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Abstract

Speech large language models (Speech LLMs)
are increasingly expected to reason in everyday
spoken interactions, where users often revise
task conditions through self-correction. Un-
like ordinary disfluencies, self-corrections alter
the premise structure of a problem: obsolete
conditions must be discarded, while final cor-
rected conditions must guide reasoning. We
formulate this setting as self-corrected speech
reasoning and study it as a condition-update
problem. We construct SCUR-Bench (Spoken
Condition-Update Reasoning Benchmark), a
controlled Chinese benchmark of 13,295 in-
stances organized by reasoning difficulty and
self-correction difficulty, and introduce a three-
path diagnostic protocol to analyze speech-side
recovery, condition use, and reasoning. Our
analysis reveals a recurrent failure pattern in
current Speech LLMs: corrected conditions
may be perceived, transcribed, or even men-
tioned, yet still fail to serve as active premises
in reasoning. We term this final-condition adop-
tion failure. A controlled English parallel evalu-
ation exhibits the same recovery—adoption gap,
providing preliminary evidence that this failure
is not unique to Chinese. To mitigate it, we pro-
pose PACER!, a perception-aware condition-
enhanced reinforcement framework based on
GRPO. On Qwen2.5-Omni-7B, PACER re-
duces end-to-end error and condition-related
errors by 39.8% and 67.5%, respectively, rela-
tive to the untrained baseline.

1 Introduction

Speech large language models (Speech LLMs)
have recently progressed from speech recognition
and audio understanding to end-to-end speech inter-
action and speech reasoning, moving closer to real-
world voice-based interaction with users (Zhang
et al., 2023; Rubenstein et al., 2023; Tang et al.,
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2024; Chu et al., 2024, 2023; Xie and Wu, 2024,
Zeng et al., 2024; Fang et al., 2025; Xu et al.,
2025). However, natural speech often contains
self-corrections, where a speaker states a condi-
tion and later revises it. Unlike filled pauses or
repetitions, self-corrections change the operative
task constraint: models must suppress obsolete con-
ditions and reason with the final valid ones. We
therefore formulate self-corrected speech reasoning
as a condition-update problem.

Existing studies have evaluated Speech LLMs
in terms of audio understanding, spoken reason-
ing, and disfluency robustness, showing that cor-
rections, restarts, and repetitions can substantially
degrade model performance (Gupta et al., 2021;
Liu et al., 2025; Gosai et al., 2025; Lin et al., 2026;
Modi et al., 2026). However, most evaluations
focus on aggregate degradation under broadly dis-
fluent speech. They rarely trace how self-correction
changes the model’s condition state, nor do they
clearly distinguish failures caused by speech per-
ception, logical reasoning, or failure to adopt the
corrected final condition. As a result, controlled
data and evaluation protocols for fine-grained di-
agnosis in self-corrected speech reasoning remain
limited.

To address this gap, we construct a controlled
diagnostic benchmark for Chinese self-corrected
speech reasoning. Inspired by text-based reason-
ing QA and complex reasoning benchmarks that
control difficulty through reasoning steps, variable
counts, and logical branches (Weston et al., 2015;
Cobbe et al., 2021; Wu et al., 2025), our bench-
mark organizes examples along two dimensions:
self-correction complexity and reasoning difficulty.
Each example includes structured condition annota-
tions. We further design a three-path diagnostic pro-
tocol that analyzes model behavior across speech
perception, logical reasoning, and final-condition
adoption, enabling fine-grained behavioral diagno-
sis.
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Figure 1: Dataset construction pipeline for SCUR-Bench. Seed problems are augmented into surface-diverse variants
while preserving intrinsic reasoning difficulty and condition-update structure; the examples therefore illustrate
structure-preserving augmentation rather than cross-domain generalization. Each stage combines Al-assisted
generation with manual quality control, followed by iterative inspection and regeneration when needed.

Our analysis shows that errors in Chinese self-
corrected speech reasoning are not fully explained
by speech perception or text-based reasoning alone.
Across the evaluated models, we observe a recur-
ring condition-state update error pattern, which
we call final-condition adoption failure. In such
cases, corrected information may be recoverable
from speech, transcribed, or even mentioned in
the response, but still fail to serve as an active
premise in the reasoning chain. Under our eval-
uation setting, condition-related errors constitute
an important source of end-to-end speech reason-
ing failures, suggesting that the evaluated Speech
LLMs do not yet consistently demonstrate reliable
condition-state updating over self-corrected spoken
input.

To mitigate this issue, we propose PACER,
Perception-Aware Condition-Enhanced Reinforce-
ment for Speech Reasoning, a GRPO-based opti-
mization framework (Shao et al., 2024). Inspired
by perception-aware optimization (Wang et al.,
2026b), PACER does not aim to improve general
ASR accuracy. Instead, it combines structured
condition-aware rewards with speech-evidence con-
trast, encouraging sensitivity to speech-side infor-
mation that may affect condition-grounded reason-
ing while promoting the use of final valid con-
ditions. Experiments show that PACER reduces
condition-related errors and improves end-to-end
robustness under self-corrected spoken input com-
pared with final-answer-only reinforcement.

The main contributions of this work are as fol-
lows:

* Diagnostic task and benchmark. We for-

mulate self-corrected speech reasoning as
a condition-update problem and construct
SCUR-Bench, a controlled benchmark with
structured condition annotations and a hierar-
chical three-path diagnostic protocol.

* Failure diagnosis. We identify final-condition
adoption failure as a recurring pattern among
the evaluated Speech LLMs: corrected infor-
mation may be recoverable, transcribed, or
mentioned, yet still fail to serve as an active
premise in subsequent reasoning. A controlled
English parallel evaluation reveals a similar
recovery—adoption gap, providing preliminary
evidence beyond the Chinese setting.

* Optimization method. We propose PACER,
a perception-aware condition-enhanced rein-
forcement framework that combines struc-
tured condition-aware rewards with speech-
evidence contrast to reduce condition-related
errors in self-corrected speech reasoning.

2 Task Setup and Diagnostic Framework

2.1 Task Definition

We study self-corrected speech reasoning, where a
model receives a spoken question with natural self-
corrections and must reason over the conditions
ultimately endorsed by the speaker. Unlike stan-
dard spoken question answering, earlier conditions
may be invalidated by later utterances, while the
corrected conditions determine the gold answer.

Formally, each instance is represented as
(z,q,V,0,4), 6]

where x denotes the spoken question, ¢ denotes
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Figure 2: Three-path diagnostic protocol for analyzing speech-side recovery, end-to-end condition use, and text-side

reasoning in self-corrected speech reasoning.

its text counterpart preserving the self-correction
expressions, V is the set of final valid conditions,
O is the set of obsolete conditions invalidated by
corrections, and A is the set of acceptable answers.
Given x, the model generates a response ¢, which is
correct if the extracted answer matches any element
in A.

For example, in “the price is 400 yuan, no, 380
yuan; apply a 10% discount, actually 15%”, 400
yuan and 10% are obsolete, while 380 yuan and
15% are final valid conditions. The answer should
therefore be computed as 380 x 0.85 = 323. The
diagnostic protocol below analyzes whether errors
arise from speech perception, reasoning, or condi-
tion use.

2.2 Dataset Construction and Annotation

Existing resources are insufficient for studying
self-corrected speech reasoning at training scale.
Prior reasoning benchmarks control task complex-
ity through reasoning steps, condition counts, or
discrete operations (Weston et al., 2015; Dua et al.,
2019; Cobbe et al., 2021; Patel et al., 2021), but are
primarily text-based and do not model spoken self-
corrections that revise task conditions. Conversely,
self-repair and disfluency studies examine repair
organization, disfluency detection, and robustness
to non-canonical speech (Schegloff et al., 1977;
Levelt, 1983; Honnibal and Johnson, 2014; Gupta
et al., 2021), but typically lack reasoning-oriented
condition annotations and supervision at the scale
required for Speech LLM training. We therefore
construct a Chinese self-corrected speech reasoning
dataset for controlled diagnosis and optimization.
We organize the dataset along two dimensions:

intrinsic reasoning difficulty and self-correction
difficulty. The former captures the complexity of
solving the clean problem, while the latter captures
the structural complexity of condition revision in
speech. Intrinsic reasoning difficulty has three lev-
els: L1 for single-step calculation or direct infer-
ence, L2 for two- to four-step single-chain reason-
ing or simple multi-variable judgment, and L3 for
longer reasoning chains, multi-variable composi-
tion, or multi-branch reasoning. Self-correction dif-
ficulty has six levels: DO for no correction, D1/D2
for single-/multi-slot immediate correction, D3/D4
for single-/multi-slot chained correction, and D5
for long-distance retrospective correction. We ex-
clude L1D5 because retrospective correction re-
quires sufficient intervening context and is often
unnatural in single-step problems. D4 and D5 are
retained as controlled single-turn stress tests of
complex condition revision rather than as natural-
istic models of multi-turn correction; analogous
dependencies may arise more naturally across dia-
logue turns, which we leave for future work.

The construction pipeline, shown in Figure 1,
consists of seed-problem preparation, source-level
splitting, difficulty-preserving augmentation, self-
correction insertion, structured annotation, qual-
ity control, and speech synthesis. Seed problems
are split at the source level before augmentation
to separate the Train+Dev pool from SCUR-Test,
thereby reducing source leakage between model
development and final evaluation. SCUR-Deyv is
subsequently held out from unused instances in the
Train+Dev pool and is never used for parameter up-
dates in the reported PACER experiments. LLMs
are then used to generate difficulty-preserving vari-
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Final Answer

Condition-Related Errors

Audio Condition Use Transcription

Model Text Err.  Audio Err.  Text C/E  Audio C/E  Audio C/All Adopt.  OldCond VCR
Fun-Audio-Chat-8B 8.63 18.07 23.72 60.89 11.00 85.92 7.33 90.19
Qwen2.5-Omni-7B 21.77 2791 32.10 51.80 14.46 83.46 9.74 93.63
MiniCPM-0-2.6 31.53 50.48 41.02 67.22 33.94 71.56 29.84 74.24
RI-AQA 69.72 85.94 62.96 86.73 74.54 35.06 68.07 83.09
Qwen2-Audio-7B-Instruct ~ 71.97 86.87 65.90 88.21 76.63 33.44 69.27 79.17

Table 1: Core behavioral diagnostics for self-corrected speech reasoning. All values are percentages. C/E =
CondErr/Err, C/All = CondErr/All, Adopt. = corrected-condition adoption, OldCond = obsolete-condition usage,
and VCR = ValidCondRecall. Lower is better except Adopt. and VCR.

ants and insert self-corrections under predefined
D-level constraints. At each generation and anno-
tation stage, Al-assisted checks and human verifi-
cation are jointly applied to identify inconsistent
corrections, ambiguous answers, invalid reason-
ing paths, and mismatched difficulty labels. Each
retained instance is annotated with final valid con-
ditions, obsolete conditions, reference reasoning
nodes, and acceptable final answers.

We name the resulting benchmark SCUR-Bench
(Spoken Condition-Update Reasoning Benchmark),
comprising 13,295 instances: 10,400 in SCUR-
Train, 405 in SCUR-Deyv, and 2,490 in SCUR-Test.
The current PACER experiments use a balanced
subset of SCUR-Train for optimization. Speech
inputs are synthesized from the annotated Chinese
questions using Edge-TTS. Further construction
rules, validation prompts, synthesis details, matrix
statistics, and the data release plan are provided in
Appendix B.

2.3 Diagnostic Protocol and Core Metrics

Based on the annotated benchmark, we design a
three-path black-box diagnostic protocol to eval-
uate final-answer correctness and condition use,
including whether models adopt final valid condi-
tions, suppress obsolete ones, and use corrected
conditions as effective reasoning premises.

As shown in Figure 2, the text reasoning path
uses the textual counterpart ¢ as a speech-free ref-
erence, the speech reasoning path uses the spo-
ken question z as the end-to-end setting, and the
transcription path asks the model to transcribe z
to estimate whether correction-relevant evidence
is recoverable from speech. These paths support
behavioral comparison rather than mechanistic de-
composition.

For reasoning outputs, we use LLM-assisted ref-
erence evaluation with human verification to judge
final-answer correctness, corrected-condition adop-

tion, obsolete-condition usage, mention-only con-
dition use, and error source. An error is condition-
related if its source label is condition_only or both.
We define

CondErr/Err = %(m x 100%, (2)
where &, = {condition_only, both}, c; indicates
final-answer correctness, and ¢; is the evaluator-
assigned error source. CondErr/Err measures the
share of erroneous answers involving condition
misuse, while CondErr/All reports the same error
type over all samples.

We also report Adoption, OldCond, Mention-
only, CER, and ValidCondRecall. Adoption and
OldCond measure use of final valid conditions and
obsolete conditions, respectively. Mention-only
measures cases where required final valid con-
ditions are mentioned but not used as reasoning
premises; these conditions are corrected in D1-D5
and unrevised in DO. CER and ValidCondRecall
are computed on transcriptions; the latter measures
whether final valid conditions are recoverable in
speech-reasoning error cases.

We audit 100 randomly sampled examples for
evaluator reliability, obtaining 98.00% agreement
on final-answer correctness (k = 0.932) and
93.00% on error-source classification (k = 0.776).
Detailed metric definitions, judge settings, and reli-
ability analyses are provided in Appendix C.

3 Diagnostic Analysis

Using the three-path protocol in Section 2.3, we
first compare diagnostic patterns across models and
then examine how errors vary with correction and
reasoning difficulty. Table 1 reports the core cross-
model metrics.

Cross-model diagnostic patterns. Across mod-
els, speech input consistently increases final-
answer errors. For example, Fun-Audio-Chat-8B
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Figure 3: PACER training framework with GRPO, structured rewards, and speech-evidence contrast.

Metric Correction difficulty ‘ Reasoning difficulty

DO DI D2 D3 D4 D5 ‘ L1 L2 L3

Mention-only | 7.52 14.12 19.97 16.57 23.52 21.11| 8.11 15.61 2551
C/All | 3.84 12.44 16.55 16.37 25.56 18.32| 8.20 14.34 20.30
CIE | 25.93 51.85 52.63 58.73 67.91 42.48|86.67 60.71 41.51
Err. | 14.81 24.00 31.44 27.88 37.64 43.13| 9.46 23.61 48.90

Table 2: No-training Qwen2.5-Omni-7B audio reason-
ing results by correction and reasoning difficulty. All
values are percentages.

Language Audio Err.] CondErr/Alll,  Adopt.t OldCond, VCR?t
Chinese 27.91% 14.46% 83.46%  9.74%  93.63%
English 3221% 13.49%  8385%  847%  92.20%
Table 3: Controlled Chinese-English comparison.

The English parallel set exhibits the same qualitative
recovery—adoption gap observed in Chinese.

rises from 8.63% text error to 18.07% audio er-
ror, while Qwen2.5-Omni-7B rises from 21.77%
to 27.91%. The error composition also shifts:
condition-related errors among erroneous predic-
tions increase from 23.72% to 60.89% for Fun-
Audio-Chat-8B, and from 41.02% to 67.22% for
MiniCPM-0-2.6. Thus, self-corrected speech ex-
poses failures closely tied to condition use rather
than uniformly degrading performance.

The adoption and obsolete-condition metrics
reveal condition-state maintenance issues be-
yond final-answer accuracy. Fun-Audio-Chat-8B
and Qwen2.5-Omni-7B retain corrected-condition
adoption rates above 83%, yet still show obsolete-
condition leakage. In contrast, R1-AQA and
Qwen2-Audio-7B-Instruct show adoption rates be-
low 36% and obsolete-condition usage above 68%.
The three-way protocol further separates failure
sources: R1I-AQA and Qwen2-Audio-7B-Instruct
already fail substantially on text input, MiniCPM-o-
2.6 shows a larger text—audio gap and relatively low

valid-condition recall, whereas Fun-Audio-Chat-
8B and Qwen2.5-Omni-7B have high VCR, reach-
ing 90.19% and 93.63%, but still produce substan-
tial audio condition-related errors. This contrast
suggests that recovering corrected conditions from
speech is necessary but not sufficient; models must
also integrate those conditions into the reasoning
process.

English parallel evaluation. To examine
whether the recovery—adoption gap is specific to
Chinese speech, we further construct a controlled
English parallel evaluation set that preserves the
reasoning structures and correction patterns of
the Chinese test instances. As shown in Table 3,
a similar pattern also emerges in English: the
model achieves a VCR of 92.20%, whereas
corrected-condition adoption reaches 83.85%, with
obsolete-condition use remaining at 8.47%. This
result further illustrates that accurately recovering
a spoken correction and consistently carrying that
correction into downstream reasoning are related
but distinct challenges. The English evaluation
provides an initial indication that this gap is not
unique to Chinese, although broader cross-lingual
validation will require independently collected
speech data and evaluation across additional
languages and models.

Difficulty-wise behavior. Table 2 further exam-
ines how the two difficulty axes shape condition-
use behavior, using NoTrain Qwen2.5-Omni-7B
audio results. Along the correction-difficulty axis,
audio error rises from 14.81% on DO to 43.13% on
D5, while C/All increases from 3.84% to 18.32%.
C/E also stays high in harder correction groups,
reaching 67.91% on D4, indicating that a large
share of audio errors involve condition misuse.
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Setting

Mention-Only | Adopt. T OldCond | CondErt/All | CondErt/Err | CUF/CondErr | Err. |

Gold-text NoTrain 10.61 88.36 3.43 6.99 32.10 53.45 21.77
NoTrain 16.90 83.46 9.74 14.46 51.80 75.00 27.91
Whisper ASR + Qwen2.5-Omni 19.26 81.89 13.93 18.63 57.07 75.22 32.65
SFT-only 12.06 92.90 0.51 7.31 21.90 15.93 33.37
GRPO-Answer 9.55 88.87 1.23 5.54 28.99 47.83 19.12
GRPO-Structured 8.45 89.73 0.68 5.22 28.57 43.85 18.27
PACER 7.96 90.64 0.58 4.70 27.99 41.03 16.79
w/o Logic Reward 8.50 90.01 0.85 5.18 30.07 44.96 17.23
w/o Condition Reward 7.93 89.50 0.95 5.46 31.92 44.85 17.11
w/o Answer Reward 9.15 89.53 0.53 5.70 33.02 35.92 17.27

Table 4: Main results, additional baselines, and reward-component ablations on end-to-end self-corrected speech
reasoning. All values are percentages. Mention-Only denotes stated but unused final valid conditions. CUF/CondErr
denotes condition-related errors involving missing final-condition use or obsolete-condition use. Other metrics

follow Table 1.

Along the reasoning-difficulty axis, audio error in-
creases from 9.46% on L1 to 48.90% on L3, sug-
gesting that the L-axis reflects increasing reasoning
burden. The rise of Mention-only cases further sug-
gests a condition-use gap: in harder cases, models
may state the final valid condition without reliably
using it as an active reasoning premise. This trend
validates the need to evaluate correction complex-
ity and reasoning complexity jointly, since either
axis can amplify failures in condition-state mainte-
nance.

Together, these results highlight final-condition
adoption failure: correction-relevant information
may be recoverable from speech and even men-
tioned in the response, but not consistently used
as an effective premise in the reasoning chain. We
treat this as an observable output pattern rather
than an asserted internal mechanism. These find-
ings motivate condition-state maintenance as a
targeted optimization objective: models should
both use final valid conditions as active reasoning
premises and suppress obsolete ones. Additional
results and a representative example are provided
in Appendix D.

4 PACER: Perception-Aware
Condition-Enhanced Reinforcement

4.1 Optimization Framework

Motivated by the three-path analysis, which shows
that recovered conditions are not always used
as reasoning premises, PACER optimizes the
language-side policy under self-corrected speech
input while keeping the speech encoder frozen. It is
perception-aware only in that optimization depends
on speech representations and their perturbations;

it targets observable condition-use behavior rather
than general-purpose transcription accuracy.
Given a self-corrected speech input z, the frozen
encoder produces z = Eg,(x). The old policy
79,y samples G candidate responses {y; }&; con-
ditioned on 2. Each response receives a scalar
reward R;, which is normalized within the sampled
group to obtain the GRPO advantage:
h=dm o
where pr and o g are the group-level reward mean
and standard deviation, and €gq is a small constant
for numerical stability.
For token-level optimization, the policy ratio is
7o (Yi,t|Yi,<t,2) @)

rit(0) = 7o 1q (Yi,t|Yi,<t,2) "

PACER uses the clipped GRPO surrogate:

(P (0) = min (7i4(0) A, clip(ri,(0),
R )
1 —eaip, 1 + eclip)Ai>~

This surrogate provides the GRPO back-
bone(Shao et al., 2024). PACER differs from stan-
dard GRPO through two task-specific components:
structured condition-aware rewards and speech-
evidence contrast. Because final valid conditions
are often recoverable in the transcription path, the
contrast term is not designed to improve general
ASR or low-level speech perception. Instead, per-
turbing speech representations provides a speech-
side sensitivity signal, while structured rewards
guide this sensitivity toward condition-grounded
reasoning: adopting final valid conditions, sup-
pressing obsolete ones, and grounding the final
answer in the updated condition state.
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Setting Mention-Only | Adopt. T OldCond | CondEr/All | CondErr/Err | CUF/CondErr| Err. |
Condition-score weight

Ae =0.20 8.97 90.14 0.72 5.38 31.24 38.06 17.23
Ae = 0.30 8.39 90.07 0.83 5.26 30.82 41.22 17.07
Ae = 0.35 7.96 90.64 0.58 4.70 27.99 41.03 16.79
Ae = 0.40 9.01 89.55 0.65 4.74 27.31 44.92 17.35
Speech mask ratio

Mask = 0.3 8.76 90.41 0.61 4.62 27.64 49.57 16.71
Mask = 0.5 7.96 90.64 0.58 4.70 27.99 41.03 16.79
Mask = 0.7 8.78 90.29 0.37 5.46 31.19 36.76 17.51
Mask = 0.9 8.22 90.42 0.67 5.38 31.83 40.30 16.91
Speech-evidence contrast coefficient

v = 0.0005 8.40 90.54 0.67 5.18 31.08 42.64 16.67
v = 0.001 7.96 90.64 0.58 4.70 27.99 41.03 16.79
v = 0.002 7.91 90.02 0.74 5.26 30.68 41.22 17.15
v = 0.005 7.95 90.11 0.79 5.06 28.70 46.03 17.63
v =0.01 8.90 90.59 0.63 4.74 27.63 42.37 17.15

Table 5: Parameter sensitivity of PACER. All metric values are percentages. Metric definitions follow Table 4. The

default setting is A, = 0.35, Mask = 0.5, and v = 0.001.

4.2 Structured Condition-Aware Reward

Final-answer rewards alone are insufficient for self-
corrected speech reasoning: a model may reach
the correct answer by chance, rely on obsolete con-
ditions, or merely mention a valid condition with-
out using it. PACER therefore uses a structured
condition-aware reward that evaluates condition
adoption, reasoning consistency, answer correct-
ness, and output structure.

For the i-th candidate response y;, the overall
reward is

R; = w; Rgudge +wy Rgmt’ (6)

where Rgudge is the primary semantic reward, RI™*
is a lightweight format regularizer, and w;, wy are
their weights. In PACER, answer correctness is
mainly assessed by the online judge rather than by
surface-form answer matching.

The online judge maps y; together with
(Vi, O;, A;) into three structured signals: condi-
tion adoption S§°"4, reasoning consistency S;Ogic,
and answer correctness S{™°. Each response is
parsed into condition, reasoning, and final-answer
fields, and three Qwen3-14B (Yang et al., 2025a)
judge prompts produce structured JSON outputs for
condition evidence extraction, reasoning-process
verification, and final-answer checking. These out-
puts distinguish mentioned versus actually used
conditions, identify reasoning errors, and verify
final-condition-grounded answers; scalar scores are
computed by predefined aggregation rules. The

judge reward is
R — clip (oS¢ 4 AP + 20 527%,0,1) , (7)

where all scalar weights are hyperparameters.

The condition score combines positive adoption
evidence with condition-level penalties. Let m; be
the mention ratio of final valid conditions and wu;
their use ratio in the reasoning chain:

seond — clip | apmi 4 au; — Z kegf 0,1 ] . (8)
eeC-

Here, C~ covers obsolete-condition reliance, old—
new conflicts, invalid condition usage, and wrong-
premise-driven reasoning; g7 and k. denote the
trigger strength and penalty weight for error type
e. This separates shallow mention from effective
condition adoption.

The logic score evaluates reasoning under the
adopted conditions, without redundantly penaliz-
ing premise-level condition errors already handled
by (Sg°nd). Let (V'°8i°) denote reasoning verdicts
such as chain completeness, computational cor-
rectness, state-update consistency, self-consistency,
and final-answer support. Let (v € {0, 1}) indi-
cate whether the k-th verdict is satisfied, and let
(£1°8°) be the set of triggered reasoning errors. We

(2
summarize the logic scorer as

S;ogic :clip( Z pupvk — Z Ve, 0, 1). ©))

kevlogic eeglogic

where j1, weights the contribution of the k-th rea-
soning verdict and v, penalizes the e-th reasoning
error.
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The answer score (S2"%) is binary: 1 only if
the answer is correct and grounded in the final
valid conditions, and 0 otherwise. Finally, (Ri™)
encourages a stable and parseable “condition—
reasoning—answer” structure without assessing
mathematical correctness. Additional prompt tem-
plates, parsing rules, score definitions, and hyper-
parameter settings are detailed in Appendix F.

4.3 Speech-Evidence Contrast and PACER
Objective

Motivated by the diagnostic analysis, PACER ex-
tends GRPO-based reinforcement learning (Shao
et al., 2024) to target the gap between speech-
side condition recovery and downstream condition
use: corrected conditions may be recoverable from
speech, but still fail to serve as active reasoning
premises. We use speech-evidence contrast not
as a generic ASR-improvement objective, but as
an auxiliary sensitivity signal whose behavioral
effect is guided by structured rewards toward final-
condition adoption and condition-grounded reason-
ing.

Given the intact speech representation z =
Eq,(z), we apply a random representation-level
mask to obtain Z = M(z). PACER measures the
next-token distribution discrepancy between the
intact and perturbed branches:

D% = Dxw (mo(- | Yi,<t52) || mo(- | yi<t, 2)) . (10)
Since the mask is random and not condition-aware,
D:% is not a correction-span detector. Inspired by
pefception—aware policy optimization (Wang et al.,
2026b), we use it as a speech-side contrastive sen-
sitivity term that encourages the policy to remain
responsive to speech-side evidence, while the struc-
tured reward determines whether this sensitivity is
translated into correct final-condition use. Impor-
tantly, random masking is not intended to identify
the corrected condition and is therefore not a di-
rect condition-adoption objective. Final-condition
adoption is directly encouraged by the condition-
aware structured reward, whereas speech-evidence
contrast serves as an auxiliary regularizer that dis-
courages the optimized policy from becoming in-
sensitive to speech-side evidence. Thus, the reward
specifies what condition-use behavior to reinforce,
while the contrast helps preserve the speech sensi-
tivity needed to support that behavior.

To stabilize training, PACER applies an entropy
constraint over both branches. For b € {z, Z}, the

token-level predictive entropy is

Hgt =— Z mo(v | Yi,<t,b)logm(v | Yi<t,b).
v€V¢ok
(11)
The entropy regularizer is
oft = > mH, (12)

be{z,z}

where 7, is the branch-specific entropy coefficient.
The final PACER objective is

[yi

I

=1 (13)

Jpacer(0) = E{yi}filwwb‘old("z)

-1i T S 1
g;)tp(e) - rBDi,etf + ’YDi,Iz - Q?,tt)

I

where D;”’etf is the token-level KL penalty to the
frozen reference policy, D} is the speech-evidence
contrast term, and 3 and fy control their strengths.
The term E?};p(ﬂ) follows the clipped policy objec-
tive in GRPO, while the additional contrast and
entropy terms introduce speech-evidence sensitiv-
ity and training stabilization.

5 Experiments

5.1 Experimental Setup

We use Qwen2.5-Omni-7B (Xu et al., 2025) as
the base Speech LLM and evaluate on the full test
split. During RL, we freeze the speech encoder and
update only the text-side policy. To balance the
L/D matrix, we sample 500 examples from each
valid cell, yielding 8,500 training examples.

We compare NoTrain, GRPO-Answer, GRPO-
Structured, and PACER, corresponding to no task-
specific training, final-answer-only GRPO, struc-
tured condition-aware GRPO, and our full method
with speech-evidence contrast, respectively. To
isolate the effects of textual input, external ASR,
and supervised fine-tuning, we additionally include:
(1) a Whisper-cascaded baseline that first tran-
scribes speech using Whisper large-v3 (Radford
et al., 2023) and then feeds the transcription to
Qwen2.5-Omni-7B for text-based reasoning with-
out task-specific ASR fine-tuning; (2) a Gold-text
baseline; and (3) an SFT-only baseline with frozen
perception encoders. We report the diagnostic met-
rics defined in Section 2.3; additional diagnostic
measures, model-selection criteria, and implemen-
tation details for the SFT and Whisper baselines are
provided in Appendix C.1, while PACER-specific
hyperparameters are provided in Appendix F.1.
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5.2 Main Results and Ablations

Table 4 summarizes the main results and ablations.
Compared with NoTrain, PACER reduces the over-
all error rate from 27.91% to 16.79%, a 39.8%
relative reduction, and CondErt/All from 14.46%
to 4.70%, a 67.5% relative reduction. Mention-
Only decreases from 16.90% to 7.96%, corrected-
condition adoption increases from 83.46% to
90.64%, and obsolete-condition usage drops from
9.74% to 0.58%. Among the settings reported in
Table 4, PACER achieves the lowest CondErr/All
and overall error rate, while maintaining one of the
lowest Mention-Only rates.

The additional baselines further clarify the
source of condition-update failures. Gold-text
NoTrain reduces the overall error rate to 21.77%
and CondErr/All to 6.99%, while its Logic Accu-
racy remains nearly unchanged relative to NoTrain
(83.47% vs. 83.42%), indicating that removing
speech-side uncertainty facilitates condition recov-
ery but does not eliminate downstream reasoning er-
rors. By contrast, Whisper ASR + Qwen2.5-Omni
reaches an overall error rate of 32.65% and Con-
dErr/All of 18.63%, with CUF/CondErr remaining
essentially unchanged (75.22% vs. 75.00%); this
degradation is specific to the evaluated cascade
rather than ASR-mediated reasoning in general.

SFT-only exhibits a different trade-off. It
achieves the highest corrected-condition adoption
rate (92.90%), the lowest obsolete-condition us-
age (0.51%), and the lowest CondErr/Err and
CUF/CondErr (21.90% and 15.93%). However,
its Logic Accuracy after condition adoption is only
70.12%, compared with 87.15% for PACER, and
its overall error rate reaches 33.37%. Additional
fine-grained diagnostic metrics are reported in Ap-
pendix D. Thus, successful condition adoption does
not necessarily imply successful downstream rea-
soning. PACER instead achieves a stronger balance
between maintaining the updated condition state
and reasoning correctly from it.

Among the reinforcement-learning variants,
GRPO-Answer reduces the overall error rate to
19.12%, while structured condition-aware rewards
further improve it to 18.27%. PACER lowers it
to 16.79% and further reduces CondErr/All from
5.22% to 4.70%, supporting the complementary
role of speech-evidence contrast when guided by
structured supervision. Reward-component abla-
tions show the same overall pattern: removing any
component weakens the balance between answer

correctness and condition-state maintenance, al-
though individual metrics may occasionally im-
prove.

5.3 Sensitivity Analysis and Remaining
Errors

Table 5 shows that PACER is relatively stable
across moderate hyperparameter settings, although
no single configuration dominates every metric.
The default condition-score weight (A, = 0.35)
achieves the lowest overall error rate (16.79%)
and CondErr/All (4.70%) among the tested values,
while alternative weights improve only isolated
condition-related metrics.

Similar trade-offs appear for the speech mask
ratio and contrast coefficient. Mask (= 0.3) and
v = 0.0005 yield the lowest overall error rates
(16.71% and 16.67%, respectively), whereas the
default Mask (= 0.5) and v = 0.001 provide a bet-
ter balance across condition-state metrics. Larger
perturbations or contrast coefficients do not consis-
tently improve performance, supporting the role of
speech-evidence contrast as an auxiliary sensitiv-
ity signal rather than an independently dominant
objective.

Remaining errors mainly involve incomplete use
of multiple corrected conditions, long-chain cal-
culation mistakes, and complex retrospective cor-
rections, suggesting that revised condition states
become harder to maintain when updates interact
with multi-step reasoning.

6 Conclusion

This paper studies self-corrected speech reason-
ing as a condition-update problem. We build a
controlled Chinese benchmark with structured con-
dition annotations and a three-path diagnostic pro-
tocol. Our analysis shows that Speech LLMs may
recover or mention corrected conditions without
using them as active reasoning premises, leading
to final-condition adoption failures and obsolete-
condition leakage.

We propose PACER, which combines structured
condition-aware rewards with speech-evidence con-
trast under GRPO. On Qwen2.5-Omni-7B, PACER
improves end-to-end speech reasoning while reduc-
ing condition-related errors and condition-update
failures, suggesting that robust self-corrected
speech reasoning requires active condition-state
maintenance beyond transcription accuracy or final-
answer supervision.
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7 Limitations

This work has several limitations. First, SCUR-
Bench is a controlled diagnostic benchmark based
primarily on synthesized Chinese single-turn
speech and therefore does not fully capture spon-
taneous phenomena such as hesitations, prosodic
variation, background noise, implicit corrections,
or cross-turn revisions. D4 and D5 should accord-
ingly be viewed as controlled single-turn stress
tests rather than naturalistic models of multi-turn
correction.

Second, the English parallel evaluation provides
preliminary evidence that the recovery—adoption
gap is not unique to Chinese, but it preserves the
reasoning and correction structures of the Chinese
test set and is evaluated on only one model. Broader
multilingual conclusions require independently col-
lected speech across additional languages, speakers,
and model families.

Finally, PACER is currently trained and evalu-
ated only on Qwen2.5-Omni-7B, so its effective-
ness across different Speech LLM architectures
remains unverified. We also do not systemati-
cally evaluate broader capability preservation. Al-
though freezing the speech encoder and Talker and
applying KL regularization help limit capability
drift, and DO accuracy improves from 85.19% to
87.75%, these results do not establish preservation
of capabilities such as speaker identification, emo-
tion recognition, general audio understanding, or
speech-generation quality.
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A Additional Related Work

A.1 Speech-Language Models and
Spoken-Agent Benchmarks

Recent advances in speech-language and omni-
modal large language models have enabled in-
creasingly natural spoken interactions, where sys-
tems are expected to understand spoken input
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and, in some cases, generate spoken responses
in an end-to-end manner. Representative mod-
els include SpeechGPT (Zhang et al., 2023),
SALMONN (Tang et al., 2024), LLaMA-Omni
2 (Fang et al., 2025), and Qwen2.5-Omni (Xu et al.,
2025). Related efforts further explore large-scale
audio-language modeling, real-time spoken dia-
logue, and end-to-end voice interaction (Ruben-
stein et al., 2023; Chu et al., 2023, 2024; Xie and
Wu, 2024; Zeng et al., 2024). These studies demon-
strate the growing capability of large language mod-
els to process speech, audio, and multimodal sig-
nals within unified conversational frameworks.

Alongside model development, several bench-
marks have been proposed to evaluate spoken lan-
guage understanding, speech-centered reasoning,
and voice-agent interaction. Examples include
VoiceBench (Chen et al., 2026), MMSU (Wang
et al., 2026a), SOVA-Bench (Hou et al., 2025), and
SpeechR (Yang et al., 2025b). These benchmarks
cover important aspects of speech-based intelli-
gence, including audio understanding, instruction
following, spoken reasoning, and conversational
evaluation. However, they generally do not specifi-
cally target the problem of tracking corrected task
conditions in self-repaired spoken input. This gap
motivates our focus on self-correction and condi-
tion updating, which we discuss next.

A.2  Self-Repair, Disfluency Robustness, and
Condition Updating

Self-repair, also referred to as self-correction, is
a common phenomenon in spontaneous speech.
It has long been studied in conversation analysis
and psycholinguistics as part of repair organiza-
tion and speech monitoring, where speakers detect
problems in their own utterances and revise pre-
viously produced speech (Schegloff et al., 1977;
Levelt, 1983). In spoken language processing, self-
correction is often examined together with broader
disfluency phenomena, including filled pauses, rep-
etitions, restarts, and repairs. These phenomena
have motivated research on disfluency analysis, de-
tection, and removal (Shriberg, 1994; Honnibal and
Johnson, 2014).

Recent studies further show that disfluent and
non-canonical spoken inputs can degrade language
understanding, spoken question answering, and
voice-assistant performance, making robustness to
natural speech an important challenge for speech
and language models (Gupta et al., 2021; Liu et al.,
2025; Gosai et al., 2025). Related benchmarks

on full-duplex and interruption-aware voice-agent
evaluation also highlight the difficulty of main-
taining correct interaction states when users re-
vise, interrupt, or update previously stated infor-
mation (Lin et al., 2026; Modi et al., 2026).

However, most disfluency-oriented evaluations
treat disfluencies as generic input perturbations
and primarily measure the overall degradation in
accuracy or response quality. By contrast, self-
correction may explicitly invalidate previously
stated task conditions and introduce new final con-
ditions. This requires models not only to tolerate
noisy spoken input, but also to identify the cor-
rected content, update the condition state, and rea-
son according to the final valid information.

This perspective also distinguishes self-
corrected speech reasoning from conventional
reasoning benchmarks. Prior reasoning datasets
often control task complexity through reasoning
steps, condition counts, or discrete operations (We-
ston et al., 2015; Dua et al., 2019; Cobbe et al.,
2021; Patel et al., 2021). In self-corrected speech,
however, task difficulty arises from both the
intrinsic complexity of solving the underlying
problem and the structural complexity of revising
conditions from spoken input. Therefore, in
this work, we formalize self-correction as a
condition-updating problem in speech reasoning
and organize our diagnostic benchmark along
two dimensions: intrinsic reasoning difficulty and
self-correction difficulty.

A.3 Reinforcement Learning for Reasoning
and Perception-Enhanced Optimization

Reinforcement learning has become a key
paradigm for enhancing the reasoning capabili-
ties of large language models (Schulman et al.,
2017). Recent reasoning systems and training
paradigms based on GRPO and RLVR have fur-
ther advanced reinforcement-learning-based opti-
mization for reasoning-oriented models (Shao et al.,
2024; Guo et al., 2025; Wen et al., 2026). Subse-
quent studies continue to improve and analyze pol-
icy optimization algorithms and training dynamics
for large-scale reasoning models (Yu et al., 2025;
Yue et al., 2025; Zheng et al., 2025; Wang et al.,
2025).

This paradigm has also been extended to mul-
timodal reasoning, where R1-style reinforcement
learning and GRPO-based optimization have been
explored for vision-language models (Huang et al.,
2026; Zhang et al., 2025; Tan et al., 2025; Xiao
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and Gan, 2025). Nevertheless, many such methods
still rely heavily on verifiable final answers or rule-
based rewards, which may be sparse and may fail to
reveal whether the model has correctly perceived,
grounded, and used task-relevant evidence (Wang
et al., 2026b; Li et al., 2025b). This limitation is
particularly important for self-corrected speech rea-
soning, because answer correctness alone cannot
guarantee that the model has recovered the correc-
tive information, updated the condition state, and
consistently followed the final valid conditions.

A related line of work addresses this issue
through perception-aware or perception-enhanced
optimization, treating perceptual failure as a major
source of errors in multimodal reasoning (Wang
et al., 2026b; Li et al.,, 2025b; Rezaei et al.,
2026). Inspired by this perspective, PACER intro-
duces structured condition-awareness rewards and
speech-evidence contrast within the GRPO frame-
work.

B Dataset Construction Details

B.1 Opverall Construction Pipeline

We construct the dataset through a multi-stage
pipeline that combines Al-assisted generation, it-
erative quality control, manual verification, struc-
tured annotation, and speech synthesis. Starting
from clean Chinese seed questions, the pipeline pro-
duces difficulty-preserving variants, inserts spoken
self-correction expressions, annotates structured
reasoning labels, and synthesizes the final audio
inputs.

The dataset itself is built in Chinese. The
question field in the released data contains Chi-
nese spoken-style reasoning questions, and speech
synthesis is performed from this Chinese text. For
readability in this paper, some examples in the ta-
bles are shown as English translations of the orig-
inal Chinese records. The released construction
code implements the full pipeline with executable
scripts for question augmentation, self-correction
insertion, label generation and checking, and TTS
synthesis.

B.2 Difficulty Definitions and Data
Distribution

We define dataset difficulty along two orthogo-
nal dimensions: intrinsic reasoning difficulty and
self-correction difficulty. The intrinsic reasoning
axis is inspired by text-based reasoning QA and
complex reasoning benchmarks that control dif-

ficulty through reasoning steps, variable counts,
and logical branches (Weston et al., 2015; Cobbe
et al., 2021; Wu et al., 2025). In contrast, the self-
correction axis is designed to capture the structural
complexity of spoken condition revision. Table 7
summarizes the definitions used during data syn-
thesis and quality control.

Table 6 reports the data distribution across rea-
soning difficulty levels and self-correction diffi-
culty levels. The original Train+Dev pool contains
10,805 examples, of which 405 are held out as
SCUR-Dev, leaving 10,400 examples in SCUR-
Train; SCUR-Test contains 2,490 examples. The
L1-D5 combination is not included because long-
distance retrospective correction is mainly used for
questions with richer condition structures and is
often unnatural for single-step problems.

B.3 Question Generation and Quality Control

Our data synthesis process uses a family of Chi-
nese prompts rather than a single prompt. These
prompts cover clean-question augmentation, candi-
date quality control, failed-case regeneration, self-
correction insertion, self-correction quality control,
label generation, and label quality control. Due to
space constraints, Table 8 summarizes the prompt
families and their key constraints; the full raw
prompts, validation instructions, generation scripts,
configuration templates, and output schemas are
provided in the supplementary materials and re-
leased code.

We first prepare clean seed questions according
to predefined reasoning difficulty levels. These
questions contain no self-correction expressions
and are inspected for commonsense plausibility,
solvability, self-consistency, answer determinacy,
difficulty-level consistency, and TTS suitability.
Duplicate or near-duplicate questions are flagged
with LLM assistance and then manually removed or
revised. To reduce source leakage, seed questions
are split before augmentation.

For clean-question augmentation, each seed
question is expanded into variants while preserving
the original reasoning structure and difficulty. The
prompts allow changes to numerical conditions,
entities, roles, units, scenarios, and information or-
der, but prohibit changes that substantially alter the
reasoning difficulty or leak the answer. Generated
candidates are checked by a QC model and cate-
gorized as pass, review, or reject. Candidates
marked as review or reject are either discarded,
manually inspected, or sent to regeneration. For
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Logic difficulty ~ Split DO D1 D2 D3 D4 D5 All
Train 750 668 605 666 607 - 3296
L1 Dev 25 25 25 25 25 - 125
Test 196 171 151 164 111 - 793
Train 802 644 638 634 559 585 3862
L2 Dev 25 25 25 25 25 25 150
Test 183 125 133 145 133 111 830
Train 675 540 527 500 500 500 3242
L3 Dev 25 25 25 23 12 20 130
Test 168 154 139 143 112 151 867
Train 2227 1852 1770 1800 1666 1085 10400
All Dev 75 75 75 73 62 45 405
Test 547 450 423 452 356 262 2490

Table 6: Distribution of SCUR-Bench across intrinsic reasoning difficulty and self-correction difficulty. SCUR-Train
contains 10,400 instances, SCUR-Dev contains 405 instances, and SCUR-Test contains 2,490 instances. L1-L3

denote intrinsic reasoning difficulty and DO-D5 denote self-correction difficulty.

combination.

seed questions with insufficient accepted variants,
a failed-case regeneration prompt uses the origi-
nal seed question, accepted good cases, and failed
review cases as context to produce additional can-
didates.

For self-corrected samples, corrections must tar-
get computable condition slots, such as numbers,
units, prices, time, duration, distance, thresholds,
proportions, frequencies, or quantities. Corrections
are not allowed to target only wording clarification.
The final corrected conditions must remain mathe-
matically valid, commonsensically plausible, and
uniquely solvable. When a correction affects de-
pendent quantities, thresholds, or explanatory con-
sequences, the dependent information is updated to
avoid internal contradiction. Correction cues must
appear before the final question request and should
be natural for spoken Chinese.

The prompts also enforce level-specific correc-
tion structures. D1 follows a local immediate-
correction pattern such as “8 yuan, no, 6 yuan”.
D2 contains multiple immediate corrections over
different condition slots. D3 follows a chained
single-slot pattern such as “8 yuan, no, 7 yuan, no,
6 yuan”. D4 requires chained corrections over mul-
tiple independent slots. D5 uses a retrospective
cue after intervening condition information, such
as revising an earlier price after another complete
condition has already been stated. This design en-
sures that the assigned D label reflects the actual
correction structure rather than merely the presence
of correction words.

Across all generation stages, samples are filtered

@ 9

indicates an invalid L/D

according to shared validity criteria: they must be
natural, uniquely solvable, logically self-consistent,
compatible with TTS synthesis, and consistent with
the assigned L/D difficulty labels. Cases with in-
consistent corrections, ambiguous answers, invalid
arithmetic, answer leakage, unnatural spoken form,
or mismatched difficulty labels are removed, re-
vised, or regenerated.

B.4 Structured Annotation Schema

Each finalized self-corrected question is anno-
tated with anchor labels used for diagnostic eval-
uation and reward computation. In our imple-
mentation, these fields are stored under anchors:
premises corresponds to the final valid conditions
V, invalid_info corresponds to obsolete condi-
tions O, logic_nodes records the reference rea-
soning process, and final_answers stores one or
more acceptable final answers. The value before
the correction cue is recorded as invalid_info,
while the corrected value is used as an effective
premise for solving the problem.

The structured labels are created and verified to-
gether with the final question. During verification,
we check whether each obsolete condition is actu-
ally superseded by a later correction, whether each
final valid condition is necessary or relevant for
the reference solution, and whether the reasoning
nodes support the final answer. Cases with ambigu-
ous answer sets, inconsistent corrections, invalid
arithmetic, mismatched labels, missing final con-
ditions, or unnatural spoken form are removed or
revised. Accepted records may additionally contain
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Level Definition

L1 Single-step computation or direct reasoning based on a single condition. The problem can be solved through
one explicit operation or decision.

L2 Two-to-four-step single-chain reasoning, or branch/decision making after a single-step operation over two to
three variables. The problem requires combining multiple conditions in a clear reasoning order.

L3 Five-or-more-step reasoning over a single variable, or multi-variable, multi-step, and multi-branch reasoning.

The problem may involve condition composition, variable binding, or branch selection.

DO No self-correction. This level serves as the clean baseline for measuring the intrinsic reasoning difficulty of
the original problem.

D1 Single immediate correction. One condition slot is revised once, following a local “wrong value — corrected
value” pattern, with no intervening information between the erroneous value and the corrected value.

D2 Multiple immediate corrections. Two to three different condition slots are each revised once, and each
revision follows a local “wrong value — corrected value” pattern.

D3 Single-slot chained correction. The same condition slot is overwritten two or three times consecutively,

forming a local correction chain.

D4 Multi-slot chained correction. At least two different condition slots each contain a local correction chain,

and the chains remain independent.

D5 Long-distance retrospective correction. The input contains multiple corrected computable slots, and at least
one earlier condition is revised after intervening condition information using a weak retrospective cue.

Table 7: Definitions of intrinsic reasoning difficulty and self-correction difficulty. L1-L3 denote reasoning difficulty,

while DO-D5 denote self-correction difficulty.

construction metadata such as _qc_info, including
the accepted flag, QC epoch, and check time. This
metadata is used for construction auditing and is
not required by downstream training or evaluation.

Table 9 shows representative examples across
self-correction difficulty levels. The examples are
English translations for presentation; the released
dataset stores the original Chinese questions and
Chinese labels.

B.5 Speech Synthesis

We synthesize audio from the final an-
notated Chinese question field using
Edge-TTS. For each utterance, one of
five Mandarin voices is randomly selected:
zh-CN-XiaoxiaoNeural, zh-CN-YunxiNeural,
zh-CN-YunjianNeural, zh-CN-XiaoyiNeural,
and zh-CN-YunyangNeural. Voice sampling is
performed per utterance with a fixed random seed
of 1234. The speaking rate is set to +15% and
the volume to +@%. Synthesis is performed in
asynchronous batches of 25. Each output audio
file is named according to the sample ID, and the
corresponding JSONL record stores the generated
wav_path.

We perform a light TTS-compatibility check be-
fore synthesis and an output validation check after
synthesis. The checks cover abnormal symbols,
overly long sentences, unnatural pauses, pronun-
ciation ambiguity, synthesis failures, and missing
audio files. Failed or abnormal generations are

excluded or regenerated through script-based and
manual filtering. The output JSONL preserves
the original text and annotation fields and appends
wav_path, allowing the final manifest to be directly
consumed by downstream audio reasoning data
loaders.

The released construction code provides the ex-
act synthesis script, configurable environment vari-
ables, voice list, batching settings, and output meta-
data format. We do not specify sampling rate or
codec in the paper because the synthesis script does
not require these parameters as dataset-level con-
figuration.

B.6 Al Assistance in Dataset Construction

During dataset construction, we use publicly avail-
able commercial LLM APIs for generation and
verification assistance. Specifically, Gemini-3.1-
Pro (Google DeepMind, 2026) and GPT-5.4 (Ope-
nAl, 2026) are used for seed problem prepara-
tion and difficulty-preserving augmentation, while
DeepSeek-V4-Flash (DeepSeek-Al, 2026) and
GPT-5.4 are used for self-correction insertion, la-
bel generation, annotation checking, and consis-
tency verification. All API-based assistance uses
the provider-hosted model versions available dur-
ing data construction and evaluation; prompts, de-
coding settings, and output schemas are released
in the supplementary materials. Their outputs are
not directly accepted as final annotations. Instead,
generated candidates and labels are cross-checked
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Prompt family Purpose

Main constraints

Difficulty-preserving aug- Generate clean variants from

mentation seed reasoning problems

Candidate quality control

Failed-case regeneration
ficient or failed variants

Self-correction insertion
patterns into clean questions

Self-correction quality con- Validate
trol corrected questions

Label generation and check- Produce and verify structured

ing anchors

Filter generated clean variants

Regenerate candidates for insuf-

Inject D1-D5 self-correction

generated self-

Preserve the overall reasoning difficulty and cognitive
load of the seed problem; ensure solvability, naturalness,
TTS friendliness, and diversity; prohibit self-correction
expressions and answer leakage.

Check commonsense validity, mathematical consistency,
ambiguity, TTS naturalness, difficulty preservation, diver-
sity from accepted cases, and similarity to sibling candi-
dates.

Use accepted good cases and failed review cases as con-
text; avoid repeated errors; maintain the original knowl-
edge type and difficulty level; generate diverse new candi-
dates.

Insert correction expressions according to the target D
level while preserving the original problem structure, rea-
soning type, and final solvability.

Check whether the correction structure matches the as-
signed D level, whether each correction falls on a com-
putable condition slot, and whether the final question re-
mains natural, unambiguous, and solvable.

Extract final valid conditions, obsolete conditions, reason-
ing nodes, and final answers; reject cases with ambiguous
answers, inconsistent corrections, invalid arithmetic, or
mismatched labels.

Table 8: Prompt families used in data synthesis and quality control.

through iterative QC, script-based validation, and
manual review to filter inconsistent corrections,
ambiguous answers, invalid reasoning paths, an-
swer mismatches, unnatural spoken forms, and mis-
matched difficulty labels.

This Al-assisted and human-verified procedure
improves construction efficiency while maintain-
ing the validity of structured condition annotations.
To support reproducibility, we provide the full
raw prompts, validation instructions, generation
scripts, TTS synthesis script, API configuration
templates, decoding settings, and output schemas
in the supplementary materials and released con-
struction code.

B.7 Dataset Release Plan

The full dataset contains more than ten thousand
paired text—audio instances, and the complete syn-
thesized audio package is over 2GB. Due to file-
size constraints, the supplementary materials in-
clude the complete metadata, annotation files, con-
struction scripts, evaluation scripts, prompt files,
configuration templates, and a representative sub-
set of audio files. These materials are sufficient
to inspect the data format, verify the annotation
schema, reproduce the construction pipeline, and
run the evaluation protocol on the provided subset.

The code, configuration files, prompts, and eval-
uation scripts are publicly available in our GitHub

repository. The complete dataset, including all syn-
thesized audio files, JSONL manifests, and struc-
tured annotations, will be released on Hugging
Face, with the corresponding dataset link main-
tained in the GitHub repository.

B.8 Artifact License and Terms

The released artifacts are provided for research and
reproducibility purposes. The dataset metadata,
structured annotations, prompts, configuration files,
construction scripts, training scripts, and evaluation
scripts will be released under the license specified
in the accompanying public repository. Users of
the artifacts are responsible for following the terms
of that license and for complying with the licenses
and usage restrictions of any third-party compo-
nents used with the artifacts, including underlying
foundation models, model checkpoints, APIs, and
text-to-speech services. Our release does not grant
additional rights beyond those permitted by the cor-
responding third-party licenses and terms of use.

C Evaluation Details

C.1 Baseline and Model Selection Details

Selection of diagnostic models. The models
used in the cross-model diagnostic analysis were
selected to support a consistent comparison un-
der the three-path protocol rather than to provide
an exhaustive survey of available Speech LLMs.
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Level Question Final valid conditions Obsolete conditions Answer

DO There are 14 people ahead of you in a 14 people ahead; 3 minutes per None 42 min-
bank queue. Each person takes 3 min- person utes
utes on average. How long do you ex-
pect to wait?

D1 In a livestream tipping scenario, each tip 7 yuan per tip; 9 tips 6 yuan per tip 63 yuan
is 6 yuan, no, 7 yuan. You tip 9 times.
What is the total amount?

D2 Each virtual gift costs 8 yuan, no, 10 10 yuan per gift; 5 gifts 8 yuan per gift; 7 gifts 50 yuan
yuan. You bought 7 gifts, sorry, 5 gifts.
How much should you pay in total?

D3 In a livestream tipping scenario, each tip 8 yuan per tip; 9 tips 6 yuan per tip; 7 yuan per tip 72 yuan

is 6 yuan, no, 7 yuan, no, 8 yuan. You
tip 9 times. What is the total amount?

D4 An online order takes 15 minutes to
pack, let me correct that, 12 minutes,
no, 10 minutes. Delivery takes 20 min-
utes, sorry, 25 minutes, correction, 22
minutes. How long does it take from
placing the order to receiving it?

D5 A wallet originally had 500 yuan. He

and then received 120 yuan from his
mother. Wait, I think the original wallet
amount was wrong; it was actually 520
yuan. How much money is left now?

Initial amount is 520 yuan;
spent 78 yuan on books, no, 85 yuan, book cost is 85 yuan; received
120 yuan

Packing takes 10 minutes; de- Packing takes 15/12 min- 32 min-
livery takes 22 minutes

utes; delivery takes 20/25 utes
minutes

Initial amount is 500 yuan;
book cost is 78 yuan

555 yuan

Table 9: Representative examples of structured annotations across self-correction difficulty levels. The examples are
English translations of original Chinese dataset records. DO contains no obsolete condition, while D1-D5 contain

increasingly complex correction structures.

We primarily considered whether a model can
directly accept raw speech input, support Chi-
nese speech, produce textual responses suitable
for structured reasoning analysis, and provide a sta-
ble checkpoint or reproducible inference interface.
We also sought functional diversity across the se-
lected systems. Accordingly, the evaluated models
include Fun-Audio-Chat-8B (Chen et al., 2025),
Qwen2.5-Omni-7B (Xu et al., 2025), MiniCPM-o
2.6 (OpenBMB, 2025), R1-AQA (Li et al., 2025a),
and Qwen2-Audio-7B-Instruct (Chu et al., 2024),
spanning general speech dialogue, unified omni-
modal, general audio-language, and reasoning-
oriented audio question-answering systems. This
diversity allows us to examine whether condition-
update failures are restricted to a particular model
design or can also emerge across speech-capable
systems with different training objectives and archi-
tectural emphases. Commercial or rapidly chang-
ing hosted systems were not required for this com-
parison because fixed and reproducible inference
interfaces were prioritized.

Qwen2.5-Omni-7B was further selected as the
base model for PACER because the optimization
framework requires access to trainable parameters
and intermediate speech representations, as well as

the ability to freeze speech-related modules while
updating the language-side policy. Qwen2.5-Omni-
7B satisfies these implementation requirements
through its open and trainable architecture. Its diag-
nostic behavior is also closely aligned with the phe-
nomenon studied in this work: the model recovers
most final valid conditions in the transcription path,
with a ValidCondRecall of 93.63%, while still ex-
hibiting substantial condition-related errors in end-
to-end speech reasoning. This recovery—adoption
gap makes it a suitable base model for investigat-
ing whether condition-aware reinforcement can im-
prove the downstream use of recovered speech in-
formation. The selection of Qwen2.5-Omni-7B
for PACER does not imply that the method is
architecture-specific; however, as discussed in the
Limitations section, the current work does not es-
tablish the effectiveness of PACER across addi-
tional base models.

SFT-only baseline. The SFT-only baseline uses
the same Qwen2.5-Omni-7B backbone and per-
forms supervised fine-tuning directly from speech
input to the target structured reasoning response.
Each training example contains the waveform and a
target textual response. The input prompt instructs
the model to listen to the speech and produce three
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fields corresponding to the known conditions, rea-
soning process, and final answer. The written form
of the question is not provided as an additional
input, so the model must obtain task information
from the speech signal itself. The supervised loss
is applied only to tokens belonging to the assistant
target response; prompt-side and non-target tokens
are masked from the language-modeling loss.

During SFT, the audio encoder and visual en-
coder are frozen, while parameters outside these
frozen perception modules remain trainable. This
setting isolates supervised adaptation of the down-
stream multimodal and language-side components
without directly updating the speech encoder. Au-
dio is converted to mono when necessary, resam-
pled to 16 kHz, and truncated to a maximum du-
ration of 30 s. The maximum multimodal token
sequence length is 2,048. We explicitly keep the
text-token truncation settings separate from the au-
dio preprocessing settings so that the textual max-
imum length does not inadvertently truncate the
waveform or its speech features.

The SFT model is trained for 2 epochs on two
GPUs with a per-device batch size of 4 and gradient
accumulation of 1, corresponding to an effective
batch size of 8. We use a learning rate of 2 x 1075,
a cosine learning-rate scheduler, and a warmup
ratio of 0.05. Training is performed in bfloat16
with gradient checkpointing and DeepSpeed ZeRO-
3. Checkpoints are saved every 200 optimization
steps, with at most three checkpoints retained. No
separate in-training evaluation file is supplied in
this SFT configuration. The audio and visual per-
ception encoders remain frozen throughout opti-
mization. This baseline is therefore intended to
test whether direct supervised adaptation alone is
sufficient to learn explicit condition updating from
the same type of speech input used by PACER.

Whisper large-v3 + Qwen2.5-Omni baseline.
For the cascaded baseline, we first transcribe each
speech input using Whisper large-v3 (Radford
et al., 2023) and then provide the resulting tran-
scription to the untrained Qwen2.5-Omni-7B for
text-based reasoning. Whisper is used only for in-
ference and receives no task-specific fine-tuning on
SCUR-Bench. Transcription is performed with the
transcribe task on CUDA using FP16 inference.
The decoding language is explicitly specified ac-
cording to the evaluation language; for example,
language=en is used for the English parallel eval-
uation. Each utterance is transcribed independently

from its waveform, and the recognized text is stored
together with the original sample metadata before
being passed to the downstream reasoning stage.

The Whisper inference implementation dis-
tributes input files across available GPUs but does
not otherwise modify the model or the decoding ob-
jective. In the two-GPU configuration used in our
implementation, input files are partitioned across
two independent workers, each of which loads
Whisper large-v3 on its assigned GPU. Resume
support is enabled so that already transcribed ex-
amples can be skipped after interrupted runs. For
each successful transcription, we retain the recog-
nized text, detected language, and segment-level
output, although only the recognized transcription
is required by the downstream reasoning baseline.

The second stage uses Qwen2.5-Omni-7B with-
out task-specific training and treats the Whisper
transcription as textual input for the same reasoning
task. Thus, this baseline explicitly separates speech
recognition from downstream reasoning and pro-
vides a comparison with direct end-to-end speech
reasoning. It should not be interpreted as an op-
timized ASR-LLM cascade: neither Whisper nor
the downstream Qwen2.5-Omni-7B is specifically
adapted for this pipeline. Consequently, the perfor-
mance of this baseline characterizes the particular
Whisper large-v3 + Qwen2.5-Omni configuration
evaluated here rather than the general capability of
cascaded ASR-LLM systems.

C.2 Three-Path Diagnostic Protocol

We evaluate each model through three complemen-
tary paths: text reasoning, speech reasoning, and
transcription. The text reasoning path takes the tex-
tual self-corrected question as input and evaluates
whether the model can handle condition updates
without speech perception difficulty. The speech
reasoning path takes the corresponding speech in-
put and serves as the main end-to-end evaluation
setting. The transcription path asks the model to
transcribe the speech input only, and is used to esti-
mate whether final valid conditions are recoverable
from the speech signal.

In both the text reasoning and speech reason-
ing paths, the model is instructed to produce a
structured response containing known conditions,
reasoning process, and final answer. In the tran-
scription path, the model is explicitly instructed to
only convert the speech into text and not answer
the question. This separation allows us to compare
speech-free reasoning, end-to-end speech reason-
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ing, and speech-side condition recovery.

For reasoning outputs, we use LLM-assisted
structured evaluators based on DeepSeek-V4-
Flash (DeepSeek-Al, 2026) and GPT-5.4 (OpenAl,
2026), followed by human verification. The same
evaluator set is used for transcription-side condi-
tion recovery checks. The evaluator receives the
question, the model response, annotated final valid
conditions, obsolete conditions, reference reason-
ing nodes, and acceptable final answers. It judges
condition adoption, obsolete-condition usage, rea-
soning correctness, final-answer correctness, and
error source. The final answer is judged by seman-
tic equivalence to the annotated acceptable answer
set, while error attribution is judged separately as
condition-related, logic-related, both, or none.

For transcription outputs, the evaluators iden-
tify whether the model output is a transcription,
an answer, or a mixed response, and then check
which final valid conditions are recovered, which
are missed, and which obsolete conditions are men-
tioned. They are instructed not to judge math-
ematical correctness or final-answer correctness.
Disagreements or uncertain cases between the two
evaluators are resolved through human review.

CJ3

Character Error Rate. We report character error
rate (CER) to measure general transcription quality.
Following standard ASR evaluation practice for
Chinese, both the reference question and the model
transcription are normalized by removing spaces
and punctuation and retaining Chinese characters,
English letters, and digits. CER is computed as

Metric Definitions

S+D+1

ref

CER = x 100%, (14)

where S, D, and I denote the numbers of substi-
tutions, deletions, and insertions, respectively, and
Nief 1s the number of characters in the normalized
reference text.

Valid Condition Recall. CER measures overall
transcription fidelity, but it does not directly indi-
cate whether the final valid conditions required for
reasoning are recovered. We therefore report Valid
Condition Recall (VCR). For each instance 7, let
V; denote the annotated set of final valid condi-
tions. A condition v € V; is considered recovered
if the transcription semantically expresses the same
final condition, even if the wording is not identi-
cal. Obsolete conditions are not penalized in VCR,
because the goal is to measure whether the final

usable conditions are present in the speech-side
output.

For the subset S used in transcription diagnosis,
VCR is computed as

Y ies 2ovey, L[v is recovered]

VCR =
Dies Vil

x 100%. (15)

In our diagnostic analysis, S is the set of speech-
reasoning error cases unless otherwise specified.
This setting tests whether end-to-end speech rea-
soning errors occur even when final valid condi-
tions are recoverable from the speech input.

Final-Answer Error Rate. Letc; € {0,1} de-
note whether the final answer of instance i is
correct. The answer is considered correct if the
model’s final answer is semantically equivalent to
one of the acceptable answers in the annotated an-
swer set A;. Equivalent numerical forms, such as
integer and decimal variants, are treated as correct
when they express the same value.

For a set of instances S, the final-answer error

rate is
>ies e = 0]
|S]
We report this metric separately for text reasoning

and speech reasoning, denoted as Text Err. and
Audio Err.

Err = x 100%. (16)

Corrected-Condition Adoption. Corrected-
condition adoption measures whether the model
uses the final valid conditions as active reasoning
premises. For each instance ¢, let V; be the set
of final valid conditions and let ]71 be the subset
judged to be actually adopted and used by the
model. The instance-level adoption score is

<)

il

a; =

an

=

il

The reported Adoption score is macro-averaged
over valid difficulty cells:

Adoption = > 1 > ai x 100%,  (18)
‘C‘ cec ‘SC| i€Se
where C is the set of valid L/D difficulty cells and
S, is the set of evaluation instances in cell c.

Obsolete-Condition Usage. Obsolete-condition
usage measures whether the model relies on invali-
dated conditions during reasoning. Let O; be the
set of obsolete conditions and let @Z be the subset
of obsolete conditions judged to be used by the
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model in reasoning or in the final conclusion. The
instance-level obsolete-condition usage score is

10|
0; = { 10:1”
0,

The reported OldCond score is macro-averaged
over difficulty cells:

|O;] >0,

01 = 0 (19)

OldCond = ﬁ > = >0 x100%.  (20)

cec |5l i€Se

Lower OldCond indicates better suppression of in-
validated conditions.

Condition-Related Error. For each incorrect re-
sponse, the evaluator assigns an error source label:

e; € {none, condition_only, logic_only, both}.

A condition-related error is defined as an in-

correct answer whose error source is either

condition_only or both. These errors include fail-

ure to adopt corrected conditions, use of obsolete

conditions, mixing old and new conditions, or de-

riving the final answer from an invalid premise.
Let

&. = {condition_only, both}.

We report two condition-related error metrics. Con-
dErr/Err measures the proportion of answer errors
that involve condition misuse:

Zi H[Ci =0Ae; € 50}

CondErr/Err = max(1, 5 1[e: = 0])

x 100%. (21)

CondErr/All measures the proportion of all exam-
ples that are both incorrect and condition-related:

Zi H[Ci =0Ae; € SC}

Err/All =
CondErr/ N

x 100%, (22)

where N is the total number of evaluated examples.

Mention-Only. Mention-Only quantifies shallow
condition recognition without effective reasoning
use. An instance is counted as Mention-Only if at
least one final valid condition is mentioned or listed
in the response but is not used in the subsequent
reasoning chain. The reported rate is

2o Ifmi = 1]
N

Mention-Only = x 100%,  (23)

where m; = 1 indicates a mention-only failure.

Condition-Update Failure. Condition-update
failure among condition-related errors, denoted
CUF/CondErr, measures how many condition-
related errors specifically arise from failure to up-
date the active condition state. Let u; = 1 indicate
that instance ¢ is diagnosed as a condition-update
failure, including non-adoption of corrected condi-
tions, obsolete-condition residue, or old—new con-
dition mixing that affects the answer. Then

Soillci =0Ae; € Ec ANuy = 1]

X 100%.
max(1,>, I[c; =0Ae; € E]) ’

@24

CUF/CondErr =

D Additional diagnostic Results
D.1 English Parallel Evaluation

To examine whether the recovery—adoption gap is
specific to Chinese, we construct an item-level En-
glish parallel version of SCUR-Test. The English
set preserves the reasoning structure, numerical re-
lationships, and correction dependencies of each
Chinese instance, while adapting the wording and
self-correction expressions to English. We evaluate
the untrained Qwen2.5-Omni-7B using the same
diagnostic protocol as in the Chinese evaluation.
As shown in Table 10, the English parallel set
exhibits the same qualitative recovery—adoption
pattern as Chinese. Although VCR remains high at
92.20%, corrected-condition adoption is 83.85%,
and obsolete conditions are still used in 8.47%
of cases. The corresponding Chinese values are
93.63%, 83.46%, and 9.74%. Thus, in both lan-
guages, recovery of final valid conditions from
speech does not guarantee their use as active reason-
ing premises. Because the English experiment uses
one model and a controlled item-level parallel set,
we interpret this result as preliminary cross-lingual
evidence rather than broad language generalization.

D.2 Full Three-Path Diagnostic Results

Table 11 reports the full overall results of the three-
way diagnostic protocol on the test set. The table
complements the main diagnostic results by jointly
presenting transcription, text reasoning, and end-
to-end speech reasoning metrics.

The transcription path measures whether
correction-relevant information is recoverable from
speech. CERg, and CERcoyq denote the aver-
age character error rate on answer-error samples
and condition-main-error samples, respectively.
VCRE; and VCR¢ong denote valid-condition re-
call on the corresponding subsets, and FullCond
denotes the proportion of answer-error samples
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Text Err. | Audio Err. |  AudioC/E] Audio C/All | Adopt. T OldCond] VCR1?

Language
Chinese 21.77 27.91 51.80
English 26.81 32.21 41.88

14.46
13.49

83.46 9.74
83.85 8.47

93.63
92.20

Table 10: Chinese and item-level English parallel evaluation of untrained Qwen2.5-Omni-7B. All values are
percentages. C/E denotes CondErr/Err, C/All denotes CondErr/All, Adopt. denotes corrected-condition adoption,
OldCond denotes obsolete-condition usage, and VCR denotes valid-condition recall on speech-reasoning error cases.
The English evaluation is intended as a controlled cross-lingual check rather than evidence of broad multilingual

generalization.

in which all final valid conditions are recovered.
These transcription metrics are computed on error
cases because they are intended to diagnose failed
speech reasoning.

The text reasoning path removes the speech per-
ception burden and evaluates whether the model
can handle condition updates from text. The
speech reasoning path is the main end-to-end set-
ting, where the model must recover correction-
relevant evidence from audio, update the active
condition state, and reason toward the final answer.
For both paths, Adopt. measures final-condition
adoption, OldCond measures obsolete-condition
usage, Logic@Adopt measures logical correctness
after adopting the final conditions, C/All denotes
condition-related errors over all samples, and Err.
denotes the final-answer error rate.

D.3 Qualitative Diagnostic Example

Table 12 shows a representative Qwen2.5-Omni-7B
case. For readability, the Chinese source question
and model outputs are presented as faithful En-
glish renderings, while CER is computed from the
original Chinese transcription and reference. The
transcription is faithful, and the text-reasoning out-
put is correct, but the speech-reasoning output still
uses an obsolete condition.

D.4 No-training difficulty trend

In the no-training setting, Qwen2.5-Omni-7B ex-
hibits two distinct failure trends. As self-correction
difficulty increases, especially from immediate
corrections to chained and retrospective correc-
tions, the model shows more mention-only behav-
ior, obsolete-condition usage, and condition-related
errors. As reasoning difficulty increases from L1
to L3, the final-answer error rate rises sharply even
when corrected conditions are adopted, indicating
that condition tracking and downstream reasoning
difficulty contribute complementary sources of fail-
ure.

E Human-AI Agreement on Error
Analysis

To assess the reliability of the automatic error anal-
ysis, we compare Al-based annotations with human
annotations on a matched sample of 100 examples.
The two annotation sets correspond to exactly the
same 100 examples with one-to-one sample match-
ing; therefore, differences between the two sets
are not caused by sample mismatch. We examine
both sample-level agreement on individual diag-
nostic fields and metric-level consistency between
aggregate statistics derived from the two annotation
sources.

Importantly, this agreement analysis serves as a
standalone reliability audit of the automatic evalua-
tor. In the evaluation pipeline used for the reported
experimental results, Al-generated diagnostic an-
notations are subsequently reviewed by human an-
notators, and the verified annotations are used in
the final analysis. The audit reported here there-
fore evaluates the quality of the initial automatic
judgments independently of this additional human
quality-control step.

Table 13 uses abbreviated field names for com-
pactness: AnsCorr denotes answer correctness;
OldUse denotes whether an obsolete condition is
used in reasoning; LogicOK denotes logical cor-
rectness given the conditions actually used; Cond-
Cause denotes whether condition misuse is the pri-
mary cause of the final failure; ErrType denotes
error source type; and FailSrc denotes the primary
failure source.

Agreement measures. For a field with NV valid
matched annotations, the observed agreement is

(25)
=1

where a; and h; denote the Al and human labels
for example 7, respectively. We additionally re-
port Cohen’s x (Cohen, 1960), which adjusts ob-
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Transcription

Text Reasoning Speech Reasoning

Model CERg;y CERcong VCRg FullCond VCRcong Adopt. OldCond Logic@Adopt C/All Err.  Adopt. OldCond Logic@Adopt C/All  Err.
Fun-Audio-Chat-8B 1635  20.02  90.19 78.56 86.08  92.64 1.21 93.02 205 8.63 8592 7.33 91.64 11.00 18.07
Qwen2.5-Omni-7B 1793 13.67 93.63 85.65 86.23 8836 3.43 83.47 6.99 21.77 83.46 9.74 83.42 14.46 2791
MiniCPM-0-2.6 82.66 8847 7424  47.02 70.23 8473  10.56 77.67 1293 31.53 7156  29.84 71.24 33.94 50.48
RI1-AQA 21.96 2143  83.09 67.56 83.38 6428  37.57 43.76 4390 69.72 3506  68.07 39.51 74.54 85.94
Qwen2-Audio-7B-Instruct  26.41 2848  79.17 62.43 76.84 6256  40.64 41.89 4743 7197 3344  69.27 40.79 76.63 86.87

Table 11: Full overall three-way diagnostic metrics on the test set. All values are percentages. CERg, and CERong
denote the average character error rate on answer-error samples and condition-main-error samples, respectively.
VCRE;; and VCR(pg denote valid-condition recall on the corresponding subsets. FullCond denotes the proportion
of answer-error samples in which all final valid conditions are recovered. Adopt. denotes final-condition adoption,
OldCond denotes obsolete-condition usage, Logic @ Adopt denotes logical correctness under adopted conditions,
C/All denotes condition-related errors over all samples, and Err. denotes final-answer error rate. Lower is better for

CER, OldCond, C/All, and Err.; higher is better for VCR, FullCond, Adopt., and Logic@ Adopt.

Item

Content

Source question

Reference answer
Transcription

Text reasoning output

Speech reasoning output

A meeting lasts 50 minutes, corrected to 45 minutes. The break between two meetings is 15 minutes, corrected to 10 minutes. If
Manager Wang needs to attend 3 consecutive meetings, how many minutes are needed from the start of the first meeting to the
end of the last meeting, including the breaks?

155 minutes.

A meeting lasts 50 minutes, corrected to 45 minutes. The break between two meetings is 15 minutes, corrected to 10 minutes. If
Manager Wang needs to attend 3 consecutive meetings, how many minutes are needed from the start of the first meeting to the
end of the last meeting, including the breaks? CER = 1.03%.

Known conditions: Each meeting lasts 45 minutes. The break between two meetings is 10 minutes. Manager Wang needs to
attend 3 consecutive meetings.

Reasoning process: First, compute the total duration of the 3 meetings: 3 meetings * 45 minutes/meeting = 135 minutes. Then
compute the total break duration between the meetings: 2 breaks * 10 minutes/break = 20 minutes. Finally, add the meeting
duration and the break duration: 135 minutes + 20 minutes = 155 minutes.

Final answer: 155 minutes.

Known conditions: Each meeting lasts 50 minutes. The break between two meetings is 10 minutes. Manager Wang needs to
attend 3 consecutive meetings.

Reasoning process: First, compute the total duration of the 3 meetings: 3 meetings * 50 minutes/meeting = 150 minutes. Then
compute the break duration between the meetings. Since Manager Wang needs to attend 3 consecutive meetings, there are 2
breaks: 2 breaks * 10 minutes/break = 20 minutes. Finally, add the meeting duration and the break duration: 150 minutes + 20

minutes = 170 minutes.
Answer: 170 minutes.
Error source

Condition-related error. The speech reasoning output uses the obsolete condition “each meeting lasts 50 minutes” instead of the

corrected condition “each meeting lasts 45 minutes”.

Table 12: A qualitative diagnostic example for Qwen2.5-Omni-7B. The model outputs are shown for the transcription,

text-reasoning, and speech-reasoning paths.

served agreement for agreement expected from the
marginal label distributions:

P,—-F
=2 -° 26
R (26)
where
Pe=7 pelptme @7

ceC

denotes the expected chance agreement over the
label set C.

Cohen’s x can be strongly affected by class
prevalence when one label dominates the sam-
ple, producing high observed agreement but a
much smaller chance-corrected value. This be-
havior is commonly discussed as the prevalence
paradox of x (Feinstein and Cicchetti, 1990; Byrt
et al., 1993). We therefore additionally report
prevalence-adjusted bias-adjusted kappa (PABAK)
for binary fields, following the prevalence- and

bias-adjustment framework discussed by Byrt (Byrt
et al., 1993):

PABAK =2F, — 1. (28)
PABAK is included as a complementary descrip-
tive statistic to make the influence of severe preva-
lence imbalance more transparent, rather than as
a replacement for Cohen’s x. We therefore inter-
pret raw agreement, x, PABAK, and the underlying
class distribution jointly.

Agreement is calculated only when a valid hu-
man label is available for the corresponding field.
All 100 examples remain matched across the au-
dit, but field-specific valid sample sizes can there-
fore be smaller than 100. In particular, two human
OldUse entries are blank, leaving 98 valid annota-
tions for this field; these samples remain available
for the other diagnostic fields.
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Field Valid N Agree. x PABAK
AnsCorr 100 98.00% 0.932  0.960
OldUse 98 97.96% -0.010  0.959
LogicOK 100 94.00% 0.716  0.880
CondCause 100 94.00% 0.370  0.880
ErrType 100 93.00% 0.776 -
FailSrc 100 92.00% 0.744 -

Table 13: Sample-level agreement between human and
Al annotations. Valid [V denotes the number of matched
examples with a valid human annotation for the cor-
responding field. PABAK is additionally reported for
binary fields as a complementary measure under label
imbalance.

Interpretation of OldUse. OldUse exhibits
97.96% observed agreement but a Cohen’s s of
—0.010. Among its 98 valid human annotations,
only one example is labeled positive, correspond-
ing to a positive-class prevalence of approximately
1.02%. Under this highly imbalanced distribution,
the expected chance agreement is P, ~ 0.980,
which is very close to the observed agreement
P, =~ 0.980. Consequently, disagreement on only
a small number of instances can substantially re-
duce «, even though the overall agreement rate re-
mains high. This pattern is consistent with the well-
known prevalence sensitivity of Cohen’s x (Fein-
stein and Cicchetti, 1990; Byrt et al., 1993). The
corresponding PABAK value of 0.959 provides a
complementary view of overall agreement under
this extreme prevalence distribution.

At the same time, the high raw agreement and
PABAK should not be interpreted as establishing
robust positive-class detection from this audit alone,
because the number of positive OldUse cases is ex-
tremely small. We therefore interpret this field cau-
tiously and primarily use it as part of the aggregate
diagnostic analysis.

OldUse should also be distinguished from
corrected-condition adoption. Avoiding an obso-
lete condition does not necessarily mean that the
corrected condition has been successfully adopted.
A model may fail to use the obsolete condition
while still omitting the corrected condition, merely
mentioning it without using it as an active premise,
or reasoning from another incorrect premise. The
low prevalence of explicit OldUse is therefore com-
patible with the broader corrected-condition adop-
tion failures analyzed in this work.

Interpretation of CondCause. CondCause
shows an observed agreement of 94.00%, with

Cohen’s k = 0.370 and PABAK = 0.880. The hu-
man annotations contain four positive CondCause
examples out of 100, again resulting in substantial
class imbalance. For this field, the expected chance
agreement is P, ~ 0.905, which partially accounts
for the difference between raw agreement and
Cohen’s k.

CondCause is also intrinsically more difficult to
annotate than simple error presence. It indicates
whether condition misuse is the primary cause of
the final failure. A response can simultaneously
contain condition-use errors, logical errors, calcula-
tion mistakes, or other reasoning failures. Human
and Al evaluators may therefore agree that several
problems are present while differing in which er-
ror should be regarded as the primary cause. Its
lower  consequently reflects both class imbalance
and the difficulty of fine-grained causal attribu-
tion in responses containing multiple co-occurring
errors. The high raw agreement and supplemen-
tary PABAK nevertheless provide a complementary
indication of overall agreement under this imbal-
anced distribution.

Agreement on the remaining fields. The prin-
cipal diagnostic fields show substantially stronger
chance-corrected agreement. AnsCorr achieves
k = 0.932, LogicOK achieves x = 0.716, Er-
rType achieves K = 0.776, and FailSrc achieves
k = 0.744. Carletta (Carletta, 1996) discusses
values above approximately 0.67 as supporting ten-
tative conclusions in classification-based annota-
tion studies. More generally, however, agreement
statistics should be interpreted in relation to anno-
tation difficulty and the underlying class distribu-
tion rather than through a single universal thresh-
old (Artstein and Poesio, 2008). We therefore re-
port both raw and chance-corrected statistics and
explicitly discuss fields affected by extreme preva-
lence or causal ambiguity.

Metric-level consistency. Table 14 compares ag-
gregate error-analysis metrics independently de-
rived from Al and human annotations. ErrRate
denotes the overall error rate; ErrN denotes the
number of error samples; CondErrN denotes the
number of condition-related errors; CondErt/Err
denotes the proportion of condition-related errors
among erroneous responses; CondErr/All denotes
their proportion among all responses; OldUseR-
ate denotes obsolete-condition usage rate; Logi-
cOKRate denotes the proportion of logically cor-
rect reasoning given the used conditions; and Cor-
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Metric Al Human
N 100 100
ErrRate 19.00% 17.00%
ErrN 19 17
CondErrN 7 6
CondErr/Err  36.84% 35.29%
CondErr/All 7.00%  6.00%
OldUseRate!  1.02%  1.02%
LogicOKRate 88.00% 88.00%
CorrUseRate  87.29% 94.75%

Table 14: Metric-level comparison between Al-based
and human-based error analysis. TOldUseRate is com-
puted over the 98 examples with valid human OldUse
annotations.

rUseRate denotes the average corrected-condition
usage rate.

For OldUseRate, the comparison is computed
over the 98 examples with valid human OldUse
annotations rather than treating the two missing
human annotations as negative cases. Other met-
rics are computed over their corresponding valid
matched samples.

At the aggregate level, AI- and human-derived
metrics show similar overall patterns. The overall
error rate differs by 2.00 percentage points, while
CondErr/All differs by 1.00 percentage point. On
the valid OldUse subset, both annotation sources
yield an aggregate OldUseRate of 1.02%, and
LogicOKRate is identical at 88.00%. The largest
quantitative difference occurs for CorrUseRate, for
which the Al evaluator gives 87.29% compared
with 94.75% from human annotation, a difference
of 7.46 percentage points. This larger discrepancy
is consistent with corrected-condition usage being
a finer-grained judgment than final-answer correct-
ness or coarse error categorization.

Overall, the audit indicates that the Al evaluator
provides reasonably reliable initial judgments for
aggregate diagnostic analysis, while agreement on
rare-event and fine-grained causal fields is more
sensitive to class prevalence and annotation am-
biguity. We therefore distinguish this standalone
reliability audit from the final evaluation procedure:
automatic annotations provide the initial structured
judgments, after which human review supplies an
additional level of quality control, and the verified
annotations are used for the reported analysis. The
final conclusions are thus supported by both the
automatic diagnostic framework and subsequent
human verification rather than by the Al evaluator
alone.

Value

Qwen2.5-Omni-7B
Text-side LLM

Hyperparameter

Base model
Trainable part

Speech encoder Frozen
Visual branch Frozen
LM head Frozen
Epochs 2
Learning rate 5x1077
Scheduler Linear
Warmup ratio 0.05
Batch size/device 4

Grad. accumulation 1
Generations G 8

Max completion length 512
Max prompt length None
Temperature 0.9
Top-p 0.9
Repetition penalty 1.1
Reference KL 0.05
Checkpointing Enabled
DeepSpeed ZeRO-3

Table 15: Main optimization and generation hyperpa-
rameters.

Reward / PACER term Value

Judge weight w; 1.0
Format weight w 0.3
Condition weight Ac  0.35
Logic weight \; 0.35
Answer weight A\, 0.30
Mask ratio 0.5
Mask strategy Random
Speech contrast 0.001
Entropy coeff. 7. 0.01
Entropy coeff. n; 0.01
Judge model Qwen3-14B
Judge max tokens 225

Judge max length 4096

Table 16: Reward and speech-evidence contrast default
hyperparameters.

F PACER Training Details
F.1 Training Hyperparameters

The main optimization and generation hyperpa-
rameters are shown in Table 15. Reward and
PACER-specific hyperparameters are shown in Ta-
ble 16. Unless otherwise stated, the default setting
is \c = 0.35, Mask= 0.5, and v = 0.001.

The training data use an anchor-based JSONL
format. Each example contains a speech input and
structured reference annotations, including final
valid conditions, obsolete conditions, reference rea-
soning nodes, and final answers. During training,
the prompt contains the speech input and a fixed
response-format instruction. The written question
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text is not exposed to the policy prompt, so condi-
tion recovery and condition use must be grounded
in the speech input.

For reproducibility, the supplementary materi-
als and released code include the PACER training
scripts, reward-judge prompts, response-format in-
structions, masking implementation, configuration
files, and hyperparameter templates. These files
specify the GRPO training pipeline, reward aggre-
gation rules, speech-evidence masking procedure,
model-calling settings, and evaluation commands
used after training.

F.2 Reward Setting

We denote the unit-interval clipping operator as

clipjg 4;(#) = min(1, max(0, z)). (29)

The total reward follows the main-text formula-
tion: '
Ri = wj RI"° 4w RI™. (30)
The judge reward combines condition, logic, and
answer scores:

Ri’_udge _ Clip[o’l] ()\Cszgorld + )\ZS;ogic
€2y
+AaSE™).

We use A\, = 0.35, \; = 0.35, and \, = 0.30 in
the default setting.

The online judge evaluates each rollout response
through three Qwen3-14B routes. Instead of di-
rectly producing scalar scores, each route outputs a
structured JSON object, which is then parsed and
converted into reward components by predefined
aggregation rules. The condition route extracts
evidence about final valid conditions, obsolete con-
ditions, and old-new conflicts. The logic route
verifies reasoning completeness, correctness, self-
consistency, and error types. The answer route
checks whether the final answer is correct and fol-
lows the final corrected conditions.

The condition route uses the following output
schema:

{

"mentioned_corrected_conditions”: [],
"mentioned_old_conditions”: [],
"missing_corrected_conditions”": [1],
"extra_condition_like_claims"”: [],
"used_corrected_conditions”: [],
"used_old_conditions”: [],
"old_new_conflict_conditions”: []

The logic route uses the following output
schema:

{

"covered_logic_steps”: [],

"used_invalid_in_logic": [],

"error_types": [],

"logic_verdicts": {
"key_chain_complete”: 0,
"calculation_correct”: 0,
"state_updates_correct”: 0,
"self_consistent”: 0,
"supports_final_answer”: @

3,

"alternate_reasoning_correct”: @

The answer route uses the following output
schema:

{
"student_final_claims”: [],
"matched_reference_answers"”": [],
"missing_reference_answers”: [],
"extra_wrong_claims”: [],
"contains_conflicting_answers": 0,
"follows_final_correction”: 1,
"is_correct”: 1,
"match_type": "exact”

The condition score separates mention-only ev-
idence from effective adoption into the reasoning
state. Let N. be the number of final valid condi-
tions. Define the mention and use ratios from the
condition-route JSON as

|mentioned_corrected_conditions|

i max(1, N¢) ’ 32)
_ |used_corrected_conditions|
wi= max(1, N¢)
The positive adoption evidence is
Sffj_,f‘d = QmMi + auu, (33)

where a,;, = 0.30 and «,, = 0.70. This setting
gives larger weight to actual use than to shallow
mention.

Negative condition evidence is aggregated as a
weighted penalty set C~:

52 — clipyg (Sffi‘d -y negf). (34)
ecC—

Here, g denotes the triggered strength of the
e-th negative condition signal for response ¥;. In
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our instantiation, C~ contains four channels. The
first channel corresponds to obsolete-condition us-
age. Its value is determined by how many obso-
lete conditions remain active in the response, i.e.,
how many items appear in used_old_conditions;
this count is capped at 2 for stability, so re-
peated obsolete-condition use does not dominate
the entire condition score. The second channel
corresponds to old—new conflict. It is activated
when the response simultaneously retains final
corrected conditions and obsolete conditions in a
conflicting manner, as reflected by a non-empty
old_new_conflict_conditions field. The third
channel corresponds to invalid-condition usage in-
side the reasoning chain. It is activated when the
logic route detects that invalid or obsolete infor-
mation has actually entered downstream reasoning,
i.e., when used_invalid_in_logic is non-empty.
The fourth channel corresponds to wrong-premise-
driven reasoning. It is activated when the logic
route explicitly identifies wrong_premise_error,
indicating that the subsequent reasoning process
is built on an incorrect or outdated premise rather
than on the final valid conditions.

The corresponding penalty weights are kqq =
0.08, Kconflit = 0.05, Kinvalid = 0.08, and
Kwrong = 0.05. As a result, the obsolete-condition
penalty is upper-bounded by 0.16.

The logic score evaluates the reasoning chain
under the adopted conditions. The logic route re-
turns five binary verdicts v¥ € {0, 1}, correspond-
ing to key-chain completeness, calculation cor-
rectness, state-update correctness, self-consistency,
and whether the reasoning supports the final an-
swer. Concretely, key-chain completeness checks
whether the response contains the essential interme-
diate reasoning steps instead of jumping directly to
the answer; calculation correctness checks whether
numerical or symbolic computations are correct;
state-update correctness checks whether intermedi-
ate state changes are tracked correctly in multi-step
problems; self-consistency checks whether the rea-
soning remains internally non-contradictory; and
support for the final answer checks whether the
derived reasoning is sufficient to justify the stated
final answer. Denoting this verdict set by V!°8i¢,
we use a start-from-one deduction form:

SEe=1- > m(1—vf). (35)
kevlogic
The verdict deduction weights are
chain =— 0157 calc — 0227 state — 0127
Hech Heal Hstat (36)
Mself = 012, Msup = 0.20.

In addition, the judge outputs a set of triggered
reasoning error types Egoglc. Lethf =1I[e € Eiloglc].
We apply an extra deduction

> wehs, 37

eeglogic

Pilogic —

where the instantiated weights are

Vmissing = 008, Vcontra — 010,
(38)

Vmulti = 010, Vunsup = 012,

unit = 0.08, state = 0.08,
s Vet (39)

Vformula — 0157 Varith =— 0.08.

These correspond to missing-key-step, contra-
diction, multi-branch, unsupported-answer, unit-
conversion, state-update, formula, and arithmetic
errors, respectively.

The final logic score is

SIE = dlipy ) (S5 — PIoF°). (40)

k3

If the judge marks the reasoning as an alternative
but valid solution path, we preserve partial credit
by

SIogI  max(SI°8° 0.85). 1

The answer score is a strict binary judgment.
Only exact or equivalent matches are treated as
correct. Define

C:zms —1 [match_type S {eXaC‘(‘,7 equivalent}] . (42)

Let

gmiss = ]IUmissing_reference_answers‘ > 0], 43)
g7 = H[!extra_wrong_claims! > 0], (44)

gt = H[contains_conflicting_answers = 1], (45)

giot = H[follows_final_correction = 0], (46)
The final answer score is
Sems = H[c?“s =1AgM® =0
NG =0Agi =0 (47)

p g =]

The format reward encourages a parseable
condition—reasoning—answer structure but does not
evaluate mathematical correctness:

Rf™ — min (0.20 ge" 4 0.20 glo%'¢

(48)
+0.30 ™™ + 0.30 ™™, 1).

cond logic, and qans

Here ¢7°"“, q; 21 indicate whether the re-
sponse contains recognizable condition, reasoning,
and answer fields, while ¢;""™ indicates whether

the answer field contains an explicit answer value.
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F.3 Speech-Evidence Masking

PACER applies masking at the speech-
representation level. Given the intact speech
representation z, a random temporal mask pro-
duces Z = M(z). The default mask ratio is 0.5.
The mask is applied over valid speech frames and
does not target padding frames.

F.4 Evaluation Settings After Training

After training, PACER is evaluated on held-out self-
corrected speech reasoning sets. Model responses
are generated from speech inputs and then evalu-
ated with a structured external evaluator using the
same anchor annotations: final valid conditions,
obsolete conditions, reasoning nodes, and final an-
swers.

The evaluation reports condition-level,
reasoning-level, and answer-level metrics.
Condition-level metrics measure whether final
corrected conditions are adopted and whether
obsolete conditions remain active. Reasoning-level
metrics measure whether corrected conditions
enter the reasoning chain and whether old condi-
tions still affect reasoning. Answer-level metrics
measure strict final-answer correctness under the
final corrected conditions.

G Additional Difficulty-Level Evaluation
Results

This appendix provides additional difficulty-level
evaluation results for PACER. The main paper al-
ready reports training-objective ablations, reward-
component ablations, speech-mask effects, error-
source breakdowns, and parameter sensitivity anal-
yses. Accordingly, this appendix focuses on
complementary analyses by intrinsic reasoning
difficulty and self-correction difficulty, together
with representative qualitative cases that illustrate
condition-state recovery.

Unless otherwise specified, all results are re-
ported on the full test split of 2,490 examples, and
all metric values are percentages.

Model naming. For readability, we use short
method names throughout this appendix. NoTrain
denotes the untrained Qwen2.5-Omni-7B baseline.
GRPO-Answer uses only final-answer correctness
as the reward signal. GRPO-Structured uses
answer-level reward and structured condition-state
reward, but does not use the speech-evidence con-
trast mechanism. PACER denotes the full method.

Metrics. Acc. denotes final-answer accuracy.
Adopt. denotes corrected-condition adoption. Old-
InChain denotes the rate at which obsolete condi-
tions enter the reasoning chain. CondErr/All de-
notes condition-related errors among all examples.
Logic@Adopt measures whether the reasoning re-
mains logically correct after adopting corrected
conditions.

G.1 Breakdown by Reasoning Difficulty

Table 17 reports results by intrinsic reasoning diffi-
culty. L1 denotes single-step calculation or direct
inference, L2 denotes two- to four-step reasoning
or simple multi-variable judgment, and L3 denotes
longer reasoning chains, multi-variable composi-
tion, or multi-branch reasoning. PACER improves
performance across all reasoning levels, with es-
pecially clear gains on L2 and L3. L3 remains
the hardest subset, suggesting that long-chain rea-
soning continues to be challenging even when
condition-state maintenance is improved.

G.2 Breakdown by Self-Correction Difficulty

Table 18 reports results by self-correction difficulty.
DO is a no-correction control setting. D1 and D2
denote single-slot and multi-slot immediate correc-
tion, respectively. D3 and D4 denote single-slot
and multi-slot chained correction. D5 denotes long-
distance retrospective correction. PACER mainly
improves correction-bearing examples, especially
D2-D5, where the model must revise the active
condition state rather than answer from the initially
perceived information.

G.3 Qualitative Case Studies of
Condition-State Recovery

To make the recovery behavior concrete, we present
two representative D2 examples in full. The orig-
inal benchmark metadata and model outputs are
in Chinese. For readability in this appendix, we
present faithful English renderings of the original
question and model responses while preserving the
underlying condition updates, reasoning steps, and
final predictions. In both examples, all non-PACER
variants fail, whereas PACER correctly updates and
propagates the corrected condition state.

These two cases make the behavioral difference
explicit. In both examples, the main advantage of
PACER is not merely answer-level improvement,
but reliable recovery of the corrected condition
state under multi-slot correction, followed by con-
sistent downstream reasoning.
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Level Setting Acc. T Adopt. T OldInChain | CondErr/All | Logic@Adopt 1

L1 NoTrain 90.54 86.51 8.04 8.20 98.16
L1 GRPO-Answer 98.23 92.01 1.26 1.26 99.41
L1 GRPO-Structured 98.99  93.09 0.60 0.88 99.75
L1 PACER 98.74  93.04 0.42 0.88 99.35
L2 NoTrain 76.39 85.21 11.12 14.34 88.47
L2 GRPO-Answer 86.99 91.07 1.51 4.34 90.26
L2 GRPO-Structured 89.76  92.04 0.47 3.73 92.16
L2 PACER 90.48  93.28 0.36 3.01 93.81
L3 NoTrain 51.10  79.18 9.79 20.30 66.08
L3 GRPO-Answer 59.17 84.07 0.94 10.61 66.88
L3 GRPO-Structured  58.25 84.62 0.95 10.61 65.76
L3 PACER 62.05 86.00 0.94 9.80 70.33

Table 17: Breakdown by reasoning difficulty.

D-level Setting Acc. T Adopt. T OldInChain | CondErr/All | Logic@Adopt 1
DO NoTrain 85.19  92.12 0.00 3.84 88.22
DO GRPO-Answer 86.29  92.64 0.00 3.66 89.01
DO GRPO-Structured 86.11 92.93 0.20 3.47 87.94
DO PACER 87.75 91.74 0.00 3.47 89.74
D1 NoTrain 76.00  84.26 791 12.44 86.69
D1 GRPO-Answer 84.44  86.21 1.58 4.22 86.94
D1 GRPO-Structured 84.89  89.66 0.19 3.11 86.43
D1 PACER 85.56 91.54 0.41 4.00 87.15
D2 NoTrain 68.56  83.56 13.19 16.55 83.63
D2 GRPO-Answer 80.85  92.09 2.92 5.20 85.72
D2 GRPO-Structured 81.56  91.88 0.97 4.02 84.80
D2 PACER 85.11 93.15 0.24 2.60 88.43
D3 NoTrain 7212 79.68 12.18 16.37 85.22
D3 GRPO-Answer 83.63 86.74 0.90 4.65 86.54
D3 GRPO-Structured 84.73  87.40 1.13 4.87 88.14
D3 PACER 85.84  90.09 0.90 3.54 89.07
D4 NoTrain 62.36 77.14 16.07 25.56 80.85
D4 GRPO-Answer 76.40  87.64 1.15 8.99 82.76
D4 GRPO-Structured 78.37  87.86 0.90 8.99 84.20
D4 PACER 79.21  87.95 0.85 8.15 87.18
D5 NoTrain 56.87  84.30 8.81 18.32 72.14
D5 GRPO-Answer 64.89  87.45 0.66 9.16 73.50
D5 GRPO-Structured 66.79  88.10 0.66 9.92 75.87
D5 PACER 67.56  88.74 1.33 9.16 78.42

Table 18: Breakdown by self-correction difficulty.
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Setting Model response (English rendering) Error diagnosis

Case 1 (multi-slot immediate correction). Question: A stationery store has three piles of notebooks. The first pile has 32 notebooks, or rather 35. The second pile
has 38 notebooks. The third pile has 20 notebooks, sorry, it should be 25. The owner sells 7 notebooks from each pile. How many notebooks remain in the store?

Gold answer: 77 notebooks.

NoTrain

Known conditions: The first pile has 32 notebooks, the second pile has 38 notebooks, and the third pile
has 20 notebooks, or rather 25. The owner sells 7 notebooks from each pile.

Reasoning: After selling 7 from each pile, the first pile has 32 — 7 = 25 notebooks left, the second
pile has 38 — 7 = 31 left, and the third pile has 20 — 7 = 13 left. Adding them together gives
25+ 31+ 13 = 69.

Answer: 69 notebooks remain in the store.

Retains obsolete conditions (32 and
20) and never fully updates to the
corrected state. Condition-centric
failure. Final prediction: 69.

GRPO-Answer

Known conditions: The first pile has 32 notebooks, the second pile is 35, the third pile has 38 notebooks,
the third pile has 25 notebooks, and the owner sells 7 notebooks from each pile.

Reasoning: After selling 7 from each pile, the first pile has 32 — 7 = 25 left, the second pile has
35 — 7 = 28 left, and the third pile has 25 — 7 = 18 left. Adding them gives 25 + 28 + 18 = 71.
Answer: 71 notebooks remain in the store.

Still preserves the obsolete first-pile
value 32 and also shows slot confu-
sion across piles. Condition-centric
failure. Final prediction: 71.

GRPO-Structured

Known conditions: The first pile has 32 notebooks, the second pile has 38 notebooks, the third pile has
25 notebooks, and the owner sells 7 notebooks from each pile.

Reasoning: After selling 7 from each pile, the first pile has 32 — 7 = 25 left, the second pile has
38 — 7 = 31 left, and the third pile has 25 — 7 = 18 left. Adding them gives 25 4 31 4 18 = 74.
Answer: 74 notebooks remain in the store.

Still carries the obsolete first-pile
value 32 into the reasoning chain.
Condition-centric failure. Final pre-
diction: 74.

PACER

Known conditions: The first pile has 35 notebooks, the second pile has 38 notebooks, and the third pile
has 25 notebooks. The owner sells 7 notebooks from each pile.

Reasoning: After selling 7 from each pile, the first pile has 35 — 7 = 28 notebooks left, the
second pile has 38 — 7 = 31 left, and the third pile has 25 — 7 = 18 left. Adding them gives
28 +31 418 =17T7.

Answer: 77 notebooks remain in the store.

Correctly updates all corrected quan-
tities and propagates them through
the full reasoning chain. Correct fi-
nal prediction: 77.

Table 19: Full qualitative comparison for a representative D2 example. The original instance and outputs are in
Chinese; the table shows faithful English renderings for readability. All non-PACER variants fail to maintain the
corrected condition state, whereas PACER updates the active condition set consistently.

Setting

Model response (English rendering)

Error diagnosis

Case 2 (multi-slot immediate correction). Question: In an office printer network, the main queue currently has 4 connected computers, and the backup queue has 1.
You then add 2 computers to the backup queue, sorry, it should be 3. Next, 1 computer from the backup queue is transferred to the main queue, sorry, it should be 2.
How many connected computers are in the main queue and the backup queue at the end? Gold answer: main queue = 6, backup queue = 2.

NoTrain

Known conditions: The main queue currently has 4 connected computers, and the backup queue has 1.
Reasoning: 1. Add 3 computers to the backup queue, so the backup queue becomes 1 4+ 3 = 4. 2.
Transfer 1 computer from the backup queue to the main queue, so the main queue becomes 4 + 1 = 5.
3. Transfer 2 more computers to the main queue, so the main queue becomes 5 + 2 = 7. 4. The
backup queue finally becomes 4 — 2 = 2.

Answer: The main queue has 7 connected computers, and the backup queue has 2.

Mixes obsolete and corrected trans-
fer counts by applying both 1 and 2.
Primary failure is condition-state in-
consistency. Final prediction: main
7, backup 2.

GRPO-Answer

Known conditions: The main queue currently has 4 connected computers, and the backup queue has 1.
Reasoning: 1. Add 3 computers to the backup queue, so it becomes 1 + 3 = 4. 2. Transfer 1 computer
from the backup queue to the main queue, so the main queue becomes 4 + 1 = 5. 3. Then transfer 2
more computers from the backup queue to the main queue, so the main queue becomes 5 4 2 = 7. 4.
The backup queue then becomes 4 — 2 = 2.

Answer: The main queue has 7 connected computers, and the backup queue has 2.

Again mixes obsolete and corrected
transfer counts. Failure is still driven
by incorrect condition-state main-
tenance. Final prediction: main 7,
backup 2.

GRPO-Structured

Known conditions: The main queue currently has 4 connected computers, the backup queue has 1, 3
computers are added to the backup queue, and 2 computers are transferred from the main queue to the
backup queue.

Reasoning: 1. Initially, the main queue has 4 computers and the backup queue has 1. 2. After adding 3
computers to the backup queue, it becomes 1 + 3 = 4. 3. After transferring 2 computers from the
main queue to the backup queue, the main queue becomes 4 — 2 = 2, and the backup queue becomes
4+2=6.

Answer: The main queue has 2 connected computers, and the backup queue has 6.

Uses the updated number 2 but re-
verses the transfer direction. The
corrected event is not preserved con-
sistently in the reasoning chain. Fi-
nal prediction: main 2, backup 6.

PACER

Known conditions: The main queue currently has 4 connected computers, and the backup queue has 1.
Then 3 computers are added to the backup queue, and 2 computers are transferred from the backup
queue to the main queue.

Reasoning: 1. Initially, the main queue has 4 computers and the backup queue has 1. 2. Add 3
computers to the backup queue, so it becomes 1 4+ 3 = 4. 3. Transfer 2 computers to the main queue,
so the main queue becomes 4 + 2 = 6, and the backup queue becomes 4 — 2 = 2.

Answer: The main queue has 6 connected computers, and the backup queue has 2.

Correctly updates both corrected op-
erations and preserves the transfer
direction. Correct final prediction:
main 6, backup 2.

Table 20: Full qualitative comparison for another representative D2 example. The original instance and outputs are
in Chinese; the table shows faithful English renderings for readability. PACER is the only variant that correctly
updates and propagates the corrected transfer event.
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