Thinking Past the Answer: Evaluating Harmful
Overthinking in Large Reasoning Models

Simone Caldarella>* Davide Talon?

Rahaf Aljundi’ Elisa Ricci'® Massimiliano Mancini!

'University of Trento
>Toyota Motor Europe
3Fondazione Bruno Kessler

Abstract

Large Reasoning Models (LRMs) improve performance by generating explicit inter-
mediate reasoning traces through increased test-time compute, yet the assumption
that longer reasoning is consistently beneficial remains under-examined. While
recent evidence shows that additional reasoning can lead models to overthink,
we ask: “Once a model has reached the correct answer, does further reasoning
refine the solution, or deviate from it?” To study the dynamics after correctness,
we introduce a prefix-level trajectory evaluation protocol grounded in reasoning
sufficiency, defining the minimum reasoning budget required for a model to first
generate the correct answer. This allows us to disentangle verbose overthinking,
where additional reasoning is redundant but harmless, from harmful overthink-
ing, where continued reasoning destabilizes an already-correct trajectory. Starting
from multimodal benchmarks, we find that many instances considered reasoning-
intensive require surprisingly little reasoning. Moreover, stopping at the first
correct prefix improves accuracy over standard reasoning up to 21%, revealing
that current models are limited not only by their ability to reason, but also by their
inability to stop at the right time. Furthermore, while common efficiency strategies
like early stopping substantially reduce verbose overthinking (up to 50%), they
fail to mitigate harmful overthinking. Failure analysis reveals that correctness
deviations are mainly driven by logical drift and visual reinterpretation. Finally,
we show that our findings generalize to language-only reasoning benchmarks,
highlighting harmful overthinking as a broader reliability risk. Code available at
https://simonecaldarella.github.io/thinking-past-the-answer.

1 Introduction

Large Reasoning Models (LRMs), such as OpenAlI’s ol [11] and DeepSeek’s R1 [9], have shown that
allocating additional computation at test time can substantially improve performance on challenging
tasks.” This paradigm, referred to as test-time scaling [24], improves performance by allowing mod-
els to produce longer and more deliberative reasoning traces, with gains observed in mathematical
problems [10, 5], code generation [3, 16], and multimodal reasoning [19, 31]. However, emerging ev-
idence suggests that more reasoning is not always better: LRMs often exhibit systematic overthinking,
generating reasoning traces substantially longer than necessary to solve a problem [28, 18, 4].

Prior work has largely treated overthinking as an efficiency problem, aiming to reduce reasoning cost
while preserving the accuracy of full-length chains of thought (CoT) [26, 44, 17, 15, 39, 33]. This
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2Throughout this paper, we use the term large reasoning models to refer jointly to language-only and multimodal models
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Figure 1: Performance averaged on LRMs. Actual Length is the model’s default behavior, No-CoT
disables intermediate reasoning, and Instruct Model is the pre-reasoning instruction-tuned model.
Finally, Optimal Length stops at the first correct prefix. The gap between Actual Length and Optimal
Length shows that models often reason past correctness, making additional reasoning harmful.

perspective has also been studied mostly in language-only settings [6, 34], leaving limited insight
into multimodal LRMs, where continued reasoning can introduce visual misreadings or unsupported
reinterpretations of the input. In this paper, we argue that this view is incomplete: overthinking is
also a reliability problem. A model may reach the correct answer early, continue reasoning, and later
revise, contradict, or overwrite that correct solution.

We study this phenomenon through the lens of reasoning sufficiency. For a given model and question,
we define the question’s difficulty as the minimum reasoning budget required for the model to produce
the correct answer. This differs from prior work that proxies difficulty using the average length
of model-generated traces [28, 26, 15], since trace length can itself be inflated by overthinking.
Our formulation isolates the computation minimally required for correctness and separates two
forms of overthinking: verbose overthinking, where the model reasons beyond the sufficient budget
while preserving the correct answer, and harmful overthinking, where additional reasoning causes a
trajectory that has already reached the correct answer to end with an incorrect final prediction. Under
this view, test-time scaling is not monotonically beneficial; additional computation can destabilize an
already-correct solution.

To measure these effects, we introduce a prefix-level trajectory evaluation protocol. Given a reasoning
trace, we evaluate prefix-level performance by forcing the model to produce an answer from that
partial trace. This lets us identify when the correct answer first becomes recoverable and whether
continued reasoning preserves or loses correctness. Using this protocol, we find that overthinking is
substantial and systematic across multimodal benchmarks. Many questions commonly viewed as
reasoning-intensive can be solved with surprisingly few reasoning steps, yet models often continue
far beyond the sufficient point. As shown in Fig. 1, Optimal Length, which stops at the first correct
prefix, outperforms the model’s default Actual Length behavior by nearly 10% on average; this gain
exceeds the benefit from reasoning-oriented post-training over the corresponding instruct model.
These results suggest that current LRMs are limited not only by whether they can reason, but also by
whether they can stop reasoning at the right time.

We further show that harmful overthinking is not tied to a particular answer format or modality. Both
multiple-choice and free-form questions exhibit harmful overthinking, with surprisingly stronger
effects in the latter settings, where the less constrained output space makes it easier to drift away
from a previously correct answer. Language-only experiments show that the same phenomenon
also affects unimodal LRMs. Moreover, simply shortening traces is insufficient: early stopping, i.e.,
terminating the reasoning trace earlier, reduces average reasoning length, but fails to mitigate harmful
overthinking. Finally, an analysis of 4,842 harmful traces reveals that correctness deviations are
dominated by visual and logical errors, while calculation errors account for only a small fraction.

In summary, the contributions of this paper are as follows:

® We formalize overthinking via the minimum sufficient reasoning budget, disentangling verbose
overthinking from harmful overthinking.

@ We introduce a prefix-level evaluation protocol that measures reasoning sufficiency and correctness
instability along model trajectories.

® We quantify harmful overthinking across multimodal and language-only benchmarks, showing
that LRMs often drift from early correct answers to incorrect final predictions.

@ We categorize the sources of harmful overthinking and show that correctness deviations are driven
mainly by logical and visual errors rather than arithmetic mistakes.



2 Formalizing Overthinking via Reasoning Sufficiency

In this section, we formalize overthinking through the lens of reasoning sufficiency. We first define
question difficulty as the minimum reasoning budget required for a model to reach a correct answer.
We then use this notion to distinguish verbose overthinking from harmful overthinking.

Setting and Notation. Let (z,y) be a sample with input 2z € X (potentially multimodal) and ground-
truth answer y € )). We consider a large reasoning model as a generative framework F : X — T
that, given x, produces a reasoning trace t = F(x) € T that includes the predicted answer, where T
denotes the space of possible traces. For consistent evaluation in cases where answer formatting is
not followed, we rely on a fixed answer extraction protocol where a language model A : 7 — Y
extracts the prediction from the provided trace § = A(t). The extractor is implemented as a separate
model (Qwen3-4B [40]) that operates solely on the generated reasoning trace.

2.1 Problem Difficulty

What does it mean for a problem to be difficult? Prior work often characterizes difficulty [26, 24, 15]
using aggregate proxies such as pass@k or average chain-of-thought length [26]. These proxies
are confounded by decoding policy, sampling strategy, and verbosity, and therefore do not isolate
the computation actually required for correctness. We instead define the empirical difficulty of an
instance wrt. a model as the minimum reasoning budget (i.e., shortest CoT) sufficient for the model
to obtain the correct answer. This separates required reasoning from redundant/harmful continuation.

Formally, we consider ¢ as a sequence of N utterances, ¢t = (uq,...,uy), where each u; represents
a semantically coherent reasoning step. We denote by t<; = (us,. .., u;) the prefix up to step ¢, with
t<o = 0 corresponding to no intermediate reasoning, i.e., the model can already answer without any
reasoning. Each prefix induces a prediction §; = A(t<;). We define the first correct index as:

Ty(z; F) = argmin b, st. A(t<;) =y, (1)
i€{0,...,N} B
where b; is the computational budget associated with prefix t<;,¢ = 0,..., N, and the empirical

difficulty of the instance is #(x,y; F) = br, (z;7)- If no prefix yields the correct answer, we set

7, = 0o’ and leave & undefined for that trajectory. We emphasize that #(z, y; F) is not an intrinsic
property of the instance alone, but a model-dependent difficulty of the sample. This definition,
invariant to overall length, captures the minimal computation required for the model to reach a correct
answer: once a correct prefix has been reached, extending the reasoning does not change the difficulty.
In practice, & provides an empirical lower bound on the compute required to form the correct answer.

On Tokens vs.Utterances. We instantiate the budget b; as the number of utterances in ¢<;. Unlike
token count, utterance-level budgets are less sensitive to formatting and verbosity, and better align
with semantically coherent reasoning steps. In practice, we instantiate the reasoning steps by splitting
traces at explicit delimiters (line breaks), which LRMs tend to use naturally. We use the generic b; to
make clear that the definition is not tied to a particular notion of budget and the same definitions can
be applied to token-level steps. Appendix B.4 analyzes statistics on utterances and tokens.

2.2 Disentangling Overthinking

Verbose vs. Harmful. Given the first correct index 7, we define overthinking as any continuation
beyond the first correct prefix. That is, all steps j > 7, correspond to computation that is not
necessary to first obtain the correct answer. Then, by comparing the trace t<, with the full model
one t< v, we distinguish two cases:

@ Verbose overthinking corresponds to wasted computation: once the model reaches a correct
intermediate state, further reasoning does not change the outcome,

Alten) =y A Alt<y) =y. @)

Here, additional reasoning is redundant. The model has already solved the problem, but continues to
generate unnecessary steps without affecting the final prediction.

3Mathematicians may forgive us. In practice, when a trace does not reach the correct solution, we set the optimal length
equal to the maximum length.



@ Harmful overthinking, in contrast, reflects a failure of the reasoning process itself: after reaching a
correct answer, additional computation causes the model to deviate from correctness,

Alt<r,) =y N Alt<n) #y- 3)

In this case, the model initially reaches the correct solution, but subsequent reasoning introduces
errors that override it, making the model reply incorrectly. Rather than refining the answer, additional
computation destabilizes an otherwise correct trajectory. Crucially, in Sec. 3.2 we will show that
reducing verbose overthinking does not reduce harmful overthinking, highlighting their orthogonality.

Harmful Overthinking as Trajectory Instability. The definition @ treats harmful overthinking as
a binary event: after first reaching a correct answer, the model terminates with an incorrect one. To
analyze this behavior along the trajectory, we define the correctness state of each prefix as

zi = 1[A(t<i) = y]. )

Under monotonic reasoning, correctness would be absorbing: once z; = 1, all later states would
remain correct. Harmful overthinking corresponds to a violation of this monotonicity.

We therefore define the event-level harmful overthinking indicator as
hz; F)=1[r, <oco A zy =0]. 5)

Thus, h captures whether the model reaches a correct prefix but loses correctness by termination. For
a dataset D, we report the harmful overthinking rate as the average of this indicator:

H(D;F) = = > h(x; F). 6)
‘,D| (z,y)€D

Sec. 3 further analyzes reasoning trajectory through the probability of remaining correct after 7,,.

3 Overthinking in Large Reasoning Models

We now define the main experimental protocol and investigate how reasoning unfolds in practice,
relative to the minimum reasoning budget. Our analysis is guided by three questions: (i) how much
reasoning is actually required to solve benchmark questions, (ii) what happens when models reason
beyond this point, and (iii) whether reducing reasoning length mitigates potential failures.

We begin by examining how correct solutions first emerge along the reasoning trajectory, with a
focus on the challenging multimodal setting. Building on this perspective, we then study harmful
overthinking, focusing on how additional reasoning can affect correctness. We further analyze how
this phenomenon depends on the answer format, contrasting multiple-choice and free-form generation.
To better understand these effects, we adopt a prefix-level trajectory view and study correctness
transitions across reasoning steps, revealing the underlying dynamics of reasoning. Finally, we
evaluate whether reducing verbosity is sufficient to improve reliability, and assess the generality of
these behaviors by extending the analysis to language-only models.

3.1 Experimental Setting

Models and Benchmarks. Building on prior work on overthinking [39, 15], we analyze recent LRMs
for multimodal reasoning: MM-Eureka [22], R1-VL [45], ThinkLite-VL [36], and VL-Rethinker [30].
We evaluate these models on a diverse set of multimodal benchmarks spanning diagram understanding,
visual grounding, mathematical reasoning, and multiple-choice vision-language QA: AI2D [12],
MathVista [19], MathVision [31], MathVerse [47], MMStar [2], and VMCBench [50]. For language-
only reasoning instead, we consider Qwen3 [40] and InternS1 [1] on AIME2025 [49] and GPQA [25].

Reasoning Strategies. We evaluate four strategies spanning lower and upper bounds on reasoning
performance. Instruct Model is the base Instruction-Tuned model before reasoning-oriented post-
training [48]. No-CoT forces the reasoning model to answer immediately, without intermediate
reasoning. Actual Length is the model’s default unconstrained CoT behavior. Optimal Length is
an oracle strategy that stops at the first correct prefix {<,, . Since identifying this prefix requires
ground-truth access, it is not deployable; rather, it quantifies the gain achievable by eliminating
harmful overthinking.
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Figure 2: Average number of utterances across five multimodal models under Actual Length and
Optimal Length. Even on benchmarks typically considered challenging (e.g., Mathvision [31]) most
solvable instances require little to no intermediate reasoning.

Prefix-Level Trajectory Evaluation. Inspired by previous work [8, 24], we probe intermediate
reasoning states by evaluating every utterance-level prefix t<; of a generated trace, including the
empty prefix <. As reasoning models usually emit answers only at termination, we append a fixed
termination template to each prefix*, thus forcing the model to provide an answer at intermediate
steps. This intervention lets us track correctness across the reasoning trajectory by testing whether
each partial trace is sufficient to generate a correct answer. See Appendix A and C.1 for more details.

3.2 Results

How much reasoning is actually required?  We first examine where the optimal stopping
point occurs along the reasoning trajectory. Fig. 2 compares, for solved instances, the model’s
actual reasoning length with the optimal length required to first reach the correct answer. Across
benchmarks, optimal lengths are concentrated near the beginning of the trajectory, often at zero
utterances, indicating the model can answer correctly without generating an explicit chain of thought.
This is also confirmed by the performance that No-CoT achieves across benchmarks (see Fig. 1). On
the contrary, actual traces extend substantially further. Notably, even on more challenging datasets
such as MathVision and MathVerse, where traces are longer than on AI2D or VMCBench, the optimal
length remains far below the model’s default reasoning length.

TAKEAWAY A. Reasoning length is a poor proxy for difficulty: LRMs often solve the problem
early, then keep generating long traces that are not required for correctness.

Reasoning beyond optimal. We next quantify the effect of reasoning beyond the first correct
step t<r,. From Tab. 1, Optimal Length consistently outperforms Actual Length across all models
and benchmarks (e.g., +23.3% of R1-VL on MathVision and +7.8% of VL-Rethinker on AI2D).
The largest gaps occur on harder, lower-accuracy benchmarks such as MathVision and MathVerse.
This gap is not merely an efficiency loss. In many cases, the model has already reached the correct
answer, but later reasoning causes it to deviate from the correct answer. Together with Fig. 1, these
results show that allocating the right amount of reasoning is often more important than simply
enabling reasoning: the gap between Optimal Length and Actual Length is larger than the gain from
reasoning-oriented post-training itself. See Appendix B.5 for analysis of verbose overthinking.

TAKEAWAY B. Current LRMs do not merely over-generate reasoning; instead, they frequently
reason past correct intermediate states, making optimal stopping substantially more valuable
than additional reasoning.

Multiple-choice vs. Free-form. We next ask whether harmful overthinking depends on the answer
format. Fig. 3 compares multiple-choice (MC) and free-form (FF) questions, aggregated across

%0h, I suddenly got the answer to the whole problem. <answer> \n\n #i# Final Answer: [boxed{.”



Table 1: Main multimodal results. We report accuracy (acc 1), average utterance length (len |), and
harmful-overthinking rate (H ). No-CoT is a zero-reasoning diagnostic; Bolding highlights the best
nontrivial reasoning strategy. The gap between Actual and Optimal shows that LRMs often reason
past correctness and degrade final performance.

VMCBench MathVision Mathvista MMStar MathVerse AI2D
Model Strategy
acct len) H| acctlen] H] acctlen) H| acctlenl H| acctlen] H| acctlen| H|
No-CoT 79.8 0.0 0.0 24.0 0.0 0.0 69.5 0.0 0.0 62.3 0.0 0.0 40.1 0.0 0.0 82.9 0.0 0.0

Actual 809 5.6 44 263 18.0 21.1 747 112 6.6 644 6.1 7.1 49.7 195 11.3 833 3.7 39

DualMind-VIM ) 51 853 1.8 0.0 474 116 0.0 813 39 00 71522 0.0 609 113 0.0 872 0.6 0.0

No-CoT 758 00 00 25300 00 67900 00 603 00 00 386 0.0 00 82100 0.0
Actual 76.4 19.6 9.6 329 340 135 728 20.0 9.6 640 13.1 7.6 482 119 11.3 828 8.6 5.0

MM-Eureka Optimal ~ 86.0 62 0.0 464 20.1 0.0 824 75 0.0 716 46 0.0 595 68 0.0 878 L5 00

No-CoT 757 0.0 00 214 00 0.0 65500 00 64100 00 40.1 0.0 00 827 0.0 0.0
Actual 75.1 11.8 92 283 28.0 26.3 70.4 193 11.0 656 109 11.1 49.7 23.0 134 832 99 6.0

ThinkLite-VL o imal 843 32 0.0 546 149 0.0 814 63 0.0 767 3.6 0.0 63.0 122 00 892 15 0.0

No-CoT 772 0.0 00 280 00 0.0 705 0.0 00 627 00 00 40500 00 82400 0.0
Actual 79.2 19.8 7.8 339 36.3 247 73.0 262 11.9 63.0 17.2 13.7 51.2 299 12.1 83.6 15.0 7.1

VL-Rethinker o il 87.0 44 0.0 586 195 0.0 849 6.1 00 767 51 0.0 633 152 0.0 907 19 0.0

No-CoT 70.1 0.0 0.0 26.0 0.0 0.0 52900 00 54500 00 26200 00 79.6 00 0.0
Actual 71.1 19.8 88  26.6 45.0 23.4 622 389 142 585 154 123 52.8 464 15.7 80.3 11.8 7.8

RI-VL Optimal ~ 79.9 103 0.0  50.0 25.1 0.0 764 14.1 0.0 708 54 0.0 685 250 0.0 88.1 2.0 0.0

benchmarks. Harmful overthinking is substantially higher in free-form (.11 for MC vs. .24 for FF),
suggesting that earlier correctness and later deviations are not byproducts of a restricted answer
space, but rather the opposite. If correctness deviations were primarily random answer fluctuations,
one would expect multiple-choice tasks to exhibit higher, or at least comparable, earlier correctness
and later answer instability. Surprisingly, we observe the opposite pattern. This suggest that (i)
earlier correct answers are not byproduct of randomness and (ii) correctness is less stable when the
setting involves verification (MC) rather than exploration (FF), making correctness in FF setting more
vulnerable to unsupported revisions, reinterpretations, and reasoning drift.

TAKEAWAY C. Free-form generation exposes harmful overthinking more sharply: without a
fixed answer set, the unconstrained reasoning is more likely to deviate from correctness.

Reasoning Dynamics. The previous results measure whether harmful overthinking occurs. We now
examine how it occurs by tracking correctness along the reasoning trajectory. At each prefix t<;, the
model is either correct or incorrect, inducing a binary state z; = 1[A(t<;) = y|. If reasoning were
monotonic, then reaching a correct state would be absorbing: once z; = 1, subsequent prefixes would
remain correct. Instead, Fig. 4 shows that correctness is unstable under continued generation. After
the first correct prefix 7, the probability of remaining correct drops rapidly as additional reasoning
steps are generated, plateauing around 0.2 after roughly 100 intermediate steps. This confirms the
trajectory-instability view: reasoning does not simply accumulate evidence toward correctness, but
can move the model both toward and away from the correct answer.

TAKEAWAY D. Reasoning trajectories are non-monotonic: after reaching correctness, the
probability of staying correct drops rapidly as LRMs keep reasoning.

Can reducing verbosity mitigate harmful overthink- Table 2: Early stopping and efficient rea-
ing? A natural hypothesis is that harmful overthinking is  soning reduce verbosity, but do not con-
simply a consequence of verbosity: if a model reasons less, sistently reduce harmful overthinking.

it should have fewer opportunities to leave a correct trajec-

tory. We test this hypothesis with two forms of adaptive Setting Acct Len| H|
inference. First, we consider a training-free early-stopping Stopping@co 665 172 101
baseline, applied to each model, inspired by prior work [8]: Stopping@5 643 89 184
after each prefix, we extract the current answer and stop Stopping@2 632 51 141
when the prediction remains unchanged for K consecutive VL-Rethinker  66.6 234 11.1
steps (i.e., Stopping@K). The setting K = oo recovers DualMind-VLM 663 112 8.6

the model’s default behavior, i.e., Actual Length. Second,
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Figure 3: Distribution of overthinking types  Figure 4: Correctness stability. After first reaching
across response formats. Bars show the per-  a correct answer at 7, the probability of remaining
centage of solved samples exhibiting ver- correct decreases sharply with additional reason-
bose versus harmful overthinking for multiple-  ing, revealing diminishing reasoning value.
choice (MC) and free-form (FF) settings.

we compare VL-Rethinker [30], trained to encourage thinking, against DualMind-VLM [15], which
is explicitly trained to select whether to use reasoning or not.

Tab. 2 shows that both approaches substantially reduce reasoning length. Early stopping with smaller
patience values cuts the average length from 17.2 utterances at K = oo to 8.9 for K = 5 and
5.1 for K = 2. Similarly, DualMind-VLM produces much shorter traces than VL-Rethinker (11.2
vs. 23.4 utterances) while maintaining comparable accuracy. However, this reduction in verbosity
does not translate into a corresponding reduction in harmful overthinking. In fact, early stopping
increases the harmful overthinking rate from 10.1 at K = ocoto 184 at K = 5and 14.1 at K = 2,
while DualMind-VLM still exhibits non-negligible harmful transitions despite its shorter traces.
These results show that verbose and harmful overthinking are distinct failure modes. Reducing the
amount of generated reasoning can remove wasted computation, but it does not necessarily make
the remaining trajectory more stable. In some cases, aggressive stopping may even truncate useful
recovery dynamics while leaving correctness deviations unresolved.

TAKEAWAY E. Efficiency-oriented methods address verbose reasoning, but not correctness
instability. Harmful overthinking must therefore be measured separately from verbose one.

Language-Only Reasoning. Finally, we ver-

ify that the pattern is not specific to multimodal Tgple 3: Language-only reasoning results. We re-
reasoning. Tab. 3 shows the same qualitative be- port accuracy (acc 1), average utterance length
havior for language-only LRMs on GPQA and  (lep |), and harmful-overthinking rate (H |). No-
AIME2025: default reasoning improves over (oT is a zero-reasoning diagnostic; bolding high-
No-CoT, but Optimal Length yields much larger Jights the best nontrivial reasoning strategy. The

gains. For Qwen3, optimal stopping improves  pattern also holds for language-only models.
accuracy from 55.8 to 77.9 on GPQA and from

58.3 t0 91.7 on AIME2025. Similarly, InternS1 GPQA ATME2025
improves from 64.4 to 84.7 on GPQA and from ~ Medel  Strategy
38.9 to 72.2 on AIME2025. These gains coin-

acct len] H | acct lenl H |

. - . . . No-CoT 370 00 00 250 00 00
cide with large reductions in reasoning length. Qwen3  Actual 558 1255 221 S33 3705 333
For example, Qwen3 on AIME2025 drops from Optimal 779 289 0.0 917 299 0.0
372.51029.9 utterances under Optimal Length. No-CoT 373 00 00 1.1 00 00
Thus, our experiments show that harmful over-  IntemS1 Actual 644 177.1 203 389 5142 333
thinking is not an artifact of visual grounding Optimal 847 309 00 722 1449 0.0

but reflects a broader instability of the reasoning
process. See Appendix B.6 for more results on the language-only setup.

TAKEAWAY F. Harmful overthinking is not merely a byproduct of visual drift or instability in
multimodal reasoning: similar patterns also appear in language-only models, even on math-
heavy complex benchmarks.



Table 4: Failure-mode distribution by model and benchmark. Each triplet reports the percentage of
valid harmful overthinking traces assigned to visual, calculation, or logical errors (highest in bold).

Model VMCBench MathVision MathVista MMStar MathVerse AI2D
odel

Vv C L Vv C L % C L Vv C L % C L Vv C L
DualMind-VLM  50.0 16.7 333 45.6 14.0 404 38.7 16.1 452 465 99 436 279 206 515 533 1.7 450
MM-Eureka 450 7.5 47,5 50.0 105 395 456 7.6 468 46.8 9.0 441 284 143 573 490 0.6 503

ThinkLite-VL 474 53 474 738 48 214 591 68 341 63.8 29 333 384 124 492 645 00 355
VL-Rethinker 46.7 8.0 453 415 92 492 398 142 460 50.5 35 460 253 16.1 58.6 453 09 53.7
RI1-VL 469 125 406 372 93 535 333 190 47.6 522 33 444 180 11.1 709 517 0.7 477

4 Why Does Reasoning Become Harmful?

The previous section shows that harmful overthinking is a systematic failure mode. But what causes
a model to transition from a correct answer to an incorrect one? In the following, we consider the
multimodal setting and categorize the type of errors arising when models reason beyond the optimal.

Taxonomy. For each harmful overthinking trajectory, we now identify the last correct prefix
i* = max{i < N : A(t<;) = y} and compare the reasoning state at t<;~ with the final trace t< .
This isolates the segment of reasoning that turns a correct trajectory into an incorrect one. We identify
three main failure modes:

@ Visual Error. The model introduces an error by misreading, inventing, or over-interpreting visual
evidence. This includes incorrect object recognition, counts, spatial relations, labels, diagram
structure, or geometric interpretation.

@ Calculation error. The model perceives and approaches the problem correctly, but introduces an
arithmetic, algebraic, unit-conversion, formula-selection, or numerical-computation error.

® Logical error. The model changes its answer due to a non-visual and non-numerical reasoning
failure. This includes unsupported conclusions, contradictions, irrelevant detours, answer-option
mismatches, or answer revisions that are not justified by new visual or computational evidence.

Evaluation Protocol. We perform this analysis on harmful overthinking cases from the same
multimodal reasoning models considered in Sec. 3, as well as the same benchmarks. For each harmful
trajectory, we construct a pair consisting of the last correct prefix and the final incorrect trace. We
then use an external judge model (Qwen3.6-35B) to label the dominant failure mode for each harmful
trajectory and provide an evidence of the error from the original trace. Additional implementation
details, including prompt templates and parsing rules, are provided in Appendix C.2.

4.1 Results

Quantitative. Table 4 reports the failure-mode decomposition for harmful overthinking across
models and benchmarks. Calculation errors are rarely dominant: they are never the largest failure
mode for any model-benchmark pair, and often remain below 10%. Instead, harmful overthinking is
primarily driven by logical drift and visual reinterpretation. Logical errors are especially prominent
on MathVerse and MathVista: on MathVerse, they exceed 50% for four out of five models and reach
70.9% for R1-VL; on MathVista, they are the leading failure mode for four out of five models. Visual
errors dominate more strongly on visually grounded benchmarks such as MathVision, MMStar, and
AI2D. For example, ThinkLite-VL reaches 73.8% visual errors on MathVision and 64.5% on AI2D,
while visual errors are also the leading category for most models on MMStar. Thus, the table suggests
two recurring mechanisms behind correctness deviation: logical drift on more abstract reasoning
benchmarks, and visual reinterpretation on perception-heavy ones.

TAKEAWAY G. Correctness deviations are mainly driven by logical drift and visual reinterpreta-
tion rather than arithmetic mistakes.

Qualitative. We show representative examples of each failure mode in Fig. 5. In the visual-error
case, the model first reaches the correct count, ;= = 6, but later changes its answer to J; _,, = 5 after
introducing the false observation that “on the right side, there are 2 bricks missing.” The subsequent
arithmetic is consistent, but the visual premise is wrong. In the calculation-error case, the model first
gives the correct answer, §J;» = 65°, but later outputs ;< = 61°. The added reasoning contains a
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Figure 5: Representative correctness deviations. Each example shows a trajectory that first reaches the
correct answer at 7, but later changes to an incorrect final answer ¢y through perception, calculation,
or logical error. Below an evidence, representing the mistaken step of the reasoning model.

direct numerical error: 2z = 180° — 157° = 23°, so x = 61°. Here the failure is not perceptual,
but arithmetic introduced during the continuation. In the logical-error case, the model first correctly
answers that krill would decrease if gulls disappeared, but later changes the answer to herring. This
contradicts its own explanation, which states that herring would increase. The final answer is therefore
unsupported by the model’s causal reasoning. The resulting picture is that harmful overthinking is not
a single error type, but different failure modes contribute to corrupting an already-correct trajectory.

5 Related Work

Test-Time Scaling and Reasoning. Recent reasoning models derive much of their performance
from test-time scaling: allocating more inference-time compute via longer chains of thought or larger
reasoning budgets often improves accuracy [24, 1, 42, 9]. Similar trends hold in multimodal settings,
where structured deliberative traces further boost performance [23, 46, 30, 37]. This line of work
largely focuses on average gains from increased compute. In contrast, we study when additional
reasoning is unnecessary or harmful, and when longer traces degrade rather than improve predictions.

Adaptive Thinking and Early Exit. Recent work shows that reasoning models often continue
generating after reaching a correct solution, and may even revise correct intermediate states into
incorrect answers [4]. Early-exit methods stop generation using intermediate predictions, confidence,
or learned signals [43, 41, 7, 8], while adaptive-thinking methods allocate variable reasoning budgets
across examples using proxies such as response length or confidence [26, 44, 17, 29, 15, 39, 33].
Both primarily target unnecessary computation. Our perspective is complementary: we separate
verbose overthinking, which is wasteful but harmless, from harmful overthinking, which degrades
correctness, showing that efficiency alone does not address reasoning failures. Closest to our work,
[38] shows that longer CoTs do not consistently improve performance; we extend this analysis to
state-of-the-art reasoning models across language and multimodal benchmarks.

Reasoning Compression and No-Thinking Settings. A related line of work questions how much
explicit reasoning is required. Prior studies show that reasoning traces can often be compressed, and
in some cases removed entirely without loss in performance [13, 20, 14, 35]. Our findings align with
this view: the key issue is not whether models can reason longer, but whether additional reasoning is
useful, redundant, or harmful.

6 Conclusion

Test-time scaling rests on a simple premise: think longer, and performance should improve. Our
results show that this premise is incomplete, offering insights on the overlooked problem of harmful
overthinking. Across multimodal and language-only benchmarks, LRMs often reach the correct
answer before termination, continue generating, and then leave the correct trajectory. We show that
optimal stopping yields large gains, many solvable instances require little or no explicit reasoning,
and shorter traces fail to reduce harmful transitions. Failure analysis shows that these errors rarely
stem from arithmetic limitations; they more often arise from logical drift or visual reinterpretation.
We believe these experimental results can stimulate future work on LRMs, focusing not only on
making models reason more, but also on helping them understand when reasoning is sufficient.
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Supplementary Material Overview

This appendix is organized in four macro blocks complementing the discussion in the main paper.
First, Appendix A provides robustness analyses for the proposed difficulty-based reasoning budget,
testing the sensitivity of the first correct index estimation to sampling seeds, termination prompts,
and answer extraction models. Second, in Appendix B we provide additional quantitative results,
including token-level budget statistics, verbose overthinking analysis, and language-only evaluations.
Third, Appendix C reports implementation and reproducibility details, such as prompt templates,
parsing rules, compute accounting, and the failure-analysis categorization. Finally, Appendix D
discusses the limitations and possible future work.

A Robustness Study for Difficulty-Based Reasoning Budgets

The prefix-level trajectory evaluation protocol estimates an example’s difficulty by identifying the
earliest point in a model’s reasoning trace from which the correct answer can be recovered. In this
section, we test whether that estimate is robust to procedural choices. In particular, we measure
sensitivity to three factors: the sampling seed used to generate the trace, the termination prompt used
for prefix-level probing, and the answer-extraction model used to parse the answer.

Model and benchmark. We run the robustness study with VL-Rethinker on MathVision. For each
condition, the model first generates a full reasoning trace for every benchmark example. We use
three random seeds to measure sensitivity to stochastic generation. Raw generations are saved before
answer extraction so that answer parsing can be repeated independently with different extraction
models.

Termination prompt variants. The difficulty pipeline probes partial reasoning traces by appending
a termination prompt that asks the model to stop deliberating and provide a final answer. We compare
two variants, shown in Fig. 14: the default prompt used in our pipeline and a reworded version with
the same intent and similar length. This tests whether the estimated difficulty is sensitive to a specific
stop-and-answer phrase rather than reflecting the content of the reasoning trace.

Answer extraction variants. Because benchmark accuracy is computed from parsed final answers,
we also vary the answer-extraction model .A. We compare Qwen/Qwen3-4B-Instruct-2507 and
Qwen/Qwen3.5-4B and report the answer extraction prompt in Fig. 15. These models are used only
after generation: first to parse the full CoT outputs, and later to parse the intermediate answers. This
separation avoids loading the extractor during expensive VL-Rethinker generation runs and isolates
parser-induced variance from reasoning-model variance.

Experimental design. The study uses three seeds, two termination prompts, and two answer
extractors. For each condition, we generate raw traces, apply the corresponding answer extractor, run
prefix-level difficulty probing, and evaluate correctness at each probed prefix.

Correlation analysis. To assess robustness, we compute pairwise agreement between conditions
over the vector of first-correct budgets {b.,} using Spearman Correlation [27]. High agreement
across seeds indicates that the difficulty estimate is not dominated by sampling noise. High agreement
across termination prompts indicates that the probing method is not overly sensitive to the exact
stop-and-answer phrasing. High agreement across answer extractors indicates that the signal is not
primarily an artifact of the parser. We also report the correlation of the different runs on the answer
extracted at the actual length {zx } based on the Matthews Correlation Coefficient (MCC) [21]. High
agreement scores indicate that the considered conditions tend to have the same final answer.

Interpretation. The robustness results in Fig. 6 show that the difficulty-based budget estimate is
highly stable across the considered procedural variations. The Spearman correlations for the estimated
optimal budget remain consistently high across all comparison groups, indicating that examples
are ranked similarly by difficulty even when changing the seed, termination prompt, or answer
extractor. Varying only the random seed yields high agreement, while changing the termination
prompt introduces the largest drop.

A similarly stable pattern is observed for final-answer correctness at the actual reasoning length.
MCC values remain close to one across all conditions, meaning that the same examples tend to be
classified as correct or incorrect at the end of the full trace. The slightly lower agreement when
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Figure 6: Robustness of the difficulty analysis across controlled sources of variation. The left
panel reports Spearman correlation of the estimated optimal budget b,, . The right panel reports the
Matthews Correlation Coefficient for correctness of the final predicted answer zx. High optimal-
budget correlations indicate that examples are ranked similarly by difficulty across conditions, while
high final-correctness MCC indicates that the same examples tend to be correct or incorrect at the
actual reasoning length. The comparison groups show impact of joint variation of procedural factors.

both the answer extractor and the termination prompt change indicates that final correctness is more
sensitive to parser choice and termination wording, but the effect remains small overall.

Overall, these results support the reliability of the prefix-level trajectory protocol. The estimated
first-correct budgets are not artifacts of a particular sampling seed, stop-and-answer prompt, or
extraction model. Instead, the high correlations suggest that the measured reasoning sufficiency
signal is largely tied to the underlying reasoning trajectory.

B Additional Analysis

We provide additional analyses that complement the main results and further characterize harmful
overthinking and the minimum reasoning budget for a model to answer a question.

B.1 Correlation Between Optimal Length and No-CoT Among Models

Fig. 7 studies whether estimated reasoning requirements are consistent across different LRMs.
Spearman’s correlation on Optimal Length is moderately high. This suggests that, despite model-
specific differences in how long models reason, they often agree on the number of reasoning steps
required to solve a problem. This supports our central claim that reasoning length is a poor proxy for
benchmark difficulty: many examples that elicit long traces are nevertheless perceived by several
models as solvable with little or no explicit reasoning.

B.2 Optimal Length vs. Test-Time Scaling

Fig. 8 contrasts Optimal Length with conventional test-time scaling. The test-time scaling curve,
represented by Actual Length, improves as additional samples or longer computations are allocated,
but remains below the oracle Optimal Length strategy, which stops each trajectory at its first correct
prefix. This comparison shows that the limitation is not only whether the model can produce the
correct answer at some point, but also whether it can preserve that answer until termination. Pass@K
provides an intermediate diagnostic: the correct answer is often present in the trajectory before the
considered average length, but not always at the final utterance, corroborating the findings in Sec. 3.
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Figure 8: Optimal Length scaling compared with Figure 9: Prefix-level correctness transi-
standard test-time (Actual Length) scaling and tions. Rows indicate whether the answer af-
Pass@K. Increasing test-time compute improves ter prefix ¢ is correct or wrong, and columns
performance, but remains below Optimal Length, indicate the answer after prefix ¢ + 1. The
which stops each trajectory at the first correct off-diagonal correct-to-wrong mass mea-
prefix. The gap shows that models often already sures correctness deviations, showing that
contain the correct answer before termination, reasoning is not monotonic once a model
but fail to stop before later reasoning deviates has reached the correct answer.

from correctness.

B.3 Transition Matrix of Trajectories

The transition matrix in Fig. 9 highlights the non-monotonic nature of reasoning trajectories moving
from t<; to t<; 1. If correctness were absorbing, then once a prefix was correct, later prefixes would
almost always remain correct. Instead, a non-trivial number of trajectories transition from correct
to wrong, showing that additional reasoning can mislead a correct intermediate solution. This is
precisely the harmful-overthinking phenomenon studied in the main paper. The matrix also shows
that trajectories are more likely to remain wrong than correct, further emphasizing the instability of
reasoning once models leave the correct state.

B.4 Utterances and Tokens

Our main analysis uses utterances rather than raw tokens as the unit of reasoning budget. An utterance
is a semantically coherent logical step in the generated trace, obtained by splitting the trace along
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Figure 10: Token-level statistics for utterance-based reasoning budgets. Left: distribution of the
number of tokens per utterance, showing that most reasoning steps are short but that occasional long
utterances create a heavy tail. Right: token-budget distributions under Actual Length and Optimal
Length; actual traces consume substantially more tokens than the first-correct prefixes, confirming
that the utterance-level overthinking effect also appears at the token level.

explicit line-break delimiters (“\n\n” and \n) that LRMs naturally use when producing multi-step
reasoning. This choice makes the budget less sensitive to formatting artifacts, local verbosity, and
tokenizer-specific conventions. For example, two models may express the same intermediate step with
different numbers of tokens, while both still represent a single reasoning transition in the trajectory.

Fig. 10 reports the relationship between utterance-level and token-level budgets. The left panel shows
the distribution of tokens per utterance. Most utterances are short, but the distribution has a long
tail, indicating that token count can be strongly affected by unusually verbose individual steps. The
right panel compares token budgets under actual length and optimal length. The same qualitative
pattern observed with utterances also appears at the token level: actual traces allocate substantially
more computation than is required to first reach the correct answer. Thus, our conclusions are not an
artifact of measuring compute in utterances. Utterances provide a cleaner trajectory step abstraction,
while token statistics confirm that the gap between actual and sufficient reasoning remains visible
under a lower-level compute measure.

B.5 On Verbose Overthinking

The main paper separates harmful overthinking from verbose overthinking. Harmful overthinking
concerns correctness loss: the model reaches a correct prefix but terminates with an incorrect answer.
Verbose overthinking concerns wasted computation: the model has already reached a correct answer
and continues reasoning without changing the final outcome. In this Section we quantify the latter.

For each trajectory that reaches a correct prefix, we define the wasted budget as the number of
utterances generated after the first correct prefix:

w(z; F) = N — 1y(z; F),

where N is the actual trace length and 7, (z; F) is the first correct prefix. Large values indicate that
the model solved the problem early but continued to spend inference compute.

Fig. 11 reports average wasted budget across multimodal benchmarks and models. The figure shows
substantial variation across models. DualMind-VLM, which is trained to decide whether to reason
fast or slow, exhibits the smallest wasted budget, averaging roughly 5 unnecessary utterances. In
contrast, R1-VL produces the largest wasted budget, averaging roughly 18 unnecessary utterances.
However, a lower wasted budget should not be interpreted as eliminating harmful overthinking: as
shown in the main results, models with shorter traces can still deviate from correct trajectories.

B.6 Overthinking in Language Reasoning Models

The main paper shows that harmful overthinking is not restricted to multimodal reasoning. Fig. 12
visualizes the same effect for language-only models by comparing actual and optimal utterance
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Figure 13: Harmful and verbose overthink-
ing by answer format in language-only bench-
marks.  Free-form tasks exhibit higher
harmful-overthinking rates than multiple-
choice tasks, confirming the trend shown in
the multimodal setting.

answer first becomes recoverable.

lengths on language benchmarks. Actual traces are extremely long, especially on mathematical
reasoning tasks, whereas optimal prefixes are much shorter. This mirrors the multimodal setting:
models often reach a correct solution far before their natural stopping point.

Fig. 13 reports harmful overthinking by answer format for language-only benchmarks. The effect
is again stronger in free-form settings than in multiple-choice settings. This is consistent with the
multimodal results: when the output space is unconstrained, the model must preserve and express the
correct answer throughout the remainder of the trace, making it more vulnerable to later revisions
and contradictions.

C Additional Details

Here, we provide the procedural details needed to reproduce our prefix-level evaluation and failure
analysis. We describe the prefix-level probing setup, the taxonomy for harmful-overthinking cases,
and the implementation details.

C.1 Prefix-Level Evaluation

Algorithm | summarizes the prefix-level trajectory protocol to estimate the difficulty of a sample for
a given model. For each input, the model first generates a full reasoning trace. The trace is then split
into utterances, and every prefix, including the empty prefix, is evaluated by appending a termination
template and extracting a final answer. The returned difficulty is the first utterance index that yields
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a correct answer. If no prefix yields the correct answer, the instance is treated as unsolved for that
trajectory.

Early termination prompts

P1 = "Oh, I suddenly got the answer to the whole problem.
<answer> ### *xFinal Answerx*: \[ boxed{"

P2 = "I got it now. I can now give the final response.
<answer> ### *xxFinal Answer*x: \[ boxed{"

Figure 14: Termination prompts used for prefix-level probing. Each prompt is appended to a partial
reasoning trace to force the model to stop deliberating and produce a final answer. The two variants
preserve the same function while changing surface wording, allowing us to test whether estimated
difficulty is sensitive to the exact probing phrase.

C.2 Taxonomy Experiment Details

The taxonomy experiment analyzes harmful-overthinking cases, i.e., trajectories that reach a correct
answer at some prefix but terminate with an incorrect final prediction. For each case, we identify the
last correct prefix and compare it with the full final trace, thereby isolating the additional reasoning
segment responsible for the correctness deviation. Fig. 16 summarizes the prompt configuration used
to extract the category and supporting evidence.

We classify each harmful trajectory into one dominant failure mode: visual hallucination/perception
error, calculation error and Logical error.

We use an external judge model, Qwen3.6-35B, to assign the label. The judge receives the last correct
prefix, the final trace, the ground-truth metadata, and, when available, the image associated with
the example. The prompt instructs the judge to compare only the reasoning added after the last
correct prefix and to ignore the standardized forced-answer suffix used by the probing pipeline. The
judge returns a compact JSON object containing the primary category, optional secondary categories,
severity, a short explanation, evidence, and confidence. We parse only valid JSON outputs; malformed
outputs are discarded or re-run under the same prompt configuration.

C.3 Implementation Details and Reproducibility

Evaluation pipeline We re-implement and re-run all benchmark evaluations from scratch using a
unified LLM-based answer-extraction pipeline. Instead of relying on benchmark-specific regular
expressions, we apply a fixed answer extractor A to each generated trace and use the extracted concise
answer for verification. This design is important because reasoning models frequently deviate from
requested answer formats, and prefix-level probing produces partial traces whose answers can appear
in heterogeneous forms. Unless otherwise specified, we use Qwen/Qwen3-4B-Instruct-2507 as the
extractor. Appendix A repeats the difficulty-estimation analysis with Qwen/Qwen3.5-4B to measure
sensitivity to the parser. The extractor prompt is shown in Fig. 15.

Hyperparameters and Answer Extraction. For each evaluated reasoning model, we use the refer-
ence decoding configuration recommended by the corresponding model release whenever available,
including temperature, top-p, maximum generation length, and image-processing settings. Actual
Length denotes the model’s natural termination behavior under this configuration. For prefix-level
difficulty estimation, we first generate the complete reasoning trace, split it into utterances, and probe
nested prefixes by appending a fixed termination template that asks the model to stop and provide a
final answer. The failure-mode taxonomy in Appendix C.2 is produced by a separate judge model,
which compares the last correct prefix with the final incorrect trace and labels the newly introduced
error as visual, calculation, or logical. The judge prompt explicitly instructs the model to ignore the
artificial termination suffix used by the probing pipeline.

Compute. All experiments are run with vLLM for batched inference on machines equipped with
four NVIDIA A100-64GB GPUs. We store raw generations before answer extraction, which allows
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Answer extractor .4 prompt

SYSTEM: You are a helpful assistant who extracts concise
answers from text. Extract only the direct answer provided
by the model, removing explanations.

USER: Given the following reasoning trace, extract ONLY
the final answer in a concise format.

Model Answer: {model_trace}

Extract the answer (just the answer itself, no explanations):

Figure 15: Prompt used by the answer extractor .\A. The variable model_trace denotes the raw
generation produced by the evaluated model, either at full length or after prefix-level probing. The
extractor returns only the concise final answer used for benchmark verification.

Algorithm 1 PyTorch-style code for (x; F)

# x = input problem

# F = reasoning model

# A = parser mapping output to a prediction
# y = ground-truth answer

# T = fixed termination template

def difficulty(x, F, A, y, T):

# step 1: generate full reasoning trace
t = F.generate(x)

# step 2: split trace into utterances
utts = split_utterances(t)

# step 3: evaluate each prefix, including no reasoning
for i in range(len(utts) + 1):

prefix = "".join(utts[:i])

prompted = prefix + T

o_i = F.generate_from_prefix(x, prompted)

y_hat_i = A(o_1i)

# step 4: return first correct index
if verify(y_hat_i == y):
return i

# no correct prefix found
return None

parsing, verification, robustness checks, and failure analyses to be repeated without regenerating
expensive model traces. We release the evaluation scripts, prompts, decoding configurations, interme-
diate generations, parsed predictions, and analysis code required to reproduce the reported results.
On average an evaluation on a benchmark can span from 1 to 4 hours depending on the model and
dataset size (around 1K samples on average in our setting).

Packages, versions, and licenses. Our implementation was developed in Python 3.10.19, distributed
under the Python Software Foundation License Version 2. We used vLLM v0.20.0 for efficient large
language model inference, released under the Apache License 2.0; PyTorch v2.11.0+cul30 for tensor
operations and GPU-accelerated model execution, released under a BSD-style license; and Hugging
Face Transformers v5.6.2 for model and tokenizer interfaces, released under the Apache License 2.0.

D Limitations and Future Work

Verifiable outputs. Our analysis is limited to settings where correctness can be automatically
verified, which is necessary for estimating the first correct prefix and separating verbose from harmful
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overthinking. The conclusions are therefore strongest for benchmarks with well-defined ground-
truth answers, such as mathematical reasoning, visual reasoning, and scientific QA. Open-ended
generation, tool use, and coding tasks may require different definitions of correctness. For example, a
program can be partially correct, fail hidden tests, or improve through later debugging. Extension to
execution-based or subjective evaluation settings is an important direction for future work.

Model-dependent difficulty. The difficulty we estimate is not an intrinsic property of a problem
alone, but a property of how a particular model processes that problem. We view this model
dependence as a feature of the formulation rather than only a limitation. The same problem may be
easy for one model and difficult for another, depending on the model’s training data, post-training
procedure, visual grounding ability, mathematical knowledge, reasoning shortcuts, and decoding
policy. Accordingly, the empirical difficulty % (z, y; F) should be interpreted as a model-conditioned
quantity: it measures the minimum reasoning budget required by model F', on a sampled trajectory, to
recover the correct answer. This is precisely the notion we aim to capture, since overthinking is also a
property of a model’s own reasoning dynamics rather than of the benchmark instance in isolation.

Compute accounting. The experiments require substantial inference compute because prefix-level
probing evaluates many nested prefixes for each generated trace. We report the hardware used in
Appendix C.2 and save intermediate generations to avoid unnecessary regeneration.

Oracle stopping and deployability. Optimal Length is not a deployable inference method because
it requires ground-truth access to identify the first correct prefix. It serves as an oracle measuring
how much performance is lost when models continue reasoning after a correct answer has already
become recoverable. Developing practical stopping policies that approximate these oracles without
access to ground truth remains an important open problem. Future work will explore how to best
leverage the empirical difficulty estimate & (x, y; F'). It provides a possible supervision signal: models
could be rewarded for reaching correct answers with sufficient but non-redundant reasoning, rather
than for producing longer traces. This could support explicit stopping policies, model-agnostic
difficulty predictors, or training objectives that penalize reasoning beyond the first correct prefix. The
taxonomy analysis also suggests targeted interventions: visual errors may require stronger grounding,
calculation errors may benefit from symbolic verification, and logical drift may require consistency
constraints that prevent unsupported answer revisions.
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Failure-analysis judge prompt configuration

TAXONOMY = [
"visual_hallucination_or_perception”,
"calculation_error”,

"logical_error”,

]

PROBE_SUFFIX_INSTRUCTION = """Important probe artifact:

- Ignore forced final-answer probe suffixes that start like
"Oh, I suddenly/finally got the answer..."” and lead into "\\boxed{".

- Treat that text as evaluator scaffolding, not as reasoning produced by
the model under test.

- Do not classify a sample as a logical error only because this standard
probe suffix appears.

- Classify the drift using the substantive reasoning or final-answer
change before/around that scaffold.”""

COMPACT_OUTPUT_INSTRUCTION = """Qutput style:

- Return exactly one compact JSON object.

- No analysis, markdown, prose, or preamble.

- Use the metadata as ground truth for last/final predictions.

- Keep went_wrong to one short sentence.

- Use example for one minimal quote/paraphrase from this sample.”"""”
PROMPT = """

You are analyzing overthinking in a nested difficulty reasoning trace.

The first trace is the LAST prefix where the model’s parsed answer was
still correct. The second trace is the FINAL prefix with all retained
utterances.

Task:

1. Compare only what changed after the last-correct prefix.

2. Identify the main failure mode introduced by the final/full trace.

3. If an image is provided, decide whether the added suffix hallucinates
or misreads visual evidence.

4. Choose the best available category even when the drift is ambiguous.

5. Ignore the standard forced final-answer probe suffix.

Allowed categories: {categories?}

Return only valid JSON:

{
"category”: "one_allowed_category”,
"secondary_categories”: ["zero_or_more_allowed_categories”],
"severity”: @_to_100_integer,

"went_wrong": "short explanation”,
"evidence”: "short quote or paraphrase from the added/final trace”,
"example”: "minimal quote or paraphrase illustrating the reason”,

"confidence": 0.0

nnn

Figure 16: Failure-analysis judge prompt. The judge compares the final incorrect trace against the
last correct prefix and labels the dominant failure mode introduced by the additional reasoning. The
prompt explicitly instructs the judge to ignore the standardized forced-answer suffix used by the
probing pipeline.
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