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Abstract

This paper primarily demonstrates a method
to quantitatively assess the alignment between
multi-step, structured reasoning in large lan-
guage models and human preferences. We in-
troduce the Alignment Score, a semantic-level
metric that compares a model-produced chain
of thought traces with a human-preferred refer-
ence by constructing semantic-entropy-based
matrices over intermediate steps and measur-
ing their divergence. Our analysis shows that
Alignment Score tracks task accuracy across
models and hop depths, and peaks at 2-hop
reasoning. Empirical results further indicate
that misalignment at greater reasoning depths
is driven mainly by alignment errors such as
thematic shift and redundant reasoning. View-
ing chain sampling as drawing from a distri-
bution over reasoning paths, we empirically
demonstrate a strong and consistent correlation
between Alignment Score and accuracy, read-
ability, and coherence, supporting its use as a
diagnostic signal. The code is available.1

1 Introduction

In-Context Learning (ICL) is widely regarded as a
core capability of Large Language Models (LLMs),
allowing them to tackle diverse tasks by condition-
ing on a few example instances included in the in-
put prompt, all without modifying their parameters
during inference (Dong et al., 2024). A particular
approach within ICL is Chain-of-Thought (CoT)
prompting (Wei et al., 2022), which encourages
models to generate intermediate reasoning steps to
achieve a final answer. CoT has been shown to sig-
nificantly enhance model performance in complex
reasoning tasks, e.g., arithmetic reasoning (Cobbe
et al., 2021), symbolic logic (Zhou et al., 2023), and
commonsense question answering (Kojima et al.,
2022). Although CoT and its established variants
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Figure 1: An illustration of comparing reasoning consis-
tency in strong vs. weak models under CoT prompting:
the proposed Alignment Score quantifies their diver-
gence, with higher values indicating the stronger style
imitation and improved logical coherence.

(e.g., Least-to-most (Zhou et al., 2023) and self-
consistency (Wang et al., 2023)) have led to gains
in both robustness and accuracy, recent work shows
that LLM reasoning traces still vary substantially
in quality (Turpin et al., 2023; Hu et al., 2025). In
particular, structured or multi-step reasoning often
suffers from semantic incoherence, logical incon-
sistency, or thematically misaligned steps, even
when the final answer is correct (Lampinen et al.,
2022; Kojima et al., 2022). These findings expose
a key gap: we still lack an evaluation metric that
goes beyond answer correctness and captures the
quality of the reasoning process itself.

As illustrated in Figure 1, to address this gap,
we revisit multi-step reasoning in CoT through the
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Figure 2: Illustration of the Alignment Score Computation: Step (0): Prepare the dataset and select reference chains
(orange box). Step (1): Construct the prompt with a reference reasoning chain and generate model reasoning chains
(red box; see Appendix A for prompt templates); Step (2): Compute pairwise semantic entropy matrix using an
NLI model (blue box); Step (3): Compare the resulting entropy matrix and derive the Alignment Score (green box).

perspective of reasoning consistency.2 Our major
hypothesis is that failures in reasoning performance
often stem not from the inability of models to com-
pute correct answers, but from the misalignment
between their generated reasoning chains and ref-
erence patterns that exhibit coherent, human-like
logical structures.

Building on this motivation, we design an Align-
ment Score framework that treats CoT as the main
handle for measuring how well model reasoning
aligns with human-preferred chains, as shown in
Figure 2. We first manually filter model-generated
CoT explanations to obtain a pool of correct, well-
structured reference chains. These references are
inserted as in-context exemplars for each test ques-
tion, prompting the model to imitate their reason-
ing style. We then compare the reference chain
and the generated chain in a latent space defined
by semantic entropy (Kuhn et al., 2023): pairwise
judgments form entropy matrices over reasoning
steps, and their divergence is summarized as a sin-
gle Alignment Score that reflects structural and
logical, rather than surface-level, agreement.

To interpret this score and link it to task per-
formance, we analyze how specific alignment er-
rors and reasoning depth affect both Alignment
Score and accuracy. From empirical inspection,

2Reasoning consistency refers to the extent of logical con-
gruence and step-by-step agreement between the model’s gen-
erated reasoning chains and human-preferred reference chains
(i.e., coherent and readable traces with correct final answers).

we define two interpretable error types, Thematic
Shift and Redundant Reasoning, and track how their
frequencies evolve with the number of reasoning
hops. Finally, we introduce two alignment-aware
sampling schemes, Alignment-aware Chain Sam-
pling and Selection (ACSS) and Self-Consistency
with Alignment (SC-Align), which sample mul-
tiple CoT chains under a fixed budget and then
select chains using alignment-based criteria, allow-
ing us to probe whether higher Alignment Scores
correspond to higher accuracy and better reasoning
quality. Our main contributions are threefold:

(1) We propose the Alignment Score, a metric that
quantitatively measures how closely model-
generated reasoning traces align with human-
preferred reference chains, and validate its ef-
fectiveness and reliability through comparison-
based correlation analysis.

(2) We conduct a detailed empirical study of how
reasoning depth influences Alignment Score,
and show that Thematic Shift and Redundant
Reasoning emerge as dominant alignment er-
rors as reasoning depth increases.

(3) We present ACSS and SC-Align as alignment-
aware sampling methods, with two main find-
ings: (i) Alignment Score closely tracks task
accuracy; and (ii) Alignment Score is strongly
associated with improved readability and coher-
ence under extensive LLM-based evaluations.
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2 Related Work

LLM Evaluation Techniques. Evaluating the
quality of LLM outputs has long been a cen-
tral topic. Existing answer-focused bench-
marks such as MMLU (Hendrycks et al., 2021a),
ARC-AGI (Chollet, 2019), GPQA (Rein et al.,
2024), GSM8K (Cobbe et al., 2021), Truth-
fulQA (Lin et al., 2022), and the broad BIG-Bench
suite (Srivastava et al., 2023) together with its
harder subset BBH (Suzgun et al., 2023), cover
a wide range of tasks but largely ignore whether
reasoning process is plausible or self-consistent.
To bridge this gap, several evaluation frame-
works specifically targeting CoT have recently
emerged. REVEAL (Jacovi et al., 2024) provides
fine-grained step-level annotations to measure logi-
cal correctness. The CoTKG paradigm of Nguyen
et al. (Nguyen et al., 2024) directly grounds in-
termediate steps in knowledge graphs (KGs), pro-
ducing discriminative and generative scores for
multi-hop reasoning. Vacareanu et al. (Vacareanu
et al., 2024) further introduces a general-purpose
verifier that checks each step for relevance, math-
ematical accuracy, and logical consistency. Our
approach differs from the above by evaluating
LLMs from the perspective of reasoning consis-
tency between generated reasoning chains and ref-
erence CoT demonstrations. Unlike REVEAL
and CoTKG, our evaluation method does not rely
on step-level annotations, external verifiers, or
knowledge graph construction, making it more
lightweight and broadly applicable.

Semantic Entropy. Semantic-level uncertainty
methods aim to capture variability over meanings
rather than surface forms. Semantic Entropy has
emerged as an effective approach for estimating
LLM uncertainty by sampling outputs, clustering
semantically equivalent responses via entailment,
and computing entropy over the induced meaning
distribution (Farquhar et al., 2024). Building on
this idea, Kernel Language Entropy (KLE) uses ker-
nels over semantic similarities to obtain smoother
entropy estimates (Nikitin et al., 2024), Shapley
Uncertainty decomposes semantic variability via
Shapley-value attributions (Zhu et al., 2025), and
Semantic Energy combines Boltzmann-style en-
ergy with semantic clustering for confidence esti-
mation (Ma et al., 2025). In this work, we apply
semantic entropy in a one-to-one alignment setting,
directly measuring semantic dispersion between
each generated reasoning step and its correspond-

ing reference step. To our knowledge, this consti-
tutes the first systematic use of semantic entropy
for evaluating step-structured reasoning in LLMs.

3 Methodology

In this section, we first present the necessary pre-
liminaries. Then, we present the calculation of
the Alignment Score. Finally, we introduce the
methods of alignment-aware chain selection.

3.1 Preliminaries
Pairwise Semantic Entropy Semantic entropy
has been proposed as a measure of semantic uncer-
tainty, practically based on Natural Language Infer-
ence (NLI) entailment signals, (Kuhn et al., 2023;
Farquhar et al., 2024; Vashurin et al., 2025; Kossen
et al., 2024). Given a pair of statements (Si, Sj),
the semantic relationship: entailment (E), contra-
diction (C), or neutrality (N), is predicted by an
NLI model, which gives a probability distribution
{pE , pC , pN}. The pairwise entropy H(Si, Sj) can
then be computed as:

H(Si, Sj) = −
∑

k∈{E,C,N}
pk log2(pk) (1)

While prior CoT evaluation frameworks (Jacovi
et al., 2024; Nguyen et al., 2024) typically assess
local sentence pairs in isolation (e.g., an intermedi-
ate claim and its premise), our goal is different: we
seek to evaluate the internal semantic coherence
within a reasoning chain, as well as the semantic
consistency between two chains. To this end, we
propose a pairwise formulation of semantic entropy
over all step pairs in a reasoning path.

In this scenario, a reasoning chain can be pre-
sented as C = {S1, S2, . . . , Sn}, where Si is
the i-th statement in the reasoning chain. Simi-
larly, the reference reasoning chain can be denoted
as Cref = {Sref

1 , Sref
2 , . . . , Sref

n }, where the super-
script “ref” indicates the human-preferred refer-
ence chain. For each pair of statements (Si, Sj)
where i, j ∈ {1, 2, . . . , n} and i ̸= j, we compute
the pairwise semantic entropy as:

Hi,j = H(Si, Sj) (2)

For convenience, we represent the semantic entropy
between two statements by H(i, j). This pairwise
form enables us to quantify semantic consistency
both within and between reasoning chains.

Although LLM outputs are not inherently struc-
tured as strict stepwise sequences, recent studies
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have shown that appropriate prompting strategies
and ICL techniques (Dong et al., 2024) can effec-
tively elicit multi-step reasoning behaviors from
LLMs. In our setting, we assume that the rea-
soning output has been formatted into a list of
steps through CoT prompting with chain-annotated
demonstrations. Given n reasoning steps, there are(
n
2

)
= n(n−1)

2 unique pairs to evaluate, forming the
basis for constructing the semantic entropy.

Semantic Entropy Matrix The pairwise seman-
tic entropy values can be organized in matrix form
for further structural comparison. There will be
two matrices: one for model-generated reasoning
chains, and one for human-written reference chains,
as illustrated in the two blue boxes of Figure 2.

Given a model output reasoning chain C =
{S1, S2, . . . , Sn}, we construct its semantic en-
tropy matrix H as:

H =




0 H1,2 H1,3 · · · H1,n

H2,1 0 H2,3 · · · H2,n

...
...

. . .
...

...
Hn,1 Hn,2 · · · 0


 (3)

Similarly, for the reference reasoning chain
Cref = {Sref

1 , Sref
2 , . . . , Sref

n }, we can construct its
corresponding semantic entropy matrix Href.

3.2 Calculation of Alignment Score
To measure how far the model’s reasoning struc-
ture deviates from the reference, we first compute
a semantic divergence Dsem between their normal-
ized entropy matrices. Concretely, we take the
upper-triangular entries of the reference entropy
matrix and the model entropy matrix Href and H,
normalize them into two probability distributions
pref and p. Here, KL(·∥·) denotes the Kullback–
Leibler (KL) divergence between two probability
distributions. We then define:

Dsem = 1
2
KL

(
pref

∥∥∥ pref+p
2

)
+ 1

2
KL

(
p
∥∥∥ pref+p

2

)
(4)

We adopt the Jensen–Shannon (JS) divergence as
our semantic divergence because it is bounded, and
more numerically stable than plain KL divergence
when the model assigns low probability mass to
regions where the reference is confident (Lin, 1991;
Li et al., 2016). A smaller Dsem indicates that the
model-induced semantic distribution P is closer to
the reference distribution P ref (i.e., smaller infor-
mation mismatch) and thus reflects stronger step-
wise semantic agreement and less misalignment.
We then monotonically map Dsem to a score in
[0, 100], as detailed in Algorithm 1.

Algorithm 1 Alignment Score Calculation
Require: Dataset of questions with reference chains {Rq},

model-generated chains {Cq}, entropy encoder
Ensure: Average Alignment Score S̄ ∈ [0, 100]
1: Initialize score list S ← [ ]
2: for each question q do
3: Build reference entropy matrix Href fromRq and ob-

tain normalized upper-triangular vector pref

4: for each model chain c ∈ Cq do
5: Build entropy matrix H from c and obtain normal-

ized upper-triangular vector p
6: Let m ← (pref + p)/2 and compute Dsem ←

1
2
KL(pref∥m) + 1

2
KL(p∥m)

7: S ← (1−Dsem)× 100; append S to S
8: end for
9: end for

10: return S̄ =
1

|S|
∑

S∈S
S

3.3 Alignment Errors
To better understand how our Alignment Score re-
lates to concrete failure modes and downstream
task performance, we explicitly define a small set
of alignment errors that are both quantifiable and
easy to interpret. From empirical observations, two
types of errors appear most frequently: Thematic
Shift (TS) and Redundant Reasoning (RR). The two
error types are defined as follows.

Thematic shift (TS). TS captures changes in
topic or theme across adjacent reasoning steps. Sig-
nificant thematic drift suggests that the model has
lost coherence or deviated from the core reasoning
path (Golovneva et al., 2023). We detect shifts by
computing the cosine similarity between sentence
embeddings of consecutive steps and counting how
many times it falls below a threshold τTS. Let eBi

denote the embedding of the i-th step:

TS =
n−1∑

i=1

I
(
cos(eBi , eBi+1) < τTS

)
. (5)

Redundant reasoning (RR). RR measures se-
mantic repetition in reasoning chains, rather than
exact string duplication. High redundancy indicates
that the model keeps “circling around” the same
point instead of making genuine progress (Chiang
and Lee, 2024; Jang et al., 2025). Let eBi be the
embedding of step Bi. For each step, we check
whether it is overly similar to any previous step:

RR =

n∑

i=2

I
(
max
1≤j<i

cos(eBi , eBj ) > τRR

)
, (6)

where τRR is a high similarity threshold. A step is
thus marked as redundant if its semantic content
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is almost entirely covered by an earlier step, even
when the surface wording differs.

Thresholds τTS and τRR are selected via
percentile-based calibration based on a develop-
ment set. A summary can be found in Appendix B.

3.4 Alignment-Aware Chain Selection
We use test-time compute to probe how task accu-
racy, Alignment Score, and alignment errors are
related. For each question, we sample K reasoning
chains under the same decoding budget, and only
vary how we select a single final chain. We propose
the following two chain selection strategies:

Alignment-Aware Chain Sampling and Selec-
tion (ACSS). In the first strategy, we select one
chain from the K sampled chains following the
Best-of-N (Stiennon et al., 2020) paradigm. Con-
cretely, we either minimize the number of align-
ment errors (e.g., thematic shift or redundant rea-
soning) or directly maximize the Alignment Score
over the K chains. This simple scheme makes it
easy to see how strongly these alignment signals
correlate with downstream task accuracy.

Self-Consistency with Alignment (SC-Align).
In the second strategy, we further ask whether
chains that are more likely to give the correct an-
swer naturally have higher Alignment Scores. To
test this, SC-Align follows the Self-Consistency
(Wang et al., 2023) paradigm: we first apply ma-
jority voting over the K chains to obtain the subset
of chains that support this answer, then select the
chain with the highest Alignment Score as the fi-
nal explanation. This keeps the same test-time
compute as self-consistency, while directly testing
whether Alignment Score can serve as a practical
handle for improving performance.

3.5 LLM-based Preference Evaluation
To check whether higher Alignment Scores match
human preferences, we use an LLM-as-a-judge
paradigm (Huang et al., 2025; Bai et al., 2024)
to avoid human subjectivity and potential bias. For
each question, the judge model is given the prob-
lem, answer options, the human reference chain,
and two candidates: the baseline chains and the SC-
Align chains. It assigns 1–10 scores for coherence
(logical completeness and consistency) and read-
ability, and outputs a pairwise preference for each
aspect (which chain is better or tie) with brief expla-
nations. Detailed configurations of the evaluation
pipeline can be found in Appendix C.

4 Experiments

This section presents a series of experiments to
answer the following research questions (RQs):

RQ1: Is the Alignment Score a reliable metric for
evaluating reasoning alignment?

RQ2: How does the depth of reasoning (i.e., rea-
soning hop) affect the Alignment Score?

RQ3: How strongly is the Alignment Score corre-
lated with task performance (accuracy)?

In the following sections, we first describe the
experimental settings and how the reference chains
are constructed, and then address each RQ in turn.

4.1 Experimental Setup
Dataset. We carry out our experiments on a fused
evaluation set of 1,024 multiple-choice questions
drawn from two benchmarks: the text-only sub-
set of ScienceQA (Lu et al., 2022) and the ARC-
Challenge benchmark (Clark et al., 2018).

Models. Our experiments consider LLMs span-
ning open-source, closed-source, and reasoning-
oriented families, covering parameter scales from
a few billion to the hundred-billion level. The
open-source models are Falcon-7B-Instruct (Tech-
nology Innovation Institute, 2023), Qwen2.5-3B-
Instruct (Yang et al., 2025), and LLaMA2-13B-
Chat (Touvron et al., 2023). The closed-source
non-reasoning models are GPT-3.5-turbo (OpenAI,
2023), GPT-4o-mini (OpenAI, 2024b), and GPT-
4o (OpenAI, 2024a), accessed via the OpenAI API.
The reasoning models are GPT-o1 (OpenAI, 2024c)
and DeepSeek-R1 (Guo et al., 2025). Hyperparam-
eter settings can be found in Appendix A.2.

Statistical Reporting. All experiments report the
mean and standard deviation over five runs.

Reference Chains Construction. To evaluate se-
mantic alignment, we construct 1,024 reference
reasoning chains of varying depths (from 1-hop to
4-hop, 256 for each hop), where intermediate steps
lead to the conclusion. We limit our evaluation
from 1-hop to 4-hop reasoning for both practical
and cognitive reasons. Empirical studies such as
HotpotQA (Yang et al., 2018) show that most multi-
hop questions need only 1–2 supporting facts, and
reasoning beyond 4 hops is rare in real few-shot set-
tings. This practical limitation is further reinforced
by cognitive constraints: human working memory
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Model Name Hop-wise Alignment Score & Avg. (Mean ± Std) Comparisons

1-Hop 2-Hop 3-Hop 4-Hop Avg. MATH GPQA MMLU

Open-Source Models (non-reasoning)

Falcon-7B-Instruct 75.23 (±26.94) 79.44 (±16.01) 73.38 (±13.74) 70.44 (±10.09) 76.02 (±16.70) 0.01 0.25 0.28
Qwen2.5-3B-Instruct 75.93 (±28.90) 81.64 (±16.06) 79.51 (±12.86) 77.60 (±11.77) 79.03 (±17.40) 0.76 0.30 0.65
LLaMA2-13B-Chat 77.46 (±27.56) 79.67 (±17.06) 77.19 (±13.49) 72.28 (±10.60) 78.10 (±17.18) 0.28 0.23 0.51

Closed-Source Models (non-reasoning)

GPT-3.5-Turbo (2023-11) 76.97 (±28.09) 81.00 (±16.59) 78.50 (±12.91) 77.07 (±10.39) 78.82 (±17.00) 0.43 0.31 0.70
GPT-4o (2025-03) 78.78 (±26.43) 81.59 (±16.23) 78.81 (±12.94) 74.59 (±10.95) 79.73 (±16.64) 0.77 0.54 0.86
GPT-4o-Mini (2024-11) 81.58 (±24.99) 80.66 (±17.18) 77.99 (±13.04) 74.80 (±10.93) 80.08 (±16.54) 0.70 0.40 0.82

Reasoning Models

GPT-o1 (2024-09) 80.20 (±25.91) 82.85 (±15.81) 79.95 (±11.60) 78.60 (±10.22) 81.00 (±15.89) 0.96 0.78 0.92
DeepSeek–R1 (2025-05) 77.30 (±27.82) 87.82 (±10.17) 86.91 (±12.70) 82.87 (±11.06) 84.01 (±15.44) 0.97 0.72 0.91

Pearson Correlation (w.r.t. Avg. Score) 0.88 0.83 0.87

Table 1: Hop-wise Alignment Score and comparison with other benchmarks. Bold values indicate the highest
Alignment Score for each model. The benchmark scores in the “Comparisons” columns are normalized to the [0, 1]
range for the ease of comparison. The date in parentheses indicates the assessed version of closed-source models.

Figure 3: The Alignment Score trend across reasoning
hops. Most models peak at 2-hop reasoning.

typically holds only 3–4 "chunks" (Cowan, 2001),
making longer reasoning chains more difficult to
interpret and construct as reliable reference chains.
Detailed process for reference chain construction
can be found in Appendix D.

4.2 RQ1: Effectiveness of Alignment Score

To assess the effectiveness of the proposed Align-
ment Score, we conduct a comparative evaluation
across open-source, closed-source, and reasoning-
oriented models. Table 1 reports hop-wise Align-
ment Scores (from 1-hop to 4-hop) and their av-
erage, together with three normalized comparing
benchmark scores, including MATH (Hendrycks
et al., 2021b), GPQA (Rein et al., 2024), and
MMLU (Hendrycks et al., 2021a).

Overall Trend. A clear cross-model trend
emerges, as illustrated in Figure 3. Within the
open-source group, Qwen2.5-3B-Instruct attains
the highest average Alignment Score, followed
closely by LLaMA2-13B-Chat and then Falcon-7B-
Instruct. In the closed-source non-reasoning group,
GPT-4o-mini and GPT-4o both substantially outper-
form GPT-3.5-turbo. Reasoning-oriented models
(GPT-o1 and DeepSeek-R1) achieve the highest
Alignment Scores overall. This ordering closely
mirrors the commonly observed capability hierar-
chy of these models, indicating that the Alignment
Score is sensitive to genuine reasoning strength.

Correlation with Comparison Benchmarks.
To further validate this, we compute Pearson corre-
lations between the average Alignment Score and
comparison benchmarks. The Alignment Score cor-
relates strongly with MATH (0.88), GPQA (0.83),
and MMLU (0.87), which respectively target math-
ematical problem solving, graduate-level scientific
reasoning, and broad multi-domain knowledge. Al-
though Alignment Score is computed purely from
reference-chain alignment rather than answer ac-
curacy, it tracks benchmark performance closely
and thus indicates that it can provide a reliable,
task-agnostic signal of overall reasoning quality.

4.3 RQ2: Alignment Score Peaks at 2-Hop

As illustrated in Figure 3, we observe that the Align-
ment Score peaks at 2-hop reasoning in almost all
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Open-Source Models (non-reasoning) Closed-Source Models (non-reasoning) Reasoning Models

Method Falcon-7B Qwen2.5-3B LLaMA2-13B GPT-3.5-turbo GPT-4o-mini GPT-4o GPT-o1 DeepSeek-R1

Accuracy (mean ± std, %)

CoT 23.02 (±1.39) 75.59 (±2.30) 59.75 (±3.90) 74.58 (±2.53) 86.93 (±1.07) 92.68 (±0.60) 96.12 (±0.12) 98.88 (±0.07)

SC-CoT 23.07 (±0.99) 77.71 (±1.80) 61.39 (±2.00) 76.91 (±1.41) 88.16 (±2.89) 93.02 (±0.43) 93.61 (±1.10) 96.36 (±0.12)

ACSS-TS 23.17 (±2.19) 75.59 (±2.30) 60.24 (±1.81) 77.08 (±2.88) 88.21 (±2.62) 92.78 (±0.59) 93.56 (±2.82) 96.30 (±0.20)

ACSS-RR 22.50 (±2.60) 73.78 (±2.64) 60.11 (±1.60) 75.51 (±1.98) 87.10 (±2.42) 92.94 (±0.78) 94.73 (±1.28) 96.49 (±0.18)

ACSS-Ali. 25.21 (±3.05) 76.00 (±0.11) 61.78 (±4.18) 75.81 (±4.38) 89.92 (±1.03) 94.59 (±1.71) 94.92 (±1.40) 96.53 (±0.40)

SC-Align 24.02 (±2.83) 77.24 (±1.99) 61.58 (±1.75) 77.40 (±3.31) 88.81 (±2.75) 93.02 (±0.64) 94.82 (±1.67) 96.36 (±0.21)

Alignment Score (mean ± std)

CoT 73.38 (±13.75) 79.18 (±12.46) 77.19 (±13.49) 78.50 (±12.91) 78.18 (±13.58) 78.81 (±12.94) 79.95 (±11.60) 86.91 (±12.70)

SC-CoT 75.84 (±13.44) 79.47 (±12.36) 76.70 (±12.98) 77.61 (±13.64) 78.60 (±13.16) 78.82 (±13.13) 79.02 (±11.76) 86.15 (±10.46)

ACSS-TS 74.89 (±13.30) 79.18 (±12.46) 76.73 (±13.57) 77.72 (±13.29) 77.96 (±13.48) 78.94 (±13.28) 76.45 (±14.99) 87.62 (±14.58)

ACSS-RR 77.52 (±14.09) 79.48 (±12.39) 76.93 (±13.01) 78.22 (±13.04) 78.34 (±13.08) 79.09 (±13.09) 80.21 (±10.12) 87.74 (±14.35)

ACSS-Ali. 80.15 (±13.08) 88.28 (±7.85) 86.71 (±8.82) 88.05 (±7.91) 87.45 (±8.50) 87.90 (±8.37) 88.15 (±7.46) 89.42 (±12.37)

SC-Align 80.97 (±12.61) 88.33 (±7.65) 86.00 (±8.92) 87.34 (±8.78) 86.79 (±9.22) 88.07 (±8.36) 86.40 (±9.90) 89.58 (±10.33)

Table 2: Cross-model comparison of methods under 3-hop reasoning. Rows with gray, blue, and beige backgrounds
correspond to the baselines, ACSS methods and SC-Align, respectively. ACSS-TS, ACSS-RR, and ACSS-Ali.
denote chain selection methods that, respectively, minimize thematic shift/redundant reasoning, or maximize the
Alignment Score. Red numbers indicate the best result for each model, and blue numbers the second best.

Figure 4: Alignment errors across reasoning hops.

models. In the following, we provide a theoretical
and empirical explanation based on the structure of
the semantic entropy matrix used in our metric.

1-hop is structurally under-informative. Recall
that a reasoning chain C = {S1, . . . , Sn} induces
a semantic entropy matrix H (and Href for the ref-
erence chain), whose upper-triangular entries are
normalized into probability distributions p and pref;
the semantic divergence Dsem and the Alignment
Score are then computed from these distributions
(Section 3.2). When reasoning hop h = 1, both p
and pref collapse to one-dimensional distribution
supported by a single entropy value. In this degen-
erate scenario, Dsem reduces to a single pairwise
relation and contains no information about inter-
step structure. As a result, the Alignment Score for
1-hop chains is intrinsically less sensitive to reason-

ing quality, because there is insufficient structural
evidence to expose semantic misalignment. This
justifies treating Alignment Score at 1-hop as a
trivial lower-bound regime rather than a reliable in-
dicator of multi-step reasoning ability, and explains
why the Alignment Scores at 1-hop are relatively
lower in most cases.

Deeper hops reduce alignment. For h ≥ 2, the
semantic entropy matrix becomes expressive, en-
abling more meaningful comparison. However, as
hop length increases, the number of pairwise rela-
tions grows quadratically (O(h2)), and reasoning
errors propagate to multiple matrix entries. Conse-
quently, accumulated errors such as thematic drift
and redundancy are amplified, leading to a system-
atic decrease in the score. This effect is empirically
reflected in the increased proportion of alignment
errors at greater hops, as illustrated in Figure 4.

Trade-off and 2-hop optimality. Taken together,
2-hop reasoning represents an effective trade-off:
it is the minimal depth that yields a non-degenerate
semantic structure while remaining short enough to
limit error accumulation. This balance explains the
observed peak of the Alignment Score at 2-hop.

4.4 RQ3: Does Alignment Score Predict and
Improve Task Performance?

Table 2 summarizes the cross-model results in
terms of task Accuracy and Alignment Score, com-
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Method ∆Accuracy (pp) ∆Alignment Score

ACSS-TS −0.41 −0.34
ACSS-RR −0.88 +0.67
ACSS-Ali. +0.57 +7.99
SC-Align +0.38 +7.66

Table 3: Average improvements of alignment-aware
selection methods relative to SC-CoT across all models.

paring CoT/SC-CoT baselines against the ACSS
family of selectors and SC-Align. We explore
whether the proposed Alignment Score is mean-
ingfully related to task performance, and whether
it can be exploited as a test-time signal for chain
selection. We study this question empirically using
the ACSS family of selectors (which rank chains by
alignment errors or the Alignment Score) and the
SC-Align strategy (which orders chains by Align-
ment Score based on majority voting). Additional
experiments on more recent models can be found
in Appendix E.

Correlation with accuracy. Table 2 reveals three
consistent empirical observations: (i) Regarding
ACSS-TS and ACSS-RR, which select chains by
minimizing specific alignment errors, these meth-
ods clearly improve both Accuracy and Alignment
Score over the CoT baseline in most cases, but usu-
ally do not beat SC-CoT in Accuracy; (ii) when
we use the Alignment Score itself as the selection
signal (ACSS-Ali.), several models, including GPT-
4o-mini, GPT-4o, and Qwen2.5-3B, achieve higher
accuracy than SC-CoT while also enjoying sub-
stantial gains in Alignment Score; (iii) this effect is
pronounced for reasoning models, where base CoT
performance is strong, so SC-CoT yields diminish-
ing or negative gains, matching studies where CoT
adds little on strong models (Wang et al., 2025; Liu
et al., 2025), whereas ACSS-Ali. still surpasses SC-
CoT in accuracy. To make this coupling explicit,
Table 3 summarizes the average improvements over
SC-CoT: alignment-aware methods that directly op-
timize Alignment Score (ACSS-Ali. and SC-Align)
deliver the largest gains in Alignment Score while
improving Accuracy. These observations indicate
an empirical coupling between Alignment Score
and answer correctness.

High-accuracy chains are more aligned. To
test whether high-accuracy chains are intrinsically
more aligned, we further examine SC-Align, which
first performs majority voting as in SC-CoT and
then resolves ties by selecting the chain with the

Aspect Method Score (mean±std) Pairwise

NLI Model: roberta-large-mnli

Coherence SC-CoT 8.54(±0.78) 12.0% win
SC-Align 8.69(±0.78) 28.5% win

Readability SC-CoT 8.23(±0.58) 22.5% win
SC-Align 8.45(±0.59) 45.5% win

NLI Model: deberta-v3-large-mnli

Coherence SC-CoT 8.49(±0.84) 20.0% win
SC-Align 8.54(±0.92) 28.5% win

Readability SC-CoT 8.30(±0.61) 26.5% win
SC-Align 8.44(±0.64) 43.0% win

NLI Model: bart-large-mnli

Coherence SC-CoT 8.55(±0.84) 14.0% win
SC-Align 8.63(±0.95) 26.5% win

Readability SC-CoT 8.22(±0.59) 19.5% win
SC-Align 8.50(±0.61) 49.0% win

Table 4: LLM-based evaluation of reasoning quality
(SC-CoT vs. SC-Align) under three distinct NLI back-
bones. Scores are on a 1–10 scale.

highest Alignment Score. Consistent with our the-
oretical view, Table 2 shows that SC-Align closely
matches SC-CoT in Accuracy across all models,
while achieving markedly higher Alignment Scores,
often by a large margin. This pattern suggests
that chains with higher probability of being correct
naturally exhibit higher semantic alignment.

LLM-based evaluation with ablations. Table 4
reports LLM-based evaluation for SC-CoT and
SC-Align under three distinct NLI backbones (Liu
et al., 2019; He et al., 2023; Lewis et al., 2020).
Across all NLI backbones, SC-Align attains higher
mean scores on both coherence and readability
and is preferred more frequently in pairwise com-
parisons. We additionally conduct an extensive
grid ablation (see Appendix F) and observe the
same pattern. These consistent trends indicate
that: Alignment Score is insensitive to the specific
NLI backbone and behaves as a stable and reliable
signal that tracks human preferences. We also pro-
vide a qualitative case study about the evaluation
results, which can be found in Appendix G.

5 Discussion: Applicability Beyond CoT

Although we study Alignment Score under stan-
dard CoT prompting, the metric is not tied to CoT
itself. Rather, CoT serves as a controlled setting
in which intermediate reasoning states are explic-
itly segmented into ordered steps. More generally,
Alignment Score applies to structured reasoning tra-
jectories whose intermediate states can be decom-
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posed into comparable units and analyzed through
their pairwise semantic relations. This broader
view is also motivated by recent work showing that
intermediate trajectories in reasoning and agent-
based systems may themselves be vulnerable to
failure and manipulation (Hu et al., 2026a,b).

Generalizability to other reasoning frameworks.
Here, we discuss the applicability of Alignment
Score to representative reasoning frameworks. In
Reflexion (Shinn et al., 2023), the initial answer,
critique, and revised answer can be treated as
staged segments. In ReAct (Yao et al., 2023), each
thought–action–observation cycle can be viewed
as a structured step, allowing consistency to be
assessed across reasoning and interaction. More
broadly, the framework may be applicable to agent-
style reasoning settings with explicit intermediate
trajectories, although richer cases such as branch-
ing or partially ordered reasoning would require
additional alignment design.

6 Conclusion

In this paper, we take CoT as a concrete entry point
for measuring structured reasoning alignment in
large language models. We introduce the Alignment
Score, a lightweight measure that aligns generated
chains with reference demonstrations in a one-to-
one manner, and show across diverse settings that
it is coupled with task accuracy and overall quality.
As CoT demonstrations (reference chains) become
more logically coherent, readable, correct, and bet-
ter aligned with human preferences, the Alignment
Score increases and accuracy improves. Moreover,
we empirically show that optimizing the Alignment
Score will lead to increased readability and logical
coherence. In this sense, CoT moves from being
a prompting heuristic to serving as a quantitative
lens on reasoning quality and a diagnostic signal.

Limitations

This work has several limitations:
• The proposed Alignment Score is designed for

step-structured reasoning traces with clearly sep-
arated statements. Many real-world explanations
are written as free-form paragraphs without ex-
plicit step boundaries and therefore require addi-
tional processing. In such settings, our entropy-
based alignment framework is not directly appli-
cable. Extending Alignment Score to less struc-
tured forms of reasoning remains a challenge.

• Our experiments are conducted on multiple-
choice QA benchmarks with a single correct
option. These settings provide a clean testbed,
but they do not cover open-ended tasks such as
code generation. How well Alignment Score and
our alignment-aware methods generalize to these
broader scenarios remains to be tested.

• In Section 4.3, we empirically show that reason-
ing chains with more hops are more susceptible
to certain alignment errors. However, we do not
yet provide a theoretical account or formal char-
acterization of why this degradation emerges.

Ethical Considerations

Our work is primarily methodological, but it still
raises several ethical considerations about evalua-
tion bias, interpretation, and potential deployment.

Data and privacy. This work uses public
multiple-choice QA benchmarks and AI-assisted
reference-chain generation, and therefore does not
involve personally identifiable information. We
checked data and case reporting to ensure that no
information requiring anonymization is included.

Potential bias in LLM-based evaluation. Be-
cause Alignment Score is defined relative to cu-
rated reference chains, it may prefer some reason-
ing styles over other equally valid ones. In addition,
our LLM-as-a-judge pipeline may introduce stylis-
tic bias when evaluating readability and coherence.

Interpretation and deployment. A high Align-
ment Score must not be taken as a guarantee of
truthfulness, accuracy, or safety. We regard the
Alignment Score as a diagnostic indicator, not as a
sufficient condition on its own for use in high-risk
domains, including medical applications.
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A CoT Prompting Template

For all models, we use a two-part prompt consisting
of a system message and a user message. Below we
list the exact templates and hyperparameter settings
used in our experiments.

A.1 Base CoT Prompt with Reference

System message

You are a careful reasoning assistant.
Output ONLY one <json>{...}</json> block, no

extra text.

User message

Here is a worked example of multiple-choice
reasoning with a concise chain.

Example Question: {RQ}
Example Context: {RCTX}
Example Options: (A) {ROPT_A} (B) {ROPT_B} (C)

{ROPT_C} (D) {ROPT_D}
Example Answer: {RANS}
Example Chain (strict JSON):
<json>{"because_steps": ["STEP_1", ..., "

STEP_L"],
"therefore": "FINAL_SENTENCE",
"answer": "{RANS}"}</json>

Now solve the NEW problem in the SAME STYLE
and EXACTLY the SAME NUMBER OF STEPS.

- Produce EXACTLY {L_steps} steps in "
because_steps".

- Keep each step to ONE short sentence; keep
entities consistent; avoid hedging.

- Output ONLY one
<json>{"because_steps":["..."],"therefore

":"...","answer":"A"}</json> block. No
extra text.

- The field "answer" MUST be one of A, B, C,
or D and MUST be a single letter (e.g., "
A").

Question: {TQ}
Context: {TCTX}
Options: (A) {TOPT_A} (B) {TOPT_B} (C) {

TOPT_C} (D) {TOPT_D}

Here, {RQ,RCTX,ROPT_*,RANS} come from the
reference chain, {TQ,TCTX,TOPT_*} from the tar-
get QA instance, and {L_steps} is the hop number
L ∈ {1, 2, 3, 4}.

A.2 Hyperparameter Settings

OpenAI chat models. Unless otherwise speci-
fied, GPT-4o and GPT-4o-mini are called with tem-
perature = 0.4, top-p = 0.9, n=1, and a maximum
generation length of 640 tokens. For multi-sample
settings (SC-CoT, SC-Align with multiple candi-
date chains), we increase the temperature to 0.7

Metric Percentile q Threshold

TS 5 τTS = 0.425

TS 10 τTS = 0.563

TS 15 τTS = 0.712

RR 70 τRR = 0.794

RR 75 τRR = 0.816

RR 80 τRR = 0.858

Table 5: Threshold summary for TS and RR using
percentile-based calibration.

while keeping top-p = 0.9 and the same length.

Open-source models. Open-source LLMs are
queried via the HuggingFace text-generation
pipeline with do_sample=true, using the same
temperature and top-p values as their OpenAI coun-
terparts in each setting, and the same maximum
length (640 tokens).

Repetitions and reporting. Each configuration
(model, hop, selection strategy) is repeated over 5
random seeds. We report the mean and standard
deviation of the Accuracy, the Alignment Score and
LLM-based evaluation scores across these runs.

B Threshold Selection for τTS and τRR

We choose the TS/RR thresholds via percentile
calibration to avoid hand-tuning absolute cosine
cutoffs, which can vary with the embedding model
and prompting format. As detailed in Table 5, for
thematic shift (TS), we target unusually low se-
mantic continuity between adjacent steps; thus τTS

is set from the lower tail (a small percentile) of
adjacent-step similarities {cos(eBi , eBi+1)}. For
redundant reasoning (RR), we target unusually
high semantic overlap with earlier steps; thus τRR

is set from the upper tail (a high percentile) of
{maxj<i cos(eBi , eBj )}. Unless otherwise stated,
we instantiate these percentiles as qTS=10 and
qRR=75, yielding τTS = Q10({cos(eBi , eBi+1)})
and τRR = Q75({maxj<i cos(eBi , eBj )}), where
Qq(·) denotes the q-th percentile. We compute
these percentiles on a development split con-
structed from 256 sets of 4-hop reasoning chains
generated by LLaMA-2-13B-Chat, which provides
a reference distribution for calibrating semantic
continuity and redundancy.
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C LLM-based Evaluation

C.1 Prompt Template
We use an LLM-as-judge protocol to compare the
baseline chain with the SC-Align chain for the
same multiple-choice question. For each matched
pair (Hop, Idx), we construct two textual chains
and randomly decide which one is shown as “Chain
1” and which as “Chain 2”. The judge model eval-
uates both chains along two dimensions:

• Logical completeness: whether the chain cov-
ers the key reasoning steps needed to justify
the answer and maintains coherent logic.

• Readability: whether the chain is easy to un-
derstand and free of confusing repetition.

The judge assigns integer scores in [1, 10] for
each dimension and chain, decides which chain is
better (or a tie) on each dimension, and provides
a brief textual explanation. The order of chains is
stored in the metadata so that scores can be mapped
back to baseline vs. SC-Align.

System message (judge)

You are a strict but fair evaluator of
reasoning quality.

User message (judge)

You are an expert evaluator of reasoning
chains.

You will be given:
- A multiple-choice question and its options.
- Two reasoning chains that both try to answer

this question:
Chain 1 is produced by **{CHAIN1_NAME}**.
Chain 2 is produced by **{CHAIN2_NAME}**.

You must judge each chain along two
dimensions:

1. Logical completeness: Does the chain cover
the key reasoning steps needed

to justify the answer? Is the causal logic
coherent and sufficiently detailed?

2. Readability: Is the chain easy to
understand, well-structured, and free of

confusing repetition?
For EACH dimension, assign a score from 1 (

very poor) to 10 (excellent) to BOTH
chains. Then decide which chain is better on

that dimension (or "tie" if they
are comparable).
Return your judgment as a JSON object with

the following fields ONLY:
{
"chain1_logic": <integer 1-10>,
"chain2_logic": <integer 1-10>,
"chain1_readability": <integer 1-10>,
"chain2_readability": <integer 1-10>,
"better_logic": "chain1" | "chain2" | "tie",

"better_readability": "chain1" | "chain2" |
"tie",

"explanation": "<brief explanation in 1-3
sentences>"

}
Make sure the output is valid JSON (no

comments, no trailing commas).
Question:
{QUESTION}
Options:
{OPTION_KEY}. {OPTION_TEXT}
...
--- Chain 1 ---
{CHAIN1_TEXT}
--- Chain 2 ---
{CHAIN2_TEXT}

D Construction of Reference Chains

To obtain high-quality reference chains for each
hop L ∈ 1, 2, 3, 4, we apply an AI-assisted curation
pipeline. Each reference chain is an exemplar with
exactly L intermediate steps plus a final conclusion,
stored in JSON format.

Candidate generation. We start from a pool of
multiple-choice questions with gold labels. For
each question and hop L, we prompt a strong LLM
(e.g., GPT-4o) to generate K candidate chains that
(i) predict an explicit answer option and (ii) output
a structured JSON object. We discard all candidate
reasoning chains whose predicted answer does not
correctly match with the gold answer.

Quality scoring via LLM-as-judge. For the re-
maining candidates of each question, we invoke
a separate “judge” LLM to rate each chain along
three dimensions: readability, logical coherence,
and step granularity (whether each step corre-
sponds to a single, non-trivial reasoning move),
following the method shown in Appendix C. The
judge returns integer scores (e.g., 1–5) for each
dimension and a short textual justification.

Chain selection. For each question, the judge
scores are aggregated into a single ranking score
(with higher weight on logical coherence). We
automatically select the top-scoring chain as the
reference chain for hop L. Chains containing ob-
vious issues (duplicated steps, self-contradictions,
generic meta-commentary such as “I will now think
step by step”, placeholder tokens, etc.) are rejected
by simple rule-based filters.

Human sanity check. To validate the pipeline,
we randomly sample a small subset (5 percent) of
the automatically selected reference chains for man-

39527



Open-Source Models Closed-Source Models

Method Qwen3-4B-Instruct GPT-5-mini GPT-5

Accuracy (mean ± std, %)

CoT 89.30 (±2.46) 95.67 (±1.21) 94.47 (±0.89)

SC-CoT 90.86 (±2.85) 95.62 (±0.37) 96.81 (±2.18)

ACSS-TS 89.35 (±2.82) 95.55 (±1.72) 95.38 (±1.58)

ACSS-RR 89.22 (±4.94) 95.43 (±1.20) 95.70 (±2.38)

ACSS-Ali. 91.13 (±2.72) 96.41 (±0.82) 95.84 (±2.67)

SC-Align 90.38 (±2.56) 95.78 (±2.23) 96.72 (±1.80)

Alignment Score (mean ± std)

CoT 78.37 (±13.07) 78.57 (±12.95) 78.57 (±13.31)

SC-CoT 78.48 (±13.41) 79.00 (±13.13) 78.84 (±12.90)

ACSS-TS 78.30 (±13.10) 79.33 (±12.26) 79.45 (±13.48)

ACSS-RR 78.39 (±13.37) 78.75 (±13.37) 79.07 (±12.87)

ACSS-Ali. 84.23 (±11.25) 88.02 (±8.12) 87.57 (±8.22)

SC-Align 84.94 (±10.25) 87.74 (±8.09) 88.00 (±8.10)

Table 6: Additional experiments under the same setup
as the main paper. Red numbers indicate the best result,
and blue numbers indicate the second best.

ual inspection. This sanity check confirms that the
curated chains are logically sound and stylistically
consistent, while keeping the annotation cost low.

E Additional Experiments

To further test the generality of our findings, we
evaluate three additional models, namely Qwen3-
4B-Instruct, GPT-5-mini, and GPT-5, under the
same setup as in the main paper. As shown in Ta-
ble 6, the overall trend remains consistent: improve-
ments in Alignment Score are closely associated
with gains in accuracy.

F Grid Ablation on LLM Judge Models

As shown in Table 7, we conduct a grid abla-
tion over both the LLM judge and the NLI back-
bone. Specifically, we repeat the SC-CoT vs. SC-
Align comparison under three LLM judges (GPT-
4o, GPT-4.1, and GPT-3.5-turbo) and three NLI
backbones (RoBERTa-large-MNLI, DeBERTa-v3-
large-MNLI, and BART-large-MNLI), forming a
3 × 3 evaluation grid. Across all nine configura-
tions, SC-Align consistently achieves higher mean
ratings in both coherence and readability, and is
preferred in pairwise comparisons by a clear mar-
gin. The persistence of this advantage across di-
verse judges and backbone choices suggests that
the observed gains reflect a robust improvement in
reasoning-chain quality, rather than an artifact of
any particular judge or NLI backbone.

Aspect Method Score (mean±std) Pairwise

NLI Backbone: RoBERTa-large-MNLI
Judge Model: GPT-4o

Coherence SC-CoT 8.85(±0.71) 16.1% win
SC-Align 8.91(±0.76) 23.9% win

Readability SC-CoT 8.65(±0.56) 14.5% win
SC-Align 8.87(±0.49) 37.3% win

Judge Model: GPT-4.1

Coherence SC-CoT 8.55(±0.95) 35.7% win
SC-Align 8.70(±0.99) 53.3% win

Readability SC-CoT 8.80(±0.75) 27.5% win
SC-Align 9.07(±0.75) 51.8% win

Judge Model: GPT-3.5-turbo

Coherence SC-CoT 8.37(±0.58) 23.1% win
SC-Align 8.60(±0.61) 44.7% win

Readability SC-CoT 8.06(±0.73) 28.6% win
SC-Align 8.32(±0.54) 52.5% win

NLI Backbone: DeBERTa-v3-large-MNLI
Judge Model: GPT-4o

Coherence SC-CoT 8.85(±0.75) 14.1% win
SC-Align 8.95(±0.69) 23.5% win

Readability SC-CoT 8.69(±0.58) 12.9% win
SC-Align 8.93(±0.48) 34.5% win

Judge Model: GPT-4.1

Coherence SC-CoT 8.57(±0.90) 36.5% win
SC-Align 8.76(±0.89) 52.2% win

Readability SC-CoT 8.86(±0.76) 31.0% win
SC-Align 9.07(±0.66) 48.2% win

Judge Model: GPT-3.5-turbo

Coherence SC-CoT 8.39(±0.58) 26.3% win
SC-Align 8.54(±0.67) 40.0% win

Readability SC-CoT 8.11(±0.69) 28.2% win
SC-Align 8.36(±0.57) 52.9% win

NLI Backbone: BART-large-MNLI
Judge Model: GPT-4o

Coherence SC-CoT 8.83(±0.66) 14.9% win
SC-Align 8.92(±0.68) 24.3% win

Readability SC-CoT 8.70(±0.53) 14.9% win
SC-Align 8.91(±0.49) 36.1% win

Judge Model: GPT-4.1

Coherence SC-CoT 8.55(±0.97) 39.2% win
SC-Align 8.69(±0.90) 49.0% win

Readability SC-CoT 8.78(±0.71) 31.0% win
SC-Align 9.00(±0.74) 51.4% win

Judge Model: GPT-3.5-turbo

Coherence SC-CoT 8.35(±0.58) 28.6% win
SC-Align 8.53(±0.66) 45.5% win

Readability SC-CoT 8.10(±0.70) 30.2% win
SC-Align 8.36(±0.56) 54.5% win

Table 7: LLM-based evaluation of reasoning quality
(SC-CoT vs. SC-Align) under three different LLM
judges, across three NLI backbones used for Alignment
Score calculation (RoBERTa-large-MNLI, DeBERTa-
v3-large-MNLI, and BART-large-MNLI). Scores are on
a 1–10 scale. Bold numbers indicate the higher values.
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G Qualitative Case Study of Reasoning
Alignment Comparison

To complement the quantitative results, we con-
duct a qualitative inspection of the LLM-evaluation
results and select representative SC-CoT vs. SC-
Align pairs where the baseline chain exhibits a
lower reasoning alignment and SC-Align exhibits a
higher reasoning alignment according to our metric.
In all cases, low-alignment baseline chains tend to
(i) leave key relations implicit (missing “bridge”
statements), (ii) repeat semantically similar points
without making step-wise progress, or (iii) contain
small local incoherence that reduces readability
even when the conclusion is plausible. In contrast,
SC-Align is often preferred because it states the
intended causal/semantic links more explicitly and
presents the steps in a more coherent and readable
form. In the following, we summarize the results
of the LLM-based evaluation and provide a qual-
itative analysis. We also include a failure case to
illustrate a common error mode.

Case 1: Making implicit entity roles and prop-
erties explicit Here, the judge prefers SC-Align
because it more explicitly distinguishes key entities
and clarifies their roles and properties, resulting in
a rationale that is both easier to follow and more
logically coherent.

SC-Align more explicitly distinguishes the two groups
and improves logic and readability

Question: Some researchers believe that beta-carotene,
which is found in carrots, may help humans live longer
lives. A few scientists designed an experiment in which
one-hundred people would be asked to take a double dose
of beta-carotene daily for two years and another hundred
people were given a placebo, a sugar pill, for the same
amount of time. After the two years, the scientists
planned to collect the data and draw a conclusion. This is
not a good example of a scientific study and was not done
because there is no control group. Is that correct?

Baseline (SC-CoT; lower Alignment Score):
Step 1: A control group is essential for comparing results
against the experimental group.
Step 2: The placebo group serves as the control group in
this study.
Step 3: Without a control group, it is difficult to determine
the effect of beta-carotene.
Step 4: This study does have a control group, so that is
not the issue.
Conclusion: The statement that there is no control group
is incorrect.

SC-Align (higher Alignment Score):
Step 1: The study includes one group taking beta-carotene
and another group taking a placebo.

Step 2: The group taking beta-carotene is the
experimental group.
Step 3: The placebo group serves as the control group.
Step 4: Because the study includes a placebo control
group, the absence of a control group is not the flaw in the
design.
Conclusion: The statement that there is no control group
is incorrect.

LLM Judge Scores:
Logic: Baseline vs SC-Align (better: SC-Align)
Readability: Baseline vs SC-Align (better: SC-Align)

LLM Judge Explanation: SC-Align is preferred because
it more explicitly distinguishes the two groups and states
their roles more directly, making the reasoning easier to
follow and logically clearer.

Case 2: Reducing redundancy while preserv-
ing the same reasoning trajectory. In this pair,
both chains are logically correct, but SC-Align is
preferred because it avoids minor repetition and
uses more concise phrasing, improving readability
without changing the underlying logic.

Same chemistry but less repetition: SC-Align keeps the
steps but removes redundancy

Question: Robert put two drops of an indicator into
vinegar, and the color changed. Then he added ammonia
solution until the color disappeared. What process
occurred?

Baseline (SC-CoT; lower Alignment Score):
Step 1: The indicator changes color in response to acidity
or basicity.
Step 2: Vinegar is acidic, turning the indicator red.
Step 3: Adding ammonia, which is basic, neutralizes the
acid in vinegar.
Step 4: The disappearance of red color indicates a
neutralization reaction occurred.
Conclusion: The process that occurred is neutralization.

SC-Align (higher Alignment Score):
Step 1: The indicator changes color in response to pH
changes.
Step 2: Vinegar is acidic and turns the indicator red.
Step 3: Ammonia is a base that can neutralize acids.
Step 4: When the color disappears, it indicates a
neutralization reaction occurred.
Conclusion: The process that occurred is neutralization.

LLM Judge Scores:
Logic: Baseline vs SC-Align (better: tie)
Readability: Baseline vs SC-Align (better: SC-Align)

LLM Judge Explanation: Both chains logically explain
the neutralization process. SC-Align is more readable due
to its concise phrasing and lack of redundancy.

Case 3: Readability gains under the same logi-
cal content. This example illustrates a frequent
pattern in our logs: the judge considers the logic
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comparable, but SC-Align is preferred because it
is phrased more cleanly and reads more naturally.

Equivalent causal story but clearer phrasing: readabil-
ity improves with logic unchanged (logic tie)

Question: Which statement best explains why a tree
branch floats on water?

Baseline (SC-CoT; lower Alignment Score):
Step 1: Wood has air pockets that make it less dense than
water.
Step 2: Because it is less dense, it will float on water.
Step 3: If an object is less dense than water, it will float.
Step 4: Therefore, wood is buoyant.
Conclusion: This means wood is buoyant.

SC-Align (higher Alignment Score):
Step 1: Wood contains air-filled spaces that lower its
overall density.
Step 2: Lower density than water allows an object to float.
Step 3: A floating object demonstrates buoyancy.
Step 4: Thus, the branch floats because wood is buoyant.
Conclusion: This means wood is buoyant.

LLM Judge Scores:
Logic: Baseline vs SC-Align (better: tie)
Readability: Baseline vs SC-Align (better: SC-Align)

LLM Judge Explanation: Both chains provide a
complete and coherent reasoning process. However,
SC-Align is slightly more readable due to its clearer
phrasing and structure.

Case 4 (Failure case): SC-Align introduces an
extra assumption and is penalized. Finally, we
include a counterexample where the baseline is pre-
ferred. This highlights a typical failure mode: SC-
Align may add an unnecessary or less-supported
assumption, which can reduce logical precision and
hurt readability.

Failure mode: added assumption reduces alignment
(baseline preferred by the judge)

Question: Some animals live in a grassland. A fire burns
through the grassland. Which type of animal will best
compete for resources after the fire?

Baseline (SC-CoT; lower Alignment Score):
Step 1: The fire destroys above-ground vegetation.
Step 2: Animals that rely on plants for shelter will
struggle after the fire.
Step 3: Animals that live underground can avoid the
immediate effects of the fire.
Step 4: Those animals can access resources that are less
affected by the fire.
Conclusion: An animal that lives under the ground will
best compete for resources after the fire.

SC-Align (higher Alignment Score):
Step 1: The fire destroys above-ground vegetation.

Step 2: Animals that rely on plants for shelter will
struggle after the fire.
Step 3: Animals that live underground can avoid the
immediate effects of the fire.
Step 4: Animals that build nests on the ground may lose
their nests and face resource competition.
Conclusion: An animal that lives under the ground will
best compete for resources after the fire.

LLM Judge Scores:
Logic: Baseline vs SC-Align (better: baseline)
Readability: Baseline vs SC-Align (better: baseline)

LLM Judge Explanation: Baseline is more logically
complete because it directly connects underground living
to accessing resources that remain available after the fire.
SC-Align introduces extra details about nests that are not
necessary for the conclusion, which slightly reduces
clarity.

Summary. Overall, these case studies align with
the intended behavior of Alignment Score: lower-
alignment chains are often less coherent due to
missing links, redundancy, or added assumptions,
while higher-alignment SC-Align chains tend to
be more coherent and more readable. The failure
case further motivates using alignment-based diag-
nostics to detect when a rewrite adds unnecessary
content or weakens the original reasoning structure.
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