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Abstract

As large language models evolve from conver-
sational agents to reasoning engines, Chain-
of-Thought (CoT) evaluation has become piv-
otal, yet remains fragmented and heavily re-
liant on final accuracy. This outcome bias of-
ten masks disguised accuracy, failing to distin-
guish faithful reasoning from post-hoc rational-
ization. Despite the urgency, a comprehensive
survey systematizing these process-oriented as-
sessment techniques remains absent. To fill this
gap, we present a unified framework organizing
the literature along four dimensions: what to
evaluate, how to evaluate, who evaluates, and
where to evaluate. We formalize core quality
metrics and systematically analyze evaluation
methodologies across qualitative and quantita-
tive paradigms within diverse application do-
mains. By synthesizing these approaches to
improve CoT reasoning reliability, this survey
provides guidance for building robust evalua-
tion pipelines and highlights key frontiers for
future research.

1 Introduction

Recently, large language models (LLMs), such
as GPT-5 (OpenAl, 2025) and Gemini-3 (Google
DeepMind, 2025), have advanced toward sophis-
ticated Chain-of-Thought (CoT) reasoning (Wei
et al., 2022; Yang et al., 2025a; Guo et al., 2025a).
This paradigm alleviates the traditional black-box
nature of LLMs (Bommasani et al., 2021; Rae et al.,
2021) by explicitly articulating intermediate rea-
soning steps akin to human cognition (Chu et al.,
2024; Chen et al., 2025c¢). Such transparency not
only enhances interpretability (Ye et al., 2023b;
Chen et al., 2024a) but also improves performance
across diverse tasks (Cobbe et al., 2021; Kojima
et al., 2022; Zhang et al., 2023b; Nye et al., 2021;
Wang et al., 2023c; Talmor et al., 2023).

However, as shown in Figure 1, this shift to-
ward CoT reasoning introduces new challenges in
assessing the reliability of the reasoning process
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Figure 1: Unlike traditional outcome-based surveys,
our survey systematically summarizes transparent CoT
reasoning evaluation methodologies.

itself, beyond merely evaluating the correctness
of final outputs (Madaan et al., 2023b; Lee and
Hockenmaier, 2025; Zhao et al., 2025b). Conven-
tional evaluation metrics, which primarily empha-
size answer accuracy (Rajpurkar et al., 2016; Wang
et al., 2018), fail to capture the nuanced quality
of intermediate steps that underpin model behav-
ior. Crucially, this ignores disguised accuracy ',
where models reach correct answers via flawed
logic. Such outcome-bias leads to evaluations that
fail to reflect the model’s true capabilities.

Consequently, establishing reliable CoT evalua-
tion is a central objective (Lee and Hockenmaier,
2025), essential for verifying reasoning soundness
behind correct predictions and systematically char-
acterizing LLM capabilities. Recent studies pro-
pose diverse approaches, from step-level assess-
ments of process fidelity (Lightman et al., 2024;
Uesato et al., 2022; Zhang et al., 2025d) to model-
based judgment frameworks (Zheng et al., 2023;
Kim et al., 2024b; Leang et al., 2025), to quan-
tify such capabilities (Guan et al., 2025; Guo et al.,
2025b). Despite these advances, current efforts

' An example is shown in Appendix A.



remain conceptually fragmented, and no compre-
hensive survey has yet unified evaluation principles
across existing methodologies.

To fill this blank, we present the first comprehen-
sive survey of CoT evaluation, organized under an
integrative What-How-Who-Where structure. We
begin by defining what to evaluate (§2), extending
the notion of trustworthy reasoning beyond surface-
level accuracy to encompass multiple cognitive
and behavioral dimensions. We then classify how
to evaluate (§3) across qualitative evaluation and
quantitative evaluation, highlighting their method-
ological trade-offs and empirical foundations. Next,
we examine who evaluates (§4), assessing the bal-
ance between human judgment and automated scal-
ability in ensuring evaluation reliability. Finally,
we map where to evaluate (§5) to application do-
mains ranging from closed-world logical inference
to open-ended dialogue and scientific reasoning.
The concise taxonomy underpinning this frame-
work is illustrated in Figure 2. Furthermore, we
discuss emerging challenges and future directions
(§6), aiming to guide the development of reliable
CoT evaluation methodologies.

Our contributions are summarized as follows:

* First Survey: We present the first comprehen-
sive survey on evaluating CoT reasoning.

* Systematic Taxonomy: We critically analyze
current evaluation methodologies, identifying
What-How-Who-Where dimensions in assess-
ing the reliability of CoT reasoning.

* New Frontiers: We outline future research di-
rections to advance the field of CoT evaluation,
emphasizing the need for standardized bench-
marks and more nuanced assessment criteria.

2 What to Evaluate

B
Transcending outcome-based metrics that overlook

reasoning nuances, Figure 3 illustrates our unified
framework structured along five core dimensions.

What qualities define a
high-quality CoT?

2.1 Correctness

Correctness refers to the overall validity of CoT,
capturing whether the final conclusion or result is
factually and computationally sound (Wei et al.,
2022; Kojima et al., 2022). It represents a founda-
tional criterion for reasoning quality, as correctness

establishes the necessary condition for any valid
outcome (Cobbe et al., 2021; Uesato et al., 2022).

Formally, let a reasoning chain be defined as
an ordered sequence of inferential steps R =
{r1,7r2,...,rn}, culminating in a final answer a.
The reasoning chain satisfies overall correctness if
and only if ¢(a) = True, where ¢ denotes a val-
idation function that ensures factual, logical, and
computational integrity.

2.2 Coherence

Coherence assesses logic structural soundness, en-
suring deductive validity in reasoning irrespective
of factual accuracy (Pan et al., 2023; Golovneva
et al., 2023). Generally speaking, flawed logic
can yield hallucinated conclusions (Zhang et al.,
2024b), necessitating step-wise fidelity over mere
overall correctness (Madaan et al., 2023b). Process
reward models detect local non-sequiturs in verified
chains (Lightman et al., 2024; Uesato et al., 2022).
Symbolic solvers and logic checkers provide deter-
minism and precision (Lyu et al., 2023a; Zhao et al.,
2025b). Meanwhile, natural language inference
models are utilized to measure step entailment and
uncover cycles or disconnected reasoning (Zhao
et al., 2025b; Valmeekam et al., 2022). Coherence
thus anchors rational deduction, distinguishing it
from narrative association.

For the reasoning steps (7, 7;+1) € R, coher-
ence is satisfied when entailment r; |= ;41 holds
for all 7. Formally, logical coherence is defined as:

n—1

Y Entail(ry,rip), (1)

=1

C(R) =

n—1

where Entail(-) returns 1 if reasoning is valid.
2.3 Interpretability

Interpretability aligns model computations with
human cognition by providing explanations that are
not merely plausible but faithfully diagnostic (Guan
et al., 2025; Qin et al., 2025). Attribution analysis
quantifies token-level influence via I(t;) = % to
reveal causal contributions (Lanham et al., 2023;
Dziri et al., 2023). Complementarily, simulatability
evaluates whether humans can approximate fy(x)
from the reasoning trace R alone (Ye et al., 2023b;
Golovneva et al., 2023). High interpretability thus
enables epistemic alignment, rendering the model’s
latent reasoning cognitively reconstructable.
Formally, let fy(z) — vy denote the model
mapping. Interpretability requires a human-
comprehensible mapping ¥ : R — FE, such that
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Figure 2: A brief taxonomy of representative works

covered in our survey. The complete taxonomy is in Figure 6.

FE faithfully captures the causal dependencies in
fo. In other words, this formalizes the transparency
and causal coherence of model reasoning.

2.4 Robustness

Robustness quantifies reasoning stability and re-
liability from random convergence by assessing
the persistence of logical relations under paraphras-
ing or noise (Jang et al., 2023; Sclar et al., 2024).
Typically, self-consistency metrics measure consen-
sus across sampled reasoning paths (Wang et al.,
2023c), while perturbation tests evaluate stability
under adversarial or linguistic variations (Elazar
et al., 2021; Zhu et al., 2024; Min et al., 2022).

For a model fy and perturbed input 2’ ~ P(x),
reasoning robustness is getting the most similar
answer distributions:

R(z) =1 - sin(p(alz),p(alz’)), (@)

where sim is the similarity function of two proba-
bility distributions.

2.5 Efficiency

Efficiency reflects the optimal use of reasoning ef-
fort, maximizing progress per unit of computation.
Practical assessment employs ratios of reasoning

length to solution depth, penalizing unnecessary
verbosity (Lanham et al., 2023; Wu et al., 2025c;
Wang and Zhou, 2024). Efficient reasoning thus
achieves maximal insight with minimal resources.
Given a reasoning sequence R = {ry,...,m,}
with token cost 7(R) and performance or entropy
S(R), the reasoning efficiency is quantified as

3)

3 How to Evaluate

\@ How to evaluate the quality
g5 of CoT reasoning?

3.1 Qualitative Evaluation

3.1.1 Human Annotation

Human annotation provides gold-standard judg-
ments for evaluating reasoning quality (Nitarach
et al., 2025; Li and Du, 2023). To assess outputs
systematically, define a fine-grained error taxon-
omy (e.g., factual errors, missing steps, and am-
biguity) and verify each reasoning step to locate
where CoT deviates from expert reasoning. Annota-
tors also provide pairwise preferences (Zhang et al.,
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Figure 3: Five key dimensions of CoT evaluation: Correctness, Coherence, Interpretability, Robustness, and
Efficiency. Each dimension captures a distinct facet of reasoning quality.

2024c; Zhao et al., 2025a; Yue et al., 2025), quan-
tify agreement using Cohen’s « or Krippendorft’s
« and conduct periodic calibration to maintain con-
sistency (Lee et al., 2024; Lyu et al., 2023b). Al-
though costly to scale, this protocol yields reliable
supervision for calibrating automated metrics and
supporting robust model comparison (Chang et al.,
2024; Chen et al., 2025e).

3.1.2 LLM-as-Judge

LLM-as-Judge uses advanced models to automate
scalable reasoning assessment to provide a quality
comment or select the superior reasoning trace be-
tween candidates, reducing calibration errors (Li
et al., 2025b; Szymanski et al., 2025). For greater
reliability, some frameworks augment qualitative
critiques by CoT that anchor evaluations in ex-
plicit reasoning (Liu et al., 2023a; Jacovi et al.,
2024). Step-level verification further breaks reason-
ing chains into atomic steps, checking each against
formal constraints or external knowledge to de-
tect hallucinations (Xu et al., 2024b; Paul et al.,
2024). Despite the need for bias safeguards, LLM-
as-Judge provides a scalable alternative to human
experts for detailed reasoning evaluation.

3.2 Quantitative Evaluation

3.2.1 Correctness Evaluation

Quantitative metrics evaluate correctness by match-
ing model outputs to gold-standard labels. For
structured extraction, F1 and Exact Match test
whether target tokens or error identifiers appear in
the trace, enabling applications from pedagogical
feedback (Jiang et al., 2024b) to debiasing inter-
ventions (Wu et al., 2024b). Recent studies use
BLEU (Papineni et al., 2002) and ROUGE (Lin,

2004) to measure overlap between traces and refer-
ence explanations as a proxy for semantic similar-
ity (Yao et al., 2023b; Maklad et al., 2025).

For subjective tasks, Likert ratings (1-5) score
justification quality and are often combined with
pairwise preferences against human reasoning (Bao
et al., 2025; Jacovi et al., 2024; Li et al., 2025a).
Discriminator-guided frameworks (Khalifa et al.,
2023) and offline alignment systems (Wu et al.,
2024a) train judge models to produce scores via
ranking. Cog-CoT (Chen et al., 2025f) further uses
hidden-state signals to predict trace reliability.

3.2.2 Coherence Evaluation

Intrinsic Evaluation assesses reasoning quality
by separating the reasoning process from the fi-
nal answer and focusing on structural and logical
validity. It inspects intermediate steps for logical
breaks, prioritizing derivation soundness over an-
swer correctness (Golovneva et al., 2023; Lightman
et al., 2024). Coherence is measured via step-wise
analysis (Lyu et al., 2023a; Lanham et al., 2023),
testing whether the reasoning chain causally sup-
ports the conclusion and separating deduction from
heuristics (Saparov and He, 2023; Turpin et al.,
2023). Building on this, structural analysis evalu-
ates syntactic properties (e.g., step completeness
and sequence length) to quantify inference validity
and stability (Jiang et al., 2025b; Jin et al., 2024;
Potamitis et al., 2025).

Recent methods capture reasoning integrity
through logic-focused verification. VeriCoT (Feng
et al., 2025) and DeduCE (Pandey et al., 2025)
map language to symbolic logic for proof, while
self-correction (Zhang et al., 2025a) and tempo-
ral checks (Mao et al., 2025) ensure consistency.



Causal metrics (Paul et al., 2024) and counterfac-
tual tests (Wang et al., 2025b) distinguish infer-
ence from hallucinations. Granular tools include
code unit tests (Saad-Falcon et al., 2024), logic
probes (Kim et al., 2024a), and audits of multi-
agent dynamics (Abdaljalil et al., 2025; She et al.,
2025), shifting evaluation to structural audits.

Extrinsic Evaluation tests reasoning quality
against external standards such as ground truth,
structured knowledge, or execution environ-
ments (Lightman et al., 2024; Wang et al., 2024c;
Liu et al., 2025a; Wang and Xu, 2025). This
paradigm thus emphasizes objective verifiability
rather than mere plausibility.

The most direct methods convert CoT into sym-
bolic representations (Nguyen et al., 2025; Hu et al.,
2025a,b) or executable code (Chen et al., 2022;
Das et al., 2024), enabling deterministic check-
ing (Olausson et al., 2023; Xu et al., 2024a; Feng
et al., 2025; Simonds et al., 2025). LoT (Liu et al.,
2025b) further integrate symbolic constraints dy-
namically into the reasoning process (Pan et al.,
2023). Further, external compilers are applied to en-
sure language-agnostic verification (Nezhad et al.,
2025). For knowledge-related reasoning, Graph-
based methods (Luo et al., 2024; Amayuelas et al.,
2025) trace reasoning paths through knowledge
graphs, while fact decomposition (Min et al., 2023;
Lage and Ostermann, 2025) and iterative feedback
loops (Wang et al., 2024a) verify individual fac-
tual claims. For general generative tasks, semantic
metrics (Sellam et al., 2020; Rei et al., 2020), like
BERTScore (Zhang et al., 2020), quantify align-
ment with reference outputs, whereas structural
metrics evaluate logical coherence (Prasad et al.,
2023; Wang et al., 2025a; Hwang et al., 2025).

3.2.3 Robustness Evaluation

Robustness on Perturbed CoT steps. This ro-
bustness dimension tests whether models maintain
reliable outputs under direct corruption of reason-
ing steps. Evaluations perturb intermediate CoT
steps and measure effects on final predictions (Cui
et al., 2025). Extending this, Yang et al. (2025b)
apply structural variation tests that alter step syntax
while preserving semantics, revealing how minor
syntactic instabilities propagate to logical failures
and exposing the reasoning chain as a vulnerability.
Robustness on CoT Reasoning Recovery. Com-
plementarily, robustness evaluation measures the
capacity to recover coherent reasoning by filter-
ing or correcting noise in inputs or CoT traces.

CD-CoT (Zhou et al., 2024) explicitly introduces
inaccurate intermediate thoughts to assess self-
correction capacity. Other protocols inject irrele-
vant context to test distraction resilience (Shi et al.,
2023) or embed misleading opinions to measure
sycophantic compliance, where the model aligns
with incorrect user stances rather than factual cor-
rectness (Turpin et al., 2023).

Robustness across Multi-Samples. Beyond sin-
gle trajectories, robustness can also arise from
aggregating multiple stochastic reasoning paths.
Self-consistency (Wang et al., 2023c) formalizes
this idea by sampling diverse CoT traces and se-
lecting the most consistent reasoning trace, with
subsequent work enhancing this scheme through
diversity- and robustness-oriented sampling (Li
et al., 2023b) and adaptive stopping to reduce com-
putation (Li et al., 2024d; Chen et al., 2023c; Lee
et al., 2025a). Structural frameworks (Yao et al.,
2023a; Besta et al., 2024) further generalize multi-
sample reasoning into tree or graph topologies to
more systematically explore robust solution spaces.

3.2.4 Interpretability Evaluation

Integration of Interpretability Methods. Re-
cent studies integrate traditional explainability tech-
niques to verify whether implicit token importance
aligns with explicit CoT reasoning steps. Detailed
methodologies, including gradient-based methods
and counterfactual perturbations, appear in Ap-
pendix C. This approach distinguishes authentic
reasoning from post-hoc rationalization.

Alignment with Human Preferences. Such eval-
uation measures how closely CoT structures match
human patterns, beyond factual accuracy. The
main method uses pairwise comparisons via crowd-
sourced platforms like ChatbotArena (Zheng et al.,
2023), which yield Elo ratings from side-by-side
rankings. To counter biases like verbosity prefer-
ence (Gudibande et al., 2023), protocols apply pro-
cess supervision: evaluators score individual inter-
mediate steps for validity, separating logical sound-
ness from style (Lightman et al., 2024; Uesato et al.,
2022). For scalability, LL.M-as-a-Judge (Wang
et al., 2024g) mimic human rankings, but valida-
tion studies (Casper et al., 2023) stress calibration
against expert judgments to detect subtle reasoning
flaws (Chen et al., 2025e; Pather et al., 2025).

3.2.5 Efficiency Evaluation

To balance reasoning accuracy and computational
overhead, evaluations quantify cognitive efficiency



via density metrics (Sui et al., 2025; Chen et al.,
2025a). This entails calculating verbosity penalties
and thought compression ratios (Saha et al., 2024;
Ling et al., 2023b) to assess information density
per token. Cost-effectiveness is evaluated by plot-
ting accuracy-per-cost trade-offs, benchmarking
frameworks like Frugal GPT (Chen et al., 2023b)
and EcoAssistant (Zhang et al., 2023a) on dynamic
query routing that invokes costly CoT paths only
for complex cases, maximizing resource utility.

~

Prioritize Process: We should emphasize
intrinsic validity and logical faithfulness to
avoid “disguised accuracy”, where correct
answers conceal flawed reasoning.
Hybrid Evaluation: We should integrate
human/LLM judges for semantic nuance
with external solvers for rigorous symbolic
verification.

Resilient Efficiency: We should maintain
stability against adversarial noise while bal-
ancing reasoning depth and efficiency.

\.

4 'Who Evaluates

G

4.1 Human Evaluation

Who evaluates the
quality of the CoT?

4.1.1 Expert Evaluation

Expert evaluation provides ground truth. For pro-
cess supervision, Lightman et al. (2024) employ
annotators to flag step-level errors. Some domains
require rigorous verification: Pandit et al. (2025)
recruit mathematicians, while legal experts assess
complex reasoning (Lee and Hockenmaier, 2025;
Yu et al., 2025). In multimodal settings (Jiang
et al., 2025a; Chen et al., 2024b), humans check
visual-textual alignment. However, Tutek et al.
(2025) caution that such approval reflects plausibil-
ity rather than parametric faithfulness.

4.1.2 Crowdsourced Evaluation

Crowdsourced evaluation engages broad popula-
tions to align reasoning metrics with general intu-
ition. Specifically, Golovneva et al. (2023) have
workers validate error typologies, matching metrics
like semantic consistency to layperson judgments.
Likewise, Ramnath et al. (2024) gather large-scale
feedback for MaRio’s optimization, confirming

preferences for plausible rationales. However, non-
experts reduce precision. Kumar et al. (2025) show
crowd workers miss subtle nuances versus domain
experts, especially in complex tasks.

4.1.3 Human-In-The-Loop Evaluation

Human-In-The-Loop evaluation balances scalabil-
ity and precision by directing human effort to key
verification steps. Specifically, CRV (Zhao et al.,
2025b) has humans validate model-flagged error
fingerprints, avoiding full output review. To opti-
mize effort, Diao et al. (2024) focus annotators on
high-uncertainty samples in Active-Prompt, using
human judgment to resolve ambiguity. Likewise,
Li et al. (2023a) place humans as the final qual-
ity gate in HaluEval, with annotators conducting
sanity checks only after programmatic filtering to
minimize manual work.

4.2 Automated Evaluation
4.2.1 Symbolic and Rule-Based Verification

Symbolic and rule-based verification provides de-
terministic checks. For factuality, knowledge
graphs anchor CoT to structured entities to evalu-
ate hallucinations (Nguyen et al., 2024; Zhao et al.,
2023; Peng et al., 2023). For logical rigor, solvers
like LINC (Olausson et al., 2023), Logic-LM (Pan
et al., 2023), and VeriCoT (Feng et al., 2025) con-
vert steps to formal proofs, while theorem provers
constrain generation to deductive rules (Poesia
et al., 2023; Ye et al., 2023a; Mysore et al., 2023;
Ling et al., 2023a).

4.2.2 Encoder-Based Verification

Encoder-based verification evaluates rationales via
distance metrics against golden chains. While se-
mantic encoders like BERTScore (Zhang et al.,
2020) and BLEURT (Sellam et al., 2020) measure
similarity, they often overlook reasoning rigor. Ad-
dressing this, ROSCOE (Golovneva et al., 2023)
assesses step-wise consistency, whereas RecE-
val (Prasad et al., 2023) employs natural language
inference to verify strict logical entailment and mit-
igate shortcut learning.

4.2.3 Reward-Based Verification

Reward-based verification uses learned models to
score reasoning quality (Lightman et al., 2024;
Duan et al., 2025; Wang et al., 2025¢). Process
Reward Models (PRMs) act as step-by-step super-
visors (Lightman et al., 2024; Wang et al., 2024c;
Song et al., 2025), detecting intermediate errors
overlooked by outcome metrics. Fine-grained de-
tectors in REVEAL (Jacovi et al., 2024) and Li



et al. (2024b) categorize failures (e.g., calculation
errors, symbol misuse), mimicking expert diagnos-
tics. These PRMs evaluate logical transitions at
each step (Uesato et al., 2022), reducing disguised
accuracy (Bentham et al., 2024) and ensuring sound
reasoning trajectories.

4.2.4 Generative Model Verification

Generative verification employs LLMs as judges
to critique reasoning via semantic understand-
ing. G-Eval (Liu et al., 2023b) uses GPT-4 for
reference-free evaluation. Prompt-based systems
like Self-Refine (Madaan et al., 2023b) and Self-
Reflection (Shinn et al., 2023; Ji et al., 2023b;
Weng et al., 2023) enable iterative self-correction
of hallucinations. Recent benchmarks (Li et al.,
2025a,b; Zhang et al., 2024c; Lee et al., 2025b;
Chen et al., 2025c) assess these capabilities for
expert-level rigor, while Zhang et al. (2025b) inte-
grates verification into generation (Ali et al., 2025;
Xu et al., 2025) to improve inference chains.

Automation Does Not Guarantee Objec-
tivity: Automated methods are efficient but
carry model biases and shortcuts.

Hybrid Intelligence as Next Paradigm:
Human—AI evaluation is a distributed cog-
nitive architecture. Future systems will ex-
ploit these complementarities.

Verification as Iterative Feedback: Evalu-
ation evolves from post-hoc measurement to
a core learning signal that refines alignment
and reasoning fidelity.

5 Where to Evaluate
[ \@ Where is the CoT quality ]

evaluation performed?

We review key evaluation aspects across common
CoT scenarios here. Representative datasets and
evaluation methodologies are in Appendix D.

5.1 Mathematical Reasoning

Mathematical reasoning failures range from cal-
culation errors within coherent logic (e.g., Min-
erva (Lewkowycz et al., 2022)) to reasoning fail-
ures, such as invalid deductions or knowledge
gaps, that undermine validity (Jiang et al., 2024b;
Golovneva et al., 2023). Crucially, outcome accu-
racy often diverges from process validity, mask-
ing poor reasoning behind high scores (Guo et al.,

2025b). While PRMs address this via consistency
checks, their reliability remains limited by noisy
reward estimation (Zhang et al., 2025d).

5.2 Commonsense Reasoning

Commonsense reasoning evaluation typically uses
external verification against knowledge bases
like ConceptNet (Liu and Singh, 2004) and
ATOMIC (Sap et al., 2019). Methods always align
intermediate steps with explicit knowledge paths,
ensuring Correctness via factual grounding rather
than plausibility alone (Feng et al., 2024; Wang
et al., 2024a). However, quantifying logical co-
herence is challenging and still heavily relies on
human judgment, as commonsense is probabilistic
and allows multiple valid traces (Miao et al., 2024).

5.3 Code Reasoning

Code reasoning functions as a deterministic sand-
box, verifying validity via execution (Chen, 2021).
Evaluation should extend beyond correctness to
capture efficiency and robustness. Benchmarks like
APPS (Hendrycks et al., 2021) incorporate resource
constraints, while CodeT (Chen et al., 2023a) em-
ploys dual-execution to reveal latent failures over-
looked by standard checks.

5.4 Dialogue and Multi-turn Reasoning

In dialogue and multi-turn settings, logical coher-
ence hinges on interpretability and reliable coref-
erence resolution amid implicit assumptions. Mu-
Tual (Cui et al., 2020) stresses history-based in-
ference, and QReCC (Anantha et al., 2021) as-
sesses state tracking through context-dependent
query rewriting. Coherence must persist across
interactions: DNLI (Welleck et al., 2019) classi-
fies response relations as entailment, neutral, or
contradiction, while CICERO (Ghosal et al., 2022)
penalizes hallucinations that disrupt causal conti-
nuity and conversational flow. 2

Takeaways

Different Evaluation Scopes: Evaluation
scenarios vary in CoT reasoning demands.

External Grounding: Validate reasoning
with executable suites or knowledge graphs,
beyond surface plausibility.

Contextual Consistency: In long-context
scenarios, ensure reliability by tracking im-
plicit assumptions and maintaining causal
coherence across turns.

2Scientific reasoning is discussed in Appendix D.5.
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Figure 4: Future Directions for CoT Evaluation. We identify four key directions to advance the field.

6 Future Directions

As LLMs evolve from chat agents into specialized
reasoning engines, CoT evaluation should trans-
form in parallel to ensure rigorous assessment. We
identify four critical frontiers (illustrated in Fig-
ure 4) essential to bridge current methodological
gaps. For a comprehensive discussion of these
strategic research trajectories, please refer to Ap-
pendix E.

6.1 Hybrid Paradigms and Standardization

Future protocols should prioritize human-AlI col-
laboration, using models for initial filtering and
humans for targeted verification (Diao et al., 2024;
Li et al., 2023a). Standardizing annotation guide-
lines and testing adversarial robustness are crucial
for scalable assessment (Cui et al., 2025). Thus,
research must develop techniques to generate ad-
versarial samples that stress-test metrics against
subtle prompt variations.

6.2 Multimodal and Multilingual Frontiers

Evaluation should extend beyond text-only settings
to multimodal models (Jiang et al., 2025a; Wu et al.,
2025a) and multilingual CoT reasoning (Qin et al.,
2023), with explicit tests of cross-modal grounding
and cross-lingual logical consistency. To reduce
Anglocentric bias and to better characterize multi-
modal capabilities, benchmarks should adopt more
fine-grained protocols that cover diverse languages
and require deeper visual-text reasoning (Bang
et al., 2023; Chen et al., 2024b).

6.3 Quantifying Interpretability &
Trustworthiness
Research should quantify structural interpretabil-

ity by linking CoT traces to causal or knowledge
graphs (Amayuelas et al., 2025; Nguyen et al.,

2024) and using XAl to attribute input-context in-
fluence per reasoning step (Turpin et al., 2023). In
law and healthcare, evaluations should prioritize
application trustworthiness over accuracy (Yu
et al., 2025). Enterprise frameworks should there-
fore enable interpretability, bias detection, and au-
ditability (Shaikh et al., 2023).

6.4 Probing Reasoning Upper Bounds

Current benchmarks largely measure static infer-
ence, overlooking the potential of test-time scaling
where models simulate deliberate thinking. In this
paradigm, extra compute translates into verified
gains through extended reasoning steps or deeper
search (Chen et al., 2024a, 2025b; Snell et al., 2024,
Muennighoff et al., 2025; Zhang et al., 2025c; Chen
et al.,, 2025d). Similarly, multi-agent collabo-
ration leverages ensemble diversity to estimate
swarm-intelligence upper bounds (Du et al., 2023;
Guo et al., 2024; Qian et al., 2024). Future evalu-
ation should quantify the efficiency-performance
trade-off, measuring how reasoning capabilities
evolve as computing and collaboration scale.

7 Conclusion

This survey demonstrates that evaluating reason-
ing differs fundamentally from scoring outcomes.
Transcending accuracy as a weak proxy, we struc-
ture assessment along five core dimensions to
frame evaluation as a multifaceted design space.
Reliable verification demands a synergy of sym-
bolic rigor, scalable automation, and human judg-
ment rather than a single paradigm. Future progress
relies on multimodal, multilingual hybrids for trust-
worthy reasoning bounds. We hope this work offers
insightful perspectives and foundational guidance
for advancing the CoT reasoning evaluation field.



Limitations

Despite our efforts to provide a systematic and
comprehensive survey, this work faces several limi-
tations inherent to the rapid evolution of the field.

Scope Delimitation. To maintain depth, we
strictly narrowed our scope to the evaluation
of Chain-of-Thought reasoning. ~While train-
ing methodologies (e.g., Process Reward Models,
RLHF) inherently involve evaluation steps, we ex-
cluded papers that focus solely on optimizing train-
ing objectives without introducing distinct assess-
ment metrics or frameworks. This boundary, while
necessary for focus, excludes broader alignment
techniques that indirectly impact reasoning fidelity.

Taxonomical Fluidity. The proposed “What-
How-Who-Where” framework serves as a struc-
tured lens to organize fragmented literature. In
practice, however, these dimensions are not mutu-
ally exclusive. Many hybrid systems span multiple
categories (e.g., a generative judge employing rule-
based constraints), and our categorization reflects
their primary methodological contribution rather
than a rigid classification.
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A Example of Disguised Accuracy
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Figure 5: An example showing how high answer accu-
racy can mask poor intermediate reasoning.

Figure 5 illustrates experimental results from (Ue-
sato et al., 2022) using a 70B model trained with Su-
pervised Fine-Tuning (SFT), Outcome-Optimized,
and Process-Optimized methods, showing the dis-
guised accuracy phenomenon (Bentham et al.,
2024). In these experiments, both the answer ac-
curacy and the accuracy of the reasoning process
are evaluated on the same dataset. The results
show that while the Outcome-Optimized method
improves final outcome accuracy, it causes a severe
degradation in the quality of intermediate reasoning
steps. This indicates that the model guesses cor-
rect answers using flawed logic rather than sound
reasoning. As a result, this phenomenon leads to
a reversal in model rankings, where a model with
higher outcome metrics actually demonstrates in-
ferior reasoning capabilities. In practical appli-
cations, such models provide low trustworthiness
because their high accuracy masks fundamental
reasoning failures.

B Related Work

Surveys on CoT Generation and Prompting. A
substantial body of literature reviews the landscape
of CoT reasoning, primarily focusing on genera-
tion strategies and prompt engineering (Yu et al.,
2023; Chu et al., 2024; Zhang et al., 2025e; Qiao
et al., 2023). These surveys extensively catalog
paradigms ranging from Zero-shot (Kojima et al.,
2022) and Few-shot CoT (Wei et al., 2022) to com-
plex agentic frameworks (Chen et al., 2025c¢; Xia
et al., 2025). However, their analytical lens is pre-
dominantly cast on how to elicit reasoning rather
than how to evaluate it. Consequently, assessment
in these works is often reduced to outcome-oriented
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metrics (e.g., accuracy on GSM8K), largely con-
flating the validity of the intermediate process with
the correctness of the final answer (Lee and Hock-
enmaier, 2025).

General LLM Evaluation and Specific Sub-
domains. Broader reviews of LLM evalua-
tion (Chang et al., 2024; Guo et al., 2023; Liang
et al., 2022; Srivastava et al., 2023) treat reason-
ing as merely one of many capabilities. While
they establish benchmarks for general performance,
they rarely dissect the granular quality of reason-
ing traces, such as redundancy or step-wise ne-
cessity. Similarly, while surveys on LLM-as-a-
Judge (Wang et al., 2024b; Zheng et al., 2023) and
hallucination (Ji et al., 2023a; Huang et al., 2025a)
touch upon evaluation mechanics, they typically
focus on linguistic fluency, preference alignment,
or factual fabrication, lacking a systematic taxon-
omy for the causal rigor and logical consistency
inherent to multi-step reasoning.

To date, there is no comprehensive survey dedi-
cated specifically to CoT evaluation that systemat-
ically bridges theoretical dimensions with practical
methodologies across diverse domains. Our work
addresses this critical void by establishing a unified
framework structured along four core dimensions:
What to measure, How to verify, Who evaluates,
and Where to apply.

C Itegration of Interpretability Methods

To assess CoT fidelity, recent studies integrate the
explainability methods. Researchers utilize tools
like LIME (Ribeiro et al., 2016) and SHAP (Lund-
berg and Lee, 2017), alongside gradient-based self-
influence methods (Thakkar et al., 2023), to cross-
verify if implicit token importance aligns with ex-
plicit reasoning steps. Counterfactual perturbations
test causal validity by determining whether the gen-
erated rationale consistently dictates the predic-
tion shift under input changes (Turpin et al., 2023;
Atanasova et al., 2023; Wang et al., 2023b). This
combined framework helps distinguish authentic
reasoning processes from persuasive yet unfaithful
post-hoc rationalizations (Lyu et al., 2024; Lanham
et al., 2023).

D Benchmarks & Evaluation
Methodologies

Table 1 provides an overview of the benchmark
datasets across different tasks mentioned in this
survey for CoT evaluation.



D.1 Mathematical Reasoning
D.1.1 Benchmarks

Mathematical evaluation prioritizes absolute Cor-
rectness, yet complex problems demand higher
Logical Coherence. Basic robustness relies on
GSMSK (Cobbe et al., 2021) and SVAMP (Patel
et al., 2021). Conversely, MathQA (Amini et al.,
2019) and MATH (Hendrycks et al., 2021) target
interpretable skills where Cognitive Efficiency of-
ten yields to detailed derivation. MATH further
includes challenging problems like AMC12 and
AIME (Veeraboina, 2023). To address saturation,
recent works increase complexity to test Logical
Coherence. GSM8K-Scheherazade (Miner et al.,
2024) uses chained queries, while COMAT (Leang
etal., 2025) and SCoT (Wang et al., 2024h) enforce
strategy elicitation.

D.1.2 Evaluation Methodologies

Automated Verification. Automated strategies
split into symbolic verification for Correct-
ness and semantic scoring for Interpretability.
Tools like MathSensei (Das et al., 2024), Sym-
Code (Nezhad et al., 2025), and RLSR (Simonds
et al., 2025) leverage SymPy for execution, while
Safe (Liu et al., 2025a) uses retrospective verifi-
cation. To assess Logical Coherence, verifiers
from GSMS8K (Cobbe et al., 2021) evolve into
step-wise discriminators in COMAT (Leang et al.,
2025) and Hidden CoT (Liu et al., 2024). Addition-
ally, Nguyen et al. (2024) use knowledge graphs
for semantic alignment, aggregated by MARIO
Eval (Zhang et al., 2024a).

Human-in-the-Loop. Human evaluation re-
mains the ground truth. Experts are essential
for assessing Logical Coherence in complex
proofs (Zeng et al., 2023) and providing process su-
pervision (Lightman et al., 2024), serving as a gold
standard (Nguyen et al., 2024). Conversely, crowd-
sourcing offers scalability for subjective Inter-
pretability in ROSCOE (Golovneva et al., 2023),
despite limitations in complex logic. Interactive
interfaces (Zhou et al., 2025) help mitigate this by
visualizing reasoning chains for non-experts.

D.2 Commonsense Reasoning

D.2.1 Benchmarks

Commonsense domains prioritize Interpretability
and Cognitive Efficiency. Benchmarks include

CommonsenseQA (Talmor et al., 2019), Strate-
gyQA (Geva et al., 2021), ARC (Clark et al.,
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2018), and OpenBookQA (Mihaylov et al., 2018).
ROSCOE (Golovneva et al., 2023) quantifies se-
mantic Consistency, while SELF-CHECK (Miao
et al., 2024) detects errors. To ensure Correctness,
SciKnowEval (Feng et al., 2024) and CoK (Wang
et al., 2024a) integrate knowledge triples, while De-
CoT (Wu et al., 2024b) mitigates bias. VISCO (Wu
et al., 2025a) extends this to multimodal tasks.

D.2.2 Evaluation Methodologies

Hybrid Evaluation. Hybrid methods are com-
mon, using frameworks like RORA (Jiang et al.,
2024a) and ACORN (Brassard et al., 2024) to align
rationales with human Interpretability. Along
with ReTraceQA (Molfese et al., 2025), these
show that open-weight models often need specific
prompting to match human intuition (Zheng et al.,
2023; Bang et al., 2023).

Analysis of Pitfall. Methodologies must diag-
nose violations of Cognitive Efficiency, such as
bias or over-reasoning. CoT can amplify stereo-
types (Shaikh et al., 2023), while over-explaining
axioms leads to hallucinations. Protocols test for
unfaithful explanations that fail to support predic-
tions (Turpin et al., 2023).

D.3 Code Reasoning
D.3.1 Benchmarks

Code reasoning demands strict Correctness via
execution while using Logical Coherence for plan-
ning. Benchmarks range from HumanEval (Chen,
2021) and MBPP (Austin et al., 2021) to com-
petition sets like APPS (Hendrycks et al., 2021)
and CodeContests (Li et al., 2022). Multilingual
tests include MBXP and MathQA-X (Athiwaratkun
et al., 2023). Specialized domains cover data sci-
ence in DS-1000 (Lai et al., 2023) and general
understanding in CodeXGLUE (Lu et al., 2021).
Recent tools like CRUXEval (Gu et al., 2024) and
LiveCodeBench (Jain et al., 2024) expand this to
execution reasoning.

D.3.2 Evaluation Methodologies

Automated Evaluation. Protocols assess func-
tional correctness via execution metrics like
pass@k (Chen, 2021). Complementing this, static
analysis tools like Pylint detect syntactic violations
and enforce style Consistency, identifying latent
errors without execution (Salih and Sarhan, 2025;
Jiang et al., 2025¢; Almeida et al., 2024; Wang
et al., 2024d; Al-Khafaji and Majeed, 2024).



Human Evaluation. Human review verifies al-
gorithmic rationality and Logical Coherence. Ex-
perts audit code for theoretical soundness, examin-
ing subtle edge cases that automated suites might
miss (Dunivin, 2024; Li et al., 2025¢, 2022; Austin
etal., 2021).

D.4 Dialogue & Multi-turn Reasoning
D.4.1 Benchmarks

In multi-turn dialogue, Consistency is dominant.
MT-Bench (Zheng et al., 2023) and MINT (Wang
et al., 2024f) assess stability. MuTual (Cui et al.,
2020) and DREAM (Sun et al., 2019) focus on
logic. QReCC (Anantha et al., 2021) and CI-
CERO (Ghosal et al., 2022) target state tracking
and causal inference, while MUSR (Sprague et al.,
2024) and ClemBench (Chalamalasetti et al., 2023)
test long-context rules.

D.4.2 [Evaluation Methodologies

Automated Evaluation. Protocols decompose
structure to verify Logical Coherence. The
Q? framework (Honovich et al., 2021) gener-
ates constituent questions for factual support.
DNLI (Welleck et al., 2019) automates Consis-
tency checks by classifying logical relationships
between utterances.

Human Evaluation. Human evaluation audits
cross-turn Consistency. Experts ensure coherent
belief states without violating constraints. Zheng
et al. (2023) formalize this in MT-Bench using pair-
wise comparisons to penalize instruction drift (Suhr
etal., 2021).

D.5 Scientific Reasoning

Scientific evaluation places a premium on Cor-
rectness and Logical Coherence. GPQA (Rein
et al.,, 2024) sets a PhD-level standard, while
MegaScience (Fan et al., 2025) addresses data
scarcity. SCIBench (Wang et al., 2024e) and
OlympicArena (Huang et al., 2024) test cogni-
tive capabilities. Specialized benchmarks include
ChemVTS-Bench (Huang et al., 2025b) and Chem-
Bench (Walker et al., 2010) for chemistry, LAB-
Bench (Laurent et al., 2024) for biology, and
SciCode (Tian et al., 2024) for physics. Multi-
modal frontiers like ScienceQA (Saikh et al., 2022)
and SciEval (Sun et al., 2024) lead to Discovery-
Bench (Majumder et al., 2024), challenging agents
to formulate hypotheses.

26

E Extended Discussion on Future
Directions

This appendix provides a detailed analysis of the
four strategic frontiers for CoT evaluation outlined
in Section 6.

E.1 Hybrid Evaluation Paradigms and
Standardization

The dichotomy between expensive human annota-
tion and potentially biased automated evaluation
remains a bottleneck. Future work should pivot to-
wards hybrid human-Al paradigms, where models
perform initial filtering or semi-automated scoring
to reduce workload, followed by targeted human
verification of uncertain cases (Diao et al., 2024; Li
et al., 2023a). This approach mitigates the high cost
and subjectivity of manual review while maintain-
ing reliability. Furthermore, to address the lack of
standardization across studies, the community must
establish unified annotation guidelines and consis-
tent evaluation protocols. Research into adversar-
ial robustness is also vital, employing techniques
to generate adversarial samples that stress-test the
stability of reasoning evaluation metrics against
subtle prompt variations (Cui et al., 2025; Sclar
et al., 2024; Zhou et al., 2024).

E.2 Multimodal and Multilingual Frontiers

As models expand beyond text, evaluation frame-
works must adapt to Multimodal CoT. This in-
volves developing MLLM-as-a-Judge frameworks
capable of assessing reasoning that intertwines vi-
sual perception with textual logic, ensuring relia-
bility under distribution shifts (Jiang et al., 2025a;
Chen et al., 2024b; Wu et al., 2025a). Simultane-
ously, the Anglocentric bias in current benchmarks
necessitates a shift towards multilingual evalua-
tion, particularly for low-resource and minority
languages. Initiatives like the Aya project and
multilingual benchmarks (Bang et al., 2023; Athi-
waratkun et al., 2023) demonstrate the importance
of instruction-tuned evaluation across diverse lin-
guistic landscapes to ensure equitable reasoning
capabilities.

E.3 Quantifying Interpretability and
Trustworthiness

Moving beyond vague notions of explainability,
future research must mathematically quantify the
structural validity of reasoning. Promising direc-
tions include leveraging Causal Graphs and Knowl-



edge Graphs to map the logical flow of CoT, trans-
forming text-based traces into verifiable structural
paths (Amayuelas et al., 2025; Nguyen et al., 2024;
Zhao et al., 2025b; Luo et al., 2024). Addition-
ally, integrating Explainable Al techniques can fa-
cilitate human-Al collaborative review, allowing
evaluators to pinpoint exactly which part of the
input context influenced a specific reasoning step,
thereby addressing the challenge of disguised ac-
curacy where models arrive at correct answers via
flawed logic (Thakkar et al., 2023; Wang and Xu,
2025; Turpin et al., 2023).

CoT evaluation should also transition from gen-
eral benchmarks to high-stakes vertical applica-
tions. In domains such as healthcare, law, and edu-
cation, evaluation metrics must prioritize trustwor-
thiness, evidence retrieval, and safety over simple
accuracy. For instance, legal reasoning requires val-
idating adherence to statutory interpretations (Yu
et al., 2025), while educational applications de-
mand iterative self-correction and feedback mech-
anisms for pedagogical effectiveness (Jiang et al.,
2024b; Wang et al., 2024d). Moreover, bias anal-
ysis is crucial; frameworks must be developed to
detect deep-seated stereotypes (e.g., gender or cul-
tural bias) within reasoning chains (Shaikh et al.,
2023; Wu et al., 2024b). In enterprise contexts,
evaluation protocols must also align with auditabil-
ity and compliance standards to support safe large-
scale deployment.

E.4 Probing Reasoning Upper Bounds

Current benchmarks largely measure static in-
ference, overlooking the potential of test-time
scaling (TTS) where models simulate deliberate
thinking (Snell et al., 2024; Goyal et al., 2023).
Future evaluation must quantify the efficiency-
performance trade-off, verifying if extended rea-
soning time and search depth yield proportional
accuracy gains (Brown et al., 2024; Wu et al.,
2025b). This shift necessitates new benchmarks
like JETTS to ensure automated judges can reli-
ably monitor these complex processes (Lightman
et al., 2024; Uesato et al., 2022). Simultaneously,
protocols must expand to multi-agent systems, as-
sessing whether increasing ensemble size follows
predictable scaling laws or encounters diminishing
returns due to redundancy (Li et al., 2024a; Zhuge
et al., 2023).
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Figure 6: Our full taxonomy for the survey on Evaluating Chain-of-Thought Reasoning.
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Table 1: Overview of benchmarks used in CoT evaluation across different tasks.

Task Dataset Description
GSMSK (Cobbe et al., 2021) 8.5K grade school math word problems
with step-by-step solutions.
Mathematical SVAMP (Patel et al., 2021) Challenge set testing robustness to superfi-
. cial keywords.
Reasoning
MathQA (Amini et al., 2019) GRE-level math problems with annotated
operation programs.
MATH (Hendrycks et al., 2021) 12,500 competition math problems
(AMC10/12, AIME).
AIME (Veeraboina, 2023) High-difficulty competition problems (of-
ten included/covered by MATH).
GSMS8K-Scheherazade (Miner et al., | Synthetic extension of GSMS8K to counter
2024) saturation.
CommonsenseQA (Talmor et al., 2019) Multiple-choice questions requiring com-
monsense knowledge.
StrategyQA (Geva et al., 2021) Implicit reasoning steps for multi-hop rea-
soning.
ARC (Clark et al., 2018) Science exam questions testing genuine un-
Commonsense derstanding.
Reasoning OpenBookQA (Mihaylov et al., 2018) Questions requiring knowledge retrieval
and reasoning.
ROSCOE (Golovneva et al., 2023) Metrics for semantic consistency in reason-
ing chains.
SELF-CHECK (Miao et al., 2024) Automated step-wise error detection frame-
work.
SciKnowEval (Feng et al., 2024) Scientific knowledge evaluation with
knowledge triples.
CoK (Wang et al., 2024a) Chain-of-Knowledge framework for evi-
dence retrieval.
DeCoT (Wu et al., 2024b) Causal intervention framework for bias mit-
igation.
VISCO (Wu et al., 2025a) Multimodal visual reasoning evaluation.
HumanEval (Chen, 2021) 164 hand-written programming problems
with pass@k metrics.
MBPP (Austin et al., 2021) Basic Python problems dataset.
APPS (Hendrycks et al., 2021) Competition-level programming problems.
Code CodeContests (Li et al., 2022) Programming competition problems from
. various platforms.
Reasoning
MBXP (Athiwaratkun et al., 2023) Multilingual programming benchmarks.
MathQA-X (Athiwaratkun et al., 2023) Multilingual MathQA for code reasoning.
DS-1000 (Lai et al., 2023) Data science programming benchmark.
CodeXGLUE (Lu et al., 2021) Code understanding and generation bench-
mark.
CRUXEVval (Gu et al., 2024) Execution reasoning evaluation.
LiveCodeBench (Jain et al., 2024) Contamination-free code evaluation.
MT-Bench (Zheng et al., 2023) Multi-turn dialogue evaluation.
MINT (Wang et al., 2024f) Multi-turn instruction following.
MuTual (Cui et al., 2020) Multi-turn dialogue reasoning.
Dialogue & DREAM (Sun et al., 2019) Dialogue-based reading comprehension.
Multi-turn

QReCC (Anantha et al., 2021)

Question rewriting for conversational con-
text.

CICERO (Ghosal et al., 2022)

Conversational inference and causal reason-
ing.

MUSR (Sprague et al., 2024)

Multi-turn soft reasoning.

ClemBench (Chalamalasetti et al., 2023)

Game-theoretic rule adherence.
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