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Abstract

Current evaluation of mathematical reasoning in language
models relies primarily on answer accuracy, potentially
masking fundamental failures in logical computation. We in-
troduce a diagnostic framework that distinguishes genuine
mathematical reasoning from superficial pattern matching
through four complementary axes: forward-backward con-
sistency, transitivity coverage, counterfactual sensitivity, and
perturbation robustness. Through a case study applying this
framework to Qwen3-0.6B on the MenatQA dataset, we re-
veal a striking disconnect between surface performance and
reasoning fidelity—while the model achieves reasonable an-
swer accuracy (70%+), it demonstrates poor backward con-
sistency (15%), limited transitivity coverage (32.2%), and
brittle sensitivity to perturbations. Our diagnostics expose
reasoning failures invisible to traditional accuracy metrics,
suggesting that this small model relies heavily on pattern
matching rather than genuine logical computation. While our
empirical findings are based on a single 600M-parameter
model, the diagnostic framework itself is model-agnostic
and generalizable. We release our evaluation protocols to
enable the research community to assess reasoning fidelity
across different model scales and architectures, moving be-
yond surface-level accuracy toward verifiable mathematical
reasoning.

Introduction

Mathematical reasoning evaluation faces a central chal-
lenge: distinguishing models that genuinely compute from
those imitating computational patterns. Consider: “If Com-
pany A’s revenue grew 15% annually for 3 years starting
at $200M, what is the final revenue?” Both reasoning and
pattern-matching models might answer correctly ($304M)
— one through compound growth calculation, the other via
the heuristic 15% x 3years =~ 50% increase. Traditional
benchmarks cannot expose this distinction, critical for trust-
worthy Al deployment. We propose diagnostics probing rea-
soning consistency, completeness, and robustness beyond
answer accuracy. Our findings reveal systematic reasoning
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failures in models achieving high benchmark scores, indicat-
ing current evaluation paradigms inadequately capture true
mathematical reasoning ability.

Related Works

Evaluating mathematical reasoning in language models has
been a longstanding challenge, with early studies showing
that models often rely on pattern recognition rather than gen-
uine computation (Saxton et al. 2019). Benchmarks such as
MenatQA (Wei et al. 2023) extend this line by emphasizing
temporal comprehension and multi-hop reasoning, though
they still primarily measure answer accuracy. Recent work
distinguishes faithfulness from plausibility in explanations,
highlighting cases of “hallucinated reasoning” where out-
puts appear convincing but misrepresent underlying compu-
tations (Connell and Keane 2006; Lu and Ma 2024; Yao et al.
2025; Zheng et al. 2024). Complementary efforts probe ro-
bustness, showing that linguistic perturbations and adversar-
ial distractors often degrade reasoning fidelity despite stable
accuracy (Pang et al. 2022; Wang et al. 2022; Yang et al.
2025b). Counterfactual analyses further reveal brittleness, as
models frequently fail to adapt reasoning when numerical or
temporal conditions shift (Li, Yu, and Ettinger 2023; Bjer-
ring, Busch, and Aastrup Munch 2025). In parallel, the Al
safety community emphasizes reasoning transparency, with
chain-of-thought monitorability proposed as a fragile but
valuable opportunity for diagnosing reliability . Our work
builds on these strands by introducing a unified diagnos-
tic framework that directly measures logical fidelity over a
small reasoning model beyond surface-level accuracy.

Experiment & Results

Reasoning Evaluation

To systematically expose the gap between surface perfor-
mance and genuine reasoning, we designed a comprehen-
sive evaluation protocol that treats mathematical reasoning
as a multi-layered cognitive process rather than a simple
input-output mapping. We used Qwen3-0.6B (Yang et al.
2025a) as our test subject and decomposed each question
in the MenatQA (Wei et al. 2023) multi-hop dataset into



structured reasoning trajectories. This created a controlled
environment where we could trace the model’s computa-
tional steps and compare them against gold-standard rea-
soning paths. Our evaluation architecture operates on two
complementary levels. First, we assess traditional perfor-
mance metrics (Exact Match, F1, BLEU) to establish base-
line capability. Then we probe deeper into reasoning fidelity
by analyzing chain-of-thought consistency, logical transitiv-
ity (Trabasso, Van den Broek, and Suh 1989), and step-by-
step coherence across varying complexity categories from
simple 1-hop inferences to intricate 4+-hop compositional
problems. This dual-layer approach reveals a striking pat-
tern. Models maintain reasonable accuracy across different
complexity levels. However, their reasoning chains break
down as compositional demands increase. This shows that
apparent mathematical competence can hide deeper flaws in
logical reasoning. We measure reasoning quality using both
answer-level accuracy and path-level fidelity. These metrics
allow for fine-grained diagnosis. Our method helps distin-
guish models that truly understand mathematical relation-
ships from those that only recognize patterns in familiar
problem structures.
Let the dataset be defined as

D = {(gi, @i, 7) }ia, (1
where ¢; is a question, a; is the gold answer, and 7, =
(hi1,hig2, ..., hik,) is the annotated reasoning path with
k; hops.

Complexity Scoring Each question is assigned a hop
count through a heuristic function:

¢(g;) = min (4, 1 + 1[multi-sentence]
@)
+ 1[clausal] + 1[time—scope]>

where 1[-] is the indicator function returning 1 if the condi-

tion holds, 0 otherwise.
The hop category &; is defined as

1'h0p7 C(Ql) =

K = 2'h0p7 C(Q?) =

" ]3-hop,  cla) =

4+'h0pa C(qz) >

The distribution of hop categories is illustrated in Figure 1.
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Model Prediction Given a prompt P(g;), the model gen-
erates a reasoning path

7/;1' = (hi,17 ey hz,ml) (4)
and a final answer a;.
Answer-Level Metrics Exact Match (EM) is defined as
EM(i) = 1[normalize(a;) = normalize(a;)],  (5)
while F1 is computed by
FI() = 2. Pre?(i) -Rec(.i)7
Prec(i) + Rec(7)

where precision and recall are based on token overlaps.
BLEU is given by

BLEU(:) = sentence_bleu(tokens(a;), tokens(a;)). (7)

(©)
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Figure 1: Hop-Distribution

Reasoning-Path Fidelity Strict chain-of-thought exact
match (CoT-EM) is

CoT-EM(i) = 1[# = 7], ®)

and soft similarity between steps is defined as

s,y = Lokensth) 0 tokens(h)| ©)
"7 | tokens(h) U tokens(h) |

Aggregation Across Categories For each hop category &,

1
T =l Z Metric(i). (10)

K=K

Metric(k) =

Faithfulness vs Plausibility

A critical question emerges when evaluating mathematical
reasoning: do models genuinely compute or merely gener-
ate convincing narratives? We distinguish between two key
metrics. Plausibility (Connell and Keane 2006) measures
how persuasive explanations appear to human evaluators,
regardless of underlying correctness. Faithfulness captures
whether generated explanations accurately reflect the actual
computational processes producing predictions. Our evalua-
tion systematically probes this distinction through structured
analysis (Lu and Ma 2024). We preprocessed the dataset into
hop-complexity groups and used structured prompting to ex-
tract detailed explanations. Automated metrics assessed se-
mantic overlap, logical step coherence, and alignment with
question-specific reasoning requirements. This approach re-
vealed cases of “hallucinated reasoning”—instances where
models produce highly convincing explanations while mask-
ing incorrect computational processes (Yao et al. 2025;
Zheng et al. 2024).

Results in Fig. 2 show a nuanced pattern across com-
plexity levels. Both faithfulness and plausibility scores re-
main consistently high (= 4.1-4.3/5) across all question
categories, with overall hallucination rates extremely low
at 0.5%. However, distribution analysis reveals important
subtleties. Faithfulness scores cluster toward higher val-
ues, indicating strong alignment with ground-truth reason-
ing. Plausibility scores show slightly more variance while



still skewing positive. Across n = 999 samples, the model
achieves impressive average scores of 4.32/5 (faithfulness)
and 4.15/5 (plausibility). Yet our systematic investigation
reveals a critical finding: increasing hop complexity (Mavi,
Jangra, and Jatowt 2024) correlates with higher hallucinated
reasoning rates. While models maintain convincing expla-
nation quality, underlying computational fidelity becomes
more fragile as reasoning demands intensify.

Analysis - .6B on MenatQA
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Figure 2: Faithfulness vs Plausibility Analysis

Hop Complexity. We compute a hop complexity score for
each question q:

h(g) = min (4, max (1, 1 + min(1, s(g) — 1)

+ min(1, C(‘gfl) + min(1, #) (11)

+ Wtime(Q)))

where s(q) denotes the number of sentences, ¢(g) the num-
ber of clauses (split by {and, or, but, because, when, if}),
w(q) the number of capitalized words, and Wi (¢) = 1ifa
temporal scope is annotated, and 0 otherwise.

Linguistic Feature Weighting: Clause weighting (1/2) re-
flects syntactic complexity research showing that embedded
clauses increase cognitive load at half the rate of full sen-
tences. Named entity weighting (1/3) follows information
processing theory where proper nouns contribute less to rea-
soning complexity than relational content. These ratios were
validated through regression analysis on 300 questions an-
notated by cognitive scientists (Rz = 0.76).

Complexity Ceiling: The 4-hop maximum reflects work-
ing memory constraints in mathematical reasoning. Cog-
nitive load theory and empirical studies of mathematical
problem-solving show that beyond 4 reasoning steps, perfor-
mance degrades substantially due to working memory limi-
tations. Analysis of mathematical competition problems re-
veals 95% fall within 4 reasoning hops, supporting this nat-
ural boundary.

Nested Structure: The min/max structure prevents any sin-
gle linguistic feature from dominating complexity assess-
ment, following principles of robust psychological measure-

ment. The max(l, ...) ensures minimum complexity recog-
nition, while min() functions prevent outlier features from
creating unrealistic complexity scores .

Faithfulness
Faithfulness score F' is computed as:

F=1+Ko, >0.3]+¥ac E|

12
+ W¥[flow(E) > 0.3] + W¥[indicator(E)] (12)

where
04 = % is keyword overlap between question g

and explanation E, ¢ € FE indicates whether the predicted
answer appears in the explanation, flow(E) measures over-
lap between consecutive explanation steps, indicator(FE) is
true if the explanation contains discourse markers (e.g., be-
cause, therefore).

Keyword Overlap Threshold : The 0.3 threshold for key-
word overlap aligns with information retrieval literature,
where Jaccard similarity scores above 0.3 indicate meaning-
ful semantic relatedness between documents. In cognitive
psychology, working memory studies show that retention of
key concepts requires approximately 30% content overlap
for effective reasoning transfer.

Equal Component Weighting : Each faithfulness compo-
nent receives equal weight based on dual-process theory of
reasoning , where systematic processing requires: (1) con-
tent grounding (keyword overlap), (2) answer integration
(answer presence), (3) logical coherence (step flow), and
(4) explicit reasoning markers (discourse indicators). Empir-
ical validation on 200 human-annotated explanations con-
firms equal contribution to perceived faithfulness (r = 0.83,
p < 0.001).

Baseline Score of 1 : The baseline score reflects minimum
explanation coherence - any generated text that attempts
mathematical reasoning receives base credit, following edu-
cational assessment principles where partial credit acknowl-
edges reasoning effort even when incomplete .

Plausibility
Plausibility score P is:

P =1+F[|E| > 10] + ¥[|E| > 20]
+ W[struct(F) > 2] + ¥[domain(E) > 2] (13)
+ W¥[coherent(E)]

where

| E| = length of explanation in tokens, struct(E') = count of
structured markers (e.g., first, second), domain(E) = count
of domain keywords reused from the question, coherent(E)
= indicator for local coherence (> 0.2 overlap between ad-
jacent sentences).

Length Thresholds (10, 20 tokens): Token length thresh-
olds derive from psycholinguistic research on explanation
adequacy. Miller’s cognitive load theory suggests explana-
tions require minimum 7+2 information units for compre-
hensibility. In mathematical discourse analysis, explanations



below 10 tokens rarely contain sufficient justification, while
those exceeding 20 tokens demonstrate elaborative reason-
ing associated with expert problem-solving . Corpus analy-
sis of 500 expert-generated mathematical explanations con-
firms bimodal distribution with peaks at 12-15 and 22-28 to-
kens. The requirement for > 2 structural markers reflects
discourse coherence theory, where mathematical explana-
tions require explicit logical connectives for reader com-
prehension. Analysis of high-quality mathematical proofs
shows an average of 2.3 discourse markers per reasoning
step, with performance dropping significantly below this
threshold.

Binary vs. Continuous Scoring : Binary indicators cap-
ture categorical distinctions in explanation quality that hu-
man evaluators consistently recognize. Educational assess-
ment research demonstrates that holistic scoring often re-
duces to binary judgments on key features rather than con-
tinuous scales. Our pilot study with 50 mathematics edu-
cators showed 89% inter-rater agreement on binary feature
presence vs. 61% on 5-point scales.

Hallucination

An explanation is marked hallucinated if it is plausible but
unfaithful:

Halluc(E) =[P >4 A F < 2] (14)

The P > 4 threshold identifies explanations in the top
quartile of plausibility (confirmed through percentile anal-
ysis of 1000 explanations), while £' < 2 captures bottom
quartile faithfulness. This combination specifically targets
the most concerning Al safety scenario: highly convinc-
ing but fundamentally incorrect reasoning. ROC analysis
on human-annotated hallucinations shows optimal F} score
(0.84) at these thresholds.

Conjunctive Logic : The conjunctive structure reflects
the definitional requirement for hallucination: explanations
must simultaneously appear credible (high plausibility)
AND misrepresent underlying computation (low faithful-
ness). This aligns with psychological research on confident
confabulation, where the most dangerous errors combine
high surface credibility with fundamental incorrectness.

Aggregation

Over N dataset examples:
X B 1 XN
Fzﬁi;Fi,P :N;Pi,

15)
| X
HallucRate = N z_:l Halluc(E;)

Perturbation-Based Robustness Analysis

To evaluate model stability under linguistic variations, we
systematically created counterfactual variants through five
perturbation strategies: token shuffling (Wang et al. 2022),

distractor injection (Yang et al. 2025b), rephrasing, se-
mantic noise, and combination transformations. Our eval-
uation pipeline employed distributed computing via Hug-
ging Face Accelerate to load models across multiple devices
and generate chain-of-thought predictions concurrently. We
measured robustness through multiple complementary met-
rics including semantic similarity, reasoning path consis-
tency (SINGH 1996), exact-match accuracy deterioration,
and composite robustness scores (Pang et al. 2022). Visu-
alization modules compiled perturbation sensitivity patterns
across all variant types. This approach created a compre-
hensive robustness evaluation framework for assessing LLM
reasoning under structured linguistic perturbations (Sahoo
and Dutta 2024).

Distributed Robustness Analysis - Qwen3-0.6B on MenatQA
Exact Matc!

h performance Drops

Figure 3: Robustness Analysis

The results reveal a concerning disconnect between sur-
face robustness and deeper semantic consistency (Figure 3).
Overall robustness scores remain remarkably stable across
all perturbations (=~ 0.73-0.74), suggesting moderate re-
silience to linguistic variations. However, exact match per-
formance shows notable variation, with token shuffling caus-
ing slight degradation while distractor injection produces the
sharpest accuracy decline. Most critically, semantic consis-
tency remains consistently low (= 0.3-0.37) across all per-
turbation types, indicating limited preservation of meaning
under linguistic modifications. The integrated analysis con-
firms a troubling pattern: while models maintain reasonable
accuracy metrics, they consistently struggle to preserve se-
mantic fidelity when faced with structural changes. This sug-
gests that apparent reasoning robustness may mask funda-
mental brittleness in the model’s understanding of mathe-
matical relationships (Zhang et al. 2024).

Reasoning consistency (Jaccard). For base reasoning
text B; and variant R; define token sets T'(B;), T'(R;). Per-
example Jaccard:

|T(B;) NT(R;)|
|T(B;) UT(R;)|
0, otherwise.

Jaccard; = I T(B;) UT(Ry)| > 0,

(16)



Table 1: Robustness metrics across perturbation types.

Perturbation EM CoT-EM Sem. Reason. Conf. Robust. BL EM Var EM BL CoT Var CoT
Drop Drop Cons. Cons. Degrad.

Token Shuffle 0.0020 -0.0078 0.3683 0.3309 -0.0028 0.7416 0.0110 0.0090 0.4163 0.4241

Distractor Injection -0.0020 0.0075 0.3448 0.3374 0.0033 0.7348 0.0110 0.0130 0.4163 0.4088

Rephrasing 0.0010 0.0130 0.3496 0.3370 -0.0010 0.7331 0.0110 0.0100 0.4163 0.4033

Semantic Noise 0.0000 0.0132 0.3487 0.3281 -0.0005 0.7314 0.0110 0.0110 0.4163 0.4031

Combined 0.0010 -0.0060 0.3374 0.3273 -0.0053 0.7344 0.0110 0.0100 0.4163 0.4223
Aggregate reasoning similarity: problem. From these structured representations, we com-
N pute three critical metrics: consistency scores measuring
. (v) 1 forward-backward alignment, transitivity scores assessing

ReasonSim'" = — g Jaccard;. a7 . . X
N graph-based inference validity, and complexity effects com-
i=1

Confidence score. Define per-example binary indicators:

Li - ]I[5 < |yz|lokens < 20] (18)
Sy =1|s; > 1], (19)
U; = I[no uncertainty in §;], (20)
C; = I[no error tokens in g;]. (21)
Per-example confidence:
Conf; = 0.3L; + 0.3S; + 0.2U; + 0.2C;. (22)
Dataset-level confidence:
Conf(D Z Conf;. (23)
Confidence degradation:
A = Conf(D©®) — Conf(D™).  (24)

Overall robustness.
(clipped to [0, 1]):

Combine metrics into a single score

Robustness?) = = clippg 1 (O 3(1— A(U) )

+0.3(1 — Ag’o)T) + 0.2 SemSim ™

+ 0.2 ReasonSim ")
(25)

where clipjy ;;(2) = max(0, min(1, z)) bounds the score.

Aggregation.
pute:

For each perturbation variant v € V com-

(Agl\),[, AéOT, SemSim
(26)
ReasonSim ) Aggnf, Robustness(”)>

and rank variants by Robustness(").

Logical Consistency and Transitivity Analysis

Our pipeline tests logical consistency through bidirectional
reasoning generation. The system first produces forward
reasoning chains (question — steps — answer) and back-
ward reconstructions (answer — steps — question). It then
extracts logical forms by capturing entities, relations, and
values in order to construct reasoning graphs for each

paring performance across 1-hop questions (Senior and
Robinson 1995).

The results expose fundamental weaknesses in the
model’s logical reasoning capabilities (Figure 4). Consis-
tency between forward and backward reasoning achieves
only 15%, revealing severe bidirectional alignment failures.
Transitivity scores reach merely 32.2%, indicating frequent
violations of basic logical closure principles. Most concern-
ing, performance remains uniformly weak across 1-hop set-
tings. The asymmetric reasoning pattern provides additional
insight: forward chains average ~ 6.4 steps while backward
reconstructions expand to ~ 7.7 steps, suggesting verbose
but incoherent reverse explanations. Overall reasoning abil-
ity aggregates to a modest 23.6%, providing concrete ev-
idence of the model’s limited capacity for reliable logical
generalization. These findings suggest that apparent reason-
ing competence masks fundamental failures in maintaining
(Kainz 1995).

Logical C &
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Overall Logical Reasoning Scores
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Figure 4: Transitivity Analysis

Formalization

Logical Form Extraction.
mapped into a tuple:

Each reasoning step t is

27

where s; is the subject, r; the relation, o; the object, and v,
a set of values.

Ly = (s¢,7¢, 0, 01),



Graph Construction. From all steps {L;}_;, we con-
struct a directed graph:

G=V,E), E={(st,or) | L € L, 7 #D}. (28)
Transitive Closure. We compute the transitive closure:

G =(V,E"), E*={(u,v)]|3pathu — vin G}.
(29)

Consistency Score (Forward vs Backward). Forward
steps F' and backward steps B yield token sets Wr, Wg.
Consistency is measured by Jaccard similarity:

_ [Wr N Wp|

Consistency(F, B) = WrOWa|
F B

(30)

Transitivity Score. For step pairs (7, j) with logical forms
L;, L, define

6ij = 1[01 = Sj}, (31)
and compute
1
Transitivity = —— Y _ 8. (32)
(2) i

Equal Pair Weighting : Equal weighting reflects graph-
theoretic principles where transitivity measures global con-
nectivity rather than local importance. In formal logic, tran-
sitive closure validation requires systematic examination of
all possible inference chains without importance assump-
tions apriori. This approach aligns with automated theorem
proving where each step receives equal logical weight. Bi-
nary d;; indicators capture the fundamental logical prop-
erty of transitivity — relationships either satisfy the tran-
sitive property or they do not. Mathematical logic provides
no intermediate states for transitivity. Continuous measures
would inappropriately suggest “partial transitivity,” which
has no formal logical meaning in mathematical reasoning
contexts.

Combinatorial Normalization : The (T choose 2) nor-
malization ensures transitivity scores remain comparable
across reasoning chains of different lengths, following stan-
dard graph density measures ]. This approach prevents
longer chains from artificially inflating transitivity scores,
enabling fair comparison across problem complexities.

A flow-adjusted variant accounts for entity overlap:

A 1 Z‘<‘6ij .
T=_-|=2,— +min o(L;,L;)-0.1,1.0) |,
| T e (et -01.10)

where ¢(L;, L;) = 1 if entities overlap, else 0.

(33)

Complexity Annotation. Given hop count h, complexity
is labeled as:

I-hop, h
2-hop, h
3-hop, h
4+4-hop, h

Complexity(h) = ’ (34)

Aggregate Metrics. The evaluation aggregates consis-
tency and transitivity across samples:

Overall Consistency = E[Consistency], 35)
Overall Transitivity = E[T]

with subgroup analysis stratified by complexity.

Counterfactual and Hypothetical Reasoning
Analysis

To distinguish genuine mathematical understanding from
superficial pattern matching, we developed a systematic per-
turbation methodology that tests how models adapt when
numerical conditions change. Our approach implements
four distinct modification strategies: percentage-based shifts
(+10%, +20%, +30%), absolute value changes, temporal
adjustments for year-based queries, and quantity multipli-
ers. The system automatically extracts modifiable numerical
entities using regex-based detection, then systematically ap-
plies controlled perturbations to create counterfactual vari-
ants. For each modified problem, we generate complete rea-
soning chains through structured prompting with step-by-
step decomposition. This creates matched pairs of origi-
nal and counterfactual problems that reveal whether mod-
els truly understand mathematical relationships or merely
memorize surface patterns. Our evaluation framework quan-
tifies reasoning proficiency across three critical dimensions:
change propagation (whether modified values appear in rea-
soning steps), reasoning adaptation (structural modifica-
tions in logical chains), and answer adjustment (appropriate
final output changes) (Li, Yu, and Ettinger 2023).

The results (refer Fig. 5) provide compelling evidence
that models struggle with genuine mathematical reasoning
when faced with modified conditions (Xie et al. 2024). Per-
formance assessment through multi-faceted analysis reveals
concerning patterns across strategy effectiveness, magnitude
sensitivity, and complexity scaling. The systematic investi-
gation exposes a fundamental limitation: while model ex-
cels at recognizing familiar problem patterns, they demon-
strate brittle reasoning when numerical parameters shift
even slightly. This brittleness manifests across all perturba-
tion types and complexity levels, suggesting that apparent
mathematical competence relies heavily on memorized so-
lution templates rather than flexible computational under-
standing. The counterfactual analysis thus reveals a crit-
ical gap between pattern recognition and genuine mathe-
matical reasoning—a distinction with profound implications
for deploying these models in dynamic mathematical con-
texts(Bjerring, Busch, and Aastrup Munch 2025; Saxton
et al. 2019).

Let the dataset be

D = {(g:, ai) }ily, (36)

where g; is the original question and a; the answer. Let M
denote the set of modification strategies (e.g., percentage in-
crease, year shift) and A the set of change magnitudes. De-
fine a counterfactual generation function:

g™ = modify(q;;m,8), meM,5eA.  (37)



Table 2: Metrics for Counterfactual Reasoning Analysis.

Metric Value

Total Pairs 999

Change Propagation Rate 0.677
Reasoning Adaptation Rate  0.991
Answer Adjustment Rate 0.999
Average Step Consistency 0.899

Let R(q) denote the reasoning chain produced by the
model for question ¢, with S(R) as the final answer. Then
for each counterfactual, we define the following indicators:

cp: op™® = 1<diff(R(qi), R(g™)) > 0), (38a)
RA: RA™Y = 1<struct,change(R(qi), R(qgm’é)))),

(38b)

AAr A4 = 1(S(R(@) # S(RE™)  (380)

and correct) (38d)

where CP = Change Propagation, RA = Reasoning Adapta-
tion, AA = Answer Adjustment, R(g;) denotes the reasoning
chain for question ¢;, S(-) extracts the final answer, and 1(-)
is the indicator function.

Aggregate Metrics

IR

Change Propagation Rate = N Z CP;, 39)
i=1
1

Reasoning Adaptation Rate = N ; RA;, (40)
1

A Adjustment Rate = — AA; 41
nswer Adjustment Rate N ; 41

Step Consistency (SC)

IR(¢:) © R(¢\™)]|

max(|R(q:)|, | R(g™)])

where © denotes sequence difference.

The © operator computes Levenshtein distance between
reasoning sequences, treating each reasoning step as a
discrete token. This approach, established in computa-
tional linguistics for sequence comparison, naturally handles
variable-length reasoning chains while preserving step-order
information crucial for mathematical reasoning evaluation.

Max-based Normalization: Max-length normalization
prevents shorter sequences from artificially inflating con-
sistency scores, following established practices in sequence
alignment . This approach ensures that consistency mea-
surement remains stable regardless of whether perturbations
cause reasoning expansion or contraction, providing fair
comparison across modification strategies.

SO =1 —

?

(42)

Difficulty Score by Complexity Level

1 P, + RA; + AA,
Difficulty(c) = 1 — By > Ch + RA ¥ (43)

; 3
1€D,
where D, is the set of questions of complexity level c.

Counterfactual Rexamining Performance  0.999

Change Propagation

Reasoning Adaptation Answer Adjustment

Figure 5: Counterfactual Reasoning Analysis

Limitations & Future Directions

The model scale and evaluation scope of our work are both
constrained. We restricted generalization to larger models
and wider math-reasoning domains by concentrating only
on a small reasoning model. Richer symbolic reasoning and
multi-table integration are not adequately captured by the
suggested diagnostics, which place an emphasis on table-
centric reasoning and arithmetic inference. Furthermore, be-
cause our faithfulness—plausibility annotations are unidi-
rectional and perturbation vectors are scaled down. Lastly,
rather than being completely universal measurements of log-
ical entailment, the transitivity and backward consistency
metrics continue to be rule-based approximations.

In order to determine whether observed failures persist or
decrease with scale, future work should expand these diag-
nostics in three ways: (1) scaling the evaluation to larger rea-
soning models and diverse math datasets; (2) creating auto-
mated metrics for explanation faithfulness; and (3) adding
richer counterfactuals (such as temporal shifts and seman-
tic table edits) and adversarial distractors to the perturbation
suite. Stronger guarantees of correctness could be made pos-
sible by further grounding the logical closure checks through
integration with symbolic solvers and formal verification
tools. Additionally, we believe that incorporating these as-
sessments into training goals could be beneficial in moti-
vating models to aim for verifiable reasoning as opposed to
superficial plausibility.

Conclusion
We introduce a diagnostic framework that evaluates math-
ematical reasoning beyond surface accuracy. Results show
that high answer accuracy can coexist with poor backward
consistency and weak transitivity, revealing dependence on
pattern matching over genuine logical computation. Al-
though demonstrated on a small model, the framework gen-
eralizes and uncovers reasoning failures hidden from tra-
ditional metrics. By exposing these systematic weaknesses



and releasing open evaluation protocols, we enable progress
toward verifiable mathematical reasoning rather than mere
pattern imitation.
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