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Abstract

Auto-labeling has emerged as a popular, cost-effective alternative to manual anno-
tation. However, its performance is often highly inconsistent across different tasks,
underscoring the importance of selective strategies. Despite this, existing heuristic
methods for selective auto-labeling still rely heavily on model confidence scores
and offer no reliable guarantee on the trustworthiness of the selected examples.
To address this, we propose Conformal Labeling, a novel method that selects a
subset of auto-generated labels with a provably controlled false labeling rate (FLR).
Our key idea is to formulate selective auto-labeling as a multiple-hypothesis testing
problem, where each hypothesis indicates whether to accept the auto-generated
label for an instance. Specifically, we construct a conformal p-value for each
auto-generated label using a small calibration set, and then employ the Benjamini—
Hochberg (BH) procedure with a novel correction factor to construct the subset
with guaranteed FLR control. Theoretically, we show that our method achieves
finite-sample FLR control and asymptotically optimal statistical power among all
p-value thresholding rules. Extensive experiments on classification and open-ended
generation tasks validate the effectiveness of our method, achieving high statistical
power while strictly controlling the FLR.

1 Introduction

High-quality labeled data is essential for establishing reliable benchmarks and training high-
performing models across various tasks such as image classification [Deng et al., 2009] and question
answering [Rajpurkar et al., 2016]. Given the high cost of manual annotation, auto-labeling has
emerged as an increasingly popular alternative in real-world applications [Vishwakarma et al., 2023,
Park et al., 2024, Zhang et al., 2025]. For example, Microsoft Azure [Ramanathan et al., 2024] allows
users to leverage GPT-3.5 Turbo [Brown et al., 2020] for labeling text datasets and GPT-4V [Achiam
et al., 2023] for image datasets. However, even state-of-the-art models often exhibit highly inconsis-
tent performance across different tasks, as demonstrated by Microsoft Azure’s reported accuracies
ranging from 48% to 94% [Ramanathan et al., 2024]. Such variability makes it risky to blindly trust
all auto-generated labels, as low-quality labels can severely degrade downstream model training and
evaluation. This highlights the importance of selective auto-labeling, which identifies and retains
only high-quality subsets of auto-generated labels.

In the literature, auto-labeling methods such as CoAnnotating [Li et al., 2023] are typically built upon
simple heuristics [Wang et al., 2021]. For example, a common practice is to filter and retain samples
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whose model confidence exceeds an empirically determined threshold. Despite their cost efficiency,
the labeling quality of these methods heavily depends on the reliability of model confidence, which
can vary significantly across tasks. In other words, they provide no reliable guarantee regarding the
trustworthiness of selected examples. Consequently, this can lead to error propagation and unreliable
downstream model training or evaluation, ultimately undermining the credibility of the entire pipeline.
This motivates us to develop a selective auto-labeling method with rigorous theoretical guarantees on
label reliability.

In this work, we propose Conformal Labeling, a novel method to select a subset of auto-generated
labels with false labeling rate (FLR) control. Our key idea is to formulate the selective auto-labeling
process as a multiple-hypothesis testing problem [Shaffer et al., 1995, Walters, 2016], where each
hypothesis indicates whether to accept the auto-generated label for a sample. Within this framework,
we aim to maximize statistical power (i.e., the proportion of correctly accepted labels among all truly
correct labels) while strictly controlling the FLR at a predefined level. To this end, we construct
a conformal p-value for each auto-generated label using a small calibration set, which provides a
statistically valid measure of label reliability. Subsequently, we select the subset by employing the
BH procedure [Benjamini and Hochberg, 1995] with a correction factor, which is derived from the
calibration set for estimating the proportion of the null hypothesis. In this manner, our method greatly
enhances the power of selective auto-labeling, offering high utility for practical applications.

Theoretically, we provide formal guarantees for Conformal Labeling in terms of both FLR control
and statistical power. We establish that Conformal Labeling achieves distribution-free finite-sample
control of the FLR under the i.i.d. assumption (Theorem 3.1), thereby ensuring the reliability of
accepted labels. Furthermore, we prove that our method achieves asymptotically optimal statistical
power among all p-value thresholding rules for any fixed uncertainty score function (Theorem 3.3). In
addition, we identify the optimal uncertainty score function that maximizes asymptotic power (Theo-
rem 3.5), offering insights into designing more effective uncertainty scores for auto-labeling. Overall,
our method simultaneously achieves rigorous FLR control and high statistical power, demonstrating
strong theoretical reliability and practical utility.

To empirically validate our method, we conduct extensive experiments on seven datasets across three
labeling tasks, including image classification, LLM multi-choice QA, and open-ended generation.
Across all settings, Conformal Labeling achieves effective FLR control with high statistical power, i.e.,
accepting a large proportion of correct labels. For instance, on MATH-L5 [Hendrycks et al., 2021a]
with DeepSeek-R1-Distill-Qwen-32B [Guo et al., 2025] at a target FLR of 5%, our method achieves
an empirical FLR of 4.72%, whereas the compared method yields 11.32%. Through ablation studies,
we show that Conformal Labeling can be applied with a small calibration set, and our selection
procedure achieves significantly higher power than other selection procedures. For example, on
MATH-500 [Lightman et al., 2023] with Qwen3-4B-Thinking-2507 [Yang et al., 2025] at a target
FLR of 5%, our method achieves power of 95.27%, while the strongest baseline yields power of
43.08%. Codes are publicly available at https://github.com/ml-stat-Sustech/conformal_labeling.

We summarize our contributions as follows:

* We propose Conformal Labeling, a novel method for selecting a subset of auto-generated la-
bels with provable quality guarantees. Regardless of the Al model’s performance, Conformal
Labeling guarantees the reliability of selected labels by strictly controlling the FLR.

* We prove that Conformal Labeling achieves distribution-free finite-sample FLR control. We
further show that our method is asymptotically power-optimal among all p-value thresholding
rules for any fixed uncertainty score. In addition, we identify the optimal uncertainty score
function that maximizes asymptotic power under the FLR constraint.

* We empirically show that Conformal Labeling can select a large proportion of auto-generated
labels while tightly controlling the FLR, through extensive experiments conducted on image
classification, LLM multi-choice QA, and LLM open-ended generation tasks.

2 Preliminaries

Selective auto-labeling. We study the problem of selecting a subset of auto-generated labels
with provable reliability guarantees. Here, we give a formulation of multi-class classification as an
example, while our method also applies to open-ended generation. Let X’ denote the feature space and
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Y ={1,..., K} denote the label space. The test dataset Dyes = {X;}72,; consists of m instances,
sampled i.i.d. from a data distribution . We denote the unseen ground-truth label of instance X

as Y;. We consider a pre-trained Al model f : X — RI. For an instance X, the auto-generated
label is Y = arg max,ey f,(X), where f,(X) denotes the estimated probability of class y € ).

We aim to select as many correct auto-generated labels as possible while controlling the error
rate within the selected subset, leaving the remaining unlabeled instances to be handled by human

annotators, stronger models, or abstention. Formally, our goal is to identify a subset of indices
R C{1,--+,m} from Dyes such that the FLR is controlled at a user-specified level « € (0,1) :

FLR=E J= < 1
R max(|R], 1) =% M

where the quantity inside the expectation is the false labeling proportion (FLP), representing the
fraction of incorrect auto-generated labels in the selected set. The FLR quantifies the expected error
rate among the selected auto-generated labels, thereby providing a direct measure of label reliability.’

Since an excessively low FLR can be trivially achieved by selecting very few labels, it is also
important to evaluate whether a method selects an adequate number of correct auto-generated labels.
This aspect is quantified by the metric power:

Z;nzl 1{?] =Yj,j € R}
max (L7, 1{¥; = ¥;},1)

Power = E

@)

It should be emphasized that our method prioritizes FLR control over power, in that we strictly
enforce FLR< « to guarantee label reliability while optimizing statistical power under the constraint.

In this work, we assume access to a small labeled calibration dataset D = {(X;,Y:)} . For
convenience, we denote the test dataset as Diest = {(X,Y)) ;‘;ﬁl, where Y is not observed.
Since the labeling cost of a small dataset by human annotators is typically affordable, this assumption
is practical in real-world applications. In addition, we assume that the calibration and test samples are
drawn i.i.d. from the joint distribution Pxy. This assumption is realistic in auto-labeling because we
sample the calibration set from a large unlabeled dataset and leave the remaining data for testing. The
process ensures that calibration and test data are naturally i.i.d. In Appendix H.2, we test our method

against distribution shift to show that our proposed method is empirically robust to distribution shift.

Limitations of heuristic methods. To select high-quality auto-generated labels, existing methods
rely on heuristic confidence thresholds [Li et al., 2023, Wang et al., 2024, Xiao et al., 2023]. For
example, CoAnnotating [Li et al., 2023] allocates instances to LLMs or humans according to
self-consistency entropy, while other human-LL.M annotation pipelines rely on verifier scores or
multi-agent decisions to decide which labels should be accepted [Wang et al., 2024, Xiao et al.,
2023]. While such rules can reduce annotation cost, they provide no reliability guarantees on the
selected samples. When the Al model is inaccurate or the confidence measure is poorly calibrated, the
accepted subset may contain a substantial fraction of incorrect Al-generated labels. Such errors can
propagate to downstream training or evaluation by introducing noisy supervision or biased benchmark
labels, ultimately undermining the credibility of the entire pipeline. Besides, the line of active learning
can also reduce annotation cost, but it targets a different setting: selecting informative instances for
human annotation to improve a model under a limited labeling budget [Settles, 2009, Ren et al.,
2021]. Moreover, active learning provides no reliability guarantees on the auto-labeled subset and is
not directly applicable to LLM-based labeling due to its reliance on model updates. These limitations
motivate us to design a rigorous selective auto-labeling method with provable reliability guarantees
on the selected subset.

3In Appendix H.1, we discuss the case in which the FLP for a single run exceeds the target level under FLR control.



3 Method

3.1 Conformal Labeling

Our previous section shows that existing methods cannot guarantee the reliability of selected auto-
generated labels. To address this, we propose Conformal Labeling, a model-agnostic method for
selecting a subset of auto-generated labels with a provably controlled FLR.

Auto-labeling builds on the key insight that correct auto-generated labels tend to be associated with
low uncertainty. To quantify label reliability, our method requires an uncertainty score S : X — R,
where larger values indicate less reliable labels. For example, a natural choice of uncertainty score
in classification tasks is S(X) = 1 — maxyey f,(X) [Hendrycks and Gimpel, 2016]. This score
is a valid measure of uncertainty, since prior works establish that misclassified samples generally
receive lower maximum probability (i.e., maxy,cy f, (X)) than correctly classified ones [Hendrycks
and Gimpel, 2016, Tu et al., 2024].

Constructing conformal p-value. To provide a statistical guarantee, we formulate our problem as
the following multiple-hypothesis testing problem:

H;J : Y, 4 is incorrect  vs. HJ1 : Y, 4, is correct.

The definition of correctness is task-dependent. In image classification, an auto-generated label is
correct if it matches the ground-truth label. In open-ended verifiable tasks, correctness corresponds to
the generated output being a correct solution. In alignment tasks, correctness means that the output
aligns with human preferences. It is worth noting that rejecting the null hypothesis H JQ indicates that

(Xntjs Ynﬂ-) should be included in the selection subset, as }A’,H_ ; is deemed to be correct.

To achieve the FLR control objective, we derive p-values that are valid under each null hypothesis.

Formally, for the calibration set D.,;, we identify the mislabeled subset Dgal C D, where the

auto-generated labels are incorrect. For simplicity, we denote D°, = {(X;,Y;)},, and thus Y; is
incorrect for 7 = 1, - -+ , ng. We next construct the conformal p-values [Vovk et al., 1999, 2005] for
each test label as:
2 S < Syt H U (L3000 1{Si = Suty})
pj - 9 (3)
no + 1
where U; ~ Uniform[0, 1] are i.i.d. random variables to break ties. Under the null hypothesis that

the auto-generated label is incorrect, the conformal p-value satisfies ]P’{]ﬁj <a HJ(-J is true} < a.

Conceptually, a small p; means that ffnﬂ- has unusually low uncertainty compared with known
mislabeled examples, providing strong statistical evidence for correct labels.

Testing with an estimated correction factor. To collectively test hypotheses for all test instances
with controlled FLR, we can naively employ the Benjamini—Hochberg (BH) procedure [Benjamini
and Hochberg, 1995]. However, the standard BH procedure is extremely conservative as its theoretical
FLR bound scales with the proportion of true null hypotheses [Storey, 2002]. In our auto-labeling
setting, this means that BH controls the FLR below mga [Benjamini and Yekutieli, 2001, Bates et al.,
2023], where 7y := P(HY is true) is the probability that a test auto-generated label is incorrect. When
the deployed Al model is accurate, the effective FLR level of BH collapses toward zero, causing the
procedure to select only a small fraction of reliable labels and resulting in extremely low statistical
power. This severely undermines its practical utility for selective auto-labeling, where retaining a
sufficiently large set of trustworthy auto-generated labels is essential.

To mitigate this conservatism issue, we estimate 7y from the calibration set, building upon the

intuition that when the calibration data and test data are i.i.d., the model should achieve comparable

error rates on both datasets. In particular, we estimate 7wy with llt_’;" , and subsequently apply the

BH procedure at level 1117:2) . Concretely, let p(1) < ... < P(p,) denote the ordered statistics of the

p-values; the selection set of Conformal Labeling is R = {j : p; < p(;~)}, where
aj(n+ 1)

m(no+1) )’

with the convention that max & = 0. We summarize the whole procedure in Algorithm 1.

J* = max {j 1) < 4



Algorithm 1 Conformal Labeling

Require: Calibration set Dca1 = {(X;, Y;)}/2;, unlabeled test instances { X, ;}7;, pre-trained
model f, target FLR level « € (0, 1)
Ensure: A selected subset R with FLR control
1: Identify D2, C Da with size ng

Step 1: Compute uncertainty scores
fori=1ton +mdo

Compute uncertainty score S;
end for
Step 2: Construct conformal p-values
for j = 1tomdo

Construct conformal p-value p; according to Eq. (3)
end for
Step 3: Testing with an estimated correction factor
aj(n+1)
m(nog+1)

@0V PN LN
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: Compute j* = max { Jipy < } where p(;) is the j-th smallest p-value.

_
»

Return R = {j : p; < pj=)}

3.2 Theoretical Analysis

We first establish the finite-sample guarantee of our method. The proof is provided in Appendix A.1.
Theorem 3.1 (Finite-sample FLR control). Suppose the calibration samples (X;,Y;)"_, and test
samples (Xn+j, Yn+;)jL, areiid. For any target level a € (0, 1), let R be the selection set returned
by Algorithm 1. Define my = IP’(HJQ is true), the probability that an auto-generated label is incorrect.
Taking expectation over the randomness of the calibration and test data, the FLR satisfies:

FLR(R)<[1-(1-m)" ] a<a
1+n

Remark 3.2. Theorem 3.1 establishes that applying BH with the correction factor 5 Tng Preserves
finite-sample FLR control. The correction factor enables our method to adaptively adjust the selection
threshold according to the estimated accuracy of the Al model. As a result, our method provides
tighter FLR control than the standard BH procedure and achieves higher statistical power.

Beyond finite-sample validity, we further characterize the asymptotic FLR and power of our method
and show its power optimality under mild assumptions. The proof is provided in Appendix A.2.

Theorem 3.3 (Asymptotic power optimality). Assume that S(X) has continuous conditional distri-
butions under HY and H}. Let Go(t) :== P(p; <t | H}), G1(t) :==P(p; <t | H}). Asn,m — o,
Conformal Labeling is asymptotically power-optimal among all p-value thresholding procedures.
That is, for any thresholding procedure Ry = {j : p; < t} with FLR at most o, we have

Power, (R:) < PowerS”

00 *

More specifically, the Conformal Labeling threshold converges to

tor := sup {t €0,1]:t < % [moGo(t) + (1 — ﬂo)Gl(t)]} .

Its asymptotic FLR and power are given by

moGo(toL)
moGo(toL) + (1 — )G (toL)’
Remark 3.4. Theorem 3.3 shows that Conformal Labeling achieves optimal power asymptotically

among all thresholding rules based on the same conformal p-values, demonstrating the superiority of
our method. The superior power is also validated by our empirical results in Table 3.

FLRSY = Power X = G (tcr).

3.3 Choice of uncertainty score

Theorem 3.3 shows that, once the conformal p-values are fixed, Conformal Labeling is asymptotically
power-optimal under mild assumptions. Therefore, further power improvement mainly depends on
the choice of the uncertainty score for conformal p-value construction. We now characterize the
oracle choice of uncertainty score in Theorem 3.5. The proof is provided in Appendix A.3.
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Figure 1: Empirical distributions and power of conformal p-values under different uncertainty
scores. We compare three uncertainty scores on ImageNet with a ResNet-34 classifier: one minus
maximum softmax probability (MSP), energy, and DOCTOR-« (D,,) scores.

Theorem 3.5 (Asymptotically optimal uncertainty score). As n,m — oo, the power-maximizing
uncertainty score function for Conformal Labeling is

S*(Xpj) = IP’(H]Q is true | X4 ).

Remark 3.6. Theorem 3.5 identifies the oracle uncertainty score as the posterior probability that the
auto-generated label is incorrect. For classification, this score reduces to S*(X) = 1 — max, P, (X),
where P, (X') denotes the underlying posterior probability, not an AI model’s predicted probability.

However, the oracle score is typically unavailable due to the miscalibration of model confidence
in practice [Guo et al., 2017]. To provide practical guidance for score function designs, Figure 1
compares three uncertainty scores by visualizing their resulting p-value distributions and comparing
their power when employed with our method. We evaluate three uncertainty scores on ImageNet
using a pre-trained ResNet-34: one minus maximum softmax probability (MSP) [Hendrycks and
Gimpel, 2016], energy score [Liu et al., 2020], and DOCTOR-« score (D,,) [Granese et al., 2021].
See Appendix B for an overview of these score functions. The results show that one minus MSP
and D,, provide a clear distinction between correct and incorrect predictions, thus achieving high
power. However, the energy score fails to provide this separation, leading to low power. Since one
minus MSP achieves high power and is a practical proxy for the oracle score function, we use it as
the default uncertainty score in the main experiments.

4 Experiments

4.1 Setup

Datasets. We conduct experiments on image classification, LLM multi-choice QA, and open-
ended generation tasks. For image classification, we use ImageNet [Deng et al., 2009] and
ImageNet-V2 [Recht et al., 2019]. For multi-choice QA, we use MedMCQA [Pal et al., 2022] and
MMLU [Hendrycks et al., 2021b]. For the open-ended generation task, we use MATH-500 [Lightman
et al., 2023], MATH-LS [Hendrycks et al., 2021a], and HumanEval™ [Liu et al., 2023] to evaluate
Conformal Labeling’s performance in math reasoning and coding tasks.

Models. We conduct extensive experiments on various open-source Al models. For image labeling,
we use ResNet-34 [He et al., 2016], DenseNet-161 [Huang et al., 2018], and a Vision-Language
Model CLIP [Radford et al., 2021], which is based on a pre-trained ViT-B/32 [Dosovitskiy et al.,
2021]. For LLM QA tasks, we employ Llama-3.1-8B-Instruct [Dubey et al., 2024], Qwen3-32B
[Yang et al., 2025], and Llama-3.1-70B-Instruct. For LLM open-ended generation tasks, we use
Qwen3-4B-Instruct-2507, Qwen3-4B-Thinking-2507, and DeepSeek-R1-Distill-Qwen-32B [Guo
et al., 2025]. The sampling temperature and other hyperparameters are detailed in Appendix F.

Uncertainty scores. For image classification and LLM QA tasks, we use one minus MSP as the
uncertainty score. For open-ended generation tasks, we adopt the logits-based bottom-10% group
uncertainty score [Fu et al., 2025] in the main experiments. We also provide results under the
self-consistency-based uncertainty score for math reasoning tasks in Appendix H.4, where it achieves
higher power than the logits-based score. We provide details for these score functions in Appendix E.



Table 1: Labeling performance of Conformal Labeling on image labeling and QA tasks. We set
a = 0.1 for Conformal Labeling, and o = 0.1, ¢ = 0.2 for SGR. Bold indicates the best result.

Task Dataset Model AT only SGR Conformal Labeling
Error (%) FLR (%) Power (%) Ratio (%) FLR (%) Power (%) Ratio (%)
ResNet-34 26.71 7.45 73.17 57.98 9.82 79.44 64.60
ImageNet DenseNet-161 22.89 7.66 78.16 66.13 9.98 84.91 72.76
CLIP-ViT-B/32 40.35 4.87 23.52 15.02 9.82 45.13 29.94
Image

ResNet-34 39.04 6.63 52.03 34.05 10.00 61.97 42.03
ImageNet-V2 DenseNet-161 34.88 6.85 53.97 37.87 9.96 67.03 48.54
CLIP-ViT-B/32 47.78 2.18 6.88 3.85 9.86 35.00 20.40

Llama-3.1-8B-Instruct ~ 40.35 3.72 13.37 8.50 9.94 31.79 21.14
MedMCQA Qwen3-32B 33.44 4.64 21.93 15.68 9.93 51.70 38.31
Llama-3.1-70B-Instruct ~ 28.90 7.21 61.97 47.56 9.91 69.96 55.19

Llama-3.1-8B-Instruct ~ 35.91 6.55 45.49 31.30 9.89 57.11 40.68
MMLU Qwen3-32B 21.43 7.61 76.05 64.73 10.00 82.92 72.43
Llama-3.1-70B-Instruct  18.24 7.67 82.50 73.12 9.96 88.18 80.11

QA

Baselines and evaluation metrics. We compare our selection procedure with BH-style procedures,
including standard BH [Benjamini and Hochberg, 1995], Storey-BH [Storey, 2002], and Quantile-
BH [Benjamini et al., 2006] procedures, which target the same FLR objective. We also compare
our method with selection with guaranteed risk control (SGR) [Geifman and El-Yaniv, 2017]. Since
SGR controls mFLR rather than FLR, we view it as a contextual baseline with a related but different
reliability guarantee. Additional comparisons with probably approximately correct (PAC) labeling
[Candes et al., 2025] and two heuristic baselines are provided in Appendix H.5 and Appendix H.6. We
provide an introduction to all these baselines in Appendix C. We evaluate the selection performance
using the following metrics: (1) FLR, (2) power, and (3) selection ratio, defined as the number of
selected test labels divided by the test set size.

Implementation details. Each experiment is repeated 1000 times, and we report the mean FLR,
power, and selection ratio. For image classification and LLM multi-choice QA tasks, we randomly
select 1,000 instances as the calibration set. For open-ended generation, we use dataset-specific cali-
bration set sizes, as reported in Table 4. More details of implementation are provided in Appendix F.

4.2 Results

Conformal Labeling achieves strict FLR control with high power. Table 1 reports the labeling
performance of Conformal Labeling on image classification and LLM QA tasks. A salient observation
is that Conformal Labeling consistently controls the FLR below the target level while selecting a
substantial proportion of correct auto-generated labels. For example, on ImageNet with DenseNet-
161, our method achieves an FLR of 9.98% and selects 72.76% of test instances with a power of
84.91%. The tightest FLR control and highest power are also consistently observed in other datasets
and models. Overall, these results demonstrate that Conformal Labeling can reliably accept a large
subset of auto-generated labels while keeping the FLR below the target level.

Conformal Labeling is effective for open-ended generation tasks. Table 2 reports the labeling
performance of Conformal Labeling on open-ended generation tasks. The results show that Conformal
Labeling reliably controls the FLR below the target level while selecting substantially more correct
auto-generated labels than the baseline. For example, on MATH-L5 with DeepSeek-R1-Distill-Qwen-
32B, our method controls the FLR at 4.72% and selects 51.28% of test instances, whereas SGR
incurs an FLR of 11.32% and selects only 1.16% of instances. When the underlying model is highly
accurate, Conformal Labeling can accept nearly all generated labels while maintaining low FLR.
For instance, on HumanEval+ with Qwen3-4B-Thinking-2507, our method achieves 100% selection
ratio, whereas SGR selects only 1% of instances. This suggests that SGR can be conservative under
its theoretical guarantee, leading to an unfavorable accuracy—power trade-off, whereas Conformal
Labeling achieves high power with tight FLR control in the open-ended generation tasks.



Table 2: Labeling performance of Conformal Labeling on open-ended generation tasks. We set
a = 0.05 for Conformal Labeling, and oo = 0.05, ¢ = 0.2 for SGR. Bold indicates the best result.

Dataset Model AT only SGR Conformal Labeling

Error (%) FLR (%) Power (%) Ratio (%) FLR (%) Power (%) Ratio (%)

Qwen3-4B-Instruct-2507 6.60 1.83 45.10 43.72 491 94.75 93.10

MATH-500 Qwen3-4B-Thinking-2507 5.20 1.69 44.28 42.87 4.73 95.27 94.86
DeepSeek-R1-Distill-Qwen-32B  6.20 0.04 0.59 0.57 4.83 47.82 47.56
Qwen3-4B-Instruct-2507 8.88 0.58 6.95 6.60 4.97 78.39 75.35

MATH-L5 Qwen3-4B-Thinking-2507 4.30 2.17 52.31 51.45 4.12 97.88 97.76
DeepSeek-R1-Distill-Qwen-32B 596 11.32 1.10 1.16 4.72 51.43 51.28
Qwen3-4B-Instruct-2507 7.32 0.00 1.07 0.99 4.78 75.46 73.88

HumanEvalt  Qwen3-4B-Thinking-2507 2.32 0.59 0.99 1.00 243 100.00 100.00
DeepSeek-R1-Distill-Qwen-32B  0.61 0.00 0.99 0.98 0.67 100.00 100.00

Table 3: Comparison of selection procedures across three labeling tasks. We compare the selection
procedure of Conformal Labeling with three baselines: BH, Storey-BH, and Quantile-BH procedures.
We report results at « = 0.1 for image classification and LLM multi-choice QA, and at o = 0.05 for
open-ended generation. All values are percentages. Bold indicates the best result.

Dataset Model BH Storey-BH Quantile-BH CL

FLR  Power FLR  Power FLR  Power FLR Power
Image Classification
ResNet-34 2.60 45.39 8.51 75.57 7.93 73.44 9.82 79.44
ImageNet DenseNet-161 2.34 44.04 8.17 80.71 7.34 78.07 9.98 84.91
CLIP-ViT-B/32 3.84 19.36 8.55 40.42 8.12 39.11 9.82 45.13
ResNet-34 3.45 35.14 9.67 61.06 8.80 58.82 10.00 61.97
ImageNet-V2 DenseNet-161 3.37 28.28 922 6442 8.35 61.28 9.96 67.03
CLIP-ViT-B/32 4.16 12.51 8.86 30.75 8.34 28.75 9.86 35.00
Multi-choice QA
Llama-3.1-8B-Instruct 3.96 15.14 791 26.84 6.81 24.51 9.94 31.79
MedMCQA Qwen3-32B 2.63 10.48 6.92 34.40 6.33 31.39 9.93 51.70
Llama-3.1-70B-Instruct 2.72 30.72 7.96 63.74 6.98 60.59 9.91 69.96
Llama-3.1-8B-Instruct 3.57 29.80 7.80 50.20 7.17 48.18 9.89 57.11
MMLU Qwen3-32B 1.61 12.94 7.78 7591 6.42 70.87 10.00 82.92
Llama-3.1-70B-Instruct 1.40 15.93 7.52 81.45 5.89 76.43 9.96 88.18
Open-ended Generation

Qwen3-4B-Instruct-2507 0.33 0.10 3.50 58.66 1.83 21.11 491 94.75
MATH-500 Qwen3-4B-Thinking-2507 0.00 0.38 1.67 43.08 0.79 13.53 4.73 95.27
DeepSeek-R1-Distill-Qwen-32B 0.00 0.09 0.00 0.05 1.00 0.09 4.83 47.82
Qwen3-4B-Instruct-2507 0.00 0.08 391 52.46 1.61 10.64 4.97 78.39
MATH-LS  Qwen3-4B-Thinking-2507 0.00 0.06 2.15 56.30 1.25 3.40 4.12 97.88

DeepSeek-R1-Distill-Qwen-32B 0.00 0.04 0.00 0.02 0.00 0.04 4.72 51.43

Conformal Labeling outperforms existing selection procedures. To isolate the effect of selection
procedures, we fix the p-values and employ different selection procedures. The comparison results
in Table 3 demonstrate the superiority of our selection procedure. Conformal Labeling consistently
achieves the highest power among all the procedures while controlling the FLR. For example,
on MATH-500 with Qwen3-4B-Instruct-2507 at « = 0.05, our method achieves 94.75% power,
substantially outperforming BH, Storey-BH, and Quantile-BH, which obtain power of 0.10%, 58.66%,
and 21.11%, respectively. This corresponds to an absolute improvement of more than 30 percentage
points over the strongest baseline. In summary, our method achieves the best labeling performance,
attaining the highest power and tightest FLR control among all compared selection procedures.

How many calibration samples are needed? In Figure 2, we study how the calibration set
size affects the performance of Conformal Labeling on MedMCQA. Specifically, we vary |Dea|
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Figure 2: Labeling performance of Conformal Labeling with varying calibration set sizes on
MedMCQA with Qwen3-32B. The shaded areas represent standard deviations.

in {100,500, 1000} and report the realized FLR and power with their standard deviations. In
Appendix H.7, we also ablate how ng affects the performance of our method. The results show that
increasing the calibration set size reduces the variance of both FLR and power, leading to more stable
selection results. This effect is particularly clear when moving from |D¢a1| = 100 to |Dear| = 500,
where the shaded regions become substantially narrower. Further increasing the calibration size
to 1000 brings additional variance reduction, but the improvement is marginal, indicating clear
performance saturation. Overall, Conformal Labeling can be applied with a small calibration set.

Additional results. Due to space constraints, we defer additional analyses to the appendix. Ap-
pendix H.8 studies group-wise FLR and presents an extension of Conformal Labeling that controls
the group-wise FLR separately within each group. Appendix H.9 discusses the edge case where no
incorrect labels are observed in the calibration set (ng = 0). Appendix H.10 investigates whether the
selected labels can be used to improve the training of a neural network on a synthetic dataset.

5 Related work

Conformal Inference. Conformal inference [Vovk et al., 2005, Gazin et al., 2025, Humbert et al.,
2025] is a statistical framework characterized by distribution-free and model-agnostic theoretical
guarantees. In the literature, two popular directions have emerged: conformal novelty detection [Bates
et al., 2023, Bashari et al., 2023, Wu et al., 2025, Bashari et al., 2025, Lee et al., 2025] and conformal
selection [Jin and Candes, 2023, Gui et al., 2024]. The former aims to identify out-of-distribution
instances, with recent advances focusing on enhancing selection power by incorporating various
forms of side information [Liang et al., 2024, Marandon et al., 2024, Zhao and Sun, 2025]. The
latter aims to select candidates whose unobserved outcomes exceed user-specified values [Jin and
Candes, 2023], which has been extended to multivariate data selection [Bai et al., 2025, Hao et al.,
2026] and online data selection [Xu and Ramdas, 2024, Liu et al., 2025]. In particular, conformal
alignment [Gui et al., 2024] extends conformal selection to identify foundation model outputs that
meet a user-specified alignment criterion. However, it requires an additional training set to fit an
alignment score predictor (see Appendix H.11 for a detailed discussion). In addition, some works
have developed conformal inference techniques for classification tasks [Zhao and Su, 2023, Sun and
Xia, 2025]. For example, recent work [Zhao and Su, 2023] proposes controlling the overall error
rate in binary and multi-class classification, while a concurrent work [Sun and Xia, 2025] extends
this to control general group-wise error rates within a unified framework. In this work, we motivate
and tailor the framework of conformal selection for selective labeling and support its application to
open-ended generation tasks.

Selective auto-labeling. Selective auto-labeling is an increasingly important topic for constructing
cost-efficient high-quality datasets [Gu et al., 2012, Vrabac et al., 2022]. In the literature, several
works instantiate selective auto-labeling through human—-LLM collaborative annotation pipelines,
where model uncertainty, verifier scores, small-model predictions, or multi-agent decisions are used to
decide label acceptance [Li et al., 2023, Wang et al., 2024, Xiao et al., 2023, Qin et al., 2025]. However,
these methods determine label acceptance based on empirical heuristics without providing reliability
guarantees on the selected auto-generated labels. Another line of work studies threshold-based
auto-labeling [Vishwakarma et al., 2023], which iteratively trains a classifier and auto-labels instances
whose confidence exceeds a threshold estimated on a calibration set. Colander [Vishwakarma et al.,



2024] further learns a confidence function that better separates correct and incorrect predictions
to maximize the auto-labeling coverage. These methods rely on model retraining, which is often
infeasible for LLM-based labeling, and their selection procedure provides no theoretical guarantee
(see Appendix H.12 for a detailed discussion). A concurrent work [Candes et al., 2025] proposes
PAC labeling, which guarantees small dataset-level errors by combining Al labels with error-free
expert labels. This differs from our goal of controlling the FLR within the accepted auto-generated
labels (see Appendix H.5 for a detailed discussion). Our method is also related to selective prediction,
where a model is allowed to abstain from making predictions when uncertain [El-Yaniv and Wiener,
2010, Mozannar and Sontag, 2020, Yang et al., 2023, Kamath et al., 2020, Yoshikawa and Okazaki,
2023]. Several methods in this line of work provide guarantees on marginal FLR [El-Yaniv and
Wiener, 2010, Geifman and El-Yaniv, 2017], which is a different error measure from FLR and is less
preferred than FLR by prior researchers [Benjamini and Hochberg, 1995, Storey, 2003]. We provide
a discussion of these two error measures in Appendix H.13.

6 Conclusion

In this paper, we introduce Conformal Labeling, a statistically principled framework for selective
auto-labeling with provable reliability guarantees. Our method formulates selective auto-labeling
as a multiple-hypothesis testing problem. Within this framework, we construct a conformal p-
value for each auto-generated label using a small labeled calibration set. We further derive a novel
calibration-based correction factor to estimate the null proportion, and apply the BH procedure with
this correction factor to select reliable auto-generated labels with high statistical power. We prove
that Conformal Labeling achieves finite-sample FLR control and is asymptotically power-optimal
among p-value thresholding rules under the same uncertainty score. Extensive experiments on image
classification, multi-choice QA, and open-ended generation tasks show that our method selects a
large fraction of correct auto-generated labels while controlling FLR. We hope this work inspires
future research on trustworthy selective auto-labeling.

Limitations. Conformal Labeling relies on the i.i.d. assumption between calibration and test
samples for its FLR guarantees. Although this assumption is natural in our transductive setting and
our experiments in Appendix H.2 suggest empirical robustness under moderate distribution shift, the
theoretical guarantees do not hold when the assumption is violated. We believe it will be interesting
to develop conformal labeling algorithms that are robust to covariate shift or label shift in the future.
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A  Proofs

A.1 Proof of Theorem 3.1

Lemma A.1. (Benjamini and Yekutieli [2001], Theorem 1.2) If the joint distribution of the p-values
is PRDS on the subset corresponding to true null hypotheses, applying the Benjamini—-Hochberg
procedure at level o guarantees

FLR < ™0q,
m

where mg is the number of true null hypotheses.

Lemma A.2. Under the assumptions of Theorem 3.1, where the calibration samples (X;,Y;)"_,
and the test samples (X4, Yn+j);-":1 are independently and identically distributed (i.i.d.), and
conditional on ng (the number of true null hypotheses in the calibration set) and mq (the number of
true null hypotheses in the test set), the expected false labeling proportion (FLP) satisfies

1+n mg

E[FLP <
[ ‘no’m(ﬂfl—knom

where a € (0, 1) is the target FLR level, and the selection set R is determined by Algorithm 1.

Proof. Fix the realized values of ng and my, and let r := ng + myq. Let
To I:{ie [ﬂ]ﬁ#n}:{ll < .- <in0}
be the set of mislabeled calibration indices, and recall that
Ho={j € [m]: Vorj # Yo} = {1 < < jmo}-
Define the vector of null scores by

Z = (Zl, .. .,ZT-) = (Siﬂ. .. 78%,07 N4y 7Sn+jm0)~

We first show that Z is exchangeable conditional on (ng,mg). It suffices to prove that for any
permutation 7 of {1,...,r},

f2inomo (215 -+ -5 20) = fzing.mo (Zx(1)s -+ 5 Zn(r))
forall (z1,...,2,) € R".
To this end, for any subsets I = {u; < -+ < up,} C [n]and J = {v; < -+ < vy} C [m)], define
Ery={To=1,Ho=J}.
On the event 'y ;, we have
Z = (Surse -+ SungsSntvns+ - Sutumy )-

Therefore,

fZ\no,mo(Zla”-azr): Z fZ|E1J(Zla"'7Z7“)]P(EI,J |Tlo,TTlo).
IC[n], |I|=no
JCIm], |J|=mo

Now fix I = {u; < -+ < upytand J = {v1 < -+ < Uy, }. Under the event E; ;, the vector Z
consists exactly of the scores of those samples whose predictions are incorrect. Since the samples

(Xla Yl)a B (Xnv Yn)a (Xn+17 Yn+1)a BERE) (Xn+m7 Yn+m)
are i.i.d., and both S; and the event {YZ # Y, } are determined by the i-th sample alone, conditioning

on Ey j acts coordinatewise. Hence the coordinates of Z remain conditionally independent given
E;. 7, and each coordinate has the same conditional density f S|V£Y- Therefore,

fZ|EI,J(Zla ey 2p) = H fs\{/?gy(zk)'
k=1
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In particular, this density is symmetric in (21, . . ., 2,), so for every permutation ,

fz18:, (21, 20) = fz218; 5, (Zr(1)s - -+ Zn(r))-
Substituting this into the above mixture representation gives
fZino,mo (215 - -+, 2r) = Z fz18, , (215, 20) P(Ep g | Mo, o)

IC[n], |I|=no
JC[m], |J|=mo
Z fZ‘EI)J(ZTI'(l)7"‘7Z7T(T))]ID(EI7eI | nOamO)

IC[n], |I|=no
JEm], |J|=mo

= fZ\ng,mo (Z’Tl'(l)7 ceey ZTK‘(T))'
Hence Z | (ng, mo) is exchangeable.
Therefore, conditional on (ng, mg), the null calibration scores and the true-null test scores satisfy
the exchangeability assumption required in the split-conformal multiple-testing framework. Bates
et al. [2023] show that conformal p-values constructed from exchangeable scores are PRDS on the

subset of true nulls. Applying that result conditionally on (ng, mg), we conclude that the conformal
p-values are PRDS on the subset H,.

Algorithm 1 applies the BH procedure at level
n—+1
Q.
U0 + 1

Therefore, the standard BH guarantee under super-uniform null p-values and PRDS dependence
yields

mog n+1
E[FLP < —.
[ | 70, mo] < m ng+1

This completes the proof. O

Proof of Theorem 3.1. Under the i.i.d. assumption of Theorem 3.1, the calibration samples
(X;,Y;)i-, and the test samples (X, Yy, +;)jL, are independently and identically distributed.
This implies that each hypothesis, whether from the calibration or test set, has an equal probability
7o of being a true null, where 7 represents the probability that a prediction is incorrect.

Consequently, the number of true null hypotheses in the calibration set, denoted ng, follows a
binomial distribution ng ~ Binomial(n, ), and the number of true null hypotheses in the test set,
denoted my, follows mq ~ Binomial(m, ). The independence across the calibration and test sets
arises from the i.i.d. structure, ensuring that ny and m are independent random variables.

Using the law of total expectation, we express FLR as
FLR =E[FLP]
:]E[E[FLP | ’Ilo,moﬂ
<E mo 1+n
- m 14+ ng

a] by Lemma A.2
&)

mo

1
=E [ ] -E { trn } -« since ng and my are independent

m 1+ng
1
=mo-E [1 :_:J -« since mgy ~ Binomial(m, mp)

Now it suffices to show that y - E [11:7:;] =[1—(1—m)"*].

Since ng has probability mass function

P(ng = k) = (k>7r§(1 —Wo)n_k, k=0,1,...,n,

we compute
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k=0
— (n+ 1> k+1 n—k
= Z o (1 —mo)
n+1
1 6
= (n—; )wé(l — )"l bylettingl =k +1 ©
1=1
n+1
1 1
- Z <n Jlr >7Fé(1 ) (n :)r >7T8(1 — mo)" 170
1=0
n+1
=) P(X=1)—(1—-m)"" where X ~ Binomial(n + 1, 7)
1=0
-1 — (1 _ 7.[.0)’n+1
This completes the proof, establishing the desired bound on the FLR.
O

A.2 Proof of Theorem 3.3
Proof of Theorem 3.3. Recall that
Go(t) :=P(p; <t | HY), Gi(t) :=P(p; <t| Hj).

Let mo := P(H. ;-) is true) denote the proportion of incorrect auto-generated labels, and let 7, :=
1—m=PH Jl is true) denote the proportion of correct auto-generated labels. Let

G(t) = 7TOG0(t) + 7T1G1(t)

denote the limiting marginal distribution function of the conformal p-values among the test samples.
For any fixed threshold ¢ € [0, 1], define

V() :=> 1{p; <t, HYistrue},  Tpn(t):= > 1{p; < t, H} is true},
j=1 j=1
and
Rn(t) =Y 1{p; <t} = Viu(t) + T (8)
j=1
By the law of large numbers,
T,
VL(t) — 71-OC:O(’f)? % — 7TIG1 (t)a RmT(t) — G(t)

in probability. Hence, for any fixed ¢ with G(t) > 0,
Vm (t) Vm(t)/m 7TOG0(t> 7TOG0 (t)

R,t)Vv1l (Rn(t)V1)/m G(¥) moGo(t) + mG1(t)
Here R,,(t) — oo in probability whenever G(t) > 0. Therefore,

B WOGO(t)
FLR(t) = moGo(t) + mG1(t)’

FLP,,(t) =
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with the convention that 0/0 = 0. Similarly, if

my = Z l{H]l},
j=1
then my /m — 1, and hence
T (t
Power,, (t) = FE/)I — G1(t).

Thus
Power (t) = G1(t).
We next characterize the limiting Conformal Labeling threshold. Under the i.i.d. assumption,

n+1 1
4)

ng+ 1 o
in probability. Therefore, the BH level used by Conformal Labeling satisfies
n+1 «

_>

qn =

«
Tlo—l—l )

in probability. By the BH rule,
k = max k:pa <q i tACI—pA
= a : n__ ’ = AN
(k) m (k)

Using R,,,(P(r)) = k after randomized tie-breaking, the same rule can be written as

it}

fCL:maX{tE{ﬁh...,ﬁm}:tgqn

Now we use the continuity assumption. Since S(X) has continuous conditional distributions under
both H jo and H Jl the induced distribution functions Gy and GG are continuous. Hence

G(t) = WoGo(t) + 7T1G1(t)
is also continuous. Let @m(t) := R, (t)/m. By the Glivenko—Cantelli theorem,

sup |G (t) = G(t)] = 0

t€(0,1]

in probability. Together with ¢,, — /7y and the continuity of G, this implies that the empirical BH
self-consistency condition

t < Qném(t)

converges to its population counterpart

Consequently,

tACL — toL, tcL = sup {te [0,1] 1t < aG(t)}.
0
The continuity assumption is used here to rule out jumps in the limiting distribution G, which ensures
that the empirical threshold ¢y, converges to the fixed population threshold ¢cr..

Since tcr, — ter, and G, G4 are continuous, the fixed-threshold limits above extend to the data-
dependent CL threshold. Therefore,

moGo(tcr)
moGo(ter) + mGi(ter)’

FLRSN = Power St = G (tcr).
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It remains to prove the optimality claim. Because S(X) has continuous conditional distributions
under both H; Y'and H, the uncertainty scores S(X) have no ties almost surely and thus conformal
p-values follow a umfjorm distribution under the null. Thus,

Go(t)=t, tel0,1].
Therefore, for any thresholding rule Ry = {j : p; < t},
7TOG0 (t) ﬂ'ot

FLR(t) = W = @
If R+ has asymptotic FLR at most «, then
ot
% <a,
which is equivalent to
t< %G(t)

Thus every threshold satisfying the asymptotic FLR constraint is feasible for the limiting BH inequal-
ity. Since tcy, is the largest feasible threshold, we have ¢ < tcy,. Because (1 (t) is nondecreasing,

Powers (R;) = G1(t) < Gy (tcL) = PowerSl,

This proves the claimed asymptotic power optimality among all p-value thresholding rules satisfying
the asymptotic FLR constraint. O

A.3 Proof of Theorem 3.5

For a selection rule €; € {0, 1}, let

= Zej, Vin = Z ejl{H]Q is true}, T = Z ejl{Hj1 is true}.
j=1 j=1 Jj=1
We define Vi
Vim E[Vp,
FLR :=E FLR := .
R:= {R v 1] mELR = e

FLR is the expectation of the ratio
E[R.).

v1 , whereas mFLR is the ratio of the expectations E[V,,,] and

Proof sketch. We first prove that, under mFLR control, the most powerful rule selects instances
with the smallest posterior null probability

S*(X) :=P(H" is true | X).

We then connect this mFLR oracle result to Conformal Labeling. In finite samples, Conformal Label-
ing uses a data-dependent cutoff chosen by a step-up procedure. Asymptotically, by Theorem 3.3,
this cutoff converges to a deterministic population-level cutoff as the calibration and test sample sizes
grow. Therefore, asymptotically, Conformal Labeling is equivalent to a fixed-threshold selection rule
at the population level.

For such population-level fixed-threshold rules, the mFLR and FLR constraints are asymptotically
equivalent [Genovese and Wasserman, 2002, Sun and Cai, 2007]. Intuitively, by the law of large

numbers, V and R’” converge to E[ m] and E[ ] respectively, so the expectation of the ratio,

FLR = IE[ 7, "\l/l} approaches the ratio of expectations, mFLR = E[[V ]} Consequently, the score

that is power-optimal under mFLR control is also asymptotically power-optimal for Conformal
Labeling under FLR control. Thus, the oracle uncertainty score for Conformal Labeling is

S*(X) =P(H" is true | X),

up to any monotone transformation.
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Proof of Theorem 3.5. Let
Zj = 1{H](-J is true}

denote the indicator that the n + j-th auto-generated label is incorrect. Define
Sy = S (Xpyy) = P(Hj is true | X,y ;) = E[Z; | Xpy].
Thus S7 is the posterior probability that selecting the j-th auto-generated label is incorrect.
Consider any measurable score-based selection rule
€ = E(Xn+j) €{0,1},
where €; = 1 means that the j-th auto-generated label is selected. By the tower property,
Ele; Z;] = Ele; E[Z; | Xni;]] = Ele; " (Xn45)]-
Therefore, by exchangeability,

mFLR(¢) = =

Similarly, the expected number of true discoveries is
E[Tn] = mE[e(X)(1 — 57(X))].
Thus maximizing power under the mFLR constraint is equivalent to solving

elegz%{)é’l}E[e(X)(l —S*(X))] st Ele(X)S*(X)] < aEle(X))].

Equivalently, the constraint is
E[e(X)(S*(X) — )] < 0.
We now solve the oracle constrained problem. For a multiplier A > 0, define the Lagrangian
L(&A) = E[e(X)(1 = 57(X))] = AE[e(X)(5™(X) — a)]
= E[e(X){1 - 57(X) = A(5"(X) — )}].

Let
ex(z) :=1—5"(x) = A\(S™(z) — ).
Then
L(&A) = E[e(X)ea(X)).

For each fixed x, since €(x) € {0, 1}, choosing e¢(z) = 0 gives contribution 0, while choosing
€(x) = 1 gives contribution ¢y (x). Therefore, the pointwise maximizer is

e z) = 1{ca(z) > 0}.

The condition ¢y (z) > 0 is equivalent to

1—=5%(z) = A(S*(z) —a) >0,

1—5*(x) — AS*(z) + Aa > 0,

1+ Xa—(1+X)S*(z) >0,
$*(z) < 1—|—)\0¢,

1
where the last step uses 1 + A > 0. Hence, for each A > 0, the Lagrangian optimizer has the
thresholding form

HMa) =1 {S*(Jc) < II:AA“} .

Choosing the largest threshold satisfying the mFLR constraint gives the oracle rule
& (X) = 1{S*(X) < t}.
Therefore, the mFLR-oracle rule ranks instances by increasing posterior null probability

S*(X) =P(H is true | X),
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up to any monotone transformation.

In finite samples, Conformal Labeling does not use a fixed cutoff. Given an uncertainty score, it first
orders the test instances and then applies a BH-type step-up rule to choose the largest data-dependent
cutoff satisfying the empirical FLR constraint. Therefore, the score affects the procedure only through
the induced ordering of the test instances.

By Theorem 3.3, as n, m — oo, this random cutoff converges to a deterministic population cutoff.
Thus, asymptotically, Conformal Labeling behaves like a population thresholding rule: it selects all
instances whose score falls below the limiting cutoff. For such limiting thresholding rules, mFLR
and FLR constraints are asymptotically equivalent [Genovese and Wasserman, 2002]. Thus, the
score that is power-optimal under mFLR control is also asymptotically power-optimal for Conformal
Labeling under FLR control. Consequently,

S*(Xn4j) = P(H] is true | X))

is the asymptotically power-optimal uncertainty score for Conformal Labeling. O

B Overview of Different Uncertainty Score Functions in Figure 1

In this section, we provide an overview of three representative uncertainty score functions that are
widely used in misclassification detection: Maximum Softmax Probability (MSP) [Hendrycks and
Gimpel, 2016], the energy-based score [Liu et al., 2020], and the DOCTOR-« score [Granese et al.,
2021]. Each of these functions captures predictive uncertainty from a different perspective.

Maximum Softmax Probability (MSP). The Maximum Softmax Probability (MSP) baseline
[Hendrycks and Gimpel, 2016] proposes to use the confidence of the AI model as an uncertainty
score.
S =1-
wsp () max py (),

where p, () is the softmax probability assigned to class y for input x. The key idea is straightforward:
if the model assigns a high probability to its most likely class, the prediction is considered confident.
Although MSP is simple and effective, it has notable limitations: it only reflects the confidence in
the top-1 prediction and ignores the structure of the remaining probability distribution, which may
contain useful information about uncertainty.

Energy-based score. The energy-based score [Liu et al., 2020] is defined as

SEnergy(m) =1- log Z eXp(fU(l‘)) 5

yey

where f,(x) denotes the logit value for class y. This score is derived from the concept of energy in
statistical physics and leverages the log-sum-exp operator over all logits. Unlike MSP, which only
considers the maximum probability, the energy score integrates information from the full logit vector,
thereby providing a smoother and more informative uncertainty measure.

DOCTOR-« score. The DOCTOR-« score [Granese et al., 2021] is defined as

Se(z)=1-— Zpy(x)Q,

yey

where p,(x) denotes the softmax probability for class y. This score is inspired by information-
theoretic measures of uncertainty, as it is closely related to the quadratic Rényi entropy. The intuition is
that if the predictive distribution is sharp (i.e., one class has probability close to one), then Py (x)?
will be large, indicating low uncertainty. Conversely, if the distribution is flat (i.e., the model is
uncertain and spreads probability mass across many classes), then S, (x) will be large. Compared to
MSP, the DOCTOR-« score leverages information from the entire probability distribution rather than
only the top prediction, making it a richer measure of uncertainty for misclassification detection.
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C Compared baselines

In this work, we compare Conformal Labeling’s selection procedures with BH, Storey-BH, and
Quantile-BH procedures, which target the same FLR objective. In addition, we compare Conformal
Labeling against four baselines: selection with guaranteed risk control (SGR) [Geifman and El-Yaniv,
2017], PAC Labeling [Candes et al., 2025], confidence thresholding, and the FLLR-search heuristic.
SGR applies selective classification with risk control to our labeling setting; it searches over a grid of
confidence thresholds and uses a union bound to provide a high-probability guarantee on the marginal
selective risk. PAC Labeling selectively combines auto-generated labels with expert annotations and
provides a high-probability guarantee on the overall error rate of the final labeled dataset. Confidence
thresholding directly accepts auto-generated labels whose uncertainty scores satisfy Sy,4; < «. The
FLR-search heuristic selects the largest uncertainty threshold whose empirical FLR on the calibration
set does not exceed the target level a.

We provide detailed descriptions of these baselines below.

C.1 BH Procedure and its Adaptive Variants

Consider testing m null hypotheses HY,..., H? based on their corresponding p-values
{p1,p2; ..., pm}. For a true null hypothesis HY, the corresponding p-value p; is a random variable
that is super-uniform on [0, 1] under the null hypothesis. Formally, for any u € [0, 1],

P(p; < u | H]Q is true) < w.

Define p; as the j-th smallest p-value among a set of p-values {p1,p2,...,pm}. Given a set of

p-values {p1,p2, ..., Pm}, the BH algorithm returns R = {j € {1,...,m} : p; < %}, where « is
the target FLR level and

. . aj
j*=max{j € {1,...,m} 1p) < —1}

m
When the null p-values {p; : j € Ho} are independent, the BH procedure is proved to control
the FLR at level g« in finite samples [Benjamini and Hochberg, 1995], where mg = % is the

proportion of true nulls. The independence assumption can be further relaxed to the PRDS condition
[Benjamini and Yekutieli, 2001].

If my is small, the FLR control will be overly conservative. For example, if a classifier achieves
an 80% accuracy in the unlabeled test dataset, then my = 0.2-which leads to overly conservative
FLR control. When 7 is known, we can apply the BH procedure at level 7%0 to close the gap. In
practice, m is typically unknown. Several adaptive BH procedures attempt to address this issue by
estimating 7y and adjusting the target FLR level o accordingly. These procedures are often called the
mo-adaptive versions of the BH algorithm. Two commonly used estimators are Storey-BH [Storey,
2002] and Quantile-BH [Benjamini et al., 2006]:

m S
ﬁ_Storey()\) _ 1+ 21:1 l{pl = )‘}

A 1
0 mi—y O
AQuantk _ m_k0+1 koo {1
) ( 0) 7m(1—p(k0))7 0 { 7'~~7m}7

where A and kg are hyperparameters determined by users. In this work, we use the bootstrap method
of Storey [2002] to determine these hyperparameters; details are provided in Appendix D.

C.2 Selection with guaranteed risk control (SGR)

Let f be a fixed classifier and let ¢ : X — R be a confidence score, where larger values indicate more
reliable predictions. For a threshold 6, define the selection rule

g0(z) = H{c(z) > 0},
so that predictions are made only on instances with confidence at least 6. For a calibration set
{(z,v:)}, the empirical selective risk at threshold 6 is

Soan . doiey Wgelws) =1, flx:) # vi}
B = A o o) = 13, 1)
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The SGR algorithm searches over candidate thresholds (ordered from high to low confidence) and,
for each threshold, computes a high-probability upper bound on the true selective risk based on the
calibration data. The output threshold 6* is the largest threshold whose risk bound does not exceed
the target risk level . At test time, an instance is selected if ¢(X;) > 6*.

Theorem C.1 (Selective risk guarantee of SGR). Fix a target risk level « € (0,1) and a confidence
parameter € € (0,1). Let 0* be the threshold returned by the SGR algorithm using a calibration
set of size n. Then, with probability at least 1 — € over the draw of the calibration set, the resulting
selective classifier (f, gg~) satisfies

R(f? 90*) < q
where R(f, gg+ ) denotes the true selective risk.

In the labeling task, the risk function is defined as
B[S 1Yass # Vary and j € R}
B[S, 15 € R)

which is also known as the marginal false labeling rate (mFLR) in hypothesis testing. In the literature,
FLR control is generally preferred over mFLR control. We provide a discussion of mFLR and FLR
control in Appendix H.13.

C.3 Probably Approximately Correct (PAC) Labels

PAC labeling [Candes et al., 2025] is a selective annotation framework that combines inexpensive auto-
generated labels with expert annotations while providing a dataset-level accuracy guarantee. Given

an unlabeled dataset {X;}™_,, an Al model provides predicted labels Y; = f(X;) and uncertainty
scores U;. For an uncertainty threshold u, PAC labeling uses Al labels for low-uncertainty instances
and expert labels for high-uncertainty instances:

Yi(u) = Y, 1{U; > u} + Y;1{U; < u}.

The method estimates an uncertainty threshold @ using a small number of expert labels and a high-
probability upper confidence bound on the labeling error. At test time, instances with U; > 4 are
escalated to expert annotators, while the remaining instances are labeled by the AI model.

Theorem C.2 (Dataset-level accuracy guarantee of PAC labels). Fix a target error level o« € (0, 1)
and a failure probability € € (0,1).* Let i be the threshold returned by the PAC labeling algorithm,
and let _ .

be the resulting labels. If the mean upper-bound subroutine used by PAC labeling is valid at level
1 — ¢, then, with probability at least 1 — € over the randomness of the labeling algorithm,

1 n _

=) U, Y) <o

n -

=1
In particular, for the zero-one loss ((Y;,Y;) = 1{Y; # Y;},

I >
~Y {Yi#Y)<a
n

i=1

C.4 Confidence thresholding

Let S(X) be an uncertainty score, where smaller values indicate higher confidence. Given a target
error level o, an instance is selected if its uncertainty score satisfies

S(X) <a.

4We use o to denote the target error level and € to denote the failure probability throughout this paper for notational
consistency. This convention differs from Candes et al. [2025], where e denotes the target error level and « denotes the failure
probability.
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C.5 FLR-search heuristic baseline

Let S(X) be an uncertainty score, where smaller values indicate higher confidence. For an uncertainty
threshold ¢, we define the empirical FLR on the calibration set as

Sy U{S(m) <t, Vi # Y3}

max {ZLI 1{S(z;) <t}, 1}

The threshold is selected by searching over uncertainty values from the smallest to the largest.
Specifically, we start from the smallest possible threshold and progressively increase ¢ until the

empirical FLR on the calibration set exceeds the target level «, and then choose the largest threshold
whose empirical FLR remains below a:

FLR(t) =

t" (o) = max{t: Eﬁcal(t) <a}.
Then a test instance is selected if its uncertainty score satisfies
S(X;) < t*(«).

D Hyperparameter selection for BH adaptive variants

Both Storey-BH and Quantile-BH require careful hyperparameter selection-\ for Storey-BH and kg
for Quantile-BH-as this choice significantly impacts their performance. Following Storey [2002], we
employ a bootstrap-based method to select the optimal A or k¢ for these procedures. Further details
can be found in Section 9 of Storey [2002]. The algorithm proceeds as follows:

1. Define a grid R for the hyperparameter, i.e., R = {0.1,0.2,...,0.9} for Storey-BH.
2. For each A € R, compute:

TS . 7o(A)y
P ) = S i (=
<

where 7o(A) = 75TV (\) or 724" (A) and Pr(p
Pr(p <9).

—*,b
3. Generate B bootstrap replicates {pi"’, ..., piP}E | and compute pFLR, () for each b.
4. Estimate the MSE for each A:

N

«v) is the empirical estimate of

— 1 B ———%,b L 2
MSE(A) = = > _ ( FLRy (7) — min pFLR () ®)

5. Select A = arg minycp @(A)

E Uncertainty score functions

For the image classification task, we use the one minus maximum softmax probability (MSP) as the
uncertainty score. For the LLM multi-choice QA task, we also adopt one minus MSP, where the
estimated probability of each option is obtained by applying a softmax over the logits corresponding
to the option tokens.

Bottom 10% group uncertainty score [Fu et al., 2025].  For the open-ended generation task, we
adopt the bottom 10% group uncertainty score with a sliding-window size w = 50. Specifically, for
each generated token position ¢, let P; denote the model’s next-token distribution. We define the
token-level uncertainty as

k
1 )
Ui = E;IOgPZ(]),

where P;(j) denotes the probability of the j-th most likely token at position ¢. In our implementation,
we set k = 20.
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Given a generated response with [V tokens, we construct overlapping token groups using a sliding
window. For each position 7 € [INV], the corresponding group is defined as

G; ={max(1,i —w+1),...,i},

which consists of the current token and up to w — 1 preceding tokens. We then compute the uncertainty
of each group by averaging the token-level uncertainty values within the group:

1
Ug, =@ > U

teG;

Let G = {G;}Y, denote the collection of all sliding-window groups. The bottom 10% group
uncertainty is defined as the average uncertainty over the groups with the highest 10% group
uncertainty values:

1
Ubottom—lO = @ Z UGW
GGy

where G, denotes the set of groups with the highest max(1, |0.1N |) group uncertainty values. This
score focuses on the least reliable local segments of a generated response rather than averaging
uncertainty over the entire response. We use

S(Jj) = Ubottorn-lo (.13)

as the uncertainty score for open-ended generation, so that larger values indicate less reliable auto-
generated labels.

Self-consistency-based uncertainty. We also consider a self-consistency-based uncertainty score.
For each input, we sample multiple responses and extract their final answers. Let N be the number of
sampled responses and let [Vy,,; be the number of responses agreeing with the majority answer. The
self-consistency confidence is defined as

N, maj

This score measures how strongly the sampled responses agree on the final answer. We use its
complement,

Csc(z) =

Ssc(l‘) =1- Csc(x),
as the corresponding uncertainty score.

F Implementation details

Hyperparameter settings of LLMs. For the open-ended generation task, we configure the decoding
parameters as follows. For Qwen/Qwen3-4B-Instruct-2507, we set Temperature=0.7, TopP=0.8,
TopK=20, and MinP=0. For Qwen/Qwen3-4B-Thinking-2507, we set Temperature=0.6, TopP=0.95,
TopK=20, and MinP=0. For DeepSeek/DeepSeek-R1-Distill-Qwen-32B, we set Temperature=0.6,
TopP=0.95, and MinP=0. For experiments on the MATH-500 dataset, we additionally apply a
presence penalty of 1.0 to avoid repetitive generation. All experiments are run on NVIDIA GeForce
RTX 4090, NVIDIA L40, and NVIDIA RTX Pro 6000.

Dataset splitting strategy. For image labeling and LLM QA tasks, we randomly sample 1,000
instances from the unlabeled dataset as the calibration set. For open-ended generation tasks, we use

dataset-specific splitting strategies, which are detailed in Table 4.

Prompts for LLM multi-choice QA task. We adopt the same prompts as in Luo et al. [2025]. The
prompt is presented in Table 5.

G Extension to Regression Tasks

While our primary focus is on classification, Conformal Labeling can be naturally extended to
regression settings. Consider a loss function L(Y,Y) that quantifies prediction error-for instance,
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Table 4: Details of dataset splitting settings for open-ended generation task.

Dataset Dataset Type Dataset Size ~ Split Setting  Size
MATH-500  Math Reasoning 500 Calibration 300
MATH-L5 Math Reasoning 721 Cali;t‘)er:ttion 4312(1)
HumanEval+ Coding Task 164 Calilg);;tion 16(1?

Table 5: Prompt for LLM QA task

Dataset Prompt

LLM QA The following are multiple-choice questions. Give ONLY the correct option, no other words or explanation:

[Question] A: [Option 1] B: [Option 2] C: [Option 3] D: [Option 4] Answer: [Mask]

Algorithm 2 Conformal Labeling for Regression Tasks

Require: Calibration set Dea1 = {(X;, Y;)}/1; test instances { X4} ; pre-trained predictor f;

loss function L; loss threshold ¢; target FLR level o € (0, 1); nonconformity scores {S; }4/"

Ensure: Selected set R with FLR control
1: // Step 0: Identify calibration samples exceeding the loss threshold

. Set DY, = {(Xi,Y;) : L(Y;, Vi) > e}, and let ng = |DY,|.
. // Step 1: Construct conformal p-values
: for j = 1tomdo

Compute the conformal p-value p; according to Eq. (3).
end for
. // Step 2: Step-up thresholding
: Compute j* = max { j : p(j) < ZJ(EZTB)

}, where p;y is the j-th smallest p-value.

: Return R = {j : p; < p(j=}-

the squared error L(Y,Y) = (Y — V)2 —alongside a user-specified tolerance level . For each test
sample, we define the null and alternative hypotheses as:

HY . L(Ynij, Yoig) > € versus H} : L(Yyyj, Vo) <€

This framework generalizes the classification setting, which corresponds to the special case where
LY,Y) = 1{Y # Y} and ¢ = 0. To apply Conformal Labeling in regression, we need an
uncertainty score that reflects the model’s predictive uncertainty. While uncertainty score functions
are straightforward in classification tasks (e.g., 1 — max,ey f, (X)), regression requires alternative
approaches to obtain an uncertainty score function. For example, when using LLMs, we can leverage
their verbalized confidence or prompt them to output prediction intervals, using the interval width
as the uncertainty score. The complete procedure for Conformal Labeling in the regression task is
outlined in Algorithm 2.

We evaluate Conformal Labeling on two regression problems: sentiment analysis with GPT-40 and
protein structure prediction with AlphaFold. We use the data provided by Candes et al. [2025]. For
sentiment analysis, we prompt GPT-4o to output a prediction interval [a;, b;] for each target Y3, set
the predicted value as Y; = (a; + b;)/2, and use the interval length U; = b; — a; as the uncertainty
score. For protein structure prediction, we take experimentally derived structures as ground truth and
AlphaFold predictions as Y;. Uncertainty scores are obtained from AlphaFold’s internal confidence
measure, the average predicted local distance difference test (pLDDT). For both experiments, we
employ the L2 loss function.
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Table 6: Performance of Conformal Labeling on regression tasks at « = 0.1. Results are shown
for sentiment analysis (top) and protein folding (bottom) under different values of the tolerance
parameter e. In all cases, Conformal Labeling controls the realized FLR below the target level.

. Method
Dataset Metric CL (e =0.05) CL (e =0.06) CL (c=0.07)
Sentiment analysis FLR (%) 8.48 8.60 7.89
YSIS | power (%) 5.04 53.14 94.92
| | CL(e=1) CL (e = 4) CL (e = 9)
o FLR (%) 9.67 9.90 9.04
Protein folding Power (%) 27.24 4973 97.90

Table 7: Distribution of realized FLP over 1,000 repetitions under different calibration sizes n.
All values are percentages.

(a) MMLU, Qwen3-32B, o = 0.1. (b) MATH-LS5, Qwen3-4B-Thinking-2507, o = 0.03.
n P(FLP > «) 90th pct. FLP n  P(FLP > «) 90thpct. FLP  Power
10 42.19 21.44 10 8.60 0.00 0.40

50 44.50 15.71 50 36.71 4.62 50.58

100 46.00 13.85 100 41.89 4.27 66.99

1,000 48.30 11.44

In Table 6, we report the performance of Conformal Labeling on regression tasks with a = 0.1. In
all cases, Conformal Labeling consistently controls the realized FLR below the target level, while a
larger loss threshold e leads to higher power.

H Extensive Study

H.1 Practical interpretation of FLR control

The FLR guarantee in Theorem 3.1 is unconditional: the expectation is taken over the randomness of
both the calibration and test samples. Therefore, it does not guarantee FLR control conditional on a
realized calibration set, nor does it provide a high-probability bound on the realized false labeling
proportion (FLP) of a single run. Since practitioners typically apply Conformal Labeling once to a
fixed dataset, we empirically characterize the distribution of the realized FLP to better understand
what users can expect in a single run. Specifically, we report the exceedance probability P(FLP > «)
and the 90th percentile of FLP over 1,000 repetitions under different calibration sizes n in two
settings: (1) MMLU with Qwen3-32B at o = 0.1, a moderately accurate model, and (2) MATH-L5
with Qwen3-4B-Thinking-2507 at o = 0.03, a highly accurate model with an error rate of 4.30%.

Empirical Result. As shown in Tables 7a and 7b, as n increases, the realized FLP becomes
increasingly concentrated around a: P(FLP > «) approaches 50% and the 90th-percentile FLP
decreases towards « (e.g., from 21.44% at n = 10 to 11.44% at n = 1,000 on MMLU). Therefore,
with a moderate-sized calibration set, users can expect the realized FLP to remain close to the target
in magnitude, although it may exceed a.

Practical interpretation. In a single run, the realized FLP may be slightly above or below «, rather
than always below it. With a moderate calibration set, users can expect the realized FLP to stay close
to «, and any exceedance to be small.

H.2 Discussion of distribution shift
We emphasize that the calibration set is sampled i.i.d. from a large unlabeled dataset (a transductive

setting), leaving the remaining data for testing. Given a large unlabeled dataset, we first annotate
a small subset as the calibration set, then apply conformal labeling to guarantee the reliability of
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Table 8: Performance of Conformal Labeling under varying severity levels of ImageNet-C
Brightness corruption. "No shift" denotes that the test dataset also comes from ImageNet. Conformal
Labeling maintains stable FLR control close to target levels while power decreases with increasing
corruption severity.

a = 0.05 a=0.1
FLR (%) Power (%) FLR (%) Power (%)

Test Dataset Accuracy (%)

No shift 73.29 5.00 72.27 9.85 79.62
Severity 1 68.98 5.88 65.08 11.74 81.36
Severity 2 67.17 5.87 63.55 11.77 80.12
Severity 3 64.15 5.94 61.52 11.70 78.05
Severity 4 59.30 5.62 57.31 11.67 75.14
Severity 5 52.75 5.56 53.94 11.75 72.09

Table 9: Comparison of FLR control and power for MSP, Energy, and D,, score functions. The
experiment is conducted with a ResNet-34 model on ImageNet. Bold indicates the highest power
under the target FLR level. All methods maintain FLR close to target levels, while MSP and D,
achieve significantly higher power than the Energy score.

Method Target FLR = 5% Target FLR = 10%
FLR (%) Power (%) FLR (%) Power (%)
MSP 497 63.87 9.97 80.01
Energy 4.86 11.83 9.94 50.58
Dy 4.95 63.80 9.92 79.74

selected auto-generated labels. This process ensures that the calibration and test sets are naturally
i.i.d., satisfying the standard assumptions of conformal labeling. In other words, Conformal Labeling
generally does not encounter distribution shift in practice.

While our method cannot provide theoretical guarantees under distribution shift, we conduct an
experiment with ResNet-34 on ImageNet and ImageNet-C Brightness to evaluate its empirical
performance. In particular, we use ImageNet as the calibration set and ImageNet-C Brightness with
varying severities as the testing set. We present the performance of our method across various testing
sets in Table 8. The results show that the realized power of our method is getting worse with a higher
severity of distribution shift (may be due to the degraded accuracy), while the FLR is relatively
insensitive. This demonstrates that our method is empirically robust to moderate distribution shift.

Besides, we note that prior work [Jin and Candes, 2025] has investigated approaches for handling
covariate shifts in conformal novelty detection and conformal selection. The same idea can be
naturally incorporated into our Conformal Labeling procedure, enabling it to maintain false labeling
rate control under covariate shift. We believe it can be an interesting direction for future work if there
are some realistic scenarios with distribution shift.

H.3 Comparison of different score functions

The choice of score function only affects the power but not the strict FLR control. We present
the results of three score functions on the ImageNet dataset in Table 9. While MSP, Energy, and
D, scores lead to vastly different power, all three successfully control the FLR below the target
levels (5% and 10%). Specifically, MSP and D,, achieve high power (64% and 80% for o = 5% and
10%, respectively), whereas Energy yields significantly lower power (11.83% and 50.58%). This
demonstrates that a poor score function can incur higher data collection costs by lowering power, but
it does not compromise the statistical guarantee of FLR control.

H.4 Performance of Conformal Labeling under self-consistency-based uncertainty score

In the main experiments, we use the logits-based bottom-10% group uncertainty score because it is
broadly applicable to real-world open-ended tasks, including coding tasks where self-consistency
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Table 10: Performance of Conformal Labeling under different uncertainty scores on MATH-LS.
We compare the logits-based bottom-10% group uncertainty score with the self-consistency-based
uncertainty score. The “Error” column reports the error rate of directly using the corresponding Al-
generated labels on the entire dataset. Results are reported at o = 2.5%. All values are percentages.
Bold indicates the best result.

Logits-based Bottom 10% Group Uncertainty Self-consistency-based Uncertainty

Model

Error FLR Power Error FLR Power
Qwen3-4B-Instruct-2507 8.87 2.27 27.18 6.24 2.49 95.44
Qwen3-4B-Thinking-2507 4.30 2.43 69.26 0.78 0.79 100.00

confidence is not always well defined. For math reasoning tasks, however, self-consistency provides
a natural uncertainty measure by quantifying the agreement among multiple sampled responses.

In Table 10, we compare the labeling performance of Conformal Labeling using the logits-based
bottom-10% group uncertainty score and the self-consistency-based uncertainty score on math
reasoning tasks. Different from the logits-based score, which measures the least confident local
segments of a generated response, the self-consistency-based score measures the agreement among
multiple sampled responses. The results show that both uncertainty scores lead to valid FLR control
under the target level = 0.025, while the self-consistency-based score achieves substantially
higher power. For example, on MATH-L5 with Qwen3-4B-Instruct-2507, the self-consistency-based
score improves the power from 27.18% to 95.44%, while maintaining a comparable FLR of 2.49%.
These results suggest that self-consistency provides a more reliable uncertainty signal for math
reasoning tasks, as agreement among multiple sampled answers better reflects the reliability of the
final prediction.

H.5 Discussion of PAC labeling

Probably approximately correct (PAC) labeling [Candes et al., 2025] is a rigorous framework for
constructing cost-effective and high-quality labeled datasets using pre-trained Al models. It aims to
guarantee that the overall labeling error of the final dataset is small with high probability. To achieve
this goal, PAC labeling combines Al-generated labels with error-free expert labels. In this way, the
errors introduced by Al-generated labels can be counterbalanced by expert annotations in the final
labeled dataset to guarantee low overall labeling error.

Our work studies a different objective. Instead of controlling the overall error of a completed dataset,
we aim to select a large subset of Al-generated labels while controlling the FLR within the selected
subset. This objective is particularly relevant when the selected Al labels themselves are used for
downstream training or evaluation, and users need a direct reliability guarantee on the accepted
auto-generated labels.

This difference in objective also leads to different theoretical guarantees. PAC labeling provides
a high-probability guarantee on the error rate of the entire labeled dataset after combining Al and
expert labels. In contrast, our method provides FLR control for the selected subset of auto-generated
labels. Therefore, our guarantee does not rely on expert annotations for non-selected samples.

Due to the target difference, it is impractical to compare the performance of our method and PAC
labeling in a fair manner. Nevertheless, to provide an informal empirical comparison, we report the
FLR and power of both methods under several hyperparameter settings in Table 11. The results show
that our method effectively controls the FLR at the target level, whereas PAC labeling may exceed
the target FLR because its guarantee concerns a different error criterion.

H.6 Comparison to heuristic baselines

We compare Conformal Labeling with two heuristic baselines. (1) Confidence threshold. Given
a target FLR level «, an instance is selected if its one minus maximum softmax probability (MSP)
satisfies S(z) < a. (2) FLR search. For image classification, we compare against both confidence
thresholding and FLR search on ImageNet with a ResNet-34 classifier. For open-ended generation
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Table 11: Informal comparison between Conformal Labeling and PAC labeling. We report FLR
and power on ImageNet and MMLU. PAC labeling is not designed to control FLR; the comparison is
included only to illustrate the difference between the two objectives.

Dataset Model Method FLR (%) Power (%)
Ours (a = 0.05) 4.96 25.58
. Ours (a = 0.1) 9.94 45.57
ImageNet  CLIP-VIT-B32 b labeling (o = 0.05, ¢ = 0.1)  12.94 54.30
PAC labeling (a = 0.1, e = 0.1) 18.51 67.89
Ours (a = 0.05) 4.90 61.31
Ours (a = 0.1) 9.96 82.81
MMLU  Qwen3-32B PAC labeling (o = 0.05, ¢ = 0.1)  6.93 73.00
PAC labeling (o = 0.1, ¢ = 0.1) 11.90 86.92

Table 12: Comparison of different labeling methods on ImageNet with ResNet-34 at target error
levels o = 0.05 and o = 0.1. Conformal Labeling achieves the highest power and the tightest FLR
control among the three methods.

Method a=0.05 a=0.10

FLR (%) Power (%) FLR (%) Power (%)
Confidence threshold 2.80 57.23 3.94 66.60
FLR search 4.51 63.11 9.65 75.90
Conformal Labeling 5.00 72.27 9.97 79.91

tasks, we only compare against FLR search, because the logits-based bottom-10% group uncertainty
score used is not normalized to the interval [0, 1], making the simple rule S(z) < « for confidence
thresholding not directly meaningful.

Conformal Labeling achieves higher power than heuristic baselines under the same target FLR
level. Tables 12 and 13 report the results. On ImageNet, Conformal Labeling achieves the highest
power at both target levels, improving over FLR search from 63.11% to 72.27% power at o = 0.05,
and from 75.90% to 79.91% at o = 0.10. On open-ended generation tasks, Conformal Labeling
also consistently achieves the highest power across all model—dataset pairs, while maintaining FLR
close to or below the target level. For example, on MATH-LS5 with DeepSeek-R1-Distill-Qwen-
32B, FLR search exceeds the target level with an FLR of 5.95% and achieves only 9.19% power,
whereas Conformal Labeling controls the FLR at 4.72% and achieves 51.43% power. Similarly,
on HumanEval+ with Qwen3-4B-Thinking-2507, FLR search achieves only 43.07% power, while
Conformal Labeling achieves 100.00% power. These results show that heuristic threshold search can
be both less powerful and less reliable, whereas Conformal Labeling provides substantially higher
power together with rigorous FLR-control guarantees. Notably, we emphasize that the two heuristic
baselines cannot provide any rigorous guarantee. We believe this demonstrates the benefits of our
method compared to these heuristic baselines.

H.7 Performance of Conformal Labeling under different n,

In Figure 3, we study the effect of the number of mislabeled calibration samples ng = [D2,,|. For
each run, we keep adding calibration samples until n¢ reaches a prescribed threshold in {10, 50, 100},
and then apply Conformal Labeling to the remaining test samples.

The results show that Conformal Labeling maintains valid FLR control across different values of ny,
while larger ng leads to more stable selection performance. When ng = 10, the realized FLR remains
close to or below the target level, but both FLR and power exhibit relatively large variance due to the
limited number of mislabeled calibration samples. Increasing ny from 10 to 50 substantially reduces
the variance, as reflected by the narrower shaded regions, and also yields a modest improvement in
power. Further increasing ng to 100 brings additional stability, although the improvement becomes
more moderate. Overall, these results suggest that Conformal Labeling can be applied with a small
number of mislabeled calibration samples, while a moderate ng provides more reliable performance.
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Table 13: Comparison with FLR-search baseline on open-ended generation tasks. We compare
FLR Search with Conformal Labeling at target level o« = 0.05. All values are percentages. Bold
indicates the best power for each model—dataset pair.

Dataset Model FLR Search Conformal Labeling

FLR (%) Power (%) FLR (%) Power (%)
MATH-500  Qwen3-4B-Instruct-2507 3.07 61.08 491 94.75
Qwen3-4B-Thinking-2507 4.01 82.44 4.73 95.27
DeepSeek-R1-Distill-Qwen-32B 4.31 28.59 4.83 47.82
MATH-LS Qwen3-4B-Instruct-2507 4.28 57.46 4.97 78.39
Qwen3-4B-Thinking-2507 3.00 70.59 4.12 97.88
DeepSeek-R1-Distill-Qwen-32B 5.95 9.19 4.72 51.43
HumanEval+ Qwen3-4B-Instruct-2507 2.71 45.51 4.78 75.46
Qwen3-4B-Thinking-2507 1.36 43.07 243 100.00
DeepSeek-R1-Distill-Qwen-32B 0.67 100.00 0.67 100.00

|D8all=10 |D2al =50 |D2al =100

1.0 1.0

=
=)

FLR / Power
o
w

0.0 01 02 03 04 05 0.0 01 02 03 04 05 0.0 01 02 03 04 05
a (Target FLR) a (Target FLR) a (Target FLR)

Figure 3: Performance of Conformal Labeling under different numbers of mislabeled calibration
samples. We vary ng = |D%,| in {10, 50,100} and report the realized FLR and power across
different target FLR levels a.. The dashed line denotes the nominal target level, and shaded regions
represent standard deviations over repeated trials.

H.8 Extension to group-wise FLR control

Conformal Labeling is designed to control the overall FLR. However, this does not ensure that the
FLR is controlled within every subgroup: some groups may have group-wise FLR above the target
level. Figure 4a illustrates this phenomenon on three representative MMLU subjects. While the
overall FLR is controlled, the group-wise FLR varies across subjects, and the Machine Learning
subject exceeds the target level.

Our method can be easily extended to control group-wise FLR for each group. When group labels
are available, we partition the calibration and test data according to group membership and apply
Conformal Labeling within each group. Under the same i.i.d. assumption within each group, the FLR
guarantee applies separately to each group. As shown in Figure 4b, the group-wise extension controls
the FLR for all three subjects, demonstrating that Conformal Labeling can provide subgroup-level
reliability guarantees when needed.

H.9 Discussion of the Edge Case ny = 0

Recall that ng denotes the number of incorrectly auto-labeled examples in the calibration set. When
no = 0, there are no incorrectly auto-labeled calibration examples, and the conformal p-value in
Eq. (3) reduces to

b = Uj, U; ~ Uniform(0, 1),

for every test label. Consequently, regardless of whether the j-th test example belongs to the null
hypothesis or the alternative hypothesis, its p-value follows the same uniform distribution:

Dj | H]Q ~ Uniform(0, 1), Dj | H} ~ Uniform(0, 1).

Thus, in this special case, the conformal p-values do not separate correct and incorrect auto-generated
labels, and the uncertainty score no longer contributes to distinguishing null examples from alternative
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(a) Conformal Labeling (b) Group-wise Conformal Labeling

Figure 4. Group-wise FLR on three representative MMLU subjects. The experiments are
conducted with Qwen3-32B at o = 0.1. Standard Conformal Labeling controls the overall FLR,
while the realized FLR may vary across subjects. Group-wise Conformal Labeling successfully
controls the group-wise FLR below the target level for each group.

Table 14: Performance of Conformal Labeling on HumanEval+ using DeepSeek-R1-Distill-Qwen-
32B, conditional on the event ng = 0. The target FLR level is « = 0.01, and the overall auto-labeling
accuracy is 99.39%. All values are percentages. Even though the conformal p-values are non-
discriminative when no calibration errors are observed, our method still achieves high power with a
moderate calibration set size.

Calibration sizen FLR | ng =0 Power| ng =0

50 0.46 1.73

80 0.92 16.98
90 1.25 41.78
100 1.56 100.00

examples because there are no null calibration scores against which test scores can be compared.
This edge case can occur in practical applications when the auto-labeling model is highly accurate, so
that no errors are observed in the calibration set.

But Conformal Labeling can still achieve high power in this edge case when the calibration set has
a moderate size. To understand the selection behavior in this case, recall that Conformal Labeling
selects labels according to the step-up rule

ozj(n—i—l)}.

¥ = D <
J max {] p(]) = m(n0+1)

Although the p-values no longer separate null and alternative examples in this special case, the

procedure can still select a large number of labels when ::((s;_ll)) is sufficiently large. In particular,
when the calibration set has a moderate size, the factor &':11 becomes large when ny = 0, leading to

high selection power. Below, we provide an empirical study to illustrate this behavior.

Conformal Labeling remains effective when applied to highly accurate AI models. To empiri-
cally verify this behavior, we conduct an experiment on HumanEval+ using DeepSeek-R1-Distill-
Qwen-32B. This setting corresponds to a near-perfect auto-labeling model, with an overall accuracy
of 99.39%. We vary the calibration set size and evaluate the performance of Conformal Labeling
conditional on the event ng = 0. This conditional evaluation directly examines the edge case where
no incorrectly auto-labeled examples are observed in the calibration set. As shown in Table 14,
although the conformal p-values are uniformly distributed and therefore non-discriminative between
null and alternative examples when 1y = 0, Conformal Labeling can still achieve high power once
the calibration set size is moderate. In particular, the power increases rapidly as the calibration
size grows, from 1.73% at n = 50 to 100.00% at n = 100. Overall, these results demonstrate that
Conformal Labeling remains effective when applied to highly accurate AI models.
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Table 15: Selection results of conformal labeling with target FLR oo = 0.1.

Classifier FLP (%) Selection Size
KNN (k = 5) 9.72 6,142
MLP (100, 25) 8.85 5,715
XGBoost 9.56 4,006

Table 16: Prediction accuracy on D3 with and without conformal-labeled samples.

Classifier Training Set Accuracy (%) Improvement (%)

KNN Dy 64.92 -
D1 U Digper 69.60 +4.68

MLP D, 65.68 -
D1 U Digper 68.28 +2.60

XGBoost Dy 59.80 -
D1 U Dizper 60.06 +0.26

H.10 End-to-End Experiment with Conformal Labeling

To assess whether Conformal Labeling can facilitate training a better downstream model, we conduct
an end-to-end experiment that integrates label selection with classifier retraining. Specifically, we
evaluate whether the samples selected by Conformal Labeling can effectively augment the training
set and improve prediction performance. We adopt a synthetic dataset in this experiment to enable a
controlled evaluation setting. In particular, synthetic data allows us to generate a sufficiently large
number of i.i.d. samples from a fixed distribution, which enables us to better analyze the end-to-end
behavior of conformal labeling.

We generate a synthetic 10-class classification dataset with 27,000 samples using scikit-learn’s
make_classification function. The dataset is randomly partitioned into three disjoint subsets:

e D;: 2,000 samples used to train the initial labeling model;
* D5: 20,000 samples used for Al labeling;

* D3: 5,000 samples reserved for evaluation.

We first train a base classifier on D;. From Ds, we randomly select 2,000 labeled samples as
calibration data and apply Conformal Labeling with an FLR of a = 0.1 to the remaining 18,000
unlabeled samples. This procedure yields an Al-labeled subset D). We repeat this process using
three different base classifiers: KNN, MLP, and XGBoost. Table 15 reports the empirical false
labeling proportion (FLP) and the number of selected samples for each classifier. In all cases, the
observed FLP is well controlled below the target level, demonstrating the effectiveness of Conformal
Labeling in selecting reliable pseudo-labeled data. After obtaining D)1, We retrain each classifier
using the combined dataset D; U Dy,pe. Table 16 compares the prediction accuracy on the held-out
evaluation set D3 between models trained only on D; and those trained on the augmented dataset.

The results show that incorporating the selected samples consistently improves downstream perfor-
mance. For example, when KNN is used as the base classifier, training on D1 U D) increases
test accuracy from 64.92% to 69.60% (+4.68%). Similar gains are observed for MLP (+2.60%) and
XGBoost (+0.26%). These findings indicate that our method enables effective utilization of unlabeled
data to train more accurate models in some scenarios.

H.11 Discussion of Conformal Alignment

Conformal selection (CS) [Jin and Candes, 2023] is a screening framework that combines conformal
p-values with the BH procedure to select candidates whose unobserved outcomes exceed user-
specified thresholds. Conformal alignment (CA) [Gui et al., 2024] adapts this framework to alignment
tasks, where it trains an alignment score predictor as the nonconformity score function and selects
foundation model outputs whose unobserved alignment scores exceed a given threshold. Our work is
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motivated by the framework of conformal selection and tailors it to selective auto-labeling. However,
CS and CA cannot be directly applied to the labeling problem. Specifically, our method differs from
CS and CA in the following three aspects.

Formulation and assumptions. CS and CA are designed to select instances whose unobserved
outcomes, which are continuous variables (e.g., the alignment score in CA), exceed user-specified
values. In contrast, our method aims to select instances whose auto-generated labels are correct,
where the correctness is a discrete variable. Moreover, CS assumes that the nonconformity score
V(z,y) is monotone in the outcome y, and CA further requires a separate training set to fit the
alignment score predictor. In contrast, our method uses an uncertainty score S(x) that does not
involve the outcome and does not require a training set.

Construction of p-values. CS and CA construct conformal p-values using the full calibration set,
and establish a marginal validity guarantee:

P (p; <t, Hj istrue) <t, Vte[0,1].

0

In contrast, we construct conformal p-values using only the mislabeled calibration samples in D,

which yields a stronger guarantee conditional on each null hypothesis:
P(p; <t|Hjistrue) <t, Vtel0,1].

Thus, the two constructions provide distinct validity guarantees tailored to different testing problems.

Selection procedure. CS/CA only supports using standard BH without correction. Applying BH
with a correction factor (e.g., the Storey correction [Storey, 2002]) to their p-values is not theoretically
justified. In contrast, our method can apply a novel correction factor to the BH procedure due to the
strong null validity of the proposed p-value. As shown in Table 3, this design substantially improves
power over the standard BH procedure.

H.12 Discussion of Colander

Colander [Vishwakarma et al., 2024] is a threshold-based auto-labeling (TBAL) method that also
aims to maximize the coverage of auto-labeled data subject to an auto-labeling error constraint. In
each round of the TBAL protocol, Colander retrains the classifier, learns a confidence function jointly
with the selection threshold on held-out validation data, and selects the threshold whose estimated
error plus a standard-deviation-based safety margin falls below the target level. While this margin
helps control the error empirically, it provides no guarantee on the error of the auto-labeled subset. In
contrast, Conformal Labeling fixes the labeling model and selects the subset in a single step, which
allows it to provide finite-sample FLR control. Below, we compare Conformal Labeling and Colander
in two scenarios: (1) the selective auto-labeling setting considered in our work, and (2) the TBAL
protocol adopted by Colander.

Comparison in the selective auto-labeling setting. We use MATH-500 with Qwen3-4B-Instruct-
2507, the same calibration and test splits for both methods, and a target FLR of av = 0.05. As shown
in Table 17, both methods control the FLR below the target level, while Conformal Labeling achieves
substantially higher power than Colander (94.82% vs. 38.47%).

Comparison under the iterative TBAL protocol. We further follow the iterative TBAL protocol
of Colander, using MNIST with a LeNet classifier, 200 initial labeled samples, 20 newly queried
labels per round, and €, = o = 0.05. We replace only the threshold-selection procedure of Colander
with Conformal Labeling and keep all other components unchanged. Results in Table 18 show that
Colander controls the auto-labeling error, whereas Conformal Labeling slightly exceeds the target
level. This discrepancy may arise from two reasons: first, the i.i.d. assumption may be violated
during the iterative process; second, controlling the FLR at level « for two round-wise selected sets
does not theoretically imply that their union has expected FLR at most «.

Discussion. These results clarify that Colander and Conformal Labeling target different scopes and
are complementary rather than competing. Colander is designed for the iterative TBAL protocol,
where its learned confidence function and safety margin enable empirical error control under repeated
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Table 17: Comparison between Colander and Conformal Labeling in the selective auto-labeling
setting. Results are obtained on MATH-500 with Qwen3-4B-Instruct-2507 at target level o = 0.05.
All values are percentages. Bold indicates the best power.

Method FLR (%) Power (%)
Colander 2.18 38.47
Conformal Labeling 4.89 94.82

Table 18: Comparison between Colander and Conformal Labeling under the iterative TBAL
protocol. Results are obtained on MNIST with a LeNet classifier, where only the threshold-selection
procedure of Colander is replaced by Conformal Labeling. All values are percentages.

Method Auto-labeling Error (%)  Coverage (%)
Colander 3.45 83.74
Conformal Labeling 5.61 94.33

model updates. Conformal Labeling is designed for single-step selection with a fixed labeling model,
where it provides rigorous finite-sample FLR control and substantially higher power. Moreover,
Conformal Labeling requires neither retraining nor access to model internals for learning a confidence
function, making it directly applicable to modern LLM-based labeling pipelines.

H.13 Discussion of marginal FLR and FLR control
Let

Vi = WYy # Yoy, jER},  Rpi=>» 1{j R},
j=1 j=1
where V,,, denotes the number of incorrect auto-generated labels in the selected subset, and R,
denotes the number of selected labels. In the labeling task, the marginal FLR (mFLR) is defined as

E[Vin)
FLR =
" E[R,]’
whereas FLR is defined as v
FIR=E|—2 .
LnaX{Rm, 1}}

The FLR controls the expected realized false labeling proportion, whereas mFLR controls only the
ratio of the two expectations and therefore does not directly control the joint behavior of V,,, and
R,,. This distinction is well studied in the multiple-testing literature, where it corresponds to the
distinction between the false discovery rate (FDR) and the marginal false discovery rate (mFDR). For
example, Benjamini and Hochberg [1995] proposed the concept of FDR in favor of mFDR, because
the latter is impossible to control in the global null case [Gui et al., 2024]. Storey [2003] also pointed
out that mFDR cannot be used for controlling the joint behavior of the numerator (number of false
selections) and the denominator (number of selections).

H.14 Prompt Sensitivity Analysis

To evaluate the sensitivity of our method to prompt design, we conduct experiments using Qwen3-32B
on the MMLU dataset with three distinct prompts. The confidence measure is computed using a
logits-based approach. The three prompts share identical question and answer content but differ in
their phrasing and output format constraint. We describe each prompt in detail below.

Prompt 1. The model is instructed to answer a multiple-choice question by outputting only the
correct option without any additional text or explanation:

The following are multi choice questions. Give ONLY the correct
option, no other words or explanation:
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Table 19: Performance of our method under different prompt designs on the MMLU dataset.

Prompt | Mean FLR (%) | Mean Power (%) | Error (%)
1 9.97 82.99 21.46
2 9.94 82.58 21.48
3 10.00 79.18 22.10
Question: {question}

A: {choicel}
B: {choice2}
C: {choice3}
D: {choice4d}
Answer:

Prompt 2. The model is explicitly asked to respond with only the letter corresponding to the correct
choice, again without providing explanations:

You will be given multiple-choice questions. Respond with ONLY the
letter of the correct choice. No explanations.

Question: {question}
A: {choicel}

B: {choice2}

C: {choice3}

D: {choice4d}

Answer:

Prompt 3. The model is prompted to output only the correct option, with a different structural
layout that groups the answer choices under an “Options” header:

Answer the following multiple-choice question.
correct option (A, B, C, etc.). No other text.

Output ONLY the

Question: {question}

Options:

A: {choicel}
B: {choice2}
C: {choice3}
D: {choice4d}

Correct option:

Table 19 reports the performance of our method under the three prompt designs in terms of realized
FLR, power, and the testing error of the underlying language model. The results show that the mean
FLR remains consistently close to the nominal level across all prompt designs, indicating that the
FLR guarantee of our method is largely insensitive to prompt formulation. Besides, we notice that
prompt 3 leads to lower power than the other two prompts. This is because the LLM achieves a higher
error with this prompt. Overall, our method can be employed with LLMs under different prompts.

NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Our experimental results consistently support the claims presented in the
abstract and introduction.
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e The answer [N/A ] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.
2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitation of this work in section 6.
Guidelines:
* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.
» The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: We provide the proof of our theoretical result in the Appendix A.
Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.
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of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: We provide the implementation details to reproduce our results.
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whether the code and data are provided or not.
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to make their results reproducible or verifiable.
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appropriate to the research performed.
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nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We provide code and data for reproducing our main experiments
https://github.com/ml-stat-Sustech/conformal_labeling.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.
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* Please see the NeurIPS code and data submission guidelines (https://github.com/
ml-stat-Sustech/conformal_labeling) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//github.com/ml-stat-Sustech/conformal_labeling) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: We provide the data split information for open-ended generation tasks in
Table 4 and other information in implementation details.
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* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: Our results are provided in mean format.
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» The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.
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* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

o If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: The compute resources are provided in Appendix F.
Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Yes, we affirm that our research adheres to the NeurIPS Code of Ethics in all
aspects, including considerations related to data usage, transparency, and potential societal
impact.

Guidelines:
e The answer [N/A]| means that the authors have not reviewed the NeurIPS Code of
Ethics.
e If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discuss about the societal impacts of selective auto-labeling in the intro-
duction. What’s more, we also discuss why we need reliability guarantees for selective
auto-labeling.

Guidelines:

» The answer [N/A] means that there is no societal impact of the work performed.

* If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: Our work does not involve the release of model and dataset. Our models and
datasets are all from Torch or Hugging Face.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The dataset and model we use are both open-sourced. Our code is based on
PyTorch and vLLM.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets

has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We provide code and data for reproducing our main experiments
https://github.com/ml-stat-Sustech/conformal_labeling.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: Our work does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research

with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: Our work does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer [N/A]| means that the paper does not involve crowdsourcing nor research

with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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