
The Proceedings of the Third Workshop on Uncertainty-Aware NLP, pages 618–624
October 29, 2026 ©2026 Association for Computational Linguistics

Does Quantization Change What Agreement Means?
A Paired Audit of Homogeneous LLM Panels

Ananto Nayan Bala
Ahsanullah University of Science and Technology

Dhaka, Bangladesh
nayan.ananto@gmail.com

Abstract

Agreement among repeated large language
model (LLM) responses is often used as a con-
fidence signal. We test whether that signal
changes after quantization by comparing five-
response panels from the same checkpoints at
FP16 and 4-bit NF4. We evaluate two open
models on 300 TruthfulQA multiple-choice
questions and 300 GSM8K problems, matching
prompts, sampling settings, and seeds. Under
strict parsing, quantization reduces GSM8K
panel accuracy by 10.5 percentage points for
Qwen2.5-3B and 6.3 for Phi-3.5-mini. The
probability that all five responses are wrong
rises by 9.0 and 5.0 points. Agreement also
becomes less useful for selecting reliable an-
swers, but all-wrong panels do not consistently
become more likely to give one identical an-
swer. Relaxed parsing preserves the selective-
reliability result for both models, although Phi’s
panel-accuracy and all-wrong differences be-
come inconclusive. On TruthfulQA, Phi de-
grades while Qwen is largely stable. Quantiza-
tion can therefore reduce panel reliability with-
out consistently pushing all members toward
the same wrong answer.

1 Introduction

Sampling a language model several times gives a
simple uncertainty signal: if the answers agree, we
are more willing to trust them. Self-consistency
and multi-response uncertainty methods aggregate
or compare several answers (Wang et al., 2023;
Feng et al., 2025; Kruse et al., 2025), while multi-
agent debate can explicitly communicate agent con-
fidence (Yoffe et al., 2025). The signal is useful, but
it assumes that agreement keeps the same meaning
after the system changes.

Quantization stores model weights with fewer
bits. We compare a 16-bit floating-point baseline
(FP16) with a 4-bit NormalFloat copy (NF4) of
the same checkpoint. Compression reduces run-
ning costs, but it can weaken calibration (the match

between confidence and correctness) even when ac-
curacy changes only modestly (Zhong et al., 2025;
Tong et al., 2026). Existing studies mainly examine
confidence or prediction sets for individual predic-
tions. For a panel, we also need to know how its
members fail together. Similar individual accuracy
can hide a higher probability that all members are
wrong. More all-wrong panels, in turn, need not
mean more agreement on one wrong answer.

We study this distinction in a controlled, small-
scale audit. For each checkpoint, task, and question,
we draw five responses at each precision. Each re-
sponse is a panel member: members share weights
and prompts but are sampled independently and
never communicate. We ask whether quantiza-
tion changes accuracy, how often all members are
wrong, and how often those all-wrong panels give
one identical answer. We also test whether vote
share remains useful for ranking panel decisions
by reliability. Figure 1 shows the paired design and
three example panel outcomes that motivate our
measurements.

The practical distinction is simple. If all five
responses are wrong but disagree, the panel fails
without unanimous agreement. If they repeat the
same wrong answer, the panel both fails and ap-
pears maximally confident. Counting only unan-
imous wrong answers can miss the first kind of
failure. Counting only errors can miss how confi-
dent the second kind appears.

Under strict parsing, NF4 lowers accuracy
and raises all-wrong and invalid-output rates on
GSM8K. Selecting answers by agreement also be-
comes less reliable. This last result survives relaxed
parsing for both models; Phi’s panel-accuracy and
all-wrong differences become inconclusive. On
TruthfulQA, Phi degrades while Qwen is largely
stable. The tendency of all-wrong panels to give
one identical answer does not change consistently.
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A Compare precision on the same question

Held fixed

Base checkpoint
Question + prompt
Decoding + seeds
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Compare

Accuracy
Failure patterns

Reliability

Shared weights within each panel; no communication between members.

B Read the panel, not just the vote count Example reference answer: 42

Correct plurality All wrong, disagree All wrong, unanimous

42 42 42 7 9 7 7 9 9 13 7 7 7 7 7

Vote share 3/5

All five wrong? No
Unanimous wrong? No

Vote share 2/5

All five wrong? Yes
Unanimous wrong? No

Vote share 5/5

All five wrong? Yes
Unanimous wrong? Yes

Some members are correct Co-failure without consensus Co-failure with consensus

All-wrong rate β

How often are all five responses wrong?
Same-wrong concentration κ

Among all-wrong panels, how often do all five agree?

Figure 1: One paired audit, two different failure measurements. (A) Each question is evaluated with five
responses at each precision, using the same checkpoint and matched generation settings. (B) Illustrative outcomes,
not experimental results; all answers shown are valid and the reference answer is 42. The middle and right panels
both contribute to β, but only the right contributes to the numerator of κ. Its vote share is maximal despite every
answer being wrong.

Code and data:
https://github.com/nayanananto/
quantization-and-agreement-of-
llm-models

2 Related Work

Compression and uncertainty. Quantized
LLMs can be worse calibrated; Zhong et al. (2025)
show that soft prompts can help restore calibration.
Conformal and broader evaluations find that
accuracy and uncertainty can change differently
with precision, affecting calibration, error ranking,
and robustness (Tong et al., 2026; Tao et al., 2025;
Ayadi et al., 2026). We instead examine how errors
occur together across repeated responses from one
quantized checkpoint.

Agreement and collective uncertainty. Multi-
sample and multi-agent methods estimate uncer-
tainty from response diversity or disagreement in
meaning (Feng et al., 2025; Kruse et al., 2025;
Jiang, 2026). Dependence between members’ cor-
rectness, adjusted for accuracy, also predicts the
benefit of combining their answers (Ali, 2026).
Communication can create correlated errors and
false consensus (Huang et al., 2026). Pairwise cor-

relation alone does not determine how often all
members are wrong (Chen, 2026), so we measure
all-wrong frequency and same-wrong agreement
separately. Our members do not communicate, and
we hold generation settings fixed to study the effect
of precision.

3 Paired Panel Audit

3.1 Models, tasks, and generation

We evaluate Qwen2.5-3B-Instruct (Qwen et al.,
2024) and Phi-3.5-mini-instruct (Abdin et al.,
2024). Each released checkpoint is loaded twice:
as the unquantized FP16 baseline and as a locally
produced bitsandbytes NF4 copy with double quan-
tization and FP16 computation (Dettmers et al.,
2023). Only the stored weights are converted after
training; no retraining is performed, and prompts
and decoding are unchanged.

What is paired? The same question is evaluated
under both precisions, with the same prompt, de-
coding settings, and member seeds. Each ques-
tion therefore supplies its own comparison. Match-
ing seeds does not force the generated answers to
match: changing the weights can change which
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tokens are sampled. Within each panel, all five
members use the same model; they differ only in
their sampling seed.

We use 300 fixed questions per task. TruthfulQA
MC1 requires a truthful option from a small an-
swer set (Lin et al., 2022); GSM8K requires a free-
form solution to a grade-school mathematics prob-
lem (Cobbe et al., 2021). Each question receives
K = 5 responses per precision, with temperature
0.7, top-p 0.9, and matched seeds. TruthfulQA
requests one option letter within 8 new tokens.
GSM8K requests a derivation ending in FINAL:
<number> within 256 new tokens. A response
without the required parseable final marker is in-
valid and incorrect. Each invalid response gets its
own voting label, so two invalid responses never
count as agreement. Appendices B and C give
runtime details and prompts.

The panel selects the answer with the most votes
(plurality voting). If answers tie, we average cor-
rectness over them as if choosing uniformly at ran-
dom. Accuracy therefore does not depend on sam-
pling order, which matters especially for free re-
sponse, where ties are common.

For example, if the correct answer is 42, the re-
sponses [42, 42, 7, 7, 9] tie between 42 and 7. This
panel receives accuracy credit 1/2, the expected
correctness of a uniform choice between those two
answers. We use this expectation rather than mak-
ing another random draw.

3.2 Metrics

We separate answer quality from the pattern of
errors. Individual accuracy averages correctness
across responses. Panel accuracy scores the plu-
rality decision, including the tie rule above. The
following measures then describe how failures and
agreement relate.

All-wrong rate. Let N be the number of ques-
tions and Fi a co-failure: all K members are wrong
on question i. Alongside mean individual and panel
accuracy, we report the fraction of questions with a
co-failure:

β = N−1
N∑

i=1

1[Fi]. (1)

Here, 1[Fi] is one for an all-wrong panel and zero
otherwise. A wrong panel decision does not always
count as a co-failure: one member may be correct
but outvoted by the others.

Same-wrong concentration. Among all-wrong
panels, what fraction give one identical answer?
With member answer aik and reference answer yi,
we define

κ = Pr(ai1 = · · · = aiK ̸= yi | Fi). (2)

The numerator requires five valid answers. Thus β
measures how often everyone is wrong; κ measures
agreement within those failures.

The denominators matter: β uses all questions,
whereas κ uses only all-wrong panels. Their prod-
uct, βκ, is the fraction of all panels giving one
identical wrong answer. It can rise simply because
all-wrong panels become more common, even if
their tendency to agree stays the same.

Reliability of agreement. Confidence ci is the
largest answer count divided by K. Three matching
responses out of five give ci = 3/5; unanimity
gives ci = 1. This is a vote share, not a guarantee
of correctness, as the rightmost example in Figure 1
shows.

We evaluate vote share in two ways. Brier score
averages the squared error between confidence and
correctness, including the uniform voting tie rule.
It measures how closely the confidence values
match outcomes. Area under the risk–coverage
curve (AURC) evaluates using agreement to de-
cide which answers to keep. We retain panels from
highest to lowest agreement. Coverage is the frac-
tion retained; risk is the error rate among those
panels. AURC summarizes this risk as coverage
increases. Lower values are better for both met-
rics. For AURC, we average over orderings within
vote-share ties.

Uncertainty in the comparison. All NF4–FP16
intervals use 10,000 paired question-level bootstrap
samples. Each sample resamples questions with
replacement and uses the same selected questions
for both precisions. The resulting interval describes
uncertainty in the paired difference under question
resampling.

4 Results

4.1 More all-wrong panels under strict
parsing

Table 1 and Figure 2 show the strict-parser GSM8K
results. All changes are NF4 minus FP16: lower
accuracy or higher β, Brier, and AURC indicate
degradation. Qwen’s individual accuracy falls by
10.8 percentage points (95% CI [−13.7,−8.0]),
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Model Task Prec. Ind. Panel β Invalid κ Brier AURC

Qwen2.5-3B TruthfulQA FP16 49.7 49.3 49.0 0.0 93.9 0.485 0.486
Qwen2.5-3B TruthfulQA NF4 48.3 48.0 50.7 0.0 92.8 0.496 0.499
Qwen2.5-3B GSM8K FP16 51.8 62.3 26.3 41.9 1.3 0.093 0.102
Qwen2.5-3B GSM8K NF4 41.0 51.9 35.3 54.4 0.0 0.095 0.158

Phi-3.5-mini TruthfulQA FP16 54.9 55.8 43.0 0.0 84.5 0.409 0.415
Phi-3.5-mini TruthfulQA NF4 50.2 50.0 48.0 0.0 86.8 0.455 0.466
Phi-3.5-mini GSM8K FP16 33.3 47.4 40.0 63.1 0.0 0.114 0.197
Phi-3.5-mini GSM8K NF4 26.5 41.1 45.0 70.6 0.7 0.126 0.264

Table 1: Absolute results (%). Brier and AURC are unitless; lower is better. β is the all-members-wrong rate and κ
is same-wrong-answer concentration conditional on co-failure. Invalid outputs are treated as distinct abstentions,
not agreement.

−15.0 −12.5 −10.0 −7.5 −5.0 −2.5 0.0 2.5
Δ panel accuracy (pp)

Qwen2.5-3B / TruthfulQA

Qwen2.5-3B / GSM8K

Phi-3.5-mini / TruthfulQA

Phi-3.5-mini / GSM8K
−2.5 0.0 2.5 5.0 7.5 10.0 12.5

Δβ co-failure (pp)

−5.0 −2.5 0.0 2.5 5.0 7.5 10.0
Δκ same-wrong (pp)

Qwen2.5-3B / TruthfulQA

Qwen2.5-3B / GSM8K

Phi-3.5-mini / TruthfulQA

Phi-3.5-mini / GSM8K
−2 0 2 4 6 8 10

Δ AURC (×100)

Figure 2: Paired NF4 minus FP16 effects with 95% question-bootstrap intervals. Negative accuracy and positive
β/AURC values indicate degradation. The ∆κ panel shows no consistent change in conditional same-wrong
concentration; gray crosses mark the sparse GSM8K estimates, where exact same-wrong events occur at most once
per condition.

panel accuracy by 10.5 [−15.0,−6.3], and β rises
by 9.0 [4.7, 13.3]. For Phi, the changes are
−6.9 [−9.7,−4.1], −6.3 [−10.6,−2.1], and +5.0
[0.0, 10.3], respectively.

TruthfulQA results differ by model. Phi loses
4.7 points of individual accuracy and 5.8 of panel
accuracy; β rises by 5.0 points. All three inter-
vals exclude zero. Qwen changes by less than two
points, with intervals including zero. The strict-
parser GSM8K pattern therefore appears in both
models, but does not hold across both task formats.

Reading these changes. Individual accuracy
counts each response, while panel accuracy asks
whether voting recovers the answer. A rise in β

means more questions have no correct response
available to the vote. It does not tell us whether
those wrong responses agree; that requires κ. An
interval that includes zero leaves the direction of a
difference unresolved, rather than establishing that
the two precisions are equivalent.

4.2 All-wrong frequency and wrong
agreement differ

TruthfulQA’s small answer set makes identical
wrong answers common. Yet NF4 changes κ little:
Qwen moves from 93.9% to 92.8% (∆κ = −1.1,
CI [−6.3, 4.1]), and Phi from 84.5% to 86.8%
(+2.3, [−4.6, 9.4]). The directions differ and both
intervals cross zero. For Phi, the fraction of all pan-
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els giving one identical wrong answer (βκ) rises
from 36.3% to 41.7%, a 5.3-point change before
rounding. This mainly reflects more all-wrong pan-
els, rather than a clear change in agreement within
those panels. Appendix A reaches the same con-
clusion after adjusting for chance agreement.

On GSM8K, five identical wrong answers occur
only once for Qwen FP16, never for Qwen NF4 or
Phi FP16, and once for Phi NF4. A zero here means
no observed event, not that wrong consensus is
impossible. Each event requires five wrong, validly
parsed, identical answers. The unrestricted numeric
answer space and many invalid outputs make this
rare. The strict-parser invalid rate is already 41.9–
63.1% at FP16; NF4 raises it by 12.5 points for
Qwen and 7.5 for Phi, with both intervals excluding
zero. Too few panels have five valid answers for a
useful κ sensitivity estimate restricted to that subset.
The primary analysis does not guess answers from
unfinished derivations.

4.3 Agreement becomes less useful for
selecting answers

AURC rises by 5.6 points for Qwen GSM8K and
6.7 for Phi GSM8K; both intervals exclude zero.
Phi TruthfulQA also worsens by 5.2 points, while
Qwen remains stable. Brier score significantly
worsens only for Phi TruthfulQA (+0.046, CI
[0.009, 0.085]). The more consistent change is
therefore in selecting reliable answers using agree-
ment, rather than in the average squared error of
vote-share confidence.

Many GSM8K responses reach the 256-token
limit without a parseable FINAL: <number>
answer. We therefore check a permissive parser
that keeps explicit final answers and uses the last
numeric string only for otherwise invalid responses.
AURC still worsens by 7.0 points for Qwen (CI
[3.7, 10.7]) and 3.8 for Phi ([0.5, 7.1]). Qwen’s
panel-accuracy and β effects persist; Phi’s inter-
vals cross zero. Selecting answers by agreement
is therefore less reliable under both parsers, while
Phi’s collective-failure result depends on the pars-
ing rule. Appendix A gives all estimates.

Across both parsers, agreement is less useful
for selecting reliable GSM8K panel answers after
quantization. All-wrong panels also become more
frequent, most clearly for Qwen, but do not con-
sistently become more likely to give one identical
wrong answer.

5 Conclusion

In this two-model, two-task study, quantization
changes panel reliability without consistently in-
creasing agreement on one wrong answer. The
most robust GSM8K result is that agreement be-
comes less useful for selecting reliable answers
under both parsers and for both models. Lower
accuracy and more all-wrong panels are clearest
for Qwen; Phi’s panel and co-failure effects de-
pend on parsing. Measuring how often everyone
is wrong separately from how often those failures
agree makes the effect of compression easier to
interpret.

6 Limitations

This case study covers two small model families,
one 4-bit method, two tasks, and 300 fixed ques-
tions per task. Members are independent samples
from shared weights, without specialized roles or
communication. Exact numeric matching suits
GSM8K, but the final-marker requirement and 256-
token cap produce many invalid outputs. The re-
sults therefore reflect both model performance and
adherence to the output format. Relaxed parsing re-
moves invalid parses but may select an intermediate
number from unfinished reasoning; it is a stress test,
not verified recovery of intended answers. Multiple
choice restricts the answer set, so its high κ should
not be compared directly with free response. Vote
share also has few possible values, so we empha-
size Brier, AURC, and paired intervals rather than
expected calibration error (ECE).
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A Sensitivity Analysis

Chance-adjusted concentration. For Truth-
fulQA, we also subtract the agreement expected
under an independence baseline. Questions are
grouped by the correct option, and the baseline
preserves each member’s wrong-answer frequen-
cies within each group. The NF4–FP16 change in
this excess κ is +1.2 points for Qwen (95% CI
[−4.6, 7.3]) and +2.9 for Phi ([−4.4, 10.6]). As
in the raw analysis, neither interval establishes a
change in agreement beyond this baseline.

Relaxed GSM8K parsing. We preserve every
explicit FINAL: answer and use the last numeric
string only for a response that is invalid under
the primary parser. This changes the invalid rate
from 41.9–70.6% to zero, but can mistake an inter-
mediate number for an intended answer. Table 2
therefore reports a sensitivity analysis rather than
a replacement evaluation. The values are paired
NF4–FP16 changes in percentage points, with 95%
question-bootstrap intervals.

Metric Qwen Phi

Individual accuracy −10.3 [−13.3,−7.5] −4.1 [−6.7,−1.5]
Panel accuracy −11.5 [−16.1,−7.2] −3.4 [−7.4, 0.6]
β +7.0 [3.0, 11.0] +3.7 [−0.7, 8.3]
Brier +1.3 [−0.5, 3.0] +2.3 [0.4, 4.2]
AURC +7.0 [3.7, 10.7] +3.8 [0.5, 7.1]
κ −2.9 [−7.6, 0.0] +0.8 [−4.3, 6.0]

Table 2: Relaxed-parser GSM8K sensitivity. Accuracy
and β are probability differences; Brier and AURC are
multiplied by 100.

The main result for selecting answers by agree-
ment is unchanged: AURC worsens for both mod-
els. Qwen’s individual accuracy, panel accuracy,
and all-wrong effects remain clear. Phi’s individual
accuracy still falls, but its panel-accuracy and β
intervals now include zero. Same-wrong concen-
tration among all-wrong panels remains small and
changes inconsistently across models.

B Reproducibility Details

The experiment uses five samples per question
and base seed 20260809, with member seed
20260809 + 5i+ k. The final runtime uses Trans-
formers 4.57.6, bitsandbytes 0.50.0, and FP16 com-
pute for NF4. Phi remote model code is pinned
to revision 2fe1924. Raw JSONL generations,
configuration files, environment records, analysis
code, and 10,000-replicate bootstrap outputs are

provided through the repository linked after the
Introduction.

C Prompt Templates

TruthfulQA uses: “Answer the multiple-choice
question by returning only the single option letter.
Do not explain your answer.” GSM8K uses: “Solve
the problem step by step. End with exactly FINAL:
<number>. The final marker is required.” No
demonstrations or communication between mem-
bers are used.
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