B and 7B, Mistral 7B and Phi-2 - across a 7-
level GGUF ladder and 11 completed AWQ and GPTQ
INT4 checkpoints. Quality is scored with BERTScore,
ROUGE-L and an embedding coherence score; safety
with AdvBench refusal, a jailbreak-amplification slice,
TruthfulQA and BBQ, with refusal scored both by a
gemma3:12b judge and by a regular-expression detector.
A row is hidden-danger when quality stays within 2
points of baseline, or improves, while refusal falls by at
least 10 points. The study reports 9 such rows and 1
near-hidden row; 7 of the 9 are AWQ or GPTQ
checkpoints. On the source's direct-refusal measure, the
largest are Llama 3.2 1B with GPTQ (BERTScore +8.49,
direct refusal -68.18) and AWQ (+8.27, -61.82), and
Phi-2 with GPTQ (+3.21, -55.45). On its separate
judged-refusal measure, the largest change in any AWQ
row is 56.82 points and in any GPTQ row 51.36, against
2.73 in any GGUF Q4_K_M row. Prasad and Pal (2026)
quantise 8 instruction-tuned models, among them
Llama-3.2-3B-Instruct and Mistral-7B-Instruct-v0.3, with
GPTQ to INT8 and AWQ to INT4, and score attack
success on seven harmful benchmarks with a six-judge
ensemble. At greedy decoding the INT4 change in attack
success is between -5.9 and +1.6 points for seven
models, and +9.6 points (34.5 to 44.1 percent) for
SmolLM3-3B.

The second is about bias. Rath and Maliakkal (2026)
quantise Qwen2.5-7B, Mistral-7B and Phi-3.5-mini with
MLX to 8, 6, 4 and 3 bits and run 12,148 ambiguous-
context items from BBQ (Parrish et al., 2021) five times
each. Of the items that never produced the stereotyped
answer at BF16, 17.7 to 21.1 percent do so at least once
at 3 bits for Mistral and Phi, and 6.0 percent for Qwen,
with smaller shares at 4 bits (2.2 to 5.6 percent) and 8
bits (0.1 to 0.9 percent). Hua et al. (2026) evaluate 10
models under five post-training schemes on 13 bias
datasets and report that BBQ is among the datasets
where aggregate bias shows negligible change, that
significant aggregate changes are as likely to reduce bias
as to increase it, and that individual responses flip
between biased and unbiased states up to 21 percent of
the time. Marcuzzi et al. (2025) report a slight increase
in stereotypes in generative tasks, especially under
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Figure 1. (a) Reported 4-bit deterioration in each source's own metric, oriented so that larger is less safe: refusal loss in percentage points
for the seven AWQ and GPTQ rows Kadadekar (2026) itemises (hidden-danger rows; the four AWQ/GPTQ rows not classified hidden-
danger are not itemised in the source and are omitted), and change in pooled attack success at greedy decoding for all eight AWQ INT4
rows of Prasad and Pal (2026). Model names appearing in both studies are labelled. (b) Open-ended stereotype rate on the same
generations along one quantisation ladder (Qwen3.6-27B, reasoning off), scored by an in-family judge and by an independent judge
(Ferrara, 2026); the three points are the source's reasoning-off ladder from its Q4 build to its one-bit build.

aggressive compression, with reduced toxicity. Goncalves
and Strubell (2023) report a regulariser effect of
quantisation on social bias. Xu et al. (2024) report that
quantisation mostly preserves bias where pruning
degrades it quickly.

The third is about which kind of quantisation is
dangerous. Kharinaev et al. (2025) are sometimes read
as finding that quantisation-aware training degrades
safety while post-training effects are inconclusive. That
is Al Hakim et al.'s (2026) summary of the literature as a
whole, not the source's finding: Kharinaev et al. report
that both post-training and quantisation-aware methods
can degrade safety alignment, with the quantisation-
aware methods STE and QLoRA performing less safely,
and that no single method is best across benchmarks,
precisions and models. Chen et al. (2025) report that
every quantisation technique they test degrades safety,
with post-training methods declining more severely.
Prasad and Pal (2026) summarise Chen et al. (2025) as
finding that AWQ INT4 can reduce attack success; the
author could not locate that finding in the source, whose
AWQ results show attack success rising for Llama-2-7B-
Chat under every decoding setting of its sampling attack:
at temperature 0.95 from 29.8 to 37.1 percent at INT4,
and in the worst case across its six decoding settings
from 29.8 to 42.4 percent. The source's prose attaches
the worst-case figures (42.4 percent at INT4, 39.1 at
INT8) to temperature 0.95, while its Table 4 places them
in the top-p 0.7 column. A literature whose own
summaries of each other disagree with the sources is a
literature in which conflicts propagate.

The disagreement is not new. Kumar et al. (2024a)
report that quantisation has variable effects on jailbreak

success across Mistral, Llama, Qwen and MosaicML
models, where fine-tuning increases it more consistently.
Belkhiter et al. (2024), on Vicuna 13B, report that AWQ
and GPTQ make the model more robust to transferred
attacks and more vulnerable to direct ones. Kirsten et al.
(2024) find the bias effects of inference acceleration,
quantisation included, complex and unpredictable: a
combination of strategy and bias type that changes little
in one model changes a great deal in another. Li et al.
(2024) include trustworthiness among five task types in
an evaluation of 11 model families, and Lin et al. (2026)
report that, for small models, quantisation keeps
trustworthiness intact markedly better than pruning
does. Each of these is consistent with its own design;
read together, they are a record of a quantity whose sign
depends on how it is measured.

2.2 The measured values
Table 1 consolidates the measured values the argument
rests on. Each row is a result one source reports about its
own matrix; no row compares numbers across sources.
The columns record what Sections 3 to 8 show to be the
axes along which the rows cannot be compared: the
method and toolchain, the outcome and its instrument,
and the elicitation.

Three things are visible in Table 1 before any argument.
The outcomes differ: refusal, attack success, multiple-
choice ethics accuracy, stereotype selection and
behaviour change are different quantities, and the sign
convention alone differs between rows. The toolchains
differ: AutoAWQ, llmcompressor, MLX and Ollama each
produce a different artefact from a nominally similar
recipe. And the elicitation differs: greedy decoding, five
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Table 1. Reported safety and bias changes under quantisation, one row per cited result, source on the row. "pp" is percentage points; signs
are as each source reports them. Refusal is the share of harmful prompts refused (higher is safer); ASR is attack success (lower is safer);
SRS is the share of BBQ answers choosing the stereotype.

Source Model(s) Method, bits, stack Outcome, instrument Elicitation Reported change
Kadadekar (2026) Llama 3.2 1B GPTQ / AWQ INT4,

AutoGPTQ / AutoAWQ
AdvBench direct refusal
(source Table 1)

fixed decoding -68.18 / -61.82 pp

Kadadekar (2026) Llama 3.2 3B GPTQ / AWQ INT4, same same same -20.91 / -22.73 pp
Kadadekar (2026) Mistral 7B GPTQ / AWQ INT4, same same same -12.27 / -15.91 pp
Kadadekar (2026) six models GGUF Q4_K_M, Ollama judged refusal same max abs. 2.73 pp
Prasad and Pal
(2026)

Llama-3.2-3B-
Instr.

AWQ INT4, dedicated re-
quantisation run, vLLM

ASR, 7 benchmarks, 6-
judge vote

greedy, 5 samples +1.6 pp

Prasad and Pal
(2026)

Mistral-7B-
Instr.-v0.3

AWQ INT4,
llmcompressor, vLLM

same same +0.5 pp

Prasad and Pal
(2026)

SmolLM3-3B AWQ INT4, same same same 34.5 to 44.1 %

Chen et al. (2025) Llama-2-7B-
Chat

AWQ INT4 / INT8 AdvBench ASR decoding attack, worst of 6
settings; T = 0.95 in
brackets

29.8 to 42.4 / 39.1 %
(29.8 to 37.1 / 35.5
%)

Chen et al. (2025) Llama-2-7B-
Chat

QLoRA on 10 benign
examples

AdvBench ASR model default 42.25 % (FP16 0.3)

Twagirayezu and
Mitra (2026)

Qwen2.5-7B GPTQ INT4, AutoGPTQ MedSafetyBench refusal,
keywords

greedy 0.373 to 0.307 (-17.8
% rel.)

Hong et al. (2024) Llama-2-13B-
Chat

GPTQ 4-bit DecodingTrust Ethics benchmark default 54.1 to 76.3 (prose);
62.3 to 76.2 (Table 3)

Rath and
Maliakkal (2026)

Mistral-7B MLX weight-only, g64, 3 /
4 / 8-bit

BBQ new-stereotype
items

T = 0.3, 5 seeds 17.7 / 5.6 / 0.9 %

Hua et al. (2026) 10 models RTN W8 / GPTQ, AWQ,
RTN W4

behaviour changes, 13
datasets

likelihood or greedy 2 / 9, 11, 12 % avg.

Ferrara (2026) Qwen3.6-27B GGUF Q4 to one bit open-ended stereotype, 2
judges

model template 0.042 to 0.078 vs
0.238 to 0.266

samples with a majority vote, temperature 0.3 and a
sampling attack over six decoding settings are not the
same measurement of the same model. The rest of the
paper asks how much each of these differences can move
a reported number.

3. Six axes, defined
The author uses six terms, defined here so that the rest of
the paper can assert against them.

The treatment is what is done to the weights: rounding
with no data, post-training reconstruction against
calibration data, quantisation of activations or of the
key-value cache, or quantisation-aware training that
updates parameters by gradient descent. Bit-width is one
attribute of the treatment, not the treatment.

The toolchain is the software that produces and serves
the quantised artefact: the quantisation library and its
version, the export format, the inference engine and its
kernels, and the chat template the engine applies. Two
artefacts produced by the same method at the same
nominal bit-width through different toolchains are
different artefacts.

The outcome is the property scored: refusal of harmful
requests, harmfulness of the produced content, accuracy
on a multiple-choice safety test, selection of a
stereotyped option, stereotype content in open text, or a
change in any of these relative to the baseline.

The instrument is what maps a response to a label: a
keyword or regular expression match, a guard classifier,
a general LLM judge, a human rater, or the model's own
likelihood over options.

The elicitation is how behaviour is drawn out: the
prompt distribution and its attack style, the language,
the decoding rule and temperature, the number of
samples per prompt and the aggregation over them.

The accounting is how a change is turned into a number:
which baseline it is measured against, whether it is
reported in absolute points or relative percent, how
benchmarks are weighted, which items enter the
denominator, and against which noise floor the change is
judged.

A seventh factor, the model population, is not a design
axis in the same sense, since it is what a study samples
rather than how it measures; Section 8 treats it
separately.

The claim of this paper is not that these axes matter in
principle; most methods sections acknowledge that they
do. The claim is quantitative where the evidence allows
it: on published within-study evidence, the treatment,
instrument, elicitation and accounting axes can each
move reported safety numbers by amounts as large as
the effects attributed to quantisation, and the outcome
axis can reverse their sign. The toolchain axis is shown
to change the artefact, as a collapsed export does, but no
published contrast isolates its effect on a safety number.

4

INT4 Is Not One Treatment Life of Research



No two of the source studies behind Table 1 share
settings on all six axes.

4. The treatment axis: what "quantised"
denotes

4.1 Gradient updates are not rounding
The largest confound in the literature is that
"quantisation" names procedures that do and do not
change the model by training. Post-training methods
such as round-to-nearest, GPTQ and AWQ compute
quantised weights from the full-precision weights, with
or without a calibration set, and never take a gradient
step on a task objective. Quantisation-aware training,
including QLoRA (Dettmers et al., 2023), straight-
through-estimator training and LLM-QAT, does take
gradient steps, on whatever data the practitioner
supplies.

That difference matters because the safety literature
already knows what gradient steps do to alignment. Qi et
al. (2023) report that fine-tuning on as few as 10
adversarially designed examples removes GPT-3.5
Turbo's safety guardrails, and that fine-tuning on benign,
commonly used datasets also degrades alignment, to a
lesser extent. A quantisation-aware result that reports
degraded safety therefore confounds two treatments:
lower precision and fine-tuning. The comparison that
would separate them is a full-precision fine-tuning arm
on the same data with the same schedule.

The clearest illustration is Chen et al. (2025). The study's
"quantisation-assisting datasets" are 10-example sets
constructed following Qi et al. (2023): a benign set
drawn from UltraChat, and two sets derived from
AdvBench that pair instructions with harmful or
compliance-inducing responses. The study reports that
LLM-QAT on the benign set raises attack success to 16.9
percent for Llama-2-7B-Chat at INT4, from 0.3 percent
before quantisation, and that on the harmful sets attack
success reaches 82.1 to 83.7 percent. Its Table 3 gives
different values for the same cells, 82.9 percent on the
indirect-harmful set and 71.2 percent on the direct-
harmful set to which the prose assigns 83.7. QLoRA on
the benign set reaches 42.25 percent. These are real
results about what the procedures do. But a reader who
files these harmful-set rates under "quantisation degrades
safety" has filed a fine-tuning attack under a precision
effect. The study's own framing - that the source of the
data drives the safety outcome - is the correct reading,
and it is a finding about training data, not about bits.

Kharinaev et al. (2025) find that their quantisation-
aware methods perform worse on safety than their post-
training methods. That finding is correctly stated as a
comparison of procedures. It does not establish that low
precision, as opposed to the training the procedure
entails, caused the difference, and Section 10 treats it
accordingly.

4.2 Weights, activations and the cache are different
treatments
Weight-only quantisation is the dominant deployment
mode, but the safety literature mixes it with activation
and cache quantisation. Zhang, J. et al. (2025) evaluate
seven activation-approximation techniques, including
activation quantisation, across ten safety-aligned models
and report consistent safety degradation. Wee et al.
(2025) work in the W4A4 setting, in which both weights
and activations are 4-bit, where round-to-nearest raises
Llama-3.1-8B's WikiText-2 perplexity to 118.39, against
7.23 for the fine-tuned FP16 model. Hua et al. (2026)
include SmoothQuant at W4A16, and Liu et al. (2025)
separate weight, activation and cache quantisation in
reasoning models, finding W8A8 lossless and W4A16
nearly lossless on accuracy and lower bit-widths risky. A
safety finding at W4A4 says nothing direct about
W4A16, and the reverse. Table 1's rows are all weight-
only except where noted, but the reviews that summarise
the field rarely carry the distinction.

4.3 The label is not the bit-width
Even within weight-only quantisation, the nominal bit-
width does not state the treatment. Ferrara (2026)
measures the effective bits per weight of the GGUF
artefacts in its evaluation by reading the stored tensor
types, and reports that nominal labels "overstate the
degree of quantization by 11 to 40%": a build labelled 4-
bit (UD-Q4_K_XL) stores 5.235 bits per weight for
Qwen3.6-27B and 4.901 for Gemma-4-31B, and in a
build labelled 2-bit the multilayer-perceptron weights sit
at 2.14 bits while attention and output tensors carry 3.55
and 4.53. The GGUF k-quant family mixes formats by
design. AWQ and GPTQ checkpoints at "INT4" also differ
in group size, in whether activation ordering is used, and
in which layers are left in higher precision. Twagirayezu
and Mitra (2026) report their GPTQ settings (group size
128, no activation ordering, 128 WikiText-2 calibration
samples); Rath and Maliakkal (2026) report MLX weight-
only quantisation with group size 64; Kadadekar (2026)
names AutoAWQ and AutoGPTQ but not, in the text,
their group sizes. When one study's "4-bit" stores five bits
per weight and another's stores four, a disagreement
between them may be a disagreement about a quarter of
the information in the weights.

4.4 Calibration data is part of the treatment
Reconstruction-based methods depend on the calibration
set. Williams and Aletras (2024) report substantial
variation in downstream task performance across
calibration sets, contrary to earlier assumptions of
robustness. Hong et al. (2024) repeat their 3-bit and 4-
bit experiments with three randomly subsampled
calibration sets for this reason. Prasad and Pal (2026)
calibrate on the Pile validation set; Twagirayezu and
Mitra (2026) on WikiText-2; Al Hakim et al. (2026) show
that protecting a small set of weights identified as
fairness- and safety-critical during quantisation reduces
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the degradation, and Proskurina et al. (2025) add group-
fairness constraints to the GPTQ objective. If the
treatment can be steered towards or away from safety by
the calibration objective, then calibration data is part of
the treatment, and a study that does not report it has not
fully specified what it tested. No study located for this
paper varies calibration data while holding everything
else fixed and reports safety, apart from the fine-tuning-
style "assisting datasets" of Chen et al. (2025), which
Section 4.1 has already distinguished.

5. The toolchain axis: the same recipe, a
different artefact

5.1 Silent export failure
Prasad and Pal (2026) report a failure that should be
quoted in every quantisation-safety methods section: for
two of their eight models, Qwen3-4B and Llama-3.2-3B,
the default llmcompressor AWQ INT4 export "collapsed
into degenerate outputs", and their INT4 results come
from a dedicated re-quantisation run. The authors draw
the right lesson: a collapse or quality gate should
precede any safety claim. The broader lesson is that a
named method at a named bit-width does not identify an
artefact. For the same model and method, the default
llmcompressor export collapsed, and a dedicated AWQ
re-quantisation run, which the source describes as "a
different AWQ export" (Prasad and Pal, 2026), produced
a working checkpoint.

A degenerate checkpoint scores strangely on safety
measures in both directions. A model emitting repeated
tokens does not refuse, so a refusal metric reads it as
unsafe; it does not produce harmful content either, so a
harmfulness classifier reads it as safe. Kadadekar (2026)
separates such cases explicitly: its Qwen 2.5 1.5B AWQ
and GPTQ rows are joint quality-and-safety failures,
where quality collapses alongside safety. The point here
is that whether a given study's "INT4" row is a degraded
model or a broken export is a property of the toolchain
run, not of the method, and is not visible in a summary
table.

5.2 Stacks within a study
The toolchain also differs within studies. In Kadadekar
(2026), GGUF rows were served through llama.cpp via
Ollama, while AWQ and GPTQ checkpoints were
produced with AutoAWQ and AutoGPTQ and evaluated
on a Hugging Face-backed stack; the primary judge also
ran through Ollama. The study's family-level summary
reports that the largest judged refusal change in any
GGUF Q4_K_M row is 2.73 points, against 56.82 for AWQ
and 51.36 for GPTQ. GGUF Q4_K_M and AWQ INT4 are
different methods, and the gap may be a method effect.
But the two arms also differ in inference engine, kernels
and, plausibly, in how the chat template is applied, and
the design cannot separate these from the method. The
study's checklist itself records the conclusion as within-

stack.

Chat templates are a documented safety variable in their
own right. Jiang et al. (2024) show that the rigid formats
aligned models are trained on can be exploited by
prompts that do not follow them, across eight state-of-
the-art models. An engine that applies a template
differently from the one used at alignment time changes
the input the model sees, and different serving stacks
apply templates through different mechanisms. Rath and
Maliakkal (2026) state that they use each model's native
chat template; Kadadekar (2026) does not state, in the
text, how templates were handled for the two stacks.
Speculatively, an eight-point BERTScore gain from
quantising a 1B model, as reported for the Llama 3.2 1B
AWQ and GPTQ rows, is the kind of change a formatting
difference between stacks would also produce; nothing
in the published record tests this.

5.3 Numerical non-determinism
Even with the artefact and template fixed, the serving
configuration moves outputs. Yuan et al. (2025) report
that under bfloat16 and greedy decoding, a reasoning
model's accuracy varies by up to 9 percent and its
response length by up to 9,000 tokens across GPU count,
GPU type and batch size, because floating-point addition
is not associative. The full-precision baseline is therefore
not a fixed point. A safety difference between a
quantised and a full-precision model served on different
hardware, with different kernels or batch sizes, includes
a component that would appear between two full-
precision runs. Section 7 returns to what this implies for
the noise floor.

6. The outcome and instrument axes: what is
scored, and by whom

6.1 Refusal is not harm
Kadadekar (2026) scores refusal; Prasad and Pal (2026)
score attack success, meaning the share of harmful
prompts on which a guard-classifier majority labels the
response harmful. These are related but not the same
quantity, and they can diverge in exactly the regime
quantisation produces. A model that stops refusing but
answers incoherently, or answers with content too
degraded to be useful, loses refusal without gaining
harmfulness. Souly et al. (2024) report a phenomenon of
this kind for jailbreaks: attacks that bypass a model's
safety training tend to reduce its capabilities, and
evaluators that do not check the usefulness of the
forbidden content overstate jailbreak success relative to
human judgement. Under quantisation, a refusal metric
and a harmfulness metric are therefore expected to
disagree most when the quantised model is damaged,
and least when it is intact. That is the opposite of what a
reader comparing them would assume.

Hong et al. (2024) make the accounting of refusal
explicit and show that it can reverse the sign of a result.
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In their DecodingTrust-based evaluation, refused answers
count as wrong answers in adversarial classification, as
negative predictions in the false-positive-rate tasks, and
as safe in the privacy tasks. Their prose reports that 4-bit
GPTQ raises Llama-2-13B-Chat's Ethics score from 54.1
to 76.3, while their Table 3 gives 62.3 for the dense
model and 76.2 at 4 bits, so the gain is 14 to 22 points
depending on which of the source's figures is used. In the
same analysis they report that the 4-bit model reduces
refusal rates substantially relative to higher-bit models.
The gain is real under the benchmark's scoring rule, and
the authors attribute part of it to the model recognising
immoral actions it previously refused to classify. But the
same behavioural change - less refusal - would lower a
refusal-based safety score. A quantised model can look
safer on one outcome and less safe on another because of
a single shift in its refusal propensity.

6.2 Multiple choice is not generation
The bias and safety literature uses both closed-ended and
open-ended outcomes, and the two diverge under
quantisation. Kharinaev et al. (2025) report that
multiple-choice safety evaluations often fail to capture
the unsafe behaviour quantisation introduces, rating
quantised models as equally safe or safer than FP16
when open-ended evaluation shows degradation, and
that an abliterated Llama, whose refusal mechanism has
been removed, scores the same as the full-precision
model on the multiple-choice SafetyBench (73.90).
Ferrara (2026) reports the same split for bias: across a
compression ladder, refusal of directly harmful requests
stays at 0.98 and multiple-choice BBQ accuracy under
ambiguity stays near 0.97, while open-ended answers
carry a stereotype in roughly one in four cases under an
independent judge.

The mitigation literature, meanwhile, measures itself on
closed-ended outcomes. Wee et al. (2025) report their
Contrastive Alignment Quantisation on SafetyBench, a
multiple-choice benchmark, where it reaches 60.1 on
Llama-3.1-8B against 57.5 for the strongest baseline and
62.6 for the fine-tuned FP16 model; the authors state
that SafetyBench performance has been shown to
correlate with safe generation. The two claims - that
closed-ended safety tests miss quantisation damage, and
that a closed-ended safety test validates a quantisation
repair - have not been tested against each other on the
same artefacts. Until they are, a mitigation's reported
gain is a gain on its instrument.

How the closed-ended answer is read matters as well.
Hua et al. (2026) select each option by its length-
normalised likelihood, which removes sampling noise
from the comparison; Rath and Maliakkal (2026) sample
a single letter at temperature 0.3 and parse it. Wang et
al. (2024) and Lyu et al. (2024) show that first-token
likelihoods and generated text answers often disagree for
instruction-tuned models, and Wang et al. analyse
settings in which the mismatch rate exceeds 50 percent.

Two bias studies on the same benchmark, one reading
likelihoods and one reading sampled text, are not
measuring the same response.

6.3 The judge is part of the measurement
Every safety number in Table 1 passes through an
instrument, and the published within-study comparisons
show the instrument moving numbers by more than the
effects in dispute.

Kadadekar (2026) runs both a regular-expression refusal
detector and a judge, and reports a largest regex-versus-
judge refusal gap of 65.45 points, for Mistral 7B at
Q4_K_M, and a largest judge-side bias correction of
-40.91 points, for Phi-2 with GPTQ. Its second-judge pass
with Claude Sonnet 4 agrees with the primary
gemma3:12b judge on 89.9 percent of 11,470 relabelled
items (kappa 0.873) and changes none of the 10 hidden-
danger classifications, which is strong evidence that the
study's central rows are not a single-judge artefact. Per
task, however, agreement ranges from 98.0 percent on
BBQ to 73.8 percent on TruthfulQA.

Prasad and Pal (2026) report, across their 144
configurations, that WildGuard's configuration-level
attack success agrees within 5 points with the primary
LlamaGuard-3-1B judge in only 33.3 percent of
configurations, with a mean difference of -0.103, while
ShieldGemma-9B agrees in 100 percent. On ManyHarm
at FP16 and greedy decoding, the per-judge attack
success for Granite-3.1-8B spans 3.5 to 100 percent. The
authors respond with a majority vote, which is the right
design for their purpose; for the purpose of comparing
studies, it means that a study using one judge and a
study using another may disagree by tens of points on
the same responses.

Ferrara (2026) gives the most direct demonstration that
the instrument can manufacture or erase a dose-
response. Scoring the same open-ended generations
across a quantisation ladder, an in-family Qwen3-8B
judge reports a stereotype rate rising from 0.042 to
0.053 to 0.078 from Q4 to one bit, while an independent
judge reports 0.238, 0.267 and 0.266: higher, and
roughly flat. Ferrara treats the dose-response as
provisional for this reason. On a five-family screen, every
Q8-to-Q2 change lies within its 95 percent interval under
both judges.

Human labels are not a clean anchor either. Kharinaev et
al. (2025) report a Krippendorff's alpha of 0.623 among
five expert annotators, and 92 percent agreement
between their Gemma 2 27B judge and the human
labels. Xie et al. (2024), from more than 7,000 human
annotations, show that a fine-tuned 7B judge can match
GPT-4-scale judges on refusal evaluation, which makes
small-judge designs defensible, but does not make two
different small judges interchangeable. Inan et al. (2023)
designed Llama Guard around a specific harm taxonomy;
a judge's taxonomy is part of what it measures.
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7. The elicitation and accounting axes

7.1 The benchmark sets the level
Prasad and Pal (2026) provide the clearest evidence that
the benchmark sets the absolute level of measured
safety. Averaged over their eight models at FP16 and
greedy decoding, attack success is 6.9 percent on
AdvBench, 18.6 percent on HarmBench and 63.2 percent
on ManyHarm, a many-shot attack; models at 0.0
percent on AdvBench, including both Granite variants
and Qwen3-4B, reach 80 to 100 percent on ManyHarm.
Kadadekar (2026) scores refusal on AdvBench and a
jailbreak-amplification slice. AdvBench (Zou et al., 2023)
was introduced as the behaviour set for an adversarial-
suffix attack, and on its direct prompts well-aligned
models refuse nearly everything. A loss of 15 to 20
points from near-total refusal is therefore a large
behavioural change, and it is also one that an average
pooled with harder benchmarks, on which the baseline
already fails often, can dilute. SORRY-Bench (Xie et al.,
2024) was built partly because earlier sets over-represent
some harm categories and under-test others, and
HarmBench (Mazeika et al., 2024) to standardise red-
teaming evaluation across methods and target models.

Kharinaev et al. (2025) build OpenSafetyMini by
selecting XSafety questions with a high estimated
deflection score and refining them with human review,
and report that it separates quantisation methods that
XSafety does not: AWQ and QUIK perform similarly on
XSafety at 4 bits, but AWQ shows a notable drop on
OpenSafetyMini while QUIK does not. The benchmark is
part of the result. So is the language: Al Hakim et al.
(2026) report that safety deterioration under
quantisation is especially pronounced in Korean and
Arabic relative to English, Marchisio et al. (2024) report
that a 1.7 percent average automatic drop in Japanese
corresponds to a 16.0 percent drop in human evaluation
on realistic prompts, and Mekala et al. (2025) report that
4-bit degradation on long-context tasks worsens outside
English.

7.2 Decoding is a treatment
The decoding rule changes safety outcomes by more than
quantisation does in most of Table 1. Huang et al. (2023)
report that varying decoding hyperparameters and
sampling methods alone raises the misalignment rate of
11 open models from 0 percent to more than 95 percent.
Chen et al. (2025) evaluate AWQ under this kind of
decoding attack, across six temperature, top-k and top-p
settings. The FP16 Llama-2-7B-Chat figure moves from
0.3 percent attack success in the paper's baseline table to
29.8 percent at temperature 0.95, its worst case across
the six settings, a larger change than the subsequent
AWQ effect (to 37.1 percent at INT4 at temperature
0.95, and to 42.4 percent in the INT4 worst case).

Sampling also adds variance that greedy evaluations
hide. Larsen (2025), testing four models on 876 harmful

prompts across four temperatures and five seeds, reports
that 18 to 28 percent of prompts show decision flips,
refused in some configurations and complied with in
others, and that for Llama 3.1 8B a single sample agrees
with the multi-sample verdict 98.7 percent of the time at
greedy decoding and 90.3 percent at temperature 1.0.
Prasad and Pal (2026) report a decision-flip rate of 41.9
percent for Mistral-7B at FP16 and temperature 1.0.
Scholten et al. (2024) show that deterministic point
evaluations can falsely indicate successful alignment,
because they do not capture the output distribution. A
study that reports a quantisation effect from one greedy
sample per prompt and a study that reports it from a
five-sample majority vote are not reporting the same
statistic, and only the second can say how much of its
effect would recur on a rerun.

Prasad and Pal (2026) also test whether temperature and
quantisation compound, and report that they do not: the
interaction is sub-additive, between -0.071 and +0.018,
so quantisation does not amplify the instability higher
temperatures cause. That is a useful negative result. It
does not make the two studies' decoding choices
interchangeable, since the issue for comparison is the
level and variance of the baseline each study measures
against, not the interaction.

7.3 The baseline and the denominator
How a change is accounted is the least visible axis and
can be the largest.

The baseline. Kadadekar (2026) measures deltas against
the model-specific FP16 baseline when available and
otherwise against the highest retained precision on the
same grid. Which rows used which baseline is not stated
in the text. Hong et al. (2024) use the 13B dense model
as baseline. A delta against Q8_0 and a delta against
FP16 are different quantities.

The unit. Twagirayezu and Mitra (2026) report safety
changes in relative percent: Qwen2.5-7B's 17.8 percent
INT4 loss on MedSafetyBench is a fall in refusal rate
from 0.373 to 0.307, or 6.6 points; Meditron-7B's 28.3
percent loss is 0.102 to 0.073, or 2.9 points. Kadadekar
(2026) and Prasad and Pal (2026) report absolute points.
Placed in one table without conversion, of these two, the
smaller absolute change reads as the larger.

The weighting. Prasad and Pal (2026) macro-average
attack success over seven benchmarks of 200 to 939
prompts, and note that micro-averaging by prompt count
shifts the absolute numbers. A study that pools on a
different weighting reports a different level from the
same responses.

The denominator. Rath and Maliakkal (2026) compute
their headline transition rate on the items that showed
zero stereotyped answers in all five BF16 runs, and count
an item as having become biased if any of its five
quantised runs selects the stereotype. With sampling at
temperature 0.3, selecting items on an extreme baseline

8

INT4 Is Not One Treatment Life of Research



value and then testing whether they move is a design in
which some movement is expected without any
treatment, because an item can show zero stereotyped
answers in five draws while having a small nonzero
propensity. The study does not report the corresponding
BF16-against-BF16 rerun, which would measure that
expected movement directly. Its 8-bit column, where
perplexity is essentially unchanged, is the closest thing to
a null in the published table: 0.1 to 0.9 percent of items
transition at Q8, against 2.2 to 5.6 at Q4 and 6.0 to 21.1
at Q3. The 3-bit effect is far above that floor; subtracting
each model's Q8 rate, the author's arithmetic puts the 4-
bit effect above that floor by 2.1 to 4.7 points rather
than by the 2.2 to 5.6 the headline implies. The same
analysis also reports flows in the other direction, which
the transition rate omits: items that always selected the
stereotype at BF16 fall from a mean of 0.958 to 0.706 at
Q3. The study does not report parse-failure rates by
compression level, and says so.

The source also states its 4-bit numbers inconsistently.
Its abstract gives 2.5 to 5.6 percent of items developing
new biases at 4 bits and a perplexity increase under 3
percent at 4 bits for all three models; its tables give 2.2
percent for Qwen2.5-7B, and 4-bit perplexity increases of
3.96 percent for Qwen2.5-7B and 10.5 percent for
Phi-3.5-mini, with only Mistral-7B under 3 percent
(2.80). This paper uses the table values.

The noise floor. Miller (2024) sets out how evaluation
results should carry standard errors and paired
comparisons, and the quantisation-safety studies vary
widely in whether they do. Prasad and Pal (2026) give
paired bootstrap intervals on every headline delta;
Kadadekar (2026) gives intervals on correlations and the
second-judge kappa, and discusses its 10-point threshold
against a 2.27-point margin for its most marginal row,
but does not report intervals on individual refusal deltas,
and states that it did not run a formal equivalence test
for every cell. Hua et al. (2026) use permutation tests
with false discovery rate control and report that 17.8
percent of aggregate changes are significant before
correction and 11.4 percent after. That figure is perhaps
the most useful single number in the literature for this
paper's purpose: in the study that controls hardest for
chance, most aggregate bias changes under quantisation
are not distinguishable from it.

8. The model population
The models a study samples are not a design axis in the
same sense, but they interact with every axis above, and
the published results disagree about which model
properties predict vulnerability.

Baseline alignment strength is the best-supported
moderator. Prasad and Pal (2026) find the only large
INT4 effect in their study in SmolLM3-3B, the model
with the weakest baseline alignment, and suggest that
well-aligned models are robust to standard post-training

quantisation while weakly aligned ones are vulnerable.
Twagirayezu and Mitra (2026) report that on
MedSafetyBench the model family dominates over
precision, with FP16 refusal rates from 10.2 to 74.9
percent.

Scale is not a reliable moderator. Kadadekar's largest
refusal losses are in its 1B model, and Mekala et al.
(2025) report that Qwen-2.5 72B stays robust under
BNB-nf4 on a task where Llama-3.1 70B loses 32 percent.
But Hua et al. (2026) report no consistent robustness
advantage for larger models in bias flipping, with 14B
models as unstable as 0.5B models. Training length
complicates scale. Ouyang et al. (2024), across more
than 1,500 quantised checkpoints, report that low-bit
quantisation degrades more heavily trained models
more, and Kumar et al. (2024b) derive scaling laws in
which post-training quantisation degradation grows with
pretraining data. A 2026 model of a given size is not the
same quantisation subject as a 2023 model of that size,
so studies that sample different model generations are
sampling different populations.

Uncertainty is the best-supported item-level predictor.
Hua et al. (2026) report that responses with high pre-
quantisation uncertainty are 3 to 11 times more likely to
change than confident ones, and Proskurina et al. (2024)
report that 4-bit GPTQ quantisation disproportionately
affects samples on which the full model already had low
confidence. This connects to the older finding of Hooker
et al. (2019) that compression disproportionately affects
a small, atypical subset of inputs while leaving top-line
accuracy intact. It also explains why benchmark choice
matters so much: a benchmark populated with items the
model answers confidently, such as AdvBench's direct
requests for well-aligned models, has little uncertain
mass for quantisation to move.

9. The matched contrast, re-read

9.1 Same names, opposite verdicts
The two 2026 studies with the broadest designs give the
sharpest test of the argument. Both quantise models
named Llama 3.2 3B and Mistral 7B with AWQ to 4 bits.
Kadadekar (2026) reports refusal losses of 22.73 points
for Llama 3.2 3B and 15.91 for Mistral 7B, and with
GPTQ 20.91 and 12.27, all classified as hidden-danger.
Prasad and Pal (2026) report attack-success changes of
+1.6 and +0.5 points for Llama-3.2-3B-Instruct and
Mistral-7B-Instruct-v0.3, and describe standard
quantisation as approximately safety-neutral. Read as
two measurements of the same quantity, the results
contradict each other by an order of magnitude. Table 2
sets the two designs side by side on the six axes.

The two studies differ on at least four of the six axes and
cannot be shown to share the other two. The treatment is
nominally shared, AWQ at 4 bits, but Kadadekar's group
size and calibration set are not stated in the text (Section
4.3), so whether the two treatments are equivalent
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Table 2. The two 2026 studies on the six axes. Entries are as each source states them; "not stated" means the author did not find the
setting in the paper's text.

Axis Kadadekar (2026) Prasad and Pal (2026)
Treatment AWQ / GPTQ INT4 (group size, calibration not stated); GGUF

ladder
AWQ INT4; GPTQ INT8

Toolchain AutoAWQ, AutoGPTQ, HF stack; GGUF via Ollama llmcompressor; vLLM 0.20.0; two INT4 re-exports
Checkpoint names only (e.g. llama3.2-3b) Instruct versions named
Outcome refusal, plus TruthfulQA, BBQ, jailbreak slice attack success; over-refusal on XSTest
Instrument gemma3:12b judge; regex; Sonnet 4 relabel six guard classifiers, majority vote
Elicitation AdvBench + jailbreak slice; fixed decoding, not stated 7 benchmarks, 2,552 prompts; 6 temperatures, 5

samples
Accounting delta vs FP16 or highest retained precision; pp paired bootstrap CIs; macro-average; pp
Llama 3.2 3B,
AWQ

refusal -22.73 pp ASR +1.6 pp

Mistral 7B, AWQ refusal -15.91 pp ASR +0.5 pp

cannot be established. The toolchain differs in library,
AutoAWQ against llmcompressor, and in serving engine,
and the Llama-3.2-3B INT4 checkpoint in Prasad and Pal
comes from a dedicated re-quantisation run after the
default export collapsed (Section 5.1). The checkpoint
identity is not established for Kadadekar's rows, which
name models in the Ollama style without version strings
in the text. The outcome differs: refusal on AdvBench
against attack success pooled over seven benchmarks,
with over-refusal measured separately on XSTest
(Rottger et al., 2023). The instrument differs: a single
general-purpose judge against a majority of six guard
classifiers. The elicitation differs, though it overlaps on
the AdvBench direct prompts that both studies score:
AdvBench and a jailbreak slice under fixed decoding
settings that the text does not give, against seven
benchmarks under greedy decoding with five samples
per prompt. And the accounting, although both studies
report absolute points, differs in baseline, in weighting
and in whether intervals accompany the deltas.

Figure 1 places the two studies' reported 4-bit rows on
one axis, oriented so that larger values are less safe in
each source's own metric, and sets beside them the
clearest published case of the instrument axis alone
moving a result.

9.2 What the contrast can and cannot say
The contrast does not show that either study is wrong.
Within its own design, each result is internally
supported: Kadadekar's hidden-danger rows survive a
strong judge swap with none of the ten changing regime,
and Prasad and Pal's deltas carry paired bootstrap
intervals over large prompt sets. What the contrast
shows is that the two results cannot both be read as
estimates of "the effect of AWQ INT4 on the safety of
Llama 3.2 3B", because they are not estimates of the
same quantity. At least four readings are each
compatible with both results.

On the first reading, the artefacts differ: a different AWQ
library, group size or export path may produce a
checkpoint whose refusal behaviour moves much more,

and the Prasad and Pal report of a collapsed default
export shows the range of outcomes a toolchain can
produce from one recipe. On the second, the serving
stacks differ: template handling, kernels and batch
configuration differ between a Hugging Face generation
loop and vLLM, and each changes the input or the
arithmetic. On the third, the outcomes differ: a model
that stops refusing direct AdvBench requests may
produce content that guard classifiers do not label
harmful, either because it is degraded or because it is
evasive rather than compliant. On the fourth, the
elicitation differs: AdvBench direct prompts are the set
on which aligned models are most uniformly refusing, so
a change there need not appear in a pooled average
weighted equally across seven sets, in which ManyHarm
contributes rates of 80 to 100 percent for several models.

The published record does not discriminate among these
readings. Each predicts something checkable - the first
that re-quantising with the other study's toolchain
reproduces the other result, the third that guard
classifiers applied to Kadadekar's responses would show
smaller changes than the refusal judge - and none of
those checks has been run.

10. What survives the confound audit
A confound audit would be of little use if it dissolved
every finding. It does not. Agreement among studies that
differ on most axes is stronger evidence than agreement
among studies that share a design, for the same reason
that disagreement among them is weaker evidence. Read
this way, three claims survive, one is narrower than it is
usually stated, and one does not survive.

10.1 Eight bits is close to neutral almost everywhere
Across studies that differ in treatment, toolchain,
outcome, instrument and elicitation, 8-bit weight
quantisation is consistently close to the full-precision
baseline on safety and bias. Hong et al. (2024) find
quantised 8-bit Llama-2-13B models a consistently
comparable alternative to the dense model, with almost
the same trustworthiness. Kadadekar (2026) finds no
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hidden-danger rows at Q8_0, with a largest judged
refusal change of 2.60 points. Rath and Maliakkal (2026)
report 0.1 to 0.9 percent of BF16-unbiased items
transitioning at 8 bits. Hua et al. (2026) report
behaviour changes averaging 2 percent at RTN W8A16
against 9 to 13 percent for the 4-bit schemes.
Twagirayezu and Mitra (2026) report INT8 GPTQ within
1.9 percent on the three multiple-choice clinical
benchmarks, and within 3 percent relative (under one
point absolute) on MedSafetyBench. Prasad and Pal
(2026) report GPTQ INT8 attack-success changes from
-7.5 to +2.7 points, with the largest increase for
Qwen3-4B. On capability, Kurtic et al. (2024) report FP8
as effectively lossless and INT8 within 1 to 3 percent,
Mekala et al. (2025) report an average drop of about 0.8
percent at 8 bits on long-context tasks, and Dutta et al.
(2024) report negligible flips for GPTQ W8A16 alone
among the schemes they test. Varshney (2026) detects
no movement of the refusal direction at INT8, while
noting that this is not an equivalence claim.

The one clear exception is Chen et al. (2025), whose
AWQ INT8 results under a sampling attack raise
Llama-2-7B-Chat's attack success from 29.8 to 35.5
percent at temperature 0.95, and to 39.1 percent in the
worst case across six decoding settings. Under that
elicitation the 8-bit model is measurably less safe, which
is a reminder that "close to neutral" is a statement about
the elicitations the other studies use.

10.2 Retained quality does not certify retained safety
The proxy claim survives, as a negative claim, in every
design that tests it. Kadadekar (2026) shows quality-
safety associations splitting sign across models for all 36
pairings it tests, and hidden-danger rows across methods.
Rath and Maliakkal (2026) report that at 8 bits
perplexity changes by less than 0.5 percent while some
items still transition. Xu et al. (2024) argue that
perplexity is a poor proxy for compression's safety
effects; Jaiswal et al. (2023) that perplexity fails to
capture changes in knowledge-intensive capability; Dutta
et al. (2024) that accuracy within 2 percent hides answer
flips of 5 percent or more, up to 13.6 percent in their
tables; Duan (2026) that on Gemma-2-2B an INT7
quantisation improves perplexity while degrading 18.7
percent of active sparse-autoencoder features;
Twagirayezu and Mitra (2026) that the most accuracy-
robust of their models is among the two with the largest
INT4 safety losses. Ren et al. (2024), at the level of
benchmarks rather than compression, show that many
safety benchmarks correlate highly with general
capabilities, which is a reason to expect quality and
safety to move together sometimes and apart at other
times.

The claim that survives is narrower than "quantisation
hides safety damage". It is that quality cannot license
skipping a direct safety evaluation of the deployed
artefact. It does not follow that safety changed wherever

quality held: in Prasad and Pal (2026), most 4-bit rows
show neither.

10.3 Item-level behaviour changes when aggregates do
not
The finding that individual responses change under
quantisation while aggregate scores stay flat replicates
across outcomes and instruments: answer flips on
capability benchmarks (Dutta et al., 2024), bias flips in
both directions on 13 datasets (Hua et al., 2026),
decision flips concentrated on uncertain items (Hua et
al., 2026; Proskurina et al., 2024), and transitions in
both directions on BBQ (Rath and Maliakkal, 2026). This
is compatible with both sides of the 4-bit conflict: a
study that reports a neutral aggregate and a study that
reports item-level change can both be right. What the
item-level literature mostly lacks is the matched null, the
rate at which items flip between two full-precision runs
under the same elicitation, without which an item-level
change rate is an upper bound on the quantisation effect.
Hua et al. (2026) sidestep this for closed-ended items by
reading likelihoods deterministically; studies that sample
do not.

10.4 Below four bits, safety degrades, but quality
usually moves too
At 3 bits and below, the studies that measure it agree
that safety and bias degrade: Hong et al. (2024) at 3-bit
GPTQ and AWQ, Rath and Maliakkal (2026) at 3 bits,
Kadadekar (2026) in its GGUF Q2_K rows (largest judged
refusal change 16.36 points) and Q3_K_S rows (8.18),
Kharinaev et al. (2025) at 2 bits with QuIP#, where
human-rated unsafe responses nearly double (7.4 to 13.5
percent) and errors rise sharply. The "invisible to quality"
framing is weaker here than at 4 bits, but it does not fail
outright. Rath and Maliakkal's 3-bit rows, which carry
their largest transition rates, come with perplexity
increases of 10.2 to 83.3 percent, so a perplexity gate
would have flagged them. Hong et al. (2024), on the
other hand, report that at 3 bits MMLU stays within their
5-point band while several trustworthiness dimensions
fall further, and state that the added risk cannot be seen
from benign performance alone; and two of Kadadekar's
hidden-danger rows are GGUF Q3_K_S and Q2_K builds.
Below four bits, then, safety degradation is well
supported, and whether quality reveals it depends on the
quality measure: perplexity mostly does in the published
rows, while benign accuracy sometimes does not. In
Kadadekar's matrix, the hidden-danger pattern is
concentrated in AWQ and GPTQ rows rather than GGUF
rows.

10.5 What does not survive: a general verdict on 4-bit
safety
The claim that standard 4-bit post-training quantisation
degrades safety alignment, and the claim that it is
approximately safety-neutral, are both statements the
published evidence does not support in general. Each is
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supported within one design. Across designs, the 4-bit
results span refusal losses above 60 points and attack-
success reductions of several points, and the variation
between studies is as well explained by the six axes as by
any property of the models or methods. Hua et al.'s
(2026) 4-bit behaviour-change rates of 9 to 13 percent,
against 2 percent at 8 bits, locate 4 bits as the regime in
which the treatment does move behaviour; what the
literature cannot yet say is in which direction, by how
much, and on which outcome, for a given artefact.

11. What the mechanistic evidence can and
cannot adjudicate
Mechanistic results are sometimes offered as a way to
settle behavioural disagreements. In this literature they
constrain the reading but do not settle it.

Safety behaviour is concentrated. Arditi et al. (2024)
show that refusal in 13 open chat models up to 72B
parameters is mediated by a single direction in the
residual stream. Wei et al. (2024) isolate safety-critical
regions comprising about 3 percent of parameters and
2.5 percent of ranks, whose removal compromises safety
with little effect on utility. Qi et al. (2024) argue that
safety alignment is shallow, adapting the generative
distribution mainly over the first few output tokens.
Each of these predicts that a perturbation which happens
to fall on a small set of weights, or to shift the first
tokens of a response, could change safety while leaving
capability nearly intact - which is the hidden-danger
pattern. Kadadekar (2026) reports that probe-identified
safety-associated neurons absorb 1.39 times more
quantisation error than other neurons across its AWQ
and GPTQ cells, with the effect global rather than
specific to hidden-danger rows, and that first-token
entropy shift does not separate dangerous from neutral
rows.

The concentrated-mechanism picture also predicts that
damage should be repairable by protecting a small set of
weights, and the mitigation literature reports exactly
that: Al Hakim et al. (2026) with critical weight
protection, Wee et al. (2025) with a contrastive
alignment term in the quantisation objective, Chen et al.
(2025) with a safety patch restricted to safety-critical
weights. Zhang, N. et al. (2025) report, for reasoning
rather than safety, that protecting 2 percent of
excessively compressed weights raises average accuracy
by 6.57 percent in their compressed reasoning models.

The picture also predicts thresholds rather than smooth
decline. Peng et al. (2024) report a "safety basin":
random perturbations of an aligned model's weights keep
its safety level within a local neighbourhood, and
beyond it safety drops sharply, in contrast to capability,
which declines gradually. If quantisation error acts like
such a perturbation, then whether a given artefact lands
inside or outside the basin would depend on details of
the error - the method, group size and outlier handling -

which is the treatment and toolchain axis restated as a
mechanism. This is a hypothesis; no study located for
this paper places quantised artefacts on a measured
safety landscape.

What the mechanistic evidence does not do is fix the
sign. Perturbing weights can also increase safety: Hasan
et al. (2024) report that moderate Wanda pruning
increases jailbreak resistance; Hong et al. (2024) report
4-bit gains in Ethics and Fairness; Liu, Y. et al. (2024)
report that quantising fine-tuning deltas mitigates
alignment-breaking risk by up to 66.17 percent; Tan et
al. (2026) build a safety-recovery method on post-
training quantisation. Hua et al. (2026) report bias flips
in both directions. A mechanism that predicts large,
threshold-like changes concentrated on a small set of
weights is compatible with large changes of either sign,
and so with both sides of the 4-bit conflict.

The representational evidence has its own measurement
problem. Kadadekar (2026) reports cosine similarity to
the FP16 refusal direction above 0.97 in every quantised
cell, and Chhabra and Khalili (2025), as Varshney (2026)
records, report a cosine of 0.996. Varshney (2026) shows
that such cosines cannot be read as preservation without
the sample size behind the estimate, because two
independent estimates of the same direction agree to
0.978 to 0.994 by sampling alone on the model studied;
judged against a null measured within the quantised
model, the INT4 direction rotated by more than the
estimator's noise. Fu et al. (2025) report that quantised
models retain internal truthful representations while
producing false outputs under misleading prompts.
Internal preservation and behavioural preservation are
different claims, and the published representational
evidence is not yet reported with the noise floors needed
to support the first.

12. The adversarial bound
Everything above concerns quantisation applied in good
faith. A separate literature shows that full-precision
evaluation cannot certify a quantised artefact in the
worst case. Egashira et al. (2024) construct models that
behave benignly in full precision and maliciously once
quantised, by constraining full-precision weights to the
set that rounds to a chosen quantised model. Egashira et
al. (2025) extend the attack to the GGUF formats used by
llama.cpp and Ollama, reporting increases of 88.7 points
in insecure code generation, 85.0 in targeted content
injection and 30.1 in benign instruction refusal. Zhan et
al. (2026) extend it to AWQ, GPTQ and GGUF I-quants
by injecting outliers that force other weights to round to
zero. Dardini et al. (2026) frame the gap formally:
because quantisation is many-to-one, membership in the
same quantised equivalence class does not imply
equivalent behaviour, and they report backdoored
translation models moving from zero measured
corruption at full precision to up to 85.02 percent after
quantisation. Defences that perturb weights before
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quantisation exist (Zheng et al., 2026).

The adversarial results answer a different question from
the benign ones, and they should not be cited as
evidence that ordinary quantisation degrades safety.
What they establish is a bound that applies to both sides
of the benign debate: since a full-precision evaluation is
not a certificate for the quantised artefact even in
principle, the operational conclusion that the deployed
artefact must itself be evaluated - which Kadadekar
(2026) draws explicitly, and which Prasad and Pal's
(2026) advice to check every checkpoint for collapse and
to verify quantised safety for weakly aligned models
approaches - does not depend on resolving the 4-bit
conflict.

13. A reporting protocol
The axes in Sections 4 to 7 translate into a procedure for
reading a quantisation-safety result and for reporting
one. Algorithm 1 states it. Its first part decides whether
two results can be set against each other; its second part
lists what a study must report for its result to be placed
on a common scale with others.

Two items in Algorithm 1 deserve emphasis because they
are cheap and nearly absent. The first is the full-
precision rerun (line 15): running the baseline twice,
with fresh seeds and, where relevant, on the hardware
and batch configuration of the quantised run, and
reporting the rate at which items change. Larsen (2025)
and Yuan et al. (2025) show that this rate is not zero
even at greedy decoding; without it, every item-level
transition rate in the literature is an upper bound. The
second is scoring refusal and harmfulness on the same
responses (line 12), which would directly show how
much of the Kadadekar and Prasad and Pal disagreement
is a disagreement about outcome rather than about
behaviour.

The protocol does not require new methods. Every
element of it has already been done by at least one study
in Table 1: measured bits per weight by Ferrara (2026),
a collapse check by Prasad and Pal (2026), regex and
judge in parallel by Kadadekar (2026), refusal and harm
scored on the same responses by Chen et al. (2025),
multiple judges with agreement by Prasad and Pal
(2026) and Kadadekar (2026), paired intervals by Prasad
and Pal (2026), permutation tests with multiple-testing
control by Hua et al. (2026), and transitions in both
directions by Hua et al. (2026) and, in part, by Rath and
Maliakkal (2026). What no study does is all of them
together.

14. Measurements that would settle the open
part
Five measurements would resolve most of what this
paper leaves open. None requires a new benchmark or
method.

The cross-toolchain bridge. Take the full-precision
checkpoints both 2026 studies name, quantise each with
AutoAWQ and with llmcompressor at matched group
size, serve each through a Hugging Face generation loop
and through vLLM with the template applied identically,
and score the same responses with a refusal judge and
with a guard-classifier ensemble, on AdvBench and on
the pooled suite. Eight artefact-stack cells per model
would show whether the order-of-magnitude
disagreement in Table 2 lives in the artefact, the stack,
the outcome or the elicitation.

The full-precision null. For every item-level quantisation
result in the literature, the same elicitation run twice on
the full-precision model gives the floor. For the BBQ
transition design of Rath and Maliakkal (2026), this is a
BF16-against-BF16 rerun with fresh seeds; for greedy
refusal studies, a rerun across batch sizes and hardware.

The refusal-harm matrix. Labelling each response in a
quantisation study twice, once for refusal and once for
harmful usefulness in the manner of Souly et al. (2024),
would partition refusal losses into compliance with
harmful content and degraded non-refusal. This is the
measurement that would show whether hidden-danger
rows are dangerous or merely no longer refusing.

The fine-tuning control. For any quantisation-aware
result, a full-precision fine-tuning arm on the same data
with the same schedule separates the precision effect
from the training effect that Qi et al. (2023) already
document.

The instrument cross-check for mitigations. Evaluating
the mitigation methods that report gains on closed-ended
benchmarks (Wee et al., 2025) on open-ended safety
prompts with independent judges would test the claim of
Kharinaev et al. (2025) that closed-ended evaluation
misses quantisation damage, on the artefacts where it
matters most.

15. Objections
The strongest objection is that the confound reading
cannot explain Kadadekar's (2026) central rows, which
survive a strong second judge with none of ten changing
regime. The objection is correct as far as it goes, and this
paper does not claim otherwise: within Kadadekar's
design, the hidden-danger rows are robust to the
instrument. The claim here is about the comparison
between studies, which involves all six axes, of which a
judge swap within one study tests one.

A second objection is that a confound audit can dissolve
any empirical literature, and so says nothing. The audit
here does not dissolve the literature. It leaves three
claims standing, one narrowed, and one withdrawn, and
it identifies which design differences would have to be
removed to resolve the withdrawn one. A conflict that
can be settled by specified measurements is not
dissolved; it is located.
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Algorithm 1. Comparing and reporting quantisation-safety results.

Input: results R1, R2, each a reported safety change for a quantised artefact
Part A - can R1 and R2 be compared?
1  For axis in [treatment, toolchain, outcome, instrument,
                 elicitation, accounting]:
2      if the axis setting is unreported in R1 or R2: mark UNKNOWN
3      elif settings differ: mark DIFFERS
4  if treatment DIFFERS because one arm takes gradient steps:
5      stop: the comparison is precision vs fine-tuning, not precision
6  if any axis is DIFFERS or UNKNOWN:
7      report "not comparable on <axes>"; a disagreement is not evidence
        about bit-width; an agreement is evidence of robustness to <axes>
8  else: compare effect sizes against both studies' noise floors
Part B - what a result must report to be comparable
9  Treatment: method, measured bits per weight, group size, which tensors
    stay high-precision, calibration set; any gradient steps and their data
10 Toolchain: library and version, export format, engine and version,
    chat template as applied; a collapse check before any safety metric
11 Checkpoint: exact identifiers of the full-precision and quantised models
12 Outcome: refusal AND harmfulness, scored on the same responses; open-ended
    and closed-ended outcomes kept separate
13 Instrument: at least two judges from different families, agreement per
    task, and the same judges at every precision
14 Elicitation: benchmarks named and weighted, languages, decoding rule,
    temperature, samples per prompt and aggregation rule
15 Accounting: baseline precision per row; absolute points with intervals;
    the full-precision-vs-full-precision rerun rate as the noise floor;
    transitions reported in both directions

A third objection is that practitioners need a decision
before the measurements in Section 14 exist. They have
one, and it does not depend on resolving the 4-bit
conflict: evaluate the artefact that is deployed, on the
stack it is deployed on, with direct safety measures.
Kadadekar (2026) reaches that conclusion, Prasad and
Pal (2026) recommend per-checkpoint collapse checks
and multi-benchmark, multi-sample safety reporting, and
the adversarial bound in Section 12 makes it necessary
independently of the benign evidence. What the conflict
does affect is whether such evaluations can be skipped
for "standard" 4-bit recipes, and on the published
evidence they cannot be skipped on the authority of
either study.

A fourth objection is that the convergence at 8 bits may
itself be an artefact of shared design. The studies that
converge share very little: they differ in method,
toolchain, outcome, instrument and elicitation, and
reach the same conclusion. That is the pattern a robust
effect produces. The residual risk is that every study
shares an elicitation blind spot, and Chen et al.'s (2025)
8-bit result under a sampling attack shows that such a
blind spot exists.

A fifth objection concerns the evidence base. Most of the
studies this paper reads are 2025 and 2026 preprints,
several by single authors, with matrices of 3 to 10
models, at most 8B parameters in the 2026 safety
studies. The conclusions here are scoped accordingly.
They concern models in the 1B to 14B range quantised
for local and edge deployment, which is the regime the
literature covers.

16. What is not known
It is not known whether AWQ INT4 changes the refusal
behaviour of Llama 3.2 3B or Mistral 7B by about one
point or by about twenty. The two published answers
differ on at least four design axes and cannot be shown
to share the other two, and no study has run the bridging
measurement.

It is not known how much of any published item-level
transition rate under quantisation would appear between
two full-precision runs under the same elicitation. No
study reporting sampled item-level transitions reports
that rerun.

It is not known how often a loss of refusal under
quantisation is a gain in harmful compliance rather than
a loss of coherent output. Chen et al. (2025) score the
same quantised Llama-2-7B-Chat responses with a
refusal-keyword match and with the HarmBench
classifier, and the two agree in aggregate (42.4 against
41.5 percent at INT4); Al Hakim et al. (2026) add a
category for responses that are unrelated or nonsensical,
and Kharinaev et al. (2025) have human raters separate
unsafe responses from errors. But no study partitions
each response's lost refusal into harmful compliance and
degraded output, and none does so for the hidden-
danger rows.

It is not known whether mitigation methods validated on
multiple-choice safety benchmarks preserve open-ended
safety.

It is not known whether quantisation-aware training
degrades safety more than full-precision fine-tuning on
the same data. The studies that compare quantisation-
aware and post-training methods do not report the full-
precision fine-tuning arm.
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It is not known whether the hidden-danger pattern, or
the safety-neutral pattern, holds above about 14B
parameters. The 2026 safety matrices read here stop at
8B; among the bias studies read here, Hua et al. (2026)
reach 14B, and Ferrara (2026) adds one 27B and one
31B backbone.

17. Conclusion
The quantisation-safety literature is usually read as a set
of conflicting answers to one question: does 4-bit
quantisation damage safety? This paper has argued that
it is a set of answers to different questions, because its
studies differ in what they quantise, with which
toolchain, what they score, with which instrument, how
they elicit behaviour and how they account for change,
and because most of those differences alone move
published safety numbers by as much as the effects in
dispute, while the toolchain changes the artefact itself,
with an effect on safety that no study has yet measured.
The sharpest published conflict, between refusal losses of
15 to 23 points and attack-success changes of under 2
points for models with the same names quantised by the
same method, is a conflict between two designs that
differ on at least four of those settings and cannot be
shown to share the rest.

Read along the six axes, the literature supports three
claims: 8-bit weight quantisation is close to neutral
almost everywhere it has been measured; retained
quality cannot license skipping a direct safety evaluation
of the deployed artefact; and individual responses
change under quantisation when aggregates do not. It
supports a narrower version of a fourth, that below four
bits safety degrades, usually alongside a visible rise in
perplexity though not always in benign accuracy. It does
not support a general verdict on 4-bit safety in either
direction. The measurements that would supply one are
specified in Section 14, and every element of the
reporting protocol that would make them comparable
has already been implemented by at least one of the
studies read here.
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