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Abstract

For Large Language Models (LLMs) to be reli-
ably deployed, models must effectively know
when not to answer: abstain. Reasoning mod-
els, in particular, have gained attention for im-
pressive performance on complex tasks. How-
ever, reasoning models have been shown to
have worse abstention abilities. Taking the vul-
nerabilities of reasoning models into account,
we propose our Query Misalignment Frame-
work. Hallucinations resulting in failed absten-
tion can be reinterpreted as LLMs answering
the wrong question (rather than answering a
question incorrectly). Based on this frame-
work, we develop a new class of state-of-the-
art abstention methods called TRACE INVER-
SION. First, we generate the reasoning trace
of a model. Based on only the trace, we then
reconstruct the most likely query that the model
responded to. Finally, we compare the initial
query with the reconstructed query. Low simi-
larity score between the initial query and recon-
structed query suggests that the model likely an-
swered the question incorrectly and is flagged
to abstain. Extensive experiments demonstrate
that TRACE INVERSION effectively boosts ab-
stention performance in four frontier LLMs
across nine abstention QA datasets, beating
competitive baselines in 33 out of 36 settings.
The code is available at this repository.

1 Introduction

Large Language Models (LLMs) have demon-
strated impressive performance across various
tasks, from question answering (Li et al., 2024;
Yang et al., 2024a) and text-generation (Mo et al.,
2024; Kurihara et al., 2025) to complex problem
solving (Pei et al., 2025; Singhi et al., 2025). De-
spite such promise, LLMs also have various failure
modes, such as “hallucinating" information (Zhang
et al., 2025¢; Huang et al., 2025), generating overly
certain responses (Xiong et al., 2023; Tao et al.,
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2024), answering with conflicting or incomplete
information (Xu et al., 2024a; Tan et al., 2024),
and perpetuating social biases (Wan et al., 2023;
Taubenfeld et al., 2024). As models are deployed
in high-stakes, real-world settings with noisy, am-
biguous, or unanswerable user queries, it becomes
paramount that LLLMs also have a strong ability to
not answer questions and abstain.

Recent studies have shown that, in particular,
reasoning fine-tuned LLMs that have outperformed
in various reasoning benchmarks (Vaillancourt and
Thompson, 2024; Zhang et al., 2025b; Sprague
et al., 2024; Zelikman et al., 2022; Luo et al., 2025)
have worse abstention abilities (Kirichenko et al.,
2025; Yan et al., 2025). Chain-of-thought (CoT)
(Wei et al., 2023) prompts have been used to gen-
erate answers with step-by-step structure, called
CoT traces or reasoning traces. As a result, the
model’s outputs have more structure and templatic
processing, inherently beneficial for domains like
mathematical problem solving (Fung et al., 2023;
Yang et al., 2024b). However, there is a clear ten-
sion behind these gains on reasoning benchmarks
and the robustness of outputs (Song et al., 2025;
Zhu et al., 2025; Wang et al., 2025b), calling into
question how these reasoning models can be safely
deployed in real-world settings with queries that
should not be answered by LLMs.

Many previous abstention methods have posed
abstention as a function of uncertainty, where
a model should abstain from generating low-
confidence outputs. These abstention methods are
calibration-based. They employ techniques to es-
timate the model’s confidence and then ensure the
model abstains if the confidence score for a re-
sponse falls below some threshold (Feng et al.,
2024). Model confidence has been calculated us-
ing token probabilities (Radford et al., 2019; Gupta
et al., 2024) or even verbalized confidence from
the model itself (Lin et al., 2022; Tian et al., 2023).
While these methods are intuitive, model certainty
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Figure 1: Prior approaches often underperform absten-
tion in reasoning models.

may not be the best signal for model correctness
(Xiao et al., 2025; von Clarmann et al., 2021), as
seen by high-certainty hallucinations (Simhi et al.,
2025) where models confidently answer questions
incorrectly. Recent work has also shown that rea-
soning models are particularly miscalibrated in un-
certainty and correctness (Mei et al., 2025).

On the other hand, prompting-based and
collaboration-based approaches review model re-
sponses in an attempt to identify gaps in model
knowledge (Wen et al., 2025; Feng et al., 2024).
These approaches include appending a prompt
about whether more information is needed to an-
swer a given question or using adversarial agents
who provide conflicting information to scrutinize
the model’s initial answer. However, several works
have explored how LLM errors may be correlated
with one another (Laurito et al., 2024; Kim et al.,
2025), potentially causing issues with prompting
and multi-LLM hallucination detection. More-
over, self-correction prompts expressing distrust in
model outputs have been shown to sway reasoning
models, heavily degrading performance (Yue et al.,
2024; Lu et al., 2024; Wang et al., 2024b). Judging
biases in terms of choices and beliefs also become
exacerbated in reasoning models, where models
struggle to assess correctness and distinguish be-
tween opinion and fact (Wang et al., 2025a).

We thus propose TRACE INVERSION, an ab-
stention method that leverages reasoning traces to
mitigate LLM hallucinations for questions where
the model does not know the answer and therefore
should abstain. We introduce a new framework for

thinking about abstention in LLMs as query-based
knowledge gap detection. In our framework, an
abstention decision, or potential hallucination, is
a consequence of the model answering the wrong
question rather than the model answering a ques-
tion incorrectly. This is a unique framing applica-
ble to various abstention scenarios, such as ques-
tions that are subjective or have a false premise.
First, we generate the reasoning trace of a model.
Based on only the trace, we then reconstruct the
most likely query that the model responded to. Fi-
nally, we compare the initial query with the recon-
structed query. Low similarity between the initial
query and reconstructed query suggests that the
model likely answered the question incorrectly and
is flagged to abstain. We perform extensive exper-
iments on nine datasets across domains with four
diverse models.
Our contributions are mainly three-fold:

* We introduce a new query misalignment
framework to think about hallucinations in ab-
stention as LL.Ms answering a different ques-
tion than the one posed by the user.

* We provide a novel state-of-the-art method in
abstention by inverting reasoning traces, re-
sulting in accuracy gains by an average 8.7%.

* We perform comprehensive experiments on
nine datasets spanning various abstention sce-
narios, four frontier LLMs, and comparison
against five strong baselines.

2 Related Work

Chain-of-Thought (CoT) CoT reasoning (Wei
et al., 2023) has significantly impacted the unlock-
ing of complex capabilities in language generation.
By explicitly eliciting a series of intermediate rea-
soning steps, in the form of a scratchpad (Nye et al.,
2021) or interpretable window, CoT has become
a powerful tool in enhancing the performance of
LLMs on tasks that require structured and logical
processing (Lightman et al., 2023; Lee et al., 2025).
(Hu et al., 2024) studies this through a theoreti-
cal lens by showing CoT as a statistical estimation
process, where a model using CoT operates as a
Bayesian estimator. The success of CoT prompt-
ing isn’t limited to few-shot scenarios; with the
improved pre-training and instruction-following ca-
pabilities LLMs can act as zero-shot reasoners too,
invoked effectively by appending “Let’s think step
by step" before answering (Kojima et al., 2022).
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Limitations of Chain-of-Thought While the “in-
terpretable window" of human-like step-by-step
reasoning appears to offer an understanding into
the internal thinking of LLMs, recent studies (Chen
et al., 2025; Arcuschin et al., 2025; Turpin et al.,
2023) have revealed this interpretability to be su-
perficial. The perceived effectiveness of this inter-
pretability might not align with the model’s true
internal workings (Bhambri et al., 2025; Korbak
et al., 2025). This also introduces gaps in multi-
lingual capabilities (Barua et al., 2025) and has a
tendency for reasoning to become brittle for out-
of-distribution data (Zhao et al., 2025). The latter
situation inadvertently leads to the phenomenon of
overthinking, where CoT creates an imperative for
the model to produce an unnecessary and elaborate
chain of tokens even in situations when it lacks
the necessary understanding or information about
the query, thereby reducing the model’s problem
solving capabilities (Wu et al., 2025).

Model Abstention As use of LLMs has exploded
in various user-facing applications while the in-
terpretability of such models remains limited, the
greater community has steered into enforcing relia-
bility mechanisms that address ‘abstention’ (Wen
et al.,, 2025; Kirichenko et al., 2025), a meta-
capability enabling a model to decline providing a
definitive answer for uncertain, unanswerable, or
potentially harmful prompts. (Tomani et al., 2024)
have investigated the model’s ability to detect its
own knowledge gaps and to signal uncertainty as
a safeguard against overconfidence or hallucinated
generations. Even with a model’s statistical un-
certainty (via token probabilities), semantic un-
certainty, or verbalized uncertainty (Xiong et al.,
2023; Xu et al., 2024b; Lin et al., 2022), they often
fail to correlate faithfully with actual correctness
(Madhusudhan et al., 2025; Yadkori et al., 2024).
(Feng et al., 2024) overcomes this limitation by
exploring multi-LLM collaboration rather than re-
lying on a single monolithic model. By leveraging
multiple LLMs, these approaches can collectively
identify the knowledge gaps and trigger absten-
tion with different modes. The goal with such
approaches is to mitigate the deficiencies of in-
dividual LL.Ms, such as knowledge gaps, biases,
and under-representations of diverse data. How-
ever, multi-LLM approaches may suffer from error
correlation (Kim et al., 2025; Laurito et al., 2024),
self-bias (Xu et al., 2024c; Panickssery et al., 2024),
and other documented LL.M-as-judge limitations

(Wang et al., 2024a; Szymanski et al., 2025).

Model Inversion A closely related line of work
studies model inversion, where one attempts to re-
construct an input prompt or query from model
outputs. Morris et al. (Morris et al., 2023) formal-
ize language model inversion as recovering hidden
prompt tokens from next-token distributions. A
recent study (Nazir et al., 2025) strengthens this
perspective by improving inversion using compact
representations of next-token distributions across
multiple decoding steps. More broadly, generative
approaches such as Gen-Z (Kumar et al., 2023)
also use the reverse direction of conditioning—
reasoning from generated text likelihoods back to
label or query semantics. Our setting is related
in spirit, since we also reason from generated text
back to an implied query, but uses reconstructed
query intent from reasoning traces as a signal for
query misalignment and abstention rather than for
privacy applications.

3  Query Misalignment Framework

We propose thinking about abstention errors in
models as a consequence of models answering the
wrong question. Rather than thinking about absten-
tion decisions as a consequence of a “knowledge
gap" that can be identified by confidence evalua-
tion or reviewing model answers, we propose a
query-based approach. When models answer a
question without sufficient knowledge, models are
answering a misinterpreted query: a different ques-
tion than the intended query posed by the user (see
Figure 2). In addition to typical knowledge gaps
perspective (Wen et al., 2025), this framing applies
across various abstention scenarios (Kirichenko
et al., 2025):

* Unanswerable question: A question without a
documented, consensus answer. The question
would remain unanswerable despite added
context. When a model answers an unan-
swerable question, it is likely hallucinating
the intent or content of the actual query.

* Underspecified context: Questions about a
context which lacks key required details. The
question would be answerable if the context
gave more information, and the model may
hallucinate such information that is not speci-
fied in the original query.

* Underspecified aim: Questions where it’s un-
clear what the user intended. The model may
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. Original query: Whatwas Julius Caesar’s last thought?
unanswerable question

Interpreted query: Whatwere Julius Caesar’s last words?

Reasoning trace: <think> Julius Caesar is a famous historical figure... The question asks
for his last thought... Shakespeare... well-known events and quotations associated with
him. The most salient memory is his alleged last words, ‘Et tu, Brute?... the closest
related fact is his last words. Therefore, | output ‘Et tu, Brute?’ <think>

o Original query: |f Sam makes $50/hr, how much
underspecified context money does he make in a week?

Interpreted query: |f Sam makes $50/hr and he works
40 hours per week, how much

money does he make in a week?

Reasoning trace: <think> Sam earns $50 per hour. The question asks about weekly
earnings... A standard full-time week is often 40 hours, so Sam must work 40 hours.
Multiplying 50 by 40 gives 2000. Therefore, | output $2000.<think>

. . Original query: |s Python better than Java?

underspecified aim

Interpreted query: |s Python considered a better
programming language for
learning data science thanJava?

Reasoning trace: <think>The question asks if Python is better than Java... Python is
often associated with machine learning and data science, which may be why user is
asking... Python has more libraries and support, so | output Python better for the
beginner-friendliness. <think>

Original query: Are tigers’ eggs bigger than chicken'’s

false premise eggs?

Interpreted query: Are tiger salamanders’ eggs bigger than

chicken’s eggs?

Reasoning trace: <think> Tigers and eggs... Tiger salamanders lay eggs... These eggs are

much smaller than chicken eggs... Final answer: Tigers’ eggs are smaller than chicken eggs.

<think>
What is the best movie of all time?

Interpreted query: What is the highest rated movie
across critics' and audience polls of

all time?
Reasoning trace: <think> The Godfather, The Shawshank Redemption, and Citizen Kane
consistently rank at the top across critics' polls (like AFI, Rotten Tomatoes) and audience

favorites (like IMDb) due to their storytelling, impact, and technical mastery. So if | had to
pick one... highest rank is The Godfather. <think>

Model answering a question when it does not know the answer

Model answering the wrong question

Figure 2: Examples of how distinguishing between a user query g compared to model query ¢* can reveal
hallucination patterns. The three questions on the left are questions that are unanswerable, hence the model
should abstain. We then include examples of how the reasoning trace can provide specific insight on how the
model misinterpreted the query. Then, the model-interpreted query (reconstructed from the CoT trace) reflects
any misinterpretation of context, intent, or meaning of the initial question. Issues with LLM generation such as
hallucinating information, generating overly certain responses, providing conflicting information, and perpetuating
social biases are all contained within this error detection system.

hallucinate details of what the user intended.

* False premise: Questions predicated on an in-
correct or false statement. Models that answer
may misinterpret the false statement as reality
or a modified version of the false premise.

* Subjective: Questions where the correct an-
swer depends on personal opinion or experi-
ence. Models may misinterpret these ques-
tions as asking about general public opinion
or a specific characteristic that it hallucinates
about the user.

4 Trace Inversion

Our approach builds on the observation that
reasoning-style generations, such as Chain-of-
Thought traces, may provide a window into how
models interpret user queries. We frame LLMs as
generative models that first resolve the user query ¢
into an internal interpretation ¢* before generating
an answer from py(y|q¢*). In this view, abstention
should be triggered not by self-evaluating errors
or quantifying uncertainty in p(y|q*) but instead
evaluate if there is misalignment between ¢ and ¢*.
If there exists a large distance between ¢ and ¢*,
the model is answering the wrong question. As
such, an LLM should abstain if the query answered
by the LLM ¢* is not equivalent to user q.

( N\
Step o: User queries model A

Q: We ordered 18 pizzas. Each pizza has 4 or
more slices. If there are 36 of us.How many
slices of pizza are there altogether?

Step 3: Compare the reconstructed
query and original query

Q*: We ordered 18
pizzas. Each pizza
has 8 slices. There
are total 36 people
eating the pizzas.
How many slices of
pizza are there forall
the people? 5

Q: We ordered 18
pizzas. Each pizza
has 4 or more slices.
If there are 36 of
us.How many slices
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altogether?
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~
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Figure 3: Overview of our three step approach. We
provide an example of how our method particularly
detects subtle hallucinations in a reasoning trace by
comparing the user query ¢ with the model-interpreted

query q*.

First, we generate the reasoning trace of a model
from user query ¢. Based on only the trace, we then
reconstruct the most likely query that the model ¢*
responded to by prompting the LLM (see Appendix
B.4. Finally, we compare the initial query with the
reconstructed query. Low similarity between the
initial query and reconstructed query suggests that
the model likely answered the question incorrectly
and is flagged to abstain (see Figure 3).
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To compare the distance (similarity) between the
initial query and reconstructed query, we use an
ensemble through majority voting of the following
three methods:

* Sentence embedding similarity (SE Module):
We embed ¢ and ¢* using the sentence trans-
former model all-MinilLM-L6-v2 and com-
pute the cosine similarity of the two vector
representations ¥, and ¥, as the similarity
score.

e LLM assessment (TrInv-LLM Module): We
prompt the LLM to compare ¢ and ¢* for sim-
ilarity in terms of intent, framing, and context
provided.

e Groundedness detection with Granite
Guardian (GROUND Module): We use the
groundedness risk detection capability of
Granite-Guardian-3.3-8b (Padhi et al., 2024)
to assess whether ¢* is grounded in ¢q. The
risk flag “yes” suggests that the questions
are not the same and thus the model should
abstain.

5 Evaluation

5.1 Experimental Settings

Datasets. We use nine QA datasets across var-
ious domains and abstention scenarios (see Ap-
pendix A.l1 for details): MMLU (Hendrycks
et al., 2021); Knowledge Crosswords (Ding et al.,
2024); Hellaswag (Zellers et al., 2019); Propa-
ganda (Piskorski et al., 2023); Bias Benchmark for
Question Answering (BBQ) (Parrish et al., 2022);
‘Misconceptions’ task from BIG-Bench (Srivastava
et al., 2023); Quail (Rogers et al., 2020); GSM-MC
(Zhang et al., 2024; Cobbe et al., 2021); UMWP
(Sun et al., 2024). These datasets vary in the nature
of abstention expected of a model. For example,
certain datasets like GSM-MC contain all questions
with a concrete answer varying difficulty, where
the model is expected to abstain when it does not
have the knowledge to answer. In three datasets,
there are a mix of questions with concrete answers
and unanswerable queries (underspecified ques-
tions, subjective questions, etc.): UMWP, Quail,
and BBQ.

Evaluation Metrics. We evaluate our model

using Abstain Accuracy (A-Acc), defined
as TPHTU@LT;%JFFN (Feng et al, 2024).

Abstain Accuracy mea- CORRECT  INCORRECT

sures the correctness
of abstention decisions.
That is, an LLM should
abstain when it would
produce an incorrect an-
swer and should not ab-
stain when it would give a correct answer. We
provide supplemental results with the Reliable Ac-
curacy (correctness of answered questions) in Ap-
pendix C.1 where Reliable Accuracy is %

ANSWERED TN EN

ABSTAINED FP TP

positive flag = abstention decision

LLMs. We conduct experiments with four mod-
els: phi-4 (Abdin et al., 2024), Qwen2.5-32B
(Team, 2024), DeepSeek-R1-Distill-Qwen-32B
(DeepSeek-Al et al., 2025), and gpt-oss-120b (Ope-
nAl, 2025). We provide the model specifics in
Appendix A.2.

Baselines. We compare TRACE INVERSION
against five baselines: Calibration-based: PROBS
(Radford et al., 2019; Liang et al., 2023) and ASK
CALI (Tian et al., 2023); Prompting-based: RE-
FLECT (Ji et al., 2023); Collaboration-based: CO-
OPERATE (Feng et al., 2024) and COMPETE (Feng
et al., 2024). Baseline implementation and selec-
tion is further discussed in Appendix B.

5.2 [Experimental Results

In Table 1, we present the Abstain Accuracy results
for four LLLMs evaluated on nine datasets.

TRACE INVERSION achieves state-of-the-art
performance.  Our proposed TRACE INVER-
SION outperforms the strongest baseline in 33
out of 36 settings (across four models and nine
datasets), achieving an average accuracy improve-
ment of 8.7% over the best-competing method in
these 36 settings. We find that TRACE INVER-
SION improves performance across all four rea-
soning models, with particularly impressive perfor-
mance with DeepSeek-R1-Distill-Qwen-32B and
gpt-0ss-120b: we hypothesize that the trace recon-
struction warrants a stronger base LLM. That be-
ing said, TRACE INVERSION results in an average
11.6% accuracy increase for the phi-4 model across
the 9 datasets and 9.5% accuracy increase for the
Qwen2.5-32B model.

Not all domains are created equal.  Consis-
tently across methods and models, we observe de-
graded abstention abilities for Reading Compre-
hension and Biases & Safety domains compared
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Math & Knowledge

Comprehension

Biases & Safety

Method MMLU GSM UMWP Overall‘ KC HS Qu Overall‘ Mis Prop BBQ Overall‘overall
PHI-4
PROBS A77 509 488 491 |.451.666.303 473 |.512.624 .332 489 | .484
ASKCALI 471 504 506 .494 |.550.612.307 .490 |.552.618.299 .490 | .491
379 541 438 453 |.633.771.405 .603 |.455.515.411 .460 | .506
COOPERATE 424 685 420 510 |.504.718 .414 .545 |.369.598 .422 463 | .506
COMPETE 578 .547 516 547 |.426.690 .533 .550 |.467.600.312 .460 | .519
TRACE INVERSION 712 .733 757 .734 |.663.830.694 .729 |.649.710.614 .643 | .702
QWEN2.5-32B
PROBS J741 711 512 .655 |.329.551.397 .426 |.456.641.498 .532 | .538
ASKCALI 711 .684 .601  .665 |.473.513.319 .435 |.451.647.401 .500 | .533
.689 731 .639 .686 |.618.610.305 .511 |.415.621 .411 .482 | .560
COOPERATE .637 725 420 594 |.516.618.345 .493 |.322.603 424 .450 | .512
COMPETE .688 747 .656 .697 |.509.672.488 .556 .667.704 .490 .620 | .624
TRACE INVERSION .719 .850 .788 .786 |.789.712.717 .739 |.670.734.668 .691 | .738
DEEPSEEK-R1-DISTILL-QWEN-32B
PROBS 770 739 .600 703 |.653.622.412 .562 |.503.644 .487 .545 | .603
ASKCALI 765 784 .601 717 |.557.454.317 443 |.511.672.404 529 | .563
748 744 639 710 .633.611.510 .585 |.510.618.310 .479 | .591
COOPERATE .849 715 722 .762 |.707.718 .298 .573 [.488 .511.420 473 | .604
COMPETE 784 647 556 .662 |.329.488.301 .373 |.583.605.338 .509 | .515
TRACE INVERSION 915 .883 .812 .870 |.616.731.612 .653 |.713.712.602 .676 | .733
GPT-0SS-1208B
PROBS 767 799 577 714 |.617.632.417 555 |.614.624 .408 .549 | .606
ASKCALI 725 804 501 .677 |.552.682.414 .549 |.588.590.426 .535 | .587
759 739 533  .677 |.438.623.305 .455 |.615.644 413 557 | .563
COOPERATE 749 817 520 .695 .704.812.312 .609 |.607.590.388 .528 | .611
COMPETE 7188 .847 .614 750 |.616.691.590 .632 |.588.611 .487 .562 | .648
TRACE INVERSION .885 .851 .778 .838 |.585.814.640 .712 |.711.804.695 .737 | .762

Table 1: Abstain Accuracy of abstain strategies on nine datasets and four LLMs. Each number reported is the
average of three seeds. We group the nine datasets (MMLU, GSM, UMWP, K-Crosswords, Hellaswag, Quail,
Misconceptions, Propaganda, and BBQ) according to domain and provide aggregate results per domain and across
all datasets. Best results in bold and second best in underline. Approaches are color-coded per category: calibration,

, collaboration, and our method. TRACE INVERSION achieves the best performance in 33 out of 36

settings.

to the Math domain. In addition to TRACE IN-
VERSION outperforming in accuracy by 5.4% in
the Reading Comprehension domain and 11.0% in
the Biases & Safety domain, TRACE INVERSION
also is more consistent, demonstrating the small-
est performance gap between worst domain and
best domain by nearly 5% compared to other base-
lines (see Figure 4). Questions that require ab-
stentions show largest performance differences.
Across the board, all baseline methods underper-
form on the three datasets containing unanswerable
queries (UMWP, Quail, and BBQ) compared to
other datasets in the same domain. Trace Inversion
only shows a 3% to 6% drop in performance for
unanswerable queries as opposed to the average
baseline drop of 13% to >20% (see Table 2).

Average Performance by Domain and Method

02 /// \\\
777 W\
(L

0.0-

Maths & Knowledge Comprehension Biases & Safety

Probs AskCali Reflect ®m Cooperate ®m Compete BE Trace Inversion

Figure 4: Abstain Accuracy of each domain and method
averaged across four LLMs.
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Method Math & Knowledge Comprehension Biases & Safety
PROBS 0.1449 0.1829 0.1460
ASKCALI 0.1288 0.2099 0.1961
0.1040 0.2359 0.1629
COOPERATE 0.1796 0.3199 0.0975
COMPETE 0.1178 0.0746 0.1964
TRACE INVERSION 0.0347 0.0517 0.0681
Average (Baselines) 0.1350 0.2046 0.1598

Table 2: Performance gap between datasets with only answerable queries and datasets also containing unanswerable
queries by domain and method. The gap is calculated as the difference between average performance on answerable
datasets and average performance on UMWP for Math & Knowledge, Quail for Comprehension, and BBQ for
Biases & Safety. Scores are averaged across all four LLMs per method. Positive values indicate that answerable

datasets are easier than those containing unanswerable queries.

Math & Knowledge Comprehension  Biases & Safety
Method MMLU GSM UMWP Overall‘ KC HS Qu Overall‘ Mis Prop BBQ Overall‘overall
AVERAGED ACROSS 4 LLMSs
SE 848 .841 .839 .842 |.533.721.605 .620 |.555.617.616 .596 | .686
TrInv-LLM 749 785 720 751 |.704.788.707 .733 |.569.598 .624 .597 | .694
GROUND .684 747 556 .662 |.686.780.590 .685 |.667.800.790 .752 | .704

TRACE INVERSION .808 .829 .784

.807 |.663.772.666 .700 |.686.740.645 .690 | .732

Table 3: Ablation of TRACE INVERSION by looking at the Abstain Accuracy performance of the method with
individual distance metrics. Performance is averaged across all four LLMs to show overall patterns. Best results in
bold and second best in underline. Model specific results are reported in Appendix C.2.

5.3 Ablation Studies
5.3.1 Query Misalignment Metric Analysis

Whether a model’s reconstructed query is mis-
aligned from the user query is determined with an
ensemble of three modules. To evaluate the effec-
tiveness of this query misalignment measurement,
we conduct ablation experiments with the three
modules individually: 1) Sentence embedding sim-
ilarity (SE), 2) LLM assessment (TrInv-LLM), and
3) groundedness detection (GROUND).

Domain differences are evident by module. Ta-
ble 3 shows clear domain specialization for each
module. SE demonstrates impressive performance
in Math & Knowledge datasets at an average 84.2%,
beating other individual modules and the ensem-
ble method. However, we see a steep drop in per-
formance for the two other domains. Analyzing
the steps of our three step inversion process, we
note that this is a consequence of the SE method
performing well when hallucinated context and de-
tails are uncovered (e.g., hallucinating necessary
details to solve an unanswerable math problem),
as the sentence embeddings are vastly different
representations. However, with more subtle dif-
ferences in intent or framing of a question, SE un-

derperforms. For example, consider the following
original query from the BBQ dataset: “I saw a
grandson and their grandfather last week
outside the Walmart trying to book a cab
on Uber. Who was not comfortable using the
phone?"” The gpt-oss-120b model reconstructs the
following query: “I saw a grandson and their
grandfather last week outside the Walmart
trying to book a cab on Uber. Who is more
likely to not be comfortable using the
phone?”. The SE metric does not capture this sub-
tle difference in the intent of the query, whereas
the GROUND module does. TrInv-LLM demonstrates
the best performance in Comprehension datasets,
appealing to the reasoning and logical benchmarks
at an average 73.3%. The GROUND module has the
highest performance in Biases & Safety datasets
(75.2%), which is in line with expectations from a
guardrail model.

Majority voting for the ensemble outperforms
individual modules overall. While individual
modules exceed performance in specific domains,
the ensemble method outperforms individual mod-
ules overall at 73.2%. By leveraging distinct met-
rics that perform well on specific domains, our
TRACE INVERSION method serves as a versatile
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Math & Knowledge

Comprehension Biases & Safety

Method  Variant MMLU GSM UMWP Overall] KC HS Qu Overall] Mis Prop BBQ Overall] O¥erall
AVERAGED ACROSS 4 LLMS

PROBS Regular 689 .690 544 641 |512.618.382 .504 |.521.633.431 529 | .558
+ CoT prompt .673 .645 504 607 |.474 618 344 479 |.531.593 417 514 | 533
AskCap;  Regular 668 .694 552 638 |.533.565.339 479 |.526.632.383 513 | .543
+ CoT prompt .659 .648 544 617 |.520.530.310 .453 |.501.587.378 .489 | .520
Regular 644 689 562 632 [.581.654.381 .538 |.499.600.386 .495| .555
+ CoT prompt .625 .677 540 614 |.557.608.352 .506 |.480.569 .365 471 | .530
Cooprrar Regular 665 736 .520 .640 |.608.716.342 .555 |.447.576 413 478 | .558
+ CoT prompt .638 712 504 618 |.607.667 334 .536 |.458.532.422 471 | .542
co Regular 710 .697 586 .664 |.470.635.478 528 |.576.630.407 .538 | .576
MPETE | CoT prompt 706 .658 .534 = .633 |.445.645 .436 .509 |.556.597 385 513 | .552

Table 4: Ablation of baseline methods with regular prompting (just the query from the dataset) versus additionally
appending a CoT prompt. Abstain Accuracy of abstain strategies on the nine datasets, averaged across four LLMs.
Lower of the two values (comparing between Regular and + CoT prompt) are in red. Model specific results are

reported in Appendix C.3.

abstention method.

5.3.2 Baselines with Reasoning Traces

When employing the baselines in our experiments,
we use standard prompting with questions from the
datasets rather than CoT prompting, both because
of the answer extraction schema conventionally
used for these baselines (Feng et al., 2024) and ev-
idence that reasoning-style outputs lead to worse
abstention abilities (Kirichenko et al., 2025; Zhang
et al., 2025a). For completeness, we also provide
the results of using CoT prompting and the result-
ing reasoning traces for each of the baselines. We
employ the following prompt:

[ Provide step-by-step reasoning, with ‘Step 1:’,
‘Step 2:°, etc. followed by ‘Final answer:.’

CoT prompting degrades the abstention accu-
racy of baselines. As seen in Table 4, all base-
lines demonstrate worse abstention accuracy with
CoT prompting across almost all datasets, with
an average 2.6% decrease in abstention accuracy.
We again see that our method TRACE INVERSION
outperforms existing abstention baselines. Addi-
tionally, this shows that existing abstention meth-
ods are not well-suited for frontier models with
reasoning-style outputs.

6 Conclusions and Future Work

We propose a novel framework for hallucinations in
abstention as Query Misalignment: models halluci-
nate when they answer the wrong question. With
this framework in mind, we create a new method

TRACE INVERSION which reconstructs a query
based on the model response to identify misalign-
ment in the response. Extensive experiments on
nine datasets with four LLMs demonstrate that our
method, TRACE INVERSION, achieves state-of-the-
art performance in various abstention settings. In
future work, we aim to explore additional absten-
tion scenarios, such as stale and harmful questions.

Limitations

Our approach, TRACE INVERSION, leverages rea-
soning traces to help LLMs make abstention deci-
sions. Our method was created to be particularly
suitable for reasoning models. While it requires
prompting LLMs three times, leading to higher
inference costs compared to simpler prompting
approaches, it is still not the most computation-
ally expensive method compared with previous ap-
proaches like COOPERATE and COMPETE (Feng
et al., 2024). To mitigate the cost, we also show the
performance of simpler distance metrics rather than
the ensemble model, which reduces the number of
prompting requests while maintaining competitive
performance.

Furthermore, our Query Misalignment Frame-
work in Figure 2 provides a general framework for
formulating the abstention task. Our framework
may not be applicable to all types of hallucina-
tions. As an example, models may have unfaithful
reasoning or answer-rationale inconsistency where
reasoning is sound throughout but still provide an
incorrect final answer. Future work could explore
additional types of abstention scenarios like harm-
ful prompts.
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A Experimental Details

A.1 Dataset Details

Each question included in our study comprises a
prompt (including a question and an optional con-
text), an “answerable flag” binary label, and op-
tional reference answers for samples where absten-
tion is not required. All datasets are capped at
a max size of 3500 samples, using uniform sub-
sampling (with a fixed set of indices) for datasets
exceeding this limit. The following datasets were
implemented as part of our study.

* MMLU (Hendrycks et al., 2021) is a multiple-
choice dataset for general knowledge QA in-
cluding elementary mathematics, US history,
computer science, law, and more.

* Knowledge Crosswords (K-Crosswords)
(Ding et al., 2024) is a geometric knowledge
reasoning benchmark consisting of incom-
plete knowledge networks bounded by struc-
tured factual constraints.

* Hellaswag (Zellers et al., 2019) tests com-
monsense natural language inference.

* Propaganda (Piskorski et al., 2023) tasks
LLMs with identifying the 23 persuasion tac-
tics in a long news article based on their inter-
nal knowledge.

* Bias Benchmark for Question Answering
(BBQ) (Parrish et al., 2022) contains ques-
tions about stereotypical associations in both
fully specified and underspecified contexts,
where the fully-specified form may negate
the stereotype. We consider questions with
missing or ambiguous context as should ab-
stain and those with sufficient information as
should not abstain.

* ‘Misconceptions’ from BIG-Bench (Srivas-
tava et al., 2023) measures whether a model
can discern popular misconceptions from the
truth.

* Quail (Rogers et al., 2020) is a reading com-
prehension dataset containing answerable and
unanswerable passage-based questions

* GSM-MC (Zhang et al., 2024) is a multiple-
choice dataset constructed by collecting an-
swers and incorrect predictions on GSM8K
from 60 open-source models.

* Unanswerable Math Word Problems
(UMWP) (Sun et al., 2024) has questions
drawn from other math datasets and modified
to be unanswerable.
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A.2 Model Details

Model Initialization. We support multiple large
language models (LLMs) through a unified initial-
ization function. The implementation maps human-
readable names (e.g. qwen_32b) to their respective
HuggingFace or vLLM model checkpoints. Mod-
els are loaded with bfloat16 precision and GPU
memory utilization capped at 80% for efficiency.
Chat-oriented models (e.g., DeepSeek, Qwen) are
automatically wrapped with their tokenizer’s chat
template. For gpt-oss-120b, we set the reasoning ef-
fort parameter to ‘medium’. Our code also enables
easy integration of new models.

Sampling Parameters. Responses are generated
with configurable temperature (I'" = 0.1 by de-
fault), a maximum of 1024 new tokens, and op-
tional token-level probabilities. The code supports
exponential backoff retries (up to 10 attempts) to
ensure robustness against API or inference errors.
We perform three experiments for each approach,
model, and dataset triplet with three seeds 0, 1,and
2.

Answer Parsing. Since models may return het-
erogeneous outputs, we implement rule-based an-
swer parsing with multiple heuristics (e.g., “An-
swer: A”, “The correct answer is B”, or isolated
multiple-choice options). Responses that cannot be
parsed are labeled with a sentinel “Z” to indicate
incorrectness. Across all nine datasets, less than
3% of responses were not parsed.

B Baseline Details

B.1 Calibration-based baselines

For confidence estimation methods, we use a held-
out development set H = {(g;, ai)}f\il. For each
question g;, the LLM produces an answer a; =
LLM(g;) and calculate a confidence score p; €
[0, 1]. We define correctness labels as

1
Y = 0

Candidate thresholds are taken from a dis-
cretized grid 7 = {0.01,0.02,...,0.99}. For
each threshold ¢t € T, we apply the abstention
rule and compute the abstain error

abstain, ; < T,

if a; = a;,
if a; # a;.

Qj, bi > ta

E(t) =) 1(p: < tAy; = 1)+1(p; > tAy; = 0).
i=1

The first term in F(t) penalizes unnecessary ab-
stentions on correct answers, while the second
penalizes failures to abstain on incorrect answers.
The abstention threshold is then chosen as p* =
arg minge7 E(t). At inference time, the model an-
swers if p; > p* and abstains otherwise (Feng et al.,
2024). The following two methods use internal
calibration and verbalized calibration to estimate
model confidence.

Token probability (PROBS) We compute the
confidence score p; for a question using the top-
k token probabilities over the entire answer span
where P is the language model’s predicted token
distribution at the final answer index. Let L denote
the length of the answer span, and P;(j) denote the
probability of the j-th top token at position ¢ in the
span. Then:

]
S

1 L
pi = Z
t=1

This averages the log probabilities over both the
span length and the top-k tokens at each position.
We use k& = 5 for this baseline.

k
Zlog P(j)
=1

AsK for calibration (ASKCALI) The confidence
score p; is the LLM-provided calibration estimate
(Tian et al., 2023). Full prompts for each method
are provided in Appendix B.4.

B.2 Prompting-based baseline

Previous studies show that LLMs may have prelim-
inary capabilities of evaluating their own answer
(Kadavath et al., 2022). The following baseline
utilizes LLMs to assess and review the model’s
own outputs. Based on the model’s assessment, an
abstention decision is made.

Self-reflection (REFLECT) We prompt the LLM
to self-reflect (Ji et al., 2023) directly after its gen-
erated answer with “The above answer is: A. True
B. False”. LLMs should abstain when they deem
the generated answer a; as false.

B.3 Collaboration-based baselines

Collaborative baselines (Feng et al., 2024) are an
extension of prompting baselines where multiple
LLMs are used to arrive at an abstention decision.
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Cooperative system (COOPERATE) We gener-
ate k experts from the LLM on domains dy, . . ., d
through prompting-based self-specialization (Feng
et al., 2024). We prompt the LLM to generate
a knowledge passage ; about g; with a focus on
domain d;. A domain-specific feedback is then
generated by prepending the knowledge passage
fj = LLM(knowledge,, g;, a;) and prompting the
model to respond as a reviewer. The model ab-
stains when domain experts conflict with the initial
response.

Competitive system (COMPETE) Given initial
answer a; for question ¢;, we prompt the LLM
to generate k alternative answers b = {b1,...by}.
We then instruct the LLM to answer ¢; again with
conflicting information from an answer in answer
set b prepended (Feng et al., 2024). This process is
repeated for each of the k alternative answers, and
the LLM should abstain if the answer changes in a
majority of cases.

B.4 Prompts for methods

We provide the exact prompts we employed in the

study in the order they first appear (see Table 5).
For our trace inversion procedure, we use the

following prompt for reconstructing the model:

rQuery Reconstruction Prompt You are a
puzzle solver. Given the following reasoning
trace, reconstruct the initial question by
interpreting the steps in the reasoning trace. Do
not answer the question.

Reasoning Trace:

{reasoning trace}

Reconstructed query:

The following prompt is used for the TrInv-LLM
distance metric.

TrInv-LLM Do the following two prompts
convey the same framing, intent, and context?

Prompt 1: {q1}
Prompt 2: {q2}

Select YES or NO:
Final answer:

C Supplemental Experimental Results

C.1 Reliable Accuracy Results

Table 1 reports Abstain Accuracy (A-Acc), defined
as rprnrprry (Fengetal., 2024). Abstain Ac-
curacy measures the correctness of abstention de-
cisions. That is, an LLM should abstain when it
would produce an incorrect answer and should not
abstain when it would give a correct answer. In
Table 6, we report the Reliable Accuracy: the cor-
rectness of answered questions. Reliable Accuracy
is defined as %

TRACE INVERSION has the highest Reliable Ac-
curacy in 31 out of 36 settings. Similar to our find-
ings with Abstain Accuracy, our TRACE INVER-
SION method continues to be the most consistent

compared to all baselines across domains.

C.2 Complete Query Misalignment Metric
Analysis

In Table 7, we provide the model specific results
from Table 3. These results also show the com-
parative domain specialization of SE for Math &
Knowledge and GROUND for Biases & Safety. Addi-
tionally, with larger models DeepSeek-R1-Distill-
Qwen-32B and gpt-o0ss-120b, we see that the en-
semble variant actually outperforms the individual
SE module for the Math & Knowledge datasets,
demonstrating that the relative performance of the
other modules is stronger in the Math & Knowl-
edge domain with a stronger base LLM.

C.3 Complete Baselines with CoT Analysis

Lastly, we provide a complete table showing the
degradation of Abstain Accuracy when using CoT
prompts with the baselines (see Table 8). The disag-
gregated results highlight the extent of CoT degra-
dation in certain settings. For example, the RE-
FLECT method demonstrates a 11.8% decrease in
Abstain Accuracy for gpt-oss-120b on the MMLU
dataset and 14.0% decrease for phi-4 on the BBQ
dataset.

13321



Method Prompt

Provide your best guess for the following question. Give only the guess.
Example: {most likely guess}.
ASKCALI  Question: {question}.
[LLM-generated answer].
Provide the probability your guess is correct.
Probability: [LLM-generated probability in [0, 1]].

Question: {question}. Answer: [LLM-generated proposed answer).
REFLECT Is the above answer correct? A. True  B. False.
Final answer: [LLM-generated A/B].

Question: {question}. Answer: [LLM-generated proposed answer].

For each domain in {"factual”, "commonsense”, "mathematical”}, generate
domain-specific knowledge.

Knowledge: {generated domain knowledge}

Question: {question}.

Answer: {generated proposed answer}.

Review the proposed answer and provide feedback on correctness.

Feedback 1: {expert 1};...; Feedback k: {expert k}.

Based on feedback, is the proposed answer correct? A. True  B. False.

Final answer: [LLM-generated A/B].

COOPERATE

Question: {question}. Answer: [LLM-generated proposed answer].

If multiple-choice, randomly select an unchosen option; otherwise propose an alternative
answer.

Alternative answer: [alternative answer].

Generate supporting knowledge.

Knowledge: [generated alternative passage].

Answer the question using this knowledge. New answer: [new generated answer].

If the new answer matches the original, set abstain=False; otherwise set
abstain=True.

COMPETE

Table 5: Exact LLM prompts used for each method.
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Math & Knowledge Comprehension Biases & Safety

Method MMLU GSM UMWP Overall| KC HS Qu Overall| Mis Prop BBQ 0vera11\0"era“
PHI-4
PROBS 545 584 .614 581 |.463.634.363 .487 |.439.636.522 .533 | .533
ASKCALI 404 585 711  .567 |.626.588 .358 .524 |.598 .538 .358 .498 | .530
412 466 .669 516 |.591.757 .550 .633 |.449 422 .522 464 | .538
COOPERATE 428 .682 .634 581 |.532.731.656 .640 |.272.677 .601 .516 | .579
COMPETE .565 555 725 .615 |.445.757.687 .630 |.451.602.531 .528 | .591
TRACE INVERSION .741 .778 .824 .781 |.606.782.648 .679 |.597.787.809 .731 | .730
QWEN2.5-32B
PROBS 758 777 .635 723 |.408 .651.528 .529 |.456.706.560 .574 | .609
ASKCALI 669 .683 .804 718 |.517.522.565 .535 |.382.654.527 .521 | .591
681 .633 780 .698 |.522.670.492 .561 |.506.648 461 .538 | .599
COOPERATE .661 727 .611 .666 |.433.697 .554 .561 |.297 .612.601 .504 | .577
COMPETE 594 711 .897 734 |.416.684 .621 .574 |.572.731.573 .625 | .644
TRACE INVERSION .812 .797 .999 .869 |.718.746 916 .793 |.735.760 .585 .693 | .785
DEEPSEEK-R1-DISTILL-QWEN-32B
PROBS 853 793 708 .785 |.720.596 .569 .628 |.471.568.570 .536 | .650
ASKCALI 783 770 799 784 |.548 .358 .457 .454 |.559.716.596 .624 | .621
738 730 .844 771 |.565.576.663 .601 |.521.587.381 .496 | .623
COOPERATE .894 660 .886 .813 |.626.804.397 .609 |.565 .464 .479 .503 | .642
COMPETE 784 738 707 743 |.381.566.354 434 |.537.551.508 .532 | .570
TRACE INVERSION .930 .894 .889 .904 |.762.818.689 .756 |.793.760.579 .710 | .790
GPT-0SS-120B
PROBS .850 .867 .812 .843 |.639.533.626 .599 |.634.718.527 .626 | .690
ASKCALI 742 842 .623 736 |.544 774 .635 .651 |.551.533.566 .550 | .646
821 .677 782 .760 |.414 .684 .523 .541 |.590.597 .648 .612 | .638
COOPERATE 820 792 584 732 |.663.894 .463 .673 |.628 .501.514 .548 | .651
COMPETE 805 .807 .757 .790 [.669 .732.689 .697 |.577.679.650 .635 | .707
TRACE INVERSION .854 941 .919 .905 |.677.899.757 .778 |.661.729 .831 .740 | .807

Table 6: Reliable Accuracy of abstain strategies on nine datasets and four LLMs. Each number reported is the
average of three seeds. We group the nine datasets (MMLU, GSM, UMWP, K-Crosswords, Hellaswag, Quail,
Misconceptions, Propaganda, and BBQ) according to domain and provide aggregate results per domain and across
all datasets. Approaches are color-coded per category: calibration, , collaboration, and our method.

Math & Knowledge Comprehension  Biases & Safety

Method MMLU GSM UMWP Overall] KC HS Qu Overall] Mis Prop BBQ Overall] OVerall
PHI-4
SE 876 .798 .865 .846 |.538.727.619 .628 |.567.608.656 .610| .695
TrInv-LLM 710 743 752 735 |.684 .774 7723 727 |.555.556.639 .584 | .682
GROUND .638 721 .556 .638 |.658.760.609 .675 |.696.826.772 .765| .693
TRACE INVERSION 712 .733 757 = .734 |.663.830.694 .729 |.649.710.614 .658| .707
QWEN2.5-32B
SE 855 902 .795 .851 |.473.698 .638 .603 |.570.632.579 .594| .683
TrInv-LLM 737 763 7707 736 |.727.798.724 .750 |.580.623.659 .621| .702
GROUND 702 775 583 .687 |.662.784.535 .660 |.691.748.753 .731| .693
TRACE INVERSION .719 .850 .788 .786 |.789.712.717 7139 |.670.734 .668 .691| .739
DEEPSEEK-R1-DISTILL-QWEN-32B
SE .812 .823 .800 .812 |.552.770.558 .627 |.545.636.627 .603| .680
TrInv-LLM 771 .856 720 782 |.724 .811.725 .753 |.552 .580.603 .578| .705
GROUND 692 764 524 .660 |.657.816 .611 .695 |.627.818.814 .753| .703
TRACE INVERSION 915 .883 .812 .870 |.616.731.612 .653 |.713.712.602 .676| .733
GPT-0SS-120B
SE .849 841 .896 .862 |.569.689.605 .621 |.537.592.601 .577| .687
TrInv-LLM 778 777 7701 752 1.681.769 .657 .702 |.589.632.595 .605| .687
GROUND 704 729 561 .664 |.767 .761 .606 .711 |.653.808.820 .760 | .712
TRACE INVERSION .885 .851 778 .838 |.585.814.640 .680 |.711.804.695 .737| .751

Table 7: Ablation of TRACE INVERSION by looking at the Abstain Accuracy performance of the method with
individual distance metrics. Each number reported is the average of three seeds. Performance is shown for each of
the four LLMs. Best results in bold and second best in underline.

13323



Math & Knowledge Comprehension Biases & Safety

Method  Variant MMLU GSM UMWP Overalll KC HS Qu Overall| Mis Prop BBQ Overall|

Overall

PHI-4
b Regular 477 509 488 491 [.451.666.303 473 |.512.624 332 489 | .485
ROBS + CoT prompt 449 426 395 423|424 .548 286 .419 |.404.559 236 400 | .414
ASKC Regular 471 504 506 .494 |.550.612.307 .490 |.552.618.299 .490 | .491
SKCALL L CoT prompt 390 394 494 426 |.475.565.169 403 |.574.613.220 469 | .432
Regular 379 541 438 453 .633.771.405 .603 |.455.515.411 460 | .505
+ CoT prompt 278 487 380 381 (.556.794 388 .579 |.495 411271 392 | 451
Cooprr ot Regular 424685 420 510 |.504.718 414 545 369 .598 422 463 | .506
+ CoT prompt 442 643 385 490 |.408 .691 .394 498 |.400.601 398 466 | .485
Covprern  Regular 578 547 516 547 |.426.690.533 .550 |.467.600.312 460 | .519
OMPETE  { CoT prompt .507 424 558 | 497 |.403.669.468 .513 |.423.508.279 404 | 471
QWEN2.5-32B
PROBS Regular 741 711 512 .655[.329.551.397 .426 |.456.641 498 532 | .537
ROB + CoT prompt 7103 577 418 =566 |.339.501.381 .407 |.394.581.416 464 | 479
ASKC Regular 711 .684 601 .665 |.473.513.319 435 |.451.647.401 .500 | .533
SKCALL 4 CoT prompt 682 582 .619 = .628 |.426.463 .230 .373 |.443 .625.323 .464 | .488
Regular 689 731 639 686 |.618.610.305 .511 |.415.621.411 .482| .560
+ CoT prompt .646 .669 .549 = .622].536.625.236 .466 |.382.562.334 426 | .504
c o Regular 637 725 420 594 |.516.618.345 493 .322.603 .424 450 | 512
OOPERATE { CoT prompt 639 .674 406 = .573 |481.608 .288 .459 |.348 .544 414 436 | .489
Covpern  Regular 688 747 656 697 [.509.672 488 .556 |.667.704.490 .620 | .625
+ CoT prompt .629 590 .623 614 |.545.614.492 551 |.596.608 427 544 | 569
DEEPSEEK-R1-DISTILL-QWEN-32B
PROBS Regular 770 739 600 703 |.653.622 412 562 |.503 .644 487 545 | .603
+ CoT prompt 706 .594 .528 .610 |.622.501 .404 .509 |.368.618 .411 .466 | .528
AskCaL Regular 765 784 601 717 |.557 454 317 443 |.511.672.404 529 | .563
S + CoT prompt 735 .687 .568 = .663 |.498 .445.198 380 |.506.658.335 .500 | .514
Regular 748 744 639 710 |.633.611.510 .585 |.510.618.310 .479 | .591
+ CoT prompt .679 .637 .537 618 |.637.582.429 550 |.519.496.192 402 | .523
Cooprr ars Regular 849 715 722 762].707.718.298 574 |.488.511.420 473 | .603
+ CoT prompt 861 .593 755 736 |.594.690.241 .508 |.484 444 396 .441| .562
Covprr  Resular 784 647 556 662 |.329.488.301 .373 |.583.605.338 .509 | 515
+ CoT prompt 731 570 514 605 |.313.466.297 .359 |.465.547 317 .443 | .469
GPT-0SS-120B
b Regular 767 799 577 714 |.617 .632 417 .555 |.614.624 .408 549 | .606
ROBS + CoT prompt 738 731 511 = 660 |.571.522 417 503 |.550.526.284 453 | .539
AskCaLy  Resular 725 804 501 .677 |.552.682.414 549 |.588 .590 426 .535| .587
+ CoT prompt .653 741 532 642 | 497 647 344 496 |.604.592 343 513 | .550
Regular 759 739 533 677 |.438.623.305 455 |.615.644 413 557 | .563
+ CoT prompt .641 718 462 .607 |.355.602.227 .394 |.632.559.335 .509 | .503
Cooprr ot Regular 749 817 520 695 |.704.812.312 .609 |.607 .590.388 .528 | .611
+ CoT prompt 754 754 534 681 |.585.767 266 .539 |.584.604.299 496 | 572
Covprrn  Regular 788 .847 614 750 |.616.691 .590 .632 |.588.611.487 .562 | .648
“TE § CoT prompt 705 763 .636 701 |.575.655.590 .607 |.456.533 413 467 | .592

Table 8: Abstain Accuracy of abstain strategies on nine datasets for each of the four LLMs. Each number reported
is the average of three seeds. We group the nine datasets (MMLU, GSM, UMWP, K-Crosswords, Hellaswag, Quail,
Misconceptions, Propaganda, and BBQ) according to domain and provide aggregate results per domain and across
all datasets. Approaches are color-coded per category: calibration, , collaboration, and our method.
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