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Abstract

Quantization is widely used to deploy large
language models, but its effect on uncertainty
behavior, such as confidence, margins, and ab-
stention, is rarely treated as a primary objec-
tive. We frame calibration-data selection for
quantization as a target-dependent uncertainty-
preservation problem. Different deployments
emphasize different regions of the input dis-
tribution, yet prior work mainly optimizes
accuracy-oriented compression metrics or ad-
justs scores after quantization. We formal-
ize this goal with distributional and bound-
ary preservation risks, and provide a simple
mixture-mismatch argument explaining why
no single calibration recipe should be ex-
pected to fit all targets. We introduce Doubt-
Preserving Quantization (DPQ), a lightweight
pre-quantization recipe family that uses full-
precision predictions to construct target-aligned
calibration mixtures of high-doubt examples
and generic anchors. Across 8 language mod-
els, 9 NLP benchmarks, and 22 compari-
son methods, the leading recipe changes with
the preservation target: DPQ-r75 leads on
SQUAD?2 answerability-boundary preserva-
tion, while broad multiple-choice QA favors a
different set of milder or single-signal recipes,
with confidence-only leading and variants such
as entropy-only and DPQ-r50 outperforming
the boundary-heavy DPQ-r75. These results
show that calibration data should be selected for
the specific full-precision score behavior a de-
ployment needs to preserve, rather than treated
as a fixed quantization detail. Code is available
at https://github.com/xi-xiaoran/DPQ.

1 Introduction

Quantization has become a standard tool for de-
ploying LLMs under memory and compute bud-
gets. Weight-only and low-bit post-training meth-
ods such as GPTQ (Frantar et al., 2023), AWQ
(Lin et al., 2024), SmoothQuant (Xiao et al., 2023),
OmniQuant (Shao et al., 2024), LLM.INT8()
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Figure 1: Motivating example of uncertainty drift after
quantization. The top-1 answer is unchanged, but the
confidence margin shifts substantially, affecting down-
stream uncertainty-aware decisions.

(Dettmers et al., 2022), SpQR (Dettmers et al.,
2024), and QLoRA-style 4-bit representations
(Dettmers et al., 2023) make large models acces-
sible on smaller hardware. More broadly, effi-
cient model deployment also depends on system-
level serving and resource-management mecha-
nisms (Jiang et al., 2026; Su et al., 2026). Most
compression evaluations, however, still focus on ac-
curacy, perplexity, or benchmark scores (He et al.,
2026b; Wu et al., 2026; Lu et al., 2026; Li et al.,
2026; Wen et al., 2026). Recent standardized evalu-
ations further show that conclusions about compres-
sion can vary substantially across backbones, com-
pression budgets, and metric choices (Shao et al.,
2026b). This is incomplete for applications that
rely on predictive scores for abstention, reranking,
ensembling, verification, answerability decisions,
or whether to trigger expensive downstream execu-
tion (He et al., 2026a). In these settings, preserving
confidence, margins, answerability decisions, and
interpretable decision behavior can be as important
as preserving the top-1 answer (Shao et al., 2026a).
Recent work shows that quantization can shift con-
fidence (Proskurina et al., 2024) and that calibra-
tion data affects compression quality (Williams and
Aletras, 2024), but calibration-data selection rarely
targets preservation of FP uncertainty behavior.
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This distinction matters even when accuracy is
unchanged. As illustrated in Figure 1, an FP model
may assign option probabilities (0.51,0.49) while
its quantized counterpart assigns (0.95,0.05), pre-
serving the same top-1 answer but changing the
confidence margin. Such shifts can alter down-
stream uncertainty-aware decisions, especially
in answerability detection, where a small score
change may determine whether the system an-
swers an unanswerable question. Existing ap-
proaches do not directly target this preservation
problem. Accuracy-oriented calibration-data stud-
ies (Williams and Aletras, 2024) optimize recon-
struction quality or label accuracy, while post-hoc
calibration (Guo et al., 2017; Zhong et al., 2025) ad-
justs scores after quantization. Temperature-style
maps preserve the argmax and cannot repair deci-
sion flips, whereas more flexible maps can improve
label calibration at the cost of moving the quantized
model away from FP behavior.

We therefore frame calibration-data selection
for quantization as a target-dependent uncertainty-
preservation problem. Broad answerable tasks re-
quire distributional preservation of option proba-
bilities, confidence, and margins, whereas answer-
ability or abstention-heavy tasks require boundary
preservation of low-margin answer/no-answer deci-
sions. We formalize these targets as two preser-
vation risks and give a mixture-mismatch argu-
ment that explains why no fixed mixture of bound-
ary examples and generic anchors should be ex-
pected to fit all targets unless the targets coin-
cide. Building on this result, we introduce DPQ
(Doubt-Preserving Quantization), a lightweight pre-
quantization framework that selects high-doubt and
answerability-boundary examples using FP predic-
tions, mixes them with generic anchors, and runs
the unchanged quantizer. Across 8 language mod-
els, 9 NLP benchmarks, and 22 comparison meth-
ods, we observe this target dependence: DPQ-s128-
r75 performs best for SQUAD?2 answerability-
boundary preservation, while broad MCQA favors
milder or single-signal recipes such as DPQ-r50,
confidence-only, and entropy-only. Post-hoc and
AWAQ analyses further show that preservation sig-
nals are partly transferable, but score-based metrics
remain quantizer-specific.

Contributions.

¢ Problem. We formulate calibration-data selec-
tion for quantization as preserving full-precision
uncertainty behavior, with distributional and

boundary risks for different deployment targets.

* Method. We provide a mixture-mismatch argu-
ment and introduce DPQ as a lightweight target-
aware recipe family: it uses FP predictions to
select high-doubt or boundary-near examples,
mixes them with generic anchors, and leaves the
quantizer unchanged.

* Evaluation. Across 8 language models, 9 NLP
benchmarks, and 22 comparison methods, we
show that the best recipe depends on the preser-
vation target: high-boundary mixtures better pre-
serve answerability boundaries, while milder
recipes better preserve broad MCQA behavior.

2 Related Work

LLM quantization. Post-training LLM quanti-
zation includes approximate second-order weight
quantization (Frantar et al., 2023), activation-aware
and activation-smoothing methods (Lin et al., 2024;
Xiao et al., 2023), 8-bit and 4-bit representations
(Dettmers et al., 2022, 2023), and recent low-bit
PTQ systems (Yao et al., 2022; Shao et al., 2024;
Dettmers et al., 2024; Kim et al., 2024; Egiazarian
et al., 2024; Tseng et al., 2024; Ashkboos et al.,
2024). These methods primarily optimize recon-
struction or downstream accuracy. Calibration data
supports quantization, but is less often selected
with the explicit goal of preserving confidence, mar-
gins, or abstention behavior.

Calibration data and selection. Williams and
Aletras (2024) show that calibration data affects
pruning and quantization, while standardized low-
rank evaluations likewise find that calibration-
corpus choice can shift compression outcomes and
close method rankings (Shao et al., 2026b). Self-
calibration further uses the model itself to gen-
erate calibration data for quantization and prun-
ing (Williams et al., 2025). We study a different
objective: selecting calibration data to preserve
full-precision uncertainty behavior. Related data-
selection methods, including uncertainty sampling,
core-set selection, and gradient- or representation-
diversity selection, have been studied for data ef-
ficiency (Settles, 2009; Sener and Savarese, 2018;
Ash et al., 2020; Xiao et al., 2026). These objec-
tives do not directly target quantized-vs-FP option-
probability preservation.

Confidence calibration. Calibration has a long
history in probabilistic prediction and evaluation
(Brier, 1950; Niculescu-Mizil and Caruana, 2005;
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Guo et al., 2017; Nixon et al., 2019; Platt, 1999;
Zadrozny and Elkan, 2002; Naeini et al., 2015; Kull
et al., 2019; Kumar et al., 2019; Minderer et al.,
2021). Selective prediction and uncertainty estima-
tion have also been widely studied (Chow, 1970;
El-Yaniv and Wiener, 2010; Geifman and El-Yaniv,
2017; Ovadia et al., 2019; Lu et al., 2025). For lan-
guage models, prior work studies confidence, self-
knowledge, calibration, and “know-when-you-do-
not-know” behavior in QA, prompting, and tuning
settings (Jiang et al., 2020; Zhao et al., 2021; De-
sai and Durrett, 2020; Xiao et al., 2022; Kadavath
et al., 2022; Kapoor et al., 2024a,b; Ye et al., 2026).
Complementary work on interpretable multimodal
prediction studies step-by-step explanations and
concept-level decision processes, further showing
that the final prediction alone does not fully charac-
terize model behavior (Jiang et al., 2025b,a). These
works mainly analyze FP models, prompting, or
direct tuning, rather than calibration-data choice
during quantization.

Post-hoc calibration. Proskurina et al. (2024)
document confidence shifts under low-bit compres-
sion, and Zhong et al. (2025) propose soft-prompt
post-hoc calibration. These works intervene af-
ter quantization is fixed. Temperature-style maps
preserve the argmax and cannot repair decision
or answerability flips; flexible score-space calibra-
tors can change decisions but may move the model
away from FP behavior (Guo et al., 2017; Zadrozny
and Elkan, 2002; Naeini et al., 2015; Kull et al.,
2019). Our work instead studies calibration-data
selection before quantization.

3 Problem Statement

We formulate calibration-data selection for quan-
tization as uncertainty preservation with a task-
dependent target. §3.1 defines distributional and
boundary risks. §3.2 explains why low-margin ex-
amples are fragile under quantization perturbations.
§3.3 gives a mixture-mismatch argument that moti-
vates the DPQ design space in §4.

3.1 Preservation Risks

Option scoring. For an input x with candidate
options Y(x) = {y1,...,yx}, a full-precision
model assigns a score so(x, y;) to each option and
induces

) = exp so(, Y;)

po(yi | ) = , (D)
S expso(@,y;)

where s( is computed from conditional language-
model likelihood. A quantized model produced
with calibration set D induces scores sg(m, y;) and
probabilities pg(yi | ) analogously. Standard
accuracy checks whether the top option matches
the label; we instead ask whether pg preserves
the uncertainty behavior of pg. In SQUAD?2, an-
swerability is scored as a two-option choice, and
p(answerable) denotes the softmax probability of
the answerable option.

Risks. Expectations are over the target evaluation
distribution. We define two preservation risks. The
first is

Raist (D) = Ex [ISD@02(- | 2),po(- | 2))], ()

which measures quantization-induced change in
the option distribution. The second is

Riary (D) = By [1{aP(2) # ao(z)} w()], (3)

where ao(x) = arg max, po(y | ) and ag(x) =
arg maxy pg(y | x) are the FP and quantized de-
cisions, and w(z) > 0 upweights answerability or
low-margin cases. Rgjs matters when the quan-
tized model should act as a drop-in replacement
for an FP model, as in broad MCQA, reranking,
or ensembling. R4,y matters when answerability
or abstention decisions are central, as in SQUAD?2
answerability, safety filters, or selective prediction.

Metrics. Empirically, we instantiate these risks
with ECE (Guo et al., 2017), adaptive ECE (Nixon
et al., 2019), NLL, and Brier score (Brier, 1950),
together with FP-behavior metrics: FP agree-
ment, J SD(pg, Po), confidence shift, top-two mar-
gin drift, and margin correlation. For SQUAD?2,
we also report boundary-accuracy deviation and
answerability-rate deviation, which measure how
far the quantized answer/abstain decisions and an-
swer rate move from FP. These metrics evaluate
fidelity to the full-precision reference rather than
improved ground-truth calibration: FP agreement
and JSD-to-FP measure whether a quantized model
can replace an already validated FP model in down-
stream score-consuming pipelines.

3.2 Boundary Fragility

Uncertainty behavior is most fragile near decision
boundaries. Let so(z) € RX and s%(z) € RE
be the FP and quantized option-score vectors, and
define Ap(z) = s%(m) — so(x). Let ¢* and j*

14075



be the FP top and runner-up options, with margin
v(x) = so(x,i*) — so(z, j*) > 0.

Proposition 1 (Top-two boundary fragility). If
Ap(z,7*) — Ap(x,i*) > y(x), then the relative
ordering of i* and j* is reversed by quantization.
Conversely, if || Ap(2)||co < v()/2, the FP top-1
decision is preserved.

Thus, small-margin examples can flip under small
perturbations, while large-margin examples are sta-
ble. This does not imply that GPTQ directly opti-
mizes option scores; it shows where reconstruction
error becomes behavioral error. Generic-text cal-
ibration may reduce average reconstruction error
while missing activation directions that control an-
swerability and confidence. Boundary-aware cali-
bration exposes these fragile directions to the quan-
tizer.

3.3 Mixture Mismatch

The two risks emphasize different parts of the input
space. We make this explicit with a mixture view.

Mixture view. Let gy,q4,y denote the distribution
over boundary or high-doubt examples, and let
Qanchor denote the distribution over generic anchors,
such as WikiText or random QA. A calibration
recipe is ¢ = T Gbdry + (1 - T) @anchor» Where
r € [0, 1] is the boundary ratio used by DPQ; for
example, DPQ-r75 corresponds to r=0.75. The
target preservation distribution is Ty = Oqnary +
(1 — 0)Ganchor- Answerability-boundary preserva-
tion has large ¢, while broad answerable MCQA
preservation has small 6.

Fixed recipes. Generic-text calibration, such as
WikiText or C4, corresponds roughly to r ~ 0.
Boundary-only and answerability-only variants cor-
respond to r ~ 1. Hard-example mining selects
a different region: an example can be confidently
wrong, with high NLL and large margin, without
being uncertain; hence high-NLL ## high-doubt.
Post-hoc calibration intervenes at a different stage:
temperature maps preserve argmax and cannot re-
pair flips, while flexible maps can change decisions
but may move the model away from FP behav-
ior. These fixed choices cannot match every target;
formal statements appear in Appendix C.

Proposition 2 (Mixture-ratio mismatch). Let
¢p(x) € [0,1] be a bounded preservation loss
for calibration set D, and define Rp(D) =
E.pllp(z)]. For any two distributions T and

Algorithm 1 DPQ Calibration Data Selection

Input: FP model M ; candidate pool C; calibra-
tion size s; mixture ratio r
Output: Calibration set D with |D| = s
1: Score each x € C with M to obtain po(- | z)
2 Compute b(x) = 1 — (po,1)(x) — Po,(2)(®))
foreachz € C
3. Select CY,; as the top | sr| candidates by b(x),
with answerability balancing for SQUAD?2
boundary data
4: Draw Cyye with s — | sr| anchors from Wiki-
Text or RandomQA
5: Build Dy; from CYy; using the original prompt
and FP top option or options
6: Set D < Dyp; U Cape
7: Run unchanged GPTQ with calibration set D

a
|[R7(D) = Be(D)| < TV(T, ).

If qbary and qanchor have disjoint support, then
TV(TOaQT) = |9—’l“|, 4

so the mismatch upper bound is minimized at r* =
0. Consequently, if two targets have different 01
0o, no single r minimizes mismatch to both.

The proof appears in Appendix C.3. This result
should be read as a design principle rather than
an exact predictor of the best ratio for a given
quantizer. It motivates evaluating target-dependent
mixtures and interpreting the empirical winner as
a target—recipe match, rather than expecting one
fixed recipe to dominate all targets. DPQ pro-
vides this design space, and the experiments test
the target-recipe match.

4 Method

DPQ is a pre-quantization calibration-data selec-
tion strategy for GPTQ-style post-training quan-
tization. Algorithm 1 gives the procedure. DPQ
does not modify the quantizer kernel, bit-width,
reconstruction objective, or inference path; it only
changes the calibration strings used to estimate ac-
tivation statistics. We describe the method through
the calibration-selection view in §4.1 and the doubt-
based criterion in §4.2.

4.1 Calibration Selection

GPTQ estimates layer-wise activation statistics
from a calibration set D to solve a local recon-
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struction problem, so D determines which activa-
tion regions are represented accurately. We view
calibration selection as choosing D from a distri-
bution ¢ that approximates the target preservation
distribution T} from §3.3. Proposition 2 motivates
allocating calibration mass according to the target
mixture over boundary and anchor components.

Our candidate pool C' combines training-split
ARC-Challenge examples, which provide answer-
able QA structure, with SQUAD?2 answerability
examples, which provide balanced answerable and
unanswerable boundary cases. In our implementa-
tion, C contains 512 candidates from each source
before model-specific scoring. The FP model
scores C' once under the evaluation option-scoring
protocol, producing {po(- | z)}zcc; this is an of-
fline selection cost and adds no inference-time over-
head. Evaluation examples are never used for cali-
bration, and the same pool is reused across all DPQ
variants. This setup reflects the deployment view
of calibration selection: the pool provides target-
relevant candidates, while DPQ determines which
examples within that pool best preserve the desired
FP behavior.

4.2 Doubt-Based Selection

For a candidate , let py (1) () and py, (2) () denote
the largest and second-largest FP option probabili-
ties. We define the doubt score

b(x) = 1= (po,)(7) = Po,2(2)), (9

which assigns high values to low-margin exam-
ples, the fragile region identified by Proposi-
tion 1. To isolate the effect of each signal, we
also evaluate component variants that replace b(x)
with 1—pg (1)(z) for confidence-only, H (po(- |
x)) for entropy-only, answerability log-odds for
answerability-only, or gold-label NLL for hard-
example mining.

Given budget s and mixture ratio r € [0, 1],
DPQ selects the top |sr| candidates by b(x)
as boundary strings and draws the remaining
s — | sr| anchor strings from WikiText-style text
and RandomQA-style calibration. Each boundary
string concatenates the original prompt with the
FP top option or options, while anchors are kept
unchanged. This construction is fixed across DPQ
variants, so the ablations compare selection sig-
nal, ratio, and budget under the same calibration-
string design. The ratio r is the mixture weight
from §3.3: higher r targets boundary-heavy set-
tings such as SQUAD?2 answerability, and lower

r targets broader answerable behavior. We evalu-
ate ratio, size, boundary, and component variants
as controlled DPQ recipes in Section 5. Because
DPQ only changes calibration strings, the result-
ing model has the same form as a standard GPTQ
baseline and incurs no additional inference cost.
Thus, DPQ is best viewed as a target-aware recipe
family rather than a single universal calibration set.

5 Experiment Results

5.1 Setup

Evaluation scope. We evaluate 8 LMs across
three model families and multiple scales: Qwen2.5-
0.5B/1.5B/3B/7B (Qwen Team, 2024); Llama-3.2-
1B, Llama-3.2-3B (Meta Al, 2024), and Llama-
3.1-8B (Grattafiori et al., 2024); and Mistral-7B-
v0.3 (Jiang et al., 2023). The benchmark suite
contains 9 NLP datasets organized by preserva-
tion target. The old-core suite includes ARC-
Challenge (Clark et al., 2018), SQUAD?2 answer-
ability (Rajpurkar et al., 2018), and TruthfulQA
(Lin et al., 2022). Within this suite, SQUAD?2 is
the primary boundary-preservation benchmark be-
cause it directly tests answerable versus unanswer-
able decisions, while ARC-Challenge and Truth-
ful QA provide additional checks of score behavior.
The extra-MCQA suite includes ARC-Easy (Clark
et al., 2018), BoolQ (Clark et al., 2019), PIQA
(Bisk et al., 2020), HellaSwag (Zellers et al., 2019),
OpenBookQA (Mihaylov et al., 2018), and Com-
monsenseQA (Talmor et al., 2019); since these
examples are answerable, they primarily test broad
distributional preservation.

Methods and ranking. For each model-dataset
pair, the main pre-quantization comparison in-
cludes one full-precision reference and 22 com-
parison methods: BNB-NF4; generic and task-
formatted GPTQ calibration such as WikiText, C4,
RandomQA, and TaskRandom; DPQ ratio, size,
boundary, and component variants; data-selection
baselines; and negative controls. Post-hoc con-
trols are analyzed separately. All main quan-
tized baselines use 4-bit quantization; BNB-NF4
is included as an NF4 quantizer-family baseline,
while the GPTQ variants differ only in calibra-
tion data. Full method inventory, prompt formats,
and quantization hyperparameters are provided
in Appendix D. We rank methods using target-
aligned metrics: for SQUAD?2 boundary preserva-
tion, boundary-accuracy deviation, answerability-
rate deviation, FP agreement, and JSD; for broad
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Worse than FP (%, |)
Acc. ECE NLL

BNB-NF4 847 66.7 847 819
GPTQ-RandomQA 833 61.1 764 86.1
GPTQ-WikiText 764 583 639 833
GPTQ-C4 833 653 681 778

DPQ-s128-r75 80.6 625 70.8 833
DPQ-s128-r50 792 583 653 80.6

Method

Brier

Table 1: Low-bit quantization often worsens accuracy
and calibration metrics. Entries show the percentage of
model—dataset settings worse than FP; lower is better.
Full results are in Table 11.

MCQA preservation, FP agreement, JSD, mar-
gin drift, confidence shift, accuracy deviation, and
margin correlation. Within each target, metrics
are equally weighted as a neutral summary be-
cause no deployment-specific utility function is as-
sumed. Ranks are averaged over the 8 models and
used only as compact summaries; our interpreta-
tions rely on component metrics and target-specific
trends rather than on rank alone. Raw metrics and
per-dataset breakdowns are in Appendix A.

5.2 Quantization-Induced Drift

Table 1 establishes the empirical problem. Across
representative quantization and calibration choices,
degradation is frequent not only in accuracy but
also in calibration-sensitive metrics such as ECE,
NLL, and Brier score. Thus, low-bit quantiza-
tion often changes score behavior, not just final
answers. The full degradation table, including con-
fidence shift and margin drift, is provided in Ta-
ble 11. In particular, Table 12 in Appendix B.1
shows that quantization compresses the confidence
separation between correct and incorrect cases, al-
though the direction of absolute confidence shifts
is task-dependent.

This motivates the target-specific analysis that
follows: given widespread quantization-induced
drift, which calibration data choices best pre-
serve the uncertainty behavior required by each
deployment target? We answer this separately
for answerability-boundary preservation and broad
MCQA preservation.

5.3 Answerability Boundary

Table 2 reports the core SQUAD?2 answerability-
boundary result. DPQ-s128-r75 is the strongest
listed pre-quantization recipe, with the best aggre-
gate rank, highest agreement with FP, and small-

GPTQ-WikiText

0.096

0.086

DPQ-confidence-onl

0.046
Uncertainty-onl
0.043
GPTQ-TaskRandom
0.040
0.038

DPQ-boundary-only

0.037
HighNLL-QA
0.036

Activation k-center
0.034

0.033 [J Answerable

P71 Unanswerable
27 [ generic
[ data selection
[ negative control
I quant baseline

DPQ-answer-only
0.0

DPQ-entropy-only
0.026

0.026 [ DPQ ratio
[ DPQ component
0.024 I DPQ main
GPTQ—Randon&%él ECDF area to FP !
0 002 004 006 008 0.10 0.12

Figure 2: SQUAD?2 answerability ECDF area to FP per
pre-quantization method, averaged over Qwen2.5-7B,
Llama-3.1-8B, and Mistral-7B-v0.3. Numbers denote
the mean of the answerable and unanswerable areas.
Methods are sorted top-to-bottom by mean area (worst
first); DPQ-175, the best aggregate boundary recipe in
Table 2, is highlighted.

est boundary-accuracy deviation, answerability-
rate deviation, and JSD. Compared with GPTQ-
WikiText, it reduces boundary-accuracy deviation
from 0.4553 to 0.2125, answerability-rate devia-
tion from 0.2271 to 0.1000, and JSD from 0.0387
to 0.0158. The conclusion does not rely on rank
alone: the same recipe also improves the absolute
boundary and distributional metrics. Figure 2 gives
a complementary deployment-scale view, showing
that DPQ-r75 is among the recipes closest to the
FP answerability distribution. Together, these re-
sults show that boundary-heavy targets benefit from
high-doubt calibration examples, while the mixed
r75 recipe also indicates that generic anchors are
needed. The ordering remains stable after remov-
ing the Llama-3.2-1B stress case; see Table 6.
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1.0 ==

Method Rank | Boundary preservation metrics o Gold Answerable e -
Agr.t AccA] RateA| JSDJ 506 Areato FP'_,f‘_'
DPQ-s128-r75 620  0.8495 02125  0.1000 0.0158 2, 0.331,
DPQ-boundary-random 8.15 0.8413  0.2310 0.1135  0.0174 L ven to FP
DPQ-answerability-only ~ 8.18  0.8286 02592  0.1281  0.0205 %% -~ 0.059
DPQ-entropy-only 8.68 0.8270  0.2940 0.1470  0.0227 0.0
DPQ-boundary-only 9.06 0.8335  0.2520 0.1242  0.0197 1015 Gora Unanswerable -~~~ _—
Uncertainty-only 9.36 0.8261  0.2937 0.1461  0.0181 0.8 Ar‘(’-)altlc’oFP"
Activation k-center 939  0.8360 02530  0.1255 0.0187 , 56 e oy bl
DPQ-5128-10 1031 0.8097 03205  0.1598  0.0220 8
GPTQ-RandomQA 11.09  0.8266 02733  0.1351  0.0231 “04 /= —_ —
DPQ-5128-r100 1244 0.8080 03340  0.1655  0.0215  o2i/ — Full precision _—DPQ-r
DPQ-5128-50 1312 08140 03210 01602 00258 . F G X oo
GPTQ-WikiText 1729  0.7446 04553 02271  0.0387 00 02 04 06 08 10

p(answerable)

Table 2: SQUAD?2 answerability-boundary preservation. Rank aggre-
gates agreement with FP (Agr.), boundary-accuracy deviation (AccA),
answerability-rate deviation (RateA), and JSD over 8 models; lower is

better except Agr. Full ablations are in Table 7.

Distributional mechanism. Figure 3 gives a dis-
tributional view of the SQUAD?2 result on Llama-
3.1-8B. For gold-answerable examples, the FP
model generally assigns higher p(answerable),
while gold-unanswerable examples receive lower
values; the preservation goal is for the quantized
distribution to remain close to this FP reference.
Generic GPTQ-WikiText calibration shifts the an-
swerability distribution away from FP, especially
on answerable examples, while DPQ-r75 moves it
closer to the FP reference. This illustrates why
SQUAD?2 answerability is not simply a harder
MCQA setting: an answerability flip changes
whether the system should answer at all. The
pattern is consistent with using a boundary-heavy
mixture for this target, while the ablations below
show that anchors are still needed for stability. Ad-
ditional ECDF diagnostics for Qwen2.5-7B and
Mistral-7B-v0.3 show the same qualitative pattern
in Appendix A.1.

Ablation summary. The ablations in Ap-
pendix A.1 test ratio, size, boundary mixing, single-
signal components, and negative controls. As
summarized in Table 3, the gains mainly come
from calibration-set composition rather than budget
size: 175 performs best, r100 over-concentrates on
boundary cases, and boundary-only or single-signal
variants do not match the mixed recipe. Strong
data-selection baselines improve over generic text
calibration but still fall below DPQ-r75 on the
boundary-specific aggregate. These ablations test
the main selection axes of the calibration set; the
boundary-string construction is held fixed as part
of the DPQ recipe.

Figure 3: SQUAD?2 answerability ECDFs
for Llama-3.1-8B. Shaded regions show
area to FP; smaller is better. Red stars
mark ideal behavior.

Check  Main finding
ik DPQ—r75 performs best. A high boundary
. ratio helps, but using only boundary examples
ratio r L
over-concentrates the calibration set.
... The composition of the calibration set matters
Calibration . . . o
. more than simply increasing the calibration
size s
budget.
Mixed calibration outperforms boundary-only
Boundary . ine th .
it variants, suggesting that generic qnchors
stabilize boundary-focused selection.
Single-  Confidence-only, entropy-only, and
signal answerability-only variants are useful, but
variants  none matches the mixed DPQ-r75 recipe.
HighNLL-QA and LowDoubt-QA
Negative  underperform DPQ-r75, showing that high
controls  doubt is different from ordinary hard- or

easy-example selection.

Table 3: Ablation summary for the SQUAD?2 boundary
target. Full results are in Appendix A.1.

5.4 Broad MCQA Trade-off

The six extra-MCQA benchmarks contain only
answerable examples, so the relevant target
is broad FP-behavior preservation (Rgist), not
answerability-boundary preservation. Table 4
shows that the leading recipes therefore shift
away from the high-boundary setting: confidence-
only, task-random, HighNLL-QA, entropy-only,
uncertainty-only, and DPQ-r50 are more competi-
tive than DPQ-r75. This pattern matches the mix-
ture view: when the target places less mass on an-
swerability boundaries, a smaller boundary ratio or
a single uncertainty signal can better preserve broad
option-distribution behavior. Figure 4 visualizes
the same target dependence: DPQ-r75 is stronger
on the SQUAD?2 boundary axis, whereas milder or
single-signal recipes are stronger on broad MCQA.
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Figure 4: Target-dependent preservation trade-off:
SQUAD?2 boundary rank versus extra-MCQA broad-
preservation rank. Lower is better on both axes; no
calibration recipe dominates both targets.

Method Rank | Top-51 Agr.t JSDJ
DPQ-confidence-only 8.96 7 0.8357  0.0284
GPTQ-TaskRandom 9.12 11 0.8361 0.0276
HighNLL-QA 9.18 6 0.8327  0.0294
DPQ-entropy-only 9.30 10 0.8324  0.0296
Uncertainty-only 9.31 4 0.8318  0.0297
LowDoubt-QA 9.47 9 0.8328 0.0286
Activation k-center 9.53 12 0.8349  0.0299
DPQ-s128-r50 9.92 4 0.8322  0.0293
BNB-NF4 10.53 12 0.8637  0.0241
DPQ-s128-175 11.88 3 0.8180  0.0324

Table 4: Broad MCQA preservation on six answerable
datasets. Rank aggregates agreement with FP (Agr.),
JSD, margin drift, confidence shift, accuracy deviation,
and margin correlation; Top-5 counts model—-dataset
pairs where the method ranks in the top five. Milder,
single-signal, or broad-selection recipes lead, unlike on
the SQUAD?2 boundary target.

The metric columns also show why Table 4 should
be read as a trade-off rather than a single scalar
leaderboard: BNB-NF4 has the strongest agree-
ment and JSD, whereas other recipes rank higher
under the full multi-metric objective. Expanded
extra-MCQA results in Appendix A.2 support the
target-dependent recipe shift, while the calibration-
gap and correct-vs-wrong confidence diagnostics
in Appendix B.1 further show that quantization can
alter score behavior in ways not captured by top-1
accuracy alone.

Practical takeaway. In deployment, the recipe
should be chosen by the preservation metric that
matches the downstream use. If validation exam-
ples reflect answerability, abstention, or other low-
margin decisions, a boundary-heavy mixed recipe
such as DPQ-r75 is a strong choice. If the tar-
get mainly uses broad option scores on answerable
MCQA tasks, milder or single-signal recipes are
more appropriate. Thus, DPQ is best used as a

Method Acc. T Agr.t JSDJ] MarginA |
Base 0.6833 0.8245 0.0320 0.1533
Adaptive temp.  0.6833  0.8245  0.0445 0.2385
Option bias 0.6985 0.8147 0.0328 0.1591
Vector 0.7029 0.7773 0.0519 0.2344
Matrix 0.6992 0.7723  0.0550 0.2380
Dirichlet 0.6989 0.7740 0.0548 0.2400
Isotonic 0.6991 0.7710 0.0561 0.2329

Table 5: Post-hoc calibration on extra-MCQA.. Flexible
calibrators improve accuracy but reduce agreement with
FP and increase distributional drift.

target-aware recipe family, not as a universal cali-
bration set selected by task accuracy alone.

Negative controls. The negative controls fur-
ther clarify the target shift. HighNLL-QA and
LowDoubt-QA are competitive on broad MCQA
but not on SQUAD?2, matching the distinction
between difficulty and doubt formalized in Ap-
pendix C.4. Thus, ordinary hard or easy examples
can overlap with broad answerable uncertainty, but
they are not answerability-boundary examples.

Post-hoc calibration targets a different objec-
tive. Post-hoc calibration targets label-oriented
calibration or task accuracy, whereas our objective
is preserving FP score behavior; Table 5 illustrates
this distinction. Adaptive temperature leaves ac-
curacy and agreement with FP unchanged, as ex-
pected from Proposition 5, but increases JSD and
margin drift. Flexible score-space calibrators im-
prove MCQA accuracy, yet reduce agreement with
FP and increase distributional drift. Thus, post-
hoc calibration and pre-quantization selection are
complementary intervention points: the former re-
shapes scores after quantization, while the latter
controls which FP score behavior the quantized
model tends to preserve. The optimally fitted tem-
perature check in Appendix B.2 supports the same
complementary pattern.

AWQ transfer. The AWQ extension serves as
a quantizer-family scope check. On 7B/8B-scale
models, DPQ-r75 leads on AWQ mean rank, top-1
frequency, and agreement with FP; its mean rank
is 1.97, with 42.9% top-1 and 73.0% top-2 fre-
quency. However, the per-dataset breakdown in
Table 10 shows that score-based metrics can favor
generic calibration on some datasets. Thus, the
target-aware lens partially transfers, but the exact
recipe should be tuned to the quantizer and metric;
the per-dataset breakdown is in Appendix A.4 and
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aggregate summaries are in Appendix B.3.

6 Conclusion

Quantization should not be evaluated only by
whether it preserves a model’s top-1 answer. In
applications that rely on confidence, margins, se-
lective prediction, abstention, or reranking, a quan-
tized model may keep the same prediction while
changing the uncertainty behavior used down-
stream. We study calibration-data selection as
a target-dependent uncertainty-preservation prob-
lem and show that different targets favor different
recipes: high-boundary mixtures such as DPQ-
175 better preserve SQUAD2-style answerability
boundaries, while milder mixtures or single-signal
variants better preserve broad MCQA behavior.
The central insight is therefore not that one calibra-
tion set is universally best, but that calibration data
should be selected for the specific FP score behav-
ior a deployment needs to preserve. More broadly,
pre-quantization data selection, post-quantization
calibration, and quantizer choice affect preserva-
tion differently, so recipes should be tuned to both
the target behavior and the quantization method.

Limitations

Option-scoring uncertainty. We operationalize
uncertainty through option scoring and answer-
ability. This controlled setting allows confidence,
margins, and full-precision agreement to be mea-
sured directly, and it covers common uses such as
multiple-choice QA, selective prediction, absten-
tion, and reranking. Extending the same preser-
vation perspective to verbalized confidence and
long-form generation is an important direction for
future work, since uncertainty in those settings may
appear in the generated text rather than in option
probabilities.

Target-oriented candidate pool. Our candidate
pool is intentionally target-oriented: it includes
answerable QA examples and answerability-style
training cases because the main boundary target
is answerable/unanswerable preservation. This
design matches the goal of studying deployment-
aware calibration selection, where the calibration
pool should reflect the behavior one aims to pre-
serve. Future work can further test less aligned
or domain-shifted candidate pools to study how
broadly the same selection principles transfer; in
deployment, target-specific gains should also be

checked against broad-preservation metrics to en-
sure that the selected recipe remains appropriate
beyond the primary target.

Quantizer and bit-width scope. Our main exper-
iments focus on GPTQ-style calibration-data selec-
tion because GPTQ directly uses calibration strings
to estimate activation statistics. We include AWQ
and BNB-NF4 as quantizer-family checks, and the
results suggest that some preservation signals trans-
fer while score-based metrics remain quantizer-
specific. A broader sweep over quantizers and bit-
widths would further refine deployment-specific
calibration recipes.

Interaction with post-hoc calibration. Our post-
hoc analysis covers representative score-space
methods to distinguish pre-quantization data se-
lection from post-quantization score repair. These
experiments show that the two stages can optimize
different objectives and may be complementary. A
fuller study of how to combine target-aware calibra-
tion selection with post-hoc calibration is a useful
direction for future work.

Deployment risk. Uncertainty drift after quan-
tization can affect downstream decisions in ways
that are not visible from top-1 accuracy alone. In
abstention, triage, educational QA, medical or le-
gal assistance, and safety-filtering settings, shifted
confidence or answerability boundaries may cause
a system to answer when it should defer, or to sup-
press useful answers. This reinforces the need to
audit quantized models not only for accuracy but
also for the score behavior consumed by down-
stream decision modules.
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A Additional Experimental Results

This appendix collects evidence that supports the
main text but is too detailed to include there. It is
organized as follows: §A.1 reports stability checks
and ablations on the answerability-boundary target;
§A.2 reports broad-preservation diagnostics; §A.3
analyzes post-hoc calibration; and §A.4 presents
the AWQ quantizer-family extension. Through-
out, §A.1 uses the answerability-boundary ranking,
while §A.2 uses broad FP-behavior preservation.
A method can therefore be strong under one tar-
get and only average under another. We keep the
most representative evidence in this main appendix,
while additional diagnostics for broad preservation,
post-hoc calibration, and AWQ transfer are col-
lected in Appendix B.

A.1 Stability and Ablations on the
Answerability-Boundary Target

Stability of the core result. Table 6 repeats the
SQUAD?2 answerability analysis after removing
the Llama-3.2-1B stress case. The ordering re-
mains consistent: DPQ-s128-r75 stays first, and its
FP agreement rises to 0.9360.

Answerability distribution diagnostics. Fig-
ure 5 provides the same SQUAD?2 answerability-
distribution diagnostic for Qwen2.5-7B and
Mistral-7B-v0.3, comparing full precision, GPTQ-
WikiText, and DPQ-r75 via the ECDF of

p(answerable). Together with Figure 3, these
plots show that the effect is not a single-model
artifact: DPQ-175 generally reduces quantization-
induced answerability-distribution drift, while the
direction and magnitude of the residual drift are
model-dependent.

Ablations on the boundary target. Table 7 re-
ports the full ablation grid grouped by axis. The
mixture ratio is non-monotonic: both r0 and r100
trail r75, indicating that boundary mass should be
high but not exclusive. The size sweep shows that
composition of the 128 examples matters more than
scaling to 64 or 256. Boundary-only and boundary-
random fall below r75, supporting the role of
generic anchors; each single-signal component is
informative but none matches the mixed recipe.
Negative controls (HighNLL-QA, LowDoubt-QA)
trail r75 by > 0.09 on boundary-accuracy devi-
ation, distinguishing difficulty from doubt (Ap-
pendix C.4). Strong data-selection baselines—
Activation k-center, Uncertainty-only, TaskRan-
dom, RandomQA, and self-calibration—improve
over generic WikiText/C4 calibration but remain
below DPQ-r75 on the boundary-specific aggre-
gate.

A.2 Broad-Preservation Diagnostics

When the target shifts from SQUAD?2 answerabil-
ity boundaries to broad FP-behavior preservation,
the boundary-heavy DPQ-r75 mixture is not ex-
pected to dominate. Table 8 expands Table 4 on the
six answerable extra-MCQA datasets and is the
most representative broad-target leaderboard sup-
porting the target-dependent claim of Section 5.4.
Confidence-only, TaskRandom, HighNLL-QA,
entropy-only, and uncertainty-only all sit above
DPQ-r75; BNB-NF4 has the strongest FP agree-
ment and JSD but is not the best average rank,
showing that preserving one metric family is insuf-
ficient under the full multi-metric objective. Ad-
ditional diagnostics on calibration-gap prevalence
and correct-vs-wrong confidence decomposition
are reported in Appendix B.1; they further show
that quantization can change confidence and mar-
gin behavior even when top-1 accuracy gives an
incomplete picture.

A.3 Post-Hoc Calibration Analysis

Post-hoc on both suites. Table 9 extends the
main post-hoc analysis (Table 5) to both the old-
core and extra-MCQA suites, providing the most

14085


https://doi.org/10.1145/775047.775151
https://doi.org/10.1145/775047.775151
https://doi.org/10.1145/775047.775151
https://doi.org/10.18653/v1/P19-1472
https://doi.org/10.18653/v1/P19-1472
https://proceedings.mlr.press/v139/zhao21c.html
https://proceedings.mlr.press/v139/zhao21c.html
https://doi.org/10.18653/v1/2025.acl-long.1473
https://doi.org/10.18653/v1/2025.acl-long.1473
https://doi.org/10.18653/v1/2025.acl-long.1473

Method Rank | Agr.t AccA] RateA| JSD]
DPQ-s128-r75 6.26 0.9360  0.0331 0.0094  0.0088
DPQ-answerability-only 7.50 0.9250  0.0569 0.0267  0.0100
DPQ-entropy-only 7.66  0.9263 0.0891 0.0446  0.0091
DPQ-boundary-random 8.26 0.9326  0.0411 0.0183  0.0093
DPQ-boundary-only 8.61 09316  0.0460 0.0210  0.0099
GPTQ-ActivationKCenter 9.39 0.9294  0.0606 0.0291  0.0105
Uncertainty-only 9.67 09139  0.1197 0.0590 0.0109
DPQ-s64-r50 9.71 09224  0.0769 0.0364 0.0100

Table 6: SQUAD?2 answerability-boundary preservation after removing the Llama-3.2-1B stress case. The main r75

result remains stable.

Group Method Rank| Agr. 1t AccA] RateA] JSD|
Reference DPQ-s128-r75 6.20 0.8495 0.2125 0.1000 0.0158
DPQ-s64-r50 10.18 0.8245 0.2800 0.1382  0.0197

DPQ-s256-r50 11.18  0.8240 0.2870 0.1425  0.0235

Ratio / size DPQ-s128-r0 10.31  0.8097 0.3205 0.1598  0.0220
DPQ-s128-r25 12.06  0.8106 0.3277 0.1639  0.0214

DPQ-s128-r50 13.12 0.8140 0.3210 0.1602 0.0258

DPQ-s128-r100 12.44  0.8080 0.3340 0.1655 0.0215

Boundary mix DPQ-boundary-random 8.15 0.8413 0.2310 0.1135 0.0174
y DPQ-boundary-only 9.06 0.8335 0.2520 0.1242  0.0197
DPQ-answerability-only 8.18 0.8286 0.2592 0.1281  0.0205

Single signal DPQ-entropy-only 8.68 0.8270 0.2940 0.1470  0.0227
DPQ-confidence-only 11.30 0.8033 0.3460 0.1725  0.0221

N trol HighNLL-QA 11.11  0.8191 0.3047 0.1514  0.0201
8- control 1 owDoubt-QA 1209 08177 03110  0.1532  0.0202
GPTQ-ActivationKCenter 9.39 0.8360 0.2530 0.1255 0.0187
Uncertainty-only 9.36  0.8261 0.2937 0.1461 0.0181
GPTQ-TaskRandom 10.81 0.8240 0.2920 0.1445 0.0216

Data selection ~ GPTQ-RandomQA 11.09 0.8266 0.2733 0.1351 0.0231
GPTQ-SelfCalib 13.24  0.8129 0.3037 0.1509  0.0268

GPTQ-C4 1578  0.7594 0.4107 0.2034  0.0342
GPTQ-WikiText 17.29 0.7446 0.4553 0.2271  0.0387

Table 7: Boundary-target ablation grid on SQUAD?2 answerability. Methods are grouped by ablation axis; columns
follow Table 2. AccA and RateA denote boundary-accuracy and answerability-rate deviation, respectively.

representative summary of how each post-hoc fam-
ily behaves on FP-behavior metrics. Adaptive tem-
perature leaves accuracy and FP agreement un-
changed but increases JSD and margin drift, con-
sistent with Proposition 5. Flexible calibrators
(vector, matrix, Dirichlet, isotonic) raise accuracy
— particularly on old-core — while reducing FP
agreement and increasing distributional drift, con-
sistent with Proposition 6. The two stages thus
serve different objectives: post-hoc calibration re-
shapes scores, whereas pre-quantization data se-
lection controls which behavior is preserved in the
first place. Appendix B.2 reports an optimally fit-
ted temperature-scaling check, which supports the
same complementary-not-substitute conclusion.

A4 AWQ Quantizer-Family Extension

The AWQ extension covers all eight models,
three old-core datasets, and four AWQ calibration
recipes (WikiText, RandomQA, DPQ-r75, DPQ-
r50), totaling 8 X 3 x 4 = 96 evaluations, to test
whether the calibration-data signal observed un-
der GPTQ transfers to a different quantizer family.
On AWQ, score-based metrics (Acc, ECE, NLL,
Brier) do not always favor the same recipe as FP-
behavior metrics (FP agreement, JSD-to-FP), so
we report aggregate metric averages and rank-based
summaries separately in Appendix B.3. Aggre-
gate summaries in Appendix B.3 show the same
mixed pattern: generic calibration can win score-
based metrics, while DPQ variants are stronger
on several FP-behavior and rank-based summaries.
On the 7B/8B subset (Qwen2.5-7B, Llama-3.1-8B,
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Figure 5: Additional SQUAD?2 answerability ECDFs for Qwen2.5-7B (top) and Mistral-7B-v0.3 (bottom). Lower
area-to-FP indicates closer preservation of FP answerability behavior.

Mistral-7B-v0.3), DPQ-r75 additionally leads on
accuracy, Brier, FP agreement, and the rank-based
summaries. The most informative single view is
the per-dataset breakdown below.

AWQ per-dataset breakdown. Table 10 reports
the full 3-dataset x 4-recipe AWQ grid. The
transfer to AWQ is dataset-dependent. On ARC-
Challenge, DPQ-r50 has the best accuracy and FP
agreement and DPQ-r75 the best Brier score, so
DPQ variants dominate. On SQUAD?2 answer-
ability the picture inverts: WikiText takes the best
accuracy, ECE, NLL, and Brier, while DPQ vari-
ants (r50 marginally above r75) retain only the
FP-agreement lead. On TruthfulQA, WikiText
is strongest on every metric reported here. This
pattern is consistent with the main message: the
calibration-data signal is real under AWQ, but the
optimal recipe is quantizer- and target-dependent
rather than fixed at r75.

B Additional Diagnostic Analyses

This appendix collects additional diagnostic analy-
ses that further decompose or stress-test the results
summarized in Appendix A. These checks provide

secondary decompositions and stress tests, while
Appendix A keeps the primary evidence focused
on the main target-specific claims.

B.1 Additional Broad-Preservation
Diagnostics

This subsection provides two compact diagnos-
tics supporting the claim that quantization changes
score behavior in ways not captured by top-1 accu-
racy alone. Table 11 extends the main degradation
summary with confidence shift and margin drift.
Table 12 further decomposes confidence on correct
and wrong predictions, showing that average cali-
bration metrics can hide changes in the separation
between reliable and unreliable outputs.

Calibration-gap prevalence. Table 11 extends
Table 1 with confidence shift and margin drift.
Quantization frequently worsens not only accuracy
but also calibration-sensitive and drift metrics. The
last two columns highlight that generic-text cali-
bration (WikiText, C4) induces the largest mean
confidence and margin shifts, and no row elimi-
nates degradation across all columns.
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Method Family Rank | Top-51 Agr. 1T JSD] MarginA |
DPQ-confidence-only DPQ component 8.96 7 0.8357 0.0284 0.1447
GPTQ-TaskRandom Selection baseline 9.12 11 0.8361  0.0276 0.1452
HighNLL-QA Negative control 9.18 6 0.8327  0.0294 0.1478
DPQ-entropy-only DPQ component 9.30 10 0.8324  0.0296 0.1473
Uncertainty-only Selection baseline 9.31 4 0.8318  0.0297 0.1471
LowDoubt-QA Negative control 9.47 9 0.8328  0.0286 0.1472
GPTQ-ActivationKCenter ~ Selection baseline 9.53 12 0.8349  0.0299 0.1483
DPQ-s128-r50 DPQ mixed 9.92 4 0.8322  0.0293 0.1454
BNB-NF4 Quantizer baseline  10.53 12 0.8637 0.0241 0.1320
DPQ-boundary-random DPQ mixed 10.66 8 0.8279  0.0311 0.1513
DPQ-s128-175 DPQ mixed 11.88 3 0.8180 0.0324 0.1562

Table 8: Expanded broad-MCQA preservation on the six answerable datasets. The table adds method family and
margin drift to the main broad-MCQA summary in Table 4.

Suite Method Rows Acc.t Agr.t JSDJ] MarginA |
Base 72 0.6196 0.7906 0.0364 0.1609
Adaptive temp. 72 0.6196 0.7906  0.0605 0.2892
Option bias 72 0.5991 0.7811 0.0410 0.1876

Old-core Vector 72 0.7985 0.6875 0.1360 0.3099
Matrix 72 0.7925 0.6796 0.1404 0.3146
Dirichlet 72 0.7929 0.6817 0.1403 0.3162
Isotonic 72 0.7983 0.6883 0.1398 0.2990
Base 1056  0.6833  0.8245 0.0320 0.1533
Adaptive temp. 1056  0.6833  0.8245  0.0445 0.2385
Option bias 1056  0.6985 0.8147 0.0328 0.1591

Extra-MCQA  Vector 1056  0.7029 0.7773  0.0519 0.2344
Matrix 1056  0.6992 0.7723  0.0550 0.2380
Dirichlet 1056  0.6989 0.7740  0.0548 0.2400
Isotonic 1056  0.6991 0.7710 0.0561 0.2329

Table 9: Post-hoc family summary on old-core and extra-MCQA suites. Flexible calibrators can improve accuracy
but often reduce agreement with FP and increase distributional drift.

Correct-vs-wrong confidence decomposition.
Table 12 splits confidence into a gap on correct pre-
dictions and overconfidence on wrong ones. Quan-
tized methods often reduce confidence on correct
predictions while keeping wrong-prediction con-
fidence high on extra-MCQA, so a method may
appear only mildly shifted in average confidence
while degrading the separation between reliable
and unreliable outputs.

B.2 Additional Post-Hoc Calibration Checks

This subsection adds an optimally fitted
temperature-scaling check to complement
Table 9. The goal is to test whether the temperature
result in the main post-hoc analysis is simply due
to an under-tuned scalar temperature.

Optimally fitted temperature. Table 13 fits one
optimal temperature per model-dataset setting.
Temperature scaling improves ECE and NLL deltas
relative to FP, but it leaves accuracy, FP agreement,
and boundary decisions unchanged by construction.

This supports the view that temperature scaling
can polish proper scores but cannot repair decision-
surface drift.

B.3 AWQ Aggregate Summaries

Tables 14 and 15 report aggregate AWQ metric
averages and rank-based summaries, complement-
ing the per-dataset breakdown in Table 10. Across
all 8 models, WikiText or RandomQA win sev-
eral score-based metrics while DPQ variants are
stronger on FP-behavior metrics; the rank aggre-
gate gives DPQ-r75 the best mean rank and top-2
frequency. The 7B/8B subset is cleaner: DPQ-r75
leads on accuracy, Brier, FP agreement, mean rank,
and top-1/top-2 frequencies, with RandomQA only
marginally better on ECE and JSD-to-FP. These ag-
gregate results are consistent with stronger transfer
on the 7B/8B-scale models, while smaller models
introduce more variability.
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Dataset AWQrecipe n Acc.?T ECE] NLLJ] Brier] Agr?
WikiText 8 0.6994 0.1185 08645 04133 08516

ARC-Challense RandomQA 8 07082 0.0920 08191 03974 0.8637
g DPQ-r75 8 07153 0.1040 08360 03952 0.8662

DPQr50 8 07174 0.1136 08373 04008 0.8792

WikiText 8  0.6474 02122 1.0830 05330 0.8483

. RandomQA 8 06429 02237 12086 05472 0.8398

SQUAD2 answerability b 175 8 06301 02501 12885 05687 0.8545
DPQr50 8 0.6324 02502 13269 05830 0.8558

WikiText 8 0.5332  0.2366 17355 0.6887 0.8040

TruthfulOA RandomQA 8 0.5300 02460 17858 0.6985 0.7945
DPQ-r75 8 04991 02513 17787 07111 0.7930

DPQr50 8 04841 02681 1.8821 07442 0.7971

Table 10: AWQ per-dataset x recipe breakdown averaged over the 8 models. Best values for each dataset and metric
are bolded. Agr. denotes agreement with the full-precision model. The preferred recipe varies by dataset and metric,
showing that AWQ transfer is target- and metric-dependent rather than fixed to a single calibration recipe.

Method n Worse than FP (%, |.) Mean drift ()
Acc. ECE NLL Brier Conf. shift MarginA

BNB-NF4 72 847 667 847 819 0.0190 0.1376
GPTQ-RandomQA 72 833 61.1 764 86.1 0.0373 0.1500
GPTQ-WikiText 72 764 583 639 833 0.0583 0.1901
GPTQ-C4 72 833 653 681 778 0.0493 0.1812
DPQ-s128-r75 72 80.6 625 70.8 833 0.0363 0.1543
DPQ-s128-r50 72 79.2 583 653 80.6 0.0321 0.1474
DPQ-confidence-only 72 80.6 625 66.7 81.9 0.0323 0.1468
DPQ-entropy-only 72 764 73.6 750 86.1 0.0322 0.1445
Uncertainty-only 72 778 597 736 80.6 0.0331 0.1473
GPTQ-TaskRandom 72 847 653 73.6 833 0.0320 0.1448

Table 11: Calibration-gap prevalence on all nine datasets. The first four metric columns follow Table 1; the last two
columns report mean confidence shift and margin drift relative to FP.

C Formal Analysis and Proofs

This section gives a more complete formal account
of the mechanism. Recall the goal is to make pre-
cise three narrower claims: low-margin examples
are fragile under quantization; calibration distribu-
tions should match the uncertainty target; and post-
hoc calibration is not equivalent to pre-quantization
preservation.

C.1 Notation

For an input = with K candidate options, let
so(z) € RE be the FP option-score vector and
po(x) = softmax(so(z)). For a quantized model
calibrated with set D, write sp(z) = so(x) +
Ap(xz) and pp(x) = softmax(sp(z)). Let
i*(x), j*(x) denote the FP top option and runner-
up. The score margin is y(z) = sp(z,i*) —
so(x,j*), and the probability margin is m(x) =
po,(l)(x) — Do,(2) (2).

C.2 Boundary Fragility

Proposition 3 (Top-two boundary flip condition).
With score margin v(x) > 0, the relative ordering
of i* and j* flips after quantization iff Ap(x,j*) —
Ap(x,i*) > vy(z). If |Ap(2)]|co < v(x)/2, then
1* remains above every other option and the top-1
FP decision is preserved.

Proof. Write 6, = Ap(z, k) for option index k.
For the top-two pair, sp(z,i*) — sp(x,j*) =
~(z) 4 03+ — 0+, which is negative iff §; — §;= >
~(x). For any k # i*, so(x,i*) — so(x, k) > v(x),
so if [[Ap(2)|lec < ~(z)/2 then sp(z,i*) —
sp(z, k) > 0. O

Corollary 1 (Flip mass is controlled by the
margin distribution). Assume ||Ap(z)|lec < 7
for all x in a test distribution T. Then
Prprlargmaxsp(x) # argmaxsp(x)] <
Proor[y(z) < 2n).
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Suite Method Acc. Conf. correct Correct gap  Conf. wrong
FP 0.6483 0.8358 0.1642 0.7225
DPQ-s128-r75 0.6136 0.8054 0.1946 0.6953
DPQ-confidence-only  0.6338 0.8106 0.1894 0.6996
Old-core DPQ-entropy-only 0.6418 0.8153 0.1847 0.7071
GPTQ-RandomQA 0.6316 0.8089 0.1911 0.7042
GPTQ-TaskRandom  0.6296 0.8087 0.1913 0.6999
BNB-NF4 0.6239 0.8353 0.1647 0.7233
FP 0.7232 0.8424 0.1576 0.7070
DPQ-s128-r75 0.6892 0.8134 0.1866 0.6929
DPQ-s128-r50 0.6898 0.8166 0.1834 0.6929
DPQ-confidence-onl 0.6893 0.8192 0.1808 0.6946
Extra-MCQA  bp()_entropy-only g 0.6861 0.8166 0.1834 0.6979
GPTQ-RandomQA 0.6884 0.8063 0.1937 0.6817
GPTQ-TaskRandom  0.6861 0.8116 0.1884 0.6884
BNB-NF4 0.6945 0.8348 0.1652 0.7102

Table 12: Correct-vs-wrong confidence decomposition. “Correct gap” is 1 — E[conf | correct]; “Conf. wrong” is
E[conf | wrong], which directly measures overconfidence on errors.

Method n

GPTQ-WikiText 24
GPTQ-RandomQA 24
DPQ-r75 24
BNB-NF4 24

GPTQ-WikiText 48

Suite ECE A pre—post

—0.009 — —0.091
—0.003 — —0.097
+0.002 — —0.102
+0.012 — —0.091

+0.015 — —0.048

NLL A pre—post

—0.050 — —0.308
+0.013 — —0.314
+0.054 — —0.296
+0.099 — —0.313

+0.091 — —0.037

Old-core

GPTQ-RandomQA 48  +0.002 — —0.055 +0.046 — —0.066
Extra-MCQA  ppoy g5 48 40.004 — —0.056  +0.045 — —0.071
BNB-NF4 48 +0.015 — —0.050 +0.078 — —0.076

Table 13: Effect of fitting one optimal temperature per
model-dataset setting. Temperature improves proper-
score deltas but does not change accuracy, FP agree-
ment, or boundary decisions.

C.3 Calibration Distribution and Target
Mismatch

Let g denote the distribution over calibration strings
used by the quantizer, and T the target evaluation
distribution.

Proposition 4 (Target mismatch bound). For any
bounded loss {p € [0,1], |Rp(D) — Ry(D)| <

TV(T, q).

Proof. By the wvariational characterization,
SUPp< <1 |Erf — Eqf| = TV(T,q). Taking
f = £p gives the result. O

Mixture interpretation. Write ¢, = 7 gpary +
(1 — 7)Ganchor and Tp = Gdery + (1 -
Q)Qanchor- If bdry and Ganchor have diSjOint sup-
port, TV(Ty, q,) = |# — r|. This is the form used
in Proposition 2 of the main text.

Finite-sample coverage. Calibration sets are em-
pirical samples. If random QA calibration sam-
ples n examples from a distribution with boundary
mass p = Pr[B], then Pr[Ng = 0] = (1 — p)" <

exp(—mnp), son > log(1/§)/p is needed to see a
boundary example with probability > 1 — d. When

p is small, random calibration needs many samples
to cover the fragile region. DPQ bypasses this by
selecting boundary examples directly using the FP
model.

C.4 Boundary vs Hard-Example Mining

High NLL does not imply low margin: a binary
example with FP probabilities (1 — ¢, €) and gold
label option 2 has NLL — log € (arbitrarily large)
but margin 1 — 2¢ (close to 1, far from the bound-
ary). Conversely, an example with FP probabili-
ties (1/2 +¢€,1/2 — €) and gold label option 1 has
moderate NLL but margin 2¢ (arbitrarily small).
Hard-example mining on gold-label NLL therefore
selects a subset distinct from boundary mining;
an example can be confidently wrong (high NLL,
large margin) without being uncertain.

C.5 Why Post-hoc Calibration Is Not
Equivalent

Proposition 5 (Temperature scaling preserves the
decision surface). For any z € RX and T > 0,
arg max; softmax(z/T'); = argmax; z;. There-
fore, scalar temperature scaling cannot repair a
top-1 or answerability-boundary flip in the quan-
tized model.

Proposition 6 (Accuracy repair and FP preserva-
tion can conflict). There exist binary examples for
which a post-hoc mapping improves accuracy rela-
tive to a quantized model while decreasing agree-
ment with the FP model.

Proof. Take py = (0.55,0.45), pg = (0.45,0.55),
gold label 2. A post-hoc map producing py =
(0.10,0.90) lowers NLL on the gold label but has
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Scope AWQ method Acc.t ECEJ] NLL| Brier] Agr{T JSDJ
WikiText 0.6267 0.1891 1.2277 0.5450 0.8346 0.0325
All 8 models RandomQA 0.6270 0.1872 1.2712 0.5477 0.8327 0.0336
DPQ-r75 0.6148 0.2018 1.3011 0.5583 0.8379 0.0320
DPQ-r50 0.6113 0.2106 1.3488 0.5760 0.8440 0.0332
WikiText 0.6987 0.1857 1.2220 0.4784 0.8950 0.0262
7B/8B subset RandomQA 0.7105 0.1795 1.2368 04618 09116 0.0210
DPQ-r75 0.7160 0.1802 1.2386 0.4558 0.9138 0.0213
DPQ-r50 0.7083 0.1842 1.2590 0.4681 0.9034 0.0224

Table 14: AWQ metric averages over old-core datasets, split by model scope. The 7B/8B subset is Qwen2.5-7B,
Llama-3.1-8B, and Mistral-7B-v0.3. Agr. denotes agreement with the full-precision model.

Scope AWQ method Meanrank |  Top-1 freq. +  Top-2 freq.
DPQ-175 2.25 29.2% 66.7%
RandomQA 241 8.3% 62.5%
All8 models  yiyiext 266 16.7% 45.8%
DPQ-150 2.69 4.2% 50.0%
DPQ-175 1.97 42.9% 73.0%
RandomQA 243 27.0% 47.6%
TB/BB subsel  wiyiText 276 19.1% 46.0%
DPQ-r50 2.79 11.1% 36.5%

Table 15: Rank-based AWQ summary by model scope.

larger JSD from pg. A map restoring agreement
with pg would reduce accuracy on this example.
Improving accuracy and preserving the FP decision
surface conflict here. O

C.6 Correct-vs-Wrong Decomposition

Let A be the event that the prediction is correct,
c(x) = max; pi(x), and a = Pr[A]. With Geory =
E[1—c| A] and Oyrong = E[c | A°], E[c] = a(1—
Georr) + (1 — a)Oxrong. Two methods with similar
ECE may differ on which component dominates.

D Reproducibility Details

Experimental inventory and completeness. Ta-
ble 16 lists the experimental groups. The final
merged result files contain zero missing entries for
552 old-core pre-quantization rows and 1104 extra-
MCQA pre-quantization rows.

Model sizes and checkpoints. Table 17 reports
the model families, nominal parameter scales,
and public checkpoints used in the experiments.
All models are instruction-tuned language mod-
els in the 0.5B-8B range. We report nominal
model scales because the exact trainable param-
eter count can depend on checkpoint metadata
and tokenizer/configuration conventions, while the
deployment-relevant scale is the advertised check-
point size.

Compute infrastructure and budget. All ex-
periments were conducted on a single NVIDIA
GeForce RTX 5090 GPU with 32GB memory. The
study uses post-training quantization, calibration-
data selection, inference-based evaluation, score-
space post-hoc analysis, and AWQ extension ex-
periments; no model was trained from scratch or
instruction-tuned as part of the main method. The
dominant costs are repeated 4-bit GPTQ/AWQ
quantization and deterministic option-scoring eval-
uation over saved datasets. We retained all predic-
tion JSONL files, summary CSVs, merged reports,
and derived-analysis tables, but cleaned quantized
checkpoint directories and Hugging Face caches
during experimentation. We report the hardware
environment rather than a precise GPU-hour to-
tal because exploratory runs, sanity checks, and
reruns were not logged with a separate compute
ledger; the final experiments are reproducible on
the single-GPU infrastructure described above.

Dataset sizes and splits. Table 18 reports the de-
terministic evaluation sizes used after filtering and
subsampling. Calibration examples are drawn from
training or calibration pools only; evaluation exam-
ples are never used to construct DPQ calibration
strings.

Implementation details. The released scripts
use teacher-forced option scoring. For each op-
tion, the option text is appended to the prompt;
only option tokens are scored, and the option score
is the mean token log-probability unless explic-
itly disabled. All evaluation runs use left padding,
maximum sequence length 2048, and deterministic
JSONL prediction files containing scores, proba-
bilities, predicted option, gold option, confidence,
entropy, and an unknown flag for SQUAD?2 an-
swerability.
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Group

Purpose

Coverage

Full precision

BNB-NF4

GPTQ-WikiText / GPTQ-C4
GPTQ-RandomQA / TaskRandom
DPQ-r0/r25/r50/r75/r100
DPQ-s64/5128/s256-r50
boundary-only / boundary-random

confidence / entropy / answerability-only

low-doubt / high-NLL QA
activation k-center / self-calib

temperature / score-space post-hoc
AWQ extension

unquantized reference

4-bit NF4 quantizer baseline
generic text calibration
task-formatted random QA
high-doubt ratio sweep at s=128
calibration-size sweep
boundary component controls
single-signal DPQ components
negative controls

strong data-selection baselines
post-hoc controls
quantizer-family check

all 9 datasets
all 9 datasets

WikiText all 9; C4 extended

all 9 datasets

old-core + extra-MCQA
old-core + extra-MCQA
old-core + extra-MCQA
old-core + extra-MCQA
old-core + extra-MCQA
old-core + extra-MCQA
selected core controls

old core, 8 models, 4 recipes

Table 16: Inventory of experimental groups.

Tag Nominal scale  Checkpoint

qgqwen25_05b 0.5B Qwen/Qwen2.5-0.5B-Instruct
qwen25_1p5b 1.5B Qwen/Qwen2.5-1.5B-Instruct
qwen25_3b 3B Qwen/Qwen2.5-3B-Instruct
qgwen25_7b 7B Qwen/Qwen2.5-7B-Instruct

1lama32_1b_instruct 1B
1lama32_3b_instruct 3B
1lama31_8b_instruct 8B
mistral7b_ve3 7B

meta-1lama/Llama-3.2-1B-Instruct
meta-1lama/Llama-3.2-3B-Instruct
meta-1lama/Llama-3.1-8B-Instruct
mistralai/Mistral-7B-Instruct-ve.3

Table 17: Model identifiers and nominal parameter scales.

Dataset Suite Eval. examples
ARC-Challenge Old-core 299
SQUAD?2 answerability  Old-core 1000
Truthful QA Old-core 817
ARC-Easy Extra-MCQA 570
BoolQ Extra-MCQA 1000
PIQA Extra-MCQA 1000
HellaSwag Extra-MCQA 1000
OpenBookQA Extra-MCQA 500
CommonsenseQA Extra-MCQA 1000

Table 18: Evaluation sizes after deterministic filtering
and subsampling.

GPTQ and BNB settings. GPTQ runs use
4-bit quantization through the Transformers
GPTQConfig interface with model sequence length
512, batch size 1, and at most 128 calibration ex-
amples unless the size ablation specifies 64 or 256.
The desc_act flag is off by default. The BNB
baseline uses 4-bit NF4 with double quantization
and the model dtype as compute dtype (bfloat16 if
supported, else float16).

DPQ calibration construction. Candidate
boundary pools are built from ARC-Challenge
training examples and SQUAD?2 training exam-
ples, with 512 candidates from each source before
model-specific scoring; SQUAD?2 candidates are

balanced between answerable and unanswerable
cases. Formal calibration files are built with
seed 4242, and the candidate-pool construction
uses seed 2027. DPQ ranks candidates by
margin/confidence/entropy/answerability/NLL
depending on the variant. For boundary strings,
the selected prompt is concatenated with the FP
top options. Mixed recipes allocate a fraction
of the calibration set to boundary/high-doubt
strings and the remainder to WikiText/random-QA
anchors. This formatting is kept fixed across DPQ
variants, so the reported ratio, size, component,
and negative-control ablations compare selection
choices under a shared boundary-string construc-
tion; fully separating formatting effects from
selection effects is a natural follow-up control.

Prompt format and option scoring. Multiple-
choice prompts are formatted as a question fol-
lowed by labeled choices and the string “The cor-
rect answer is”. Candidate options are scored as
label continuations. For SQUAD?2 answerabil-
ity, each prompt contains the passage, question,
and two options: “Answerable from the passage”
and “Unanswerable from the passage”. Scores are
length-normalized by default and converted to op-
tion probabilities with a softmax.
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Post-hoc controls. Temperature and score-space
post-hoc methods are evaluated from saved log-
its/probabilities. Temperature scaling is fitted per
evaluation setting for the additional temperature
check. Flexible score-space calibrators, including
option-bias, vector, matrix, Dirichlet, and isotonic
mappings, are evaluated on saved option scores.

Artifacts, licenses, and retained outputs. We
use public model checkpoints, quantization imple-
mentations, and standard NLP benchmarks for re-
search evaluation only, without redistributing the
original checkpoints or datasets. We retained pre-
diction JSONL files, summary CSVs, merged re-
ports, and derived-analysis tables; quantized check-
point directories and local caches were cleaned
during experimentation.
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