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Abstract

Reasoning traces are increasingly used to an-
alyze and evaluate large language models
(LLMs), yet they are often treated as mono-
lithic text or segmented using heuristics, such
as sentence boundaries. However, reasoning
traces admit multiple semantically or epistem-
ically motivated decompositions that may not
align with heuristically segmented units and
that can vary in granularity depending on the
underlying annotation scheme. We introduce
RT-Seg, a modular toolkit for reasoning trace
segmentation that supports diverse segmenta-
tion engines, fusion strategies, and labeling
schemas within a single framework. RT-Seg
allows researchers to flexibly define, combine,
and compare alternative reasoning-step formu-
lations, enabling structured, fine-grained anal-
yses of model reasoning behavior. We eval-
uate RT-Seg using manually annotated traces
and two annotation schemes. Our exploratory
evaluation shows that heterogeneous ensem-
ble configurations can achieve higher boundary
similarity than single-engine approaches and,
under the searched configurations, approach
observed inter-human reference scores. We
provide RT-Seg as an open-source Python li-
brary with a Docker-based text user interface,
together with newly annotated reasoning traces,
to enable reproducible and exploratory analysis
of reasoning traces.

1 Introduction

Large language models (LLMs) increasingly pro-
duce reasoning traces: extended sequences of in-
termediate steps that have been shown to sub-
stantially improve model performance (Wei et al.,
2022) while also providing unprecedented visibil-
ity into model behavior (Yu et al., 2025; Wei Jie
et al., 2024). Such traces appear in a wide
range of settings, including large reasoning mod-
els (LRMs) such as DeepSeek-R1 (Guo et al.,
2025) and Qwen3 (Yang et al., 2025), chain-of-

thought prompting (CoT) (Wei et al., 2022), tool-
augmented reasoning (Song et al., 2025; Yao et al.,
2023; Schick et al., 2023), multi-agent systems for
reasoning (Lei et al., 2025; Du et al., 2024), and
post-hoc explanations (Turpin et al., 2023). De-
spite their importance, reasoning traces are typi-
cally treated as monolithic text, obscuring inter-
nal structure (Lightman et al., 2024; Uesato et al.,
2022), or segmented using simple heuristics such
as sentence or line boundaries (e.g. Bogdan et al.,
2025; Nguyen et al., 2024; Golovneva et al., 2023).
From a linguistic point of view, however, a trace
consists of multiple reasoning steps (e.g., decom-
position (Zhou et al., 2023), inference, verification,
or revision (Madaan et al., 2023)) that unfold se-
quentially (Zhou et al., 2024) and whose bound-
aries are often implicit and may vary across mod-
els, prompts, concepts, and tasks (Korbak et al.,
2025; Xiong et al., 2025; Zheng et al., 2024). Dif-
ferent segmentation schemes introduced in (Lee
et al., 2025; Bogdan et al., 2025; Hammoud et al.,
2025) can yield different interpretations of the same
trace, complicating step-level analysis and struc-
tured comparison.

Thus, while reasoning-trace analysis is becom-
ing an increasingly important task, systems offering
the interpretive flexibility required to explore this
phenomenon remain lacking. To fill this gap, we
present RT-Seg, a practical and extensible toolkit
for reasoning trace segmentation. RT-Seg provides
a modular framework for (1) defining, (2) combin-
ing, and (3) comparing segmentation and labeling
strategies, enabling structured inspection of reason-
ing traces across models and tasks. RT-Seg is de-
signed for ease of deployment and integration into
existing research workflows. It is accessible both
as a Python library and as a Dockerized application
with an interactive text user interface (TUI). This
dual interface supports large-scale experiments as
well as exploratory, human-in-the-loop trace analy-
sis (see Figure 1). Our contributions are threefold:

https://github.com/texttechnologylab/RT-SEG
https://doi.org/10.5281/zenodo.21416283
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1. We formalize reasoning-trace segmentation as
a flexible, first-class task, explicitly support-
ing multiple plausible step definitions instead
of committing to a single heuristic granularity.

2. We introduce RT-Seg, a modular framework
that integrates heterogeneous segmentation en-
gines, fusion strategies, and labeling schemas,
enabling systematic comparison and composi-
tion of reasoning-step formulations.

3. We release RT-Seg as an open-source Python
library with a Dockerized TUI, together with
a dataset of 100 reasoning traces annotated un-
der the Thought Anchor schema by two inde-
pendent human annotators, comprising more
than 2,500 labeled reasoning steps per annota-
tor.1 Together, these resources support repro-
ducible and extensible step-level reasoning-
trace analysis.

2 RT-Seg

2.1 Architecture and Overview

RT-Seg is designed to integrate and aggregate het-
erogeneous segmentation and labeling approaches
for reasoning traces. Its architecture therefore fol-
lows a modular, ensemble-based design. At its core,
RT-Seg maintains an ensemble of segmentation en-
gines (see Table 2 for the list of the 19 integrated
engines and subsection 2.2 for an in-depth descrip-
tion of their types). Each engine independently pro-
duces (1) a segmentation of a given reasoning trace
and optionally (2) a labeling of the resulting seg-
ments according to its underlying conceptual frame-
work (e.g., linguistic, semantic, epistemic). When
multiple segmentation engines are used, RT-Seg
reconciles their outputs through late-fusion align-
ers (five are currently implemented; see Figure 1
and subsection 2.3). Aligners merge alternative seg-
mentations into a single unified segmentation. Sup-
ported strategies include, in particular, union-based,
intersection-based, and fuzzy alignment schemes,
allowing users to control the granularity and strict-
ness of agreement across engines. Once a uni-
fied segmentation is obtained, RT-Seg aggregates
segment-level labels across engines via two mech-
anisms: (1) concatenation, where a segment in-
herits all labels from overlapping segments across

1Repository with code, dataset, Docker setup, and demo
video: https://github.com/texttechnologylab/RT-SEG

engines, and (2) majority voting, which is partic-
ularly suitable when engines share a common la-
beling schema. RT-Seg operates over configurable
base units and supports sentence-level (coarse) and
clause-level (fine-grained) segmentation. By de-
coupling segmentation, alignment, and label ag-
gregation, RT-Seg enables flexible composition of
heterogeneous reasoning-step definitions while pre-
serving comparability across schemes. RT-Seg is
implemented in Python with an extensible interface
design. New segmentation engines and aligners can
be integrated by inheriting from the provided base
classes and implementing a single generic method
with fixed input–output specifications. For compo-
nents that rely on LLMs, custom system and user
prompts are supported and can be configured glob-
ally via a JSON configuration file or locally within
Python code2. For exploratory and small-scale us-
age, RT-Seg provides a containerized application
exposing a terminal user interface (TUI). It lets
users input reasoning traces, select combinations
of segmentation engines, aligners, and granular-
ity settings, and interactively inspect the resulting
segmentations.

2.2 Segmentation Engines

RT-Seg integrates 19 segmentation engines. Each
of these engines is implemented as a Python class
inheriting from a shared base class. An engine must
implement the _segment(trace:str,**kwargs)
method at minimum, which takes a reasoning trace
as input along with optional keyword arguments
and returns a segmentation of the trace as a list of
character offset pairs.3

2.2.1 Heuristic Engines

We implement a family of heuristic segmentation
engines that rely on surface-level structural and
discourse cues. These engines target common
generation artifacts observed in model reasoning
traces. In particular, the Line-Break Engine in-
serts boundaries at structural markers such as dou-
ble line breaks, which often correspond to implicit
step transitions, while the Regex Engine uses pre-
defined discourse markers (e.g., wait, let, so, how-
ever) to detect likely epistemic shifts within traces.

2Extensive documentation is available on GitHub-Pages:
https://texttechnologylab.github.io/RT-SEG/ and in
Appendix A.

3Engine specifications and important hyperparameters can
be found in Table 2 and on GitHub.
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Probabilistic Engines Downstream LLM Engines
• Surprisal Engine • Step Engine
• Entropy Engine • Label Engine
• Top-K Engine • PRM Engine
• Flatness Engine Semantic Engines
• Forced Insert Engine • Semantic Shift Engine
Heuristic Engines • Entailment Engine
• Regex Engine • Topic Engine
• Linebreak Engine

SEGMENTATION WITH ENGINES

REASONING TRACE

Select 1–n Seg-Engines

Select Params:
◦ Base Unit
(sent/clause)

Late Fusion
(Optional)

◦ Majority Voting
◦ Union
◦ Intersection
◦ Fuzzy
◦ Graph Maxing

REASONING STEPS
(+Labels)

[optional]
Select Late Fusion

Select Params:
◦ Label Fusion

(concat/majority)

RT-Seg

Python Usage Text User Interface (TUI)

import rt_seg as rs

seg = rs.RTSeg(
engines=[rs.RTPRMBase,

rs.RTLLMArgument,
...],

aligner=rs.OffsetFusionFuzzy,
label_fusion_type="concat",
seg_base_unit="clause")

rt = "Trace..."

offsets, labels = seg(rt)

Figure 1: Overview of RT-Seg. The system architecture is shown above, with terminal and Python interfaces below.

2.2.2 Probabilistic Engines
We implement modular segmentation engines that
detect reasoning-step boundaries using model-
internal uncertainty signals, such as token-level
surprisal and entropy (Jurafsky and Martin, 2026).
All engines operate via a shared forced-decoding in-
terface, extracting token-level log-probabilities un-
der a segmentation prompt without modifying the
trace. Each engine computes a scalar token-level
signal st and identifies boundaries via change-point
detection, using adaptive sliding-window threshold-
ing rather than a fixed global threshold. For each
candidate boundary position t, we compute a stan-
dardized score

zt =
st − µw

σw + ϵ
,

where µw and σw are the mean and standard de-
viation of st within a local window, and ϵ∈ R≥0

ensures numerical stability. A boundary is inserted
when zt exceeds a chosen quantile-based threshold.
This normalization makes segmentation robust to
trace length and model-specific calibration effects.

Surprisal-Based Engine. The surprisal engine
uses token-level negative log-probability:

st = − log p(xt | x<t),

where xt is the tth token. Intuitively, large in-
creases in surprisal indicate discontinuities in the
model’s predictive flow (Futrell et al., 2019), which
may correspond to transitions between reasoning
steps.

Entropy-Based Engine. This engine computes
next-token predictive entropy:

st = −
∑
v∈V

p(v | x<t) log p(v | x<t).

Peaks in entropy reflect heightened uncertainty
over continuation (Kadavath et al., 2022), which
can signal epistemic shifts such as revisions or new
inferential directions.

Top-k Engine. The Top-k engine, k ∈ N>0,
tracks changes in the model’s high-probability to-
ken set (Holtzman et al., 2020). Let Tt denote the



set of top-k tokens at position t. We define:

st = 1− |Tt ∩ Tt−1|
k

, st ∈ [0, 1].

Large changes in the top-k set indicate a redistri-
bution of probability mass, suggesting a shift in
reasoning dynamics.

Flatness Break Engine. The flatness break en-
gine measures abrupt changes in the local variance
of log-probabilities:

st =
∣∣Varw(log p(x))t −Varw(log p(x))t−1

∣∣.
Sudden increases in variance correspond to breaks
in locally smooth predictive behavior.

Forced Insert Engine In this approach, we com-
bine forced decoding with special token insertion:
the model is prompted with the reasoning trace
and a system instruction specifying the segmenta-
tion task, while a separator token (e.g., <|seg|>)
is added to the tokenizer. At each token position,
the model evaluates the log-probability of the true
next token against the log-probabilities of candi-
date separator tokens. Segmentation boundaries
are placed whenever the normalized gap between
these probabilities exceeds an adaptive threshold,
optionally weighted by punctuation cues.

2.2.3 Semantic Engines
Reasoning traces often contain semantically co-
herent phases that recur across different parts of
the trace. To capture such patterns, we implement
engines based on topic modeling (Riedl and Bie-
mann, 2012) (cf. Reynar 1999 for an early approach
to topic-related segmentation), semantic similarity
(Hearst, 1997), and textual entailment (Dagan et al.,
2013).

Topic Engine The Topic Engine clusters
clause- or sentence-level snippets using HDB-
SCAN (McInnes et al., 2017) over embedding
representations. Each cluster is optionally labeled
by an LLM, and consecutive snippets assigned to
the same cluster are merged into a single segment.

Entailment Engines We employ two distinct en-
tailment engines. The first approach leverages
a transformer-based model (Lewis et al., 2020)
trained for zero-shot classification of text relative
to predefined labels (Yin et al., 2019). The sec-
ond strategy relies on pre-trained natural language
inference (NLI) models, which classify pairs of

sequences as entailing, contradicting, or neutral
(Williams et al., 2018). Our hypothesis is that
sequences exhibiting entailment or neutrality are
likely to form coherent text chunks, enabling their
aggregation into meaningful segments.

Semantic Shift Engine We implement a seman-
tic shift engine that segments traces based on abrupt
drops in semantic similarity between consecutive
snippets (cf. Kozima 1993). When similarity falls
below a given threshold, a new segment is initiated,
capturing transitions between reasoning phases.

2.2.4 Downstream LLM Engines
For all downstream LLM-based segmentation en-
gines, we first split the reasoning trace into base
units (clauses or sentences) and then group these
into chunks. Chunking mitigates context length
limitations of LLMs, preventing single traces from
overwhelming the model. Each chunk is assigned
dynamically: if a reasoning step begins in one
chunk and continues into the next, the model can
extend the open segment seamlessly into subse-
quent chunks.

Label Engines We implemented multiple logic
engines based on the Toulmin argumentation frame-
work (Toulmin, 2003) and tailored to the logical
steps commonly observed in reasoning traces, as
described in Bogdan et al. (2025) and Lee et al.
(2025). Each engine operates as a downstream task
for LLMs: models are prompted to classify base
units into a set of predefined labels corresponding
to the engine’s logical categories. Adjacent base
units sharing the same label are then merged into a
single reasoning step, producing a segmented trace
aligned with the underlying logical structure.

Step Engines We implemented LLM-based seg-
mentation engines that operate directly on chunks
of base units: guided by a prompt describing the
segmentation task, the model predicts either seg-
ment offsets or groups base units into reasoning
steps. This allows the model to infer segment
boundaries without relying on predefined labels.

PRM Engine We leveraged a process-reward
model (PRM) (cf. Wang et al. 2024) to detect rea-
soning step boundaries. Given a problem and its
generated reasoning trace, the model predicts step
rewards at the text base-unit level, reflecting its
training on reasoning traces. Segmentation bound-
aries are then identified by detecting significant



changes in these reward scores over sliding win-
dows, with adaptive thresholding applied to ac-
count for local variability (see subsubsection 2.2.2).

2.3 Late Fusion
To combine outputs from multiple segmentation
engines, we provide a suite of late-fusion align-
ers. Each aligner is implemented as a Python
class inheriting from a shared base class and must
implement the fuse(segs:list[list[tuple]])
method: Given a target reasoning trace, the aligner
takes a set of candidate segmentations from one or
more engines and produces a single, unified seg-
mentation. Voting retains boundaries supported
by a majority of engines, Union preserves all pro-
posed splits while the conservative Intersection
retains only boundaries agreed upon by all engines,
Fuzzy merges boundaries within a small character
distance to account for minor offset discrepancies,
and Graph-Based treats each proposed segment as
a weighted edge and uses dynamic programming
to find the path maximizing total support, yielding
a globally consistent segmentation that balances
local agreement and overall coherence.

3 Segmentation Evaluation

We evaluate RT-Seg for segmentation boundary
detection by comparing automatic segmentations
against human-annotated reasoning traces under
two annotation schemes: ReasoningFlow (Lee
et al., 2025) and Thought Anchor (Bogdan et al.,
2025). A complementary analysis of segment-level
label distributions appears in subsection 3.4; a qual-
itative case study illustrating RT-Seg’s advantages
appears in subsection 3.3.

3.1 Experimental Setup
We conduct experiments on 100 reasoning traces
generated by QwQ-32B-Preview (Yang et al., 2024)
from Sky-T1 (NovaSky, 2025), following Lee
et al. (2025). For ReasoningFlow, we use the
human-segmented, annotated traces from Lee et al.
(2025), labeled by a single annotator following
their scheme. In addition, we collect new annota-
tions for all traces under the Thought Anchor (Bog-
dan et al., 2025) schema. Two independent annota-
tors freely segmented all 100 traces (i.e., without
sentence-level constraints), which yielded 2,666 an-
notated reasoning steps for annotator 1 and 2,810
annotated reasoning steps for annotator 2. Segmen-
tation quality is evaluated using boundary similar-
ity (Bsim; Fournier 2013), which measures align-
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Figure 2: RT-Seg engines evaluated against the human
Thought Anchor and ReasoningFlow reference segmen-
tations: average boundary similarity and runtime for
sentence- and clause-level base units.

ment between predicted and reference boundaries
while allowing near-miss matches. We use a three-
character window. For ReasoningFlow, which pro-
vides a single human reference segmentation, we
compute pairwise Bsim between RT-Seg output and
the human annotation. For Thought Anchor, which
has two human annotations, we compute triadic
Bsim by averaging over all pairwise combinations
of segmentations (h1, h2, RT-Seg):

Btriadic =
1(
3
2

) ∑
(i,j)∈pairs

Bsim(Si, Sj) ∈ [0, 1].

Implementation details, including the exact RT-
Seg configurations, engine hyperparameters, model
choices, prompt keys, and instructions for reproduc-
ing all experiments, are provided in Appendix A.

3.2 Quantitative Results

Human reference agreement. We first report
boundary similarity between human segmentations
to contextualize RT-Seg performance. For the
Thought Anchor schema, the two independent
human annotations achieve Bsim= 0.73. When
incorporating the ReasoningFlow human seg-
mentation into a triadic evaluation, we obtain
Btriadic(hta1, hta2, hrf1)= 0.72. This suggests that
cross-schema boundary differences are comparable
in magnitude to within-schema variation.

Single-engine performance. We evaluate all en-
gines under both annotation schemes and base-
unit variants (Figure 2), reporting boundary sim-
ilarity averaged over all 100 traces. Probabilis-
tic engines perform poorly (avg. Bsim= 0.18)
while exhibiting high processing times (76s per
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trace). In contrast, semantic and LLM-based en-
gines achieve substantially stronger performance
(Bsim= 0.54 and 0.43) with moderate to high run-
time (14s and 35s, respectively). Heuristic engines
perform best overall (Bsim= 0.59) and are also the
most efficient (0.5s per trace). Stronger engines
align comparably under both schemes, whereas
weaker ones align slightly better with Thought An-
chor. Sentence-level segmentation scores slightly
higher than clause-level (Bsim= 0.42 vs 0.41) and
is much faster (21s vs. 51s; ≈ 2.4×).

Ensemble search. We next explore engine com-
binations via evolutionary search over engine-base-
unit configurations and offset-fusion strategies.
Our search space consists of non-empty subsets
of 38 engine-base-unit variants and 5 late-fusion
methods, yielding (238 − 1) × 5 ≈ 238 × 5 pos-
sible configurations. The 38 variants arise from
19 engines, each of which can operate indepen-
dently at either sentence or clause level. Given
this large space, we ran a generational genetic algo-
rithm for approximately 800 generations, yielding
roughly five million unique evaluated configura-
tions after deduplication. The search uses a popula-
tion size of 4,096, 16,384 offspring per generation,
uniform crossover, bit-flip mutation with rate 1/38,
fusion-method mutation, 6.25% elitism, and tour-
nament selection with k = 7. Fitness is computed
as boundary similarity to the human annotations
under the Thought Anchor scheme. We use this
search as an exploratory analysis of the configura-
tion space rather than as a held-out model-selection
procedure. Accordingly, the best searched con-
figurations should be interpreted as high-scoring
configurations within this annotated sample, not as

unbiased estimates of generalization performance.

Engine-family effects. Figure 3 shows the dis-
tribution of triadic boundary similarity scores for
engine combinations relative to the inter-human
boundary similarity reference score for the Thought
Anchor scheme. Although probabilistic engines
perform poorly in isolation, they are present in
all four of the highest-scoring searched ensem-
bles, suggesting that they provide complementary
boundary signals when combined with stronger
engine types. These ensembles cluster near the
observed inter-human reference score, with the
highest-scoring searched configurations slightly
exceeding it at Btriadic≈ 0.74. Heuristic engines
also remain important in the searched ensemble
setting: they appear in all searched configurations
that exceed the inter-human reference score, sug-
gesting that they provide strong base segmentations
that can be refined by other engine types. Overall,
within the explored configuration space, hetero-
geneous engine combinations tend to outperform
configurations restricted to a single engine type.

Fusion strategies. Finally, we analyze the effect
of offset fusion strategies by grouping configura-
tions by fusion type and estimate kernel density
distributions over their achieved boundary simi-
larity scores (Figure 4). Intersection fusion per-
forms consistently poorly, with a narrow density
concentrated around Btriadic≈ 0.21, indicating that
this strategy is overly restrictive. Majority voting
exhibits the widest performance spread, suggest-
ing high sensitivity to the specific engine combina-
tion. Union and fuzzy fusion yield higher-scoring
searched configurations overall, with densities con-
centrated in the 0.65-0.75 triadic boundary simi-
larity range. Among these, union fusion shows a
pronounced peak near boundary similarity of 0.75,
indicating that its strongest searched configurations
achieve high agreement within this annotated sam-
ple. Graph-based fusion is the most stable strategy
in this search, with a narrow density centered near
boundary similarity of 0.73.

3.3 Case Study
We present three qualitative examples from the
Sky-T1 dataset illustrating cases where RT-Seg pro-
vides more informative segmentations than simple
sentence-based splitting. (1) Sentence-level seg-
mentation can be overly fine-grained, fragment-
ing a single reasoning step (Figure 5). (2) Seg-
mentation is too coarse-grained, missing transi-



0.0 0.2 0.4 0.6 0.8 1.0
Boundary Similarity

0.0

0.2

0.4

0.6

0.8

1.0
N

or
m

al
iz

ed
 D

en
si

ty fuzzy
union
voting
graph
intersect
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SENT (TA)

Seg 1 Problem Setup

We have two functions:
f(x) = ax + b and g(x) =
2x - 5.

Seg 2 Problem Setup

The problem states that for
all x, g(f(x)) = 3x + 4.

Seg 3 Planning

We need to find the sum of
a and b.

RT-Seg (TA)

Seg 1 Problem Setup

We have two functions:
f(x) = ax + b and g(x) =
2x - 5.

The problem states that for
all x, g(f(x)) = 3x + 4.

We need to find the sum of
a and b.

Figure 5: (Case 1) Sentence-level segmentation is too
fine-grained. Comparison of reasoning trace segmenta-
tion using simple sentence splitting (left) and RT-Seg
(right), both under the Thought Anchor (TA) schema.

tions across sentence boundaries (Lee et al., 2025)
(Figure 6). (3) RT-Seg enables the integration
of Thought Anchor and ReasoningFlow labeling
schemes within a unified framework (Figure 7).

3.4 Structural Label Analysis

We analyze how structural labels are distributed
over normalized trace positions for the Thought
Anchor and ReasoningFlow annotation schemas
(Figure 8 and Figure 9). For Thought Anchor, we
compare our two independent human reference an-
notations (Human 1 and Human 2) with annotations
produced by RT-Seg, using a mixed configuration
that combines an LLM-based label engine with a
heuristic engine under the Thought Anchor guide-
lines. Overall, the human and model annotations
show similar positional trends for most labels. The
main exception is Fact Retrieval, for which RT-Seg
produces substantially higher frequencies than the
human annotators while preserving similar tempo-
ral trends. For ReasoningFlow, we compare the
human annotation from Lee et al. (2025) against
the same RT-Seg setup, now applied under the Rea-
soningFlow annotation guidelines. Here, frequency
differences are more pronounced. The model over-

SENT (TA)

Seg 1 Planning ?

Now, since one dollar is
100 cents,

I need to find out what per-
centage 41 cents is of 100
cents.

RT-Seg (TA)

Seg 1 Fact Retrieval

Now, since one dollar is
100 cents,

Seg 2 Planning

I need to find out what per-
centage 41 cents is of 100
cents.

Figure 6: (Case 2) Sentence-level segmentation is too
coarse-grained. Comparison of reasoning trace segmen-
tation using simple sentence splitting (left) and RT-Seg
(right), both under the Thought Anchor (TA) schema.

RT-Seg (TA + RF)

Seg 1 Planning (TA + RF)

Wait, let me double-check the logarithm calculation.

Seg 2 Reasoning (RF) + Active Computation (TA)

A/k = 5e13/2.5e−3 = 2e16

ln(2e16) = ln 2 + ln(e16) = 0.6931 + 37.6036 ≈
38.2967

Seg 3 Reflection (RF) + Result Consolditation (TA)

So, I used 38.279, which is close enough.

Figure 7: (Case 3) Reasoning trace segmentation with
RT-Seg, combining concepts from the Thought Anchor
and the ReasoningFlow schemas.

produces Assumption labels and places Conclu-
sion labels more broadly throughout the sequence,
whereas the human annotation concentrates Con-
clusion labels more strongly toward the end. One
possible explanation is that RT-Seg treats interme-
diate results as conclusions, analogous to Result
Consolidation in the Thought Anchor schema. Hu-
man annotations also show higher frequencies for
Reasoning and Planning. At the same time, Fact,
Restatement, and Reflection exhibit comparable
positional patterns across human and model anno-
tations.

4 Downstream Evaluation

We evaluate the downstream utility of the segment
boundaries produced by RT-Seg on two tasks: clas-
sifying whether a reasoning prefix ends at the onset
of the first error and determining whether two seg-
ments are adjacent in the original reasoning trace.

4.1 Shared Experimental Setup
Dataset. We combine the Phase 2 training and
test partitions of PRM800K (Lightman et al., 2024)
and retain traces whose annotation terminates with
found_error. For each segmentation configura-
tion, we select the same 5,000 reasoning traces and
resegment each trace with RT-Seg. The first new
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Figure 9: Temporal distribution of ReasoningFlow step
types across normalized trace positions. Lines show
the human annotation from Lee et al. (2025) and one
LLM-based RT-Seg annotation.

segment overlapping the originally annotated error
span is assigned the error-onset label; preceding
segments are marked as correct, and subsequent
segments remain unannotated. We compare plain
sentence-level and clause-level segmentation base-
lines against an experimental RT-Seg configura-
tion that applies clause-level segmentation using
Newline, Regex, and ZeroShot(TA) components
with graph-based fusion. The selected components
were identified in section 3 as both high-performing
and computationally efficient.

Model and training. For every task and seg-
mentation method, we fine-tune a separate
ModernBERT-base binary classifier (Warner et al.,
2025). All models are trained for six epochs
with a learning rate of 2× 10−5, weight decay of

0.01, a warm-up ratio of 0.1, dynamically padded
batches, balanced class weights, BF16 precision,
FlashAttention-2, and gradient checkpointing.

Evaluation protocol. We use five-fold strati-
fied group cross-validation, where all samples de-
rived from the same reasoning trace belong to the
same fold. This prevents samples from the same
trace from occurring in both training and test data.
Within each outer training fold, approximately 20%
of the data are held out as a group-disjoint calibra-
tion set. This set is used both to select the best
epoch and to choose the decision threshold that
maximizes macro F1 score. The selected model
and threshold are subsequently evaluated on the
untouched outer test fold. We report class-specific
and macro-averaged F1 scores as the mean and
standard deviation across the five outer folds.

4.2 Error-Onset Classification

The objective is to determine whether the final seg-
ment of a reasoning prefix contains the onset of
the first annotated error. An input contains every
segment up to and including the target segment,
separated by a special [STEP] token. Each trace
contributes one positive prefix ending at its first
error. Correct prefixes preceding the error are sam-
pled globally to construct a balanced dataset. Con-
sequently, every configuration contains 5,000 first-
error and 5,000 correct samples.

4.3 Reasoning-Step Adjacency Classification

We formulate reasoning-step ordering as a binary
adjacency-classification task. Given two segments
from the same trace, the classifier predicts whether
the second segment immediately follows the first.
Ordered adjacent pairs (si, si+1) are positive exam-
ples. Negative examples are sampled from ordered,
non-consecutive pairs in the same trace and may
therefore either skip intermediate steps or reverse
their order. We sample one negative pair per posi-
tive pair, producing balanced classes. The pairs are
passed to ModernBERT using its native sequence-
pair encoding. Traces containing fewer than two
segments are omitted. We sample 50,000 positive
and 50,000 negative pairs for each segmentation
condition.

4.4 Results

As shown in Table 1, the evaluated RT-Seg con-
figuration outperforms sentence-based and clause-
based segmentation on both tasks. It improves



Error-Onset Reasoning-Step Adjacency

Segmentation Correct Error onset Macro Not following Following Macro

Sentence 67.51 ± 1.19 70.20 ± 0.49 68.85 ± 0.43 58.80 ± 1.71 58.12 ± 1.62 58.46 ± 0.28
Clause 68.72 ± 1.90 68.31 ± 2.90 68.51 ± 0.72 54.27 ± 0.59 56.25 ± 0.77 55.26 ± 0.42
RT-Seg 70.28 ± 1.11 70.23 ± 0.63 70.25 ± 0.51 60.00 ± 0.91 67.43 ± 0.44 63.72 ± 0.53

Table 1: Downstream results in percent, reported as mean ± standard deviation over five folds.

mean macro F1 by 1.40 points on error-onset clas-
sification (70.25 vs. 68.85) and by 5.26 points on
reasoning-step adjacency classification (63.72 vs.
58.46) over the best baseline.

5 Related Work

Reasoning Traces in LLM Analysis. Reasoning
traces are widely used as artifacts for analyzing
LLM behavior, including model performance, fail-
ure modes, consistency, and alignment (Lee and
Hockenmaier, 2025; Abdollahi et al., 2026; Stechly
et al., 2024). These analyses often inspect traces
as generated, without formally segmenting them
into coherent reasoning steps. While valuable for
understanding model behavior, this approach treats
the trace as a whole (or only coarsely segmented),
leaving reasoning-step structure implicit.

Structure and Compositionality of Reasoning.
Most prior work operationalizes reasoning steps us-
ing surface-level textual units such as sentences,
line breaks, or prompt-defined separators (Bog-
dan et al., 2025; Nguyen et al., 2024; Golovneva
et al., 2023). At the same time, reasoning traces
admit multiple valid segmentations that differ in
granularity and conceptual framing (Xiong et al.,
2025; Beck et al., 2020; Lee et al., 2025). Differ-
ent works emphasize distinct perspectives: some
interpret steps through epistemic or cognitive func-
tions (Bogdan et al., 2025), others focus on se-
mantic roles (Lee et al., 2025), and still others
segment traces into linguistically motivated sub-
thoughts (Hammoud et al., 2025; Jiang et al., 2025).
In practice, most analyses commit to a single gran-
ularity and rarely compare alternatives, which can
affect step-level evaluation, model comparison, and
alignment with human judgments.

Text Segmentation and Discourse Structure.
Reasoning trace segmentation is related to dis-
course parsing, argument mining, and procedural
step extraction (Lawrence and Reed, 2019; Stab
and Gurevych, 2017; Joty et al., 2015). While these
areas address structural decomposition of text, they
primarily focus on linguistic or argumentative or-

ganization rather than flexible, model-dependent
reasoning steps produced by LLMs.

6 Conclusion

We presented RT-Seg, a configurable framework
for reasoning trace segmentation that integrates
heterogeneous engines (19), fusion strategies (5),
and annotation schemas (3) within a single system.
In contrast to prior approaches that commit to a
single segmentation strategy, RT-Seg enables struc-
tured comparison and composition of alternative
reasoning-step definitions. Rather than prescribing
a single optimal segmentation strategy, RT-Seg is
intended as an infrastructure for systematically ex-
ploring diverse reasoning-step formulations. A key
aspect of RT-Seg is its lightweight architecture as a
pure-Python program, which facilitates the integra-
tion of additional segmentation engines and strate-
gies through inheritance. RT-Seg therefore serves
as a toolkit for comparative reasoning-trace analy-
sis. Our experiments show that, within the explored
configuration space, ensemble configurations tend
to achieve higher boundary similarity than single-
engine approaches and can approach human refer-
ence segmentations under the evaluated annotation
schemes. Moreover, the tested RT-Seg configura-
tion improves over sentence-based segmentation
on both error-onset classification and reasoning-
step adjacency classification, indicating that its seg-
ments provide more useful units for downstream
reasoning analysis. The highest-scoring searched
ensembles combine heterogeneous engine types,
suggesting that different segmentation strategies
may capture complementary aspects of reasoning
structure. These findings support the central design
of RT-Seg: a modular ensemble-based framework
that makes such combinations easy to construct,
evaluate, and compare. By releasing RT-Seg as an
open-source Python library with a Dockerized TUI,
we provide practical infrastructure for systematic
and reproducible reasoning-trace research.



Limitations

Our main intrinsic metric, boundary similarity,
measures structural agreement between segment
boundaries but does not directly evaluate seman-
tic coherence or label correctness. We therefore
complement it with two downstream tasks; how-
ever, these tasks cover only mathematical reasoning
traces and should not be interpreted as establishing
utility for all reasoning-analysis settings. Conse-
quently, high boundary similarity should not be in-
terpreted as sufficient evidence that a segmentation
is optimal for every analysis. Similarly, configu-
rations that approach or slightly exceed observed
inter-human agreement should be interpreted as
strongly aligned under the chosen metric, not as
inherently superior to human annotations. Finally,
RT-Seg exposes a large configuration space of en-
gines, base units, and fusion strategies. Although
this flexibility is central to the toolkit, selecting
strong configurations may require task-specific tun-
ing. In addition, components that rely on LLMs
or model-internal uncertainty signals may be sen-
sitive to model choice, prompts, calibration, and
context-length constraints.
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A Reproducibility Details

The code used in this paper is available in the
project repository: https://github.com/textt
echnologylab/RT-SEG and https://doi.org/
10.5281/zenodo.21416283. The repository con-
tains the implementation of RT-Seg, the annotated
dataset, scripts for reproducing the experiments,
configuration files, Docker setup, and instructions
for running the text user interface (TUI). The an-
notated dataset can be downloaded from the repos-
itory and hosted via SurrealDB for reproducing
the database-backed experiments. The Dockerized
TUI supports exploratory experimentation with cus-
tom reasoning traces and engine configurations. In
addition, RT-Seg can be installed either directly
from the GitHub repository or via the published
PyPI package: https://pypi.org/project/r
t-seg/.

A.1 Experimental Setup
All experiments in this paper use the default en-
gine configurations provided by RT-Seg. These
defaults are implemented in the corresponding
engine classes, in particular in each engine’s
_segment(...) method, and in the global RT-Seg
configuration under src/seg_factory. We sum-
marize the relevant defaults, models, and prompt
keys in Table 2 and display the default prompts in
Appendix D.

A.2 SurrealDB Dataset and Experiment
Commands

The repository contains a SurrealDB export
at surrealdb_dataset/RT_RF_extended.surql.
A local reproduction can use the following setup:

python3.12 -m venv .venv
source .venv/bin/activate
pip install -r requirements.txt

docker run --rm -it \
-p 8000:8000 \
-v "$(pwd)/data:/data" \
surrealdb/surrealdb:latest \
start --user root --pass root file:/data/surreal.db

surreal import \
--endpoint ws://127.0.0.1:8000/rpc \
--username root \
--password root \
--namespace NR \
--database RT_RF_extended \
surrealdb_dataset/RT_RF_extended.surql

The runtime database connection is read from
data/sdb_login.json. For a local instance, the
file has the following shape:

{

"user": "root",
"pwd": "root",
"ns": "NR",
"db": "RT_RF_extended",
"url": "ws://127.0.0.1:8000/rpc"

}

A segmentation run over the database can be
launched from Python:

from rt_seg import (
RTSeg, RTRuleRegex, RTNewLine,

RTEmbeddingBasedSemanticShift,↪→
OffsetFusionGraph,

)

segmentor = RTSeg(
engines=[RTEmbeddingBasedSemanticShift, RTRuleRegex,

RTNewLine],↪→
aligner=OffsetFusionGraph,
seg_base_unit="clause",
label_fusion_type="majority",

)
segmentor.sdb_segment_ds(clear=True, db="RT_RF_extended")

The evaluation and search entry points used by the
paper are:

python src/eval_main.py # scoring helpers and plot
generation↪→

python src/evo.py # evolutionary ensemble search
python src/test.py # test runs for all engines

B Python Package Usage

The python package can be found and installed
from PyPI or Github (see Appendix A). The note-
book notebook/quick_start.ipynb from the
github repository demonstrates the public Python
interface.

B.1 Basic Usage
The simplest pattern is to import the package, in-
stantiate RTSeg, call it on a trace, and reconstruct
the text spans from returned offsets.

import rt_seg as rt

segmentor = rt.RTSeg(
engines=[rt.RTEmbeddingBasedSemanticShift,

rt.RTRuleRegex, rt.RTNewLine],↪→
aligner=rt.OffsetFusionGraph,
seg_base_unit="clause",
label_fusion_type="majority",

)

offsets, labels = segmentor(rtrace)
segments = [rtrace[s:e] for s, e in offsets]

B.2 Custom Parameters
Engine keyword arguments can be overridden at
call time. For example, the zero-shot classifier can
be run with a task-specific label set:

segmentor = rt.RTSeg(
engines=[rt.RTZeroShotSeqClassification],
seg_base_unit="clause",
label_fusion_type="majority",

https://github.com/texttechnologylab/RT-SEG
https://github.com/texttechnologylab/RT-SEG
https://doi.org/10.5281/zenodo.21416283
https://doi.org/10.5281/zenodo.21416283
https://pypi.org/project/rt-seg/
https://pypi.org/project/rt-seg/


Table 2: Default models, prompts, and explicit engine keyword arguments. The keyword column is derived from the
_segment signatures in src/rt_segmentation, excluding only trace and trailing **kwargs. If RTSeg supplies a
required keyword or overrides a signature default, this is stated inline.

Engine Explicit _segment keyword arguments and defaults

Heuristic engines
RTRuleRegex seg_base_unit (factory: clause; can be sent).
RTNewLine No explicit keyword arguments.

Probabilistic engines
RTLLMForcedDecoderBased system_prompt (factory: system_prompt_forceddecoder); model_name (factory: model_base, default

Qwen/Qwen2.5-0.5B-Instruct); max_kv_tokens=512; alpha=1.0; beta=2; quantile=90.0; sep_tok="<|seg|>".
RTLLMSurprisal system_prompt (factory: system_prompt_surprisal); model_name (factory: model_base, default Qwen/Qwen2.5-0.5B-Instruct);

max_kv_tokens=512; window=15; quantile=10.
RTLLMEntropy system_prompt (factory: system_prompt_surprisal); model_name (factory: model_base, default Qwen/Qwen2.5-0.5B-Instruct);

max_kv_tokens=512; window=30; quantile=10.
RTLLMTopKShift system_prompt (factory: system_prompt_surprisal); model_name (factory: model_base, default Qwen/Qwen2.5-0.5B-Instruct);

max_kv_tokens=512; top_k=20; window=15; quantile=90.
RTLLMFlatnessBreak system_prompt (factory: system_prompt_surprisal); model_name (factory: model_base, default Qwen/Qwen2.5-0.5B-Instruct);

max_kv_tokens=512; window=15; quantile=10.

Semantic engines
RTBERTopicSegmentation seg_base_unit (factory: clause); model_name (factory: Qwen/Qwen2.5-1.5B-Instruct);

embedding_model_name="all-MiniLM-L6-v2"; system_prompt="" (factory overrides with system_prompt_topic_label);
all_custom_labels=False.

RTEmbeddingBasedSemanticShift seg_base_unit (factory: clause); model_name="all-MiniLM-L6-v2"; tolerance=0.15; min_threshold=0.4.
RTEntailmentBasedSegmentation seg_base_unit (factory: clause); tolerance=0.15; min_threshold=0.25;

model_name="MoritzLaurer/mDeBERTa-v3-base-xnli-multilingual-nli-2mil7".
RTZeroShotSeqClassification seg_base_unit (factory: clause); model_name (factory: facebook/bart-large-mnli);

labels=["Context","Planning","Fact","Restatement","Example","Reflection","Conclusion"] (signature default; factory
overrides with [verification,pivot,inference,framing,conclusion]).

RTZeroShotSeqClassificationRF seg_base_unit (factory: clause); model_name (factory: facebook/bart-large-mnli);
labels=[Context,Planning,Fact,Reasoning,Restatement,Assumption,Example,Reflection,Conclusion] (fixed by subclass
partial).

RTZeroShotSeqClassificationTA seg_base_unit (factory: clause); model_name (factory: facebook/bart-large-mnli); labels=[Problem Setup,Plan
Generation,Fact Retrieval,Active Computation,Uncertainty Management,Result Consolidation,Self Checking,Final
Answer Emission] (fixed by subclass partial).

Downstream LLM engines
RTPRMBase seg_base_unit (factory: clause); problem="The problem is unknown, please reason step by step."; chunk_size=50;

window=4; quantile=60. Factory also passes model_name=Qwen/Qwen2.5-Math-7B-PRM800K, but this is consumed through **kwargs
rather than an explicit signature keyword.

RTLLMThoughtAnchor seg_base_unit (factory: clause); user_prompt (factory: user_prompt_thought_anchor); system_prompt (factory:
system_prompt_thought_anchor); model_name (factory: Qwen/Qwen2.5-7B-Instruct); max_retry=30; context_window=2.

RTLLMReasoningFlow seg_base_unit (factory: clause); user_prompt (factory: user_prompt_reasoning_flow); system_prompt (factory:
system_prompt_reasoning_flow); model_name (factory: Qwen/Qwen2.5-7B-Instruct); max_retry=30; context_window=2.

RTLLMArgument seg_base_unit (factory: clause); system_prompt (factory: system_prompt_argument); user_prompt (factory:
user_prompt_argument); model_name (factory: Qwen/Qwen2.5-7B-Instruct); context_window=2; max_retry=30.

RTLLMOffsetBased chunk_size (factory: 300); prompt (factory: empty string); system_prompt (factory: system_prompt_offset); model_name (factory:
Qwen/Qwen2.5-7B-Instruct); margin=200; max_retries_per_chunk=10.

RTLLMSegUnitBased seg_base_unit (factory: clause); chunk_size (factory: 100); prompt (factory: empty string); system_prompt (factory:
system_prompt_sentbased); model_name (factory: Qwen/Qwen2.5-7B-Instruct); max_retry=30.

)

offsets, labels = segmentor(
rtrace,
labels=["Problem", "Solution", "Intermediate"],

)

B.3 Subclassing Engines and Aligners

Custom engines only need to subclass SegBase
and implement the static _segment(...) method.
Custom aligners subclass OffsetFusion and im-
plement fuse. The notebook uses the following
minimal example:

class CustomEngine(rt.SegBase):
@staticmethod
def _segment(

trace: str,
breakpoint: int,
**kwargs,

) -> tuple[list[tuple[int, int]], list[str]]:
return [(0, breakpoint), (breakpoint, len(trace))],

["1", "2"]↪→

class CustomAligner(rt.OffsetFusion):
@staticmethod
def fuse(

segmentations: list[list[tuple[int, int]]],
**kwargs,

) -> list[tuple[int, int]]:
return segmentations[0]

custom_segmentor = rt.RTSeg(
engines=[CustomEngine, rt.RTRuleRegex],
aligner=CustomAligner,
seg_base_unit="clause",
label_fusion_type="majority",

)

offsets, labels = custom_segmentor(rtrace, breakpoint=100)

C Dockerized TUI Application

RT-Seg also provides a Dockerized text user inter-
face (TUI) for interactive exploration of reasoning-
trace segmentations. The TUI allows users to enter
or load traces, select segmentation engines and fu-
sion strategies, and inspect the resulting segmented
output without writing Python code. The container-
ized version requires an NVIDIA GPU with CUDA
support. It can be built and launched with Docker
as follows:

docker build -f docker/Dockerfile -t mytui:gpu .
docker run -it --rm --gpus all mytui:gpu

Alternatively, the same image can be built and exe-
cuted with Podman:

podman build -f docker/Dockerfile -t mytui:gpu .
podman run -it --rm --device nvidia.com/gpu=all mytui:gpu



D Prompt Registry

Default prompts are shipped in the runtime reg-
istry src/rt_segmentation/prompts.json and
loaded with load_prompt. The keys below are the
prompts used by the LLM-dependent components.

D.1 Boundary-Inference Prompts
system_prompt_offset

You are a reasoning trace segmenter. Given a language
model's reasoning trace, divide it into reasoning
segments by inserting boundaries only between
sentences.

↪→
↪→
↪→
Rules:
- Each segment must represent one coherent reasoning step —

a single epistemic function.↪→
- Insert a boundary between two sentences only when the

second sentence begins a new/different epistemic
function.

↪→
↪→
- Do NOT judge correctness, logic, or factual accuracy —

focus only on change of epistemic role.↪→
- Boundaries are allowed even when topic, entities or

vocabulary remain largely the same.↪→
Main epistemic functions (reference only — do not label):
1. Assumption / Setup (premises, constraints, known facts)
2. Intermediate Inference (deriving new information)
3. Contrast / Objection / Alternative
4. Revision / Correction / Reconsideration
5. Goal / Plan / Next-step management
6. Conclusion / Final answer / Summary
Hard constraints:
- Boundaries only between sentences — never split inside a

sentence.↪→
- Segments must be contiguous and non-overlapping.
- Every character belongs to exactly one segment.
Granularity:
- Do NOT split on minor paraphrases, restatements, or

rewordings.↪→
- Do NOT split continuous arithmetic/symbolic chains unless

clearly interrupted by a role change.↪→
- Do split when the epistemic role changes, even subtly.
- When in doubt → do NOT split (prefer larger segments).
OUTPUT FORMAT:
Return only a JSON array of offset pairs, nothing else.

Each pair represents [start, end] character offsets
(0-based, inclusive start, exclusive end) of one
segment in the original text:

↪→
↪→
↪→
[
[0, 142],
[142, 289],
[289, 415],
...

]

prompt_offset.

Segment the following text into reasoning segments
according to the system instructions.↪→

TEXT TO SEGMENT (use exact character positions and return
the offsets in json format):↪→

system_prompt_sentbased.

You are a reasoning trace segmenter. You will receive a
JSON object containing the reasoning trace already
split into numbered sentences.

↪→
↪→
Input format (example):
{
"sentences": [

{"id": 0, "text": "First sentence here."},
{"id": 1, "text": "Second sentence here."},
...

]
}
Your task: Group these sentences into reasoning segments.
Rules:
- Each segment must represent one coherent reasoning step —

a single epistemic function.↪→
- Start a new segment only when a sentence introduces a

clearly new/different epistemic function compared to
the previous one.

↪→
↪→

- Do NOT judge correctness, logic, or factual accuracy —
focus only on change of epistemic role.↪→

- A topic/ entity/ vocabulary change alone is NOT enough to
start a new segment.↪→

Main epistemic functions (reference only — do not label):
1. Assumption / Setup (premises, constraints, known facts)
2. Intermediate Inference (deriving new information)
3. Contrast / Objection / Alternative
4. Revision / Correction / Reconsideration
5. Goal / Plan / Next-step management
6. Conclusion / Final answer / Summary
Granularity:
- Do NOT split on minor paraphrases, restatements,

rewordings, or elaborations of the same point.↪→
- Do NOT split continuous arithmetic/symbolic/derivation

chains unless a clear role change occurs.↪→
- Do split when the epistemic role meaningfully changes,

even subtly.↪→
- When in doubt → do NOT split (prefer larger segments /

fewer boundaries).↪→
Hard constraints:
- Segments consist of one or more consecutive sentences (by

id).↪→
- All sentences must be used exactly once.
- Segments must be contiguous (no reordering or skipping).
OUTPUT FORMAT:
Return ONLY a valid JSON array of arrays of sentence IDs,

where each inner array represents one reasoning segment
(in original order):

↪→
↪→
[
[1, 2, 3],
[4],
[5, 6, 7, 8],
[9, 10],
...

]
Do not include any other text, explanations, or keys

outside this array.↪→

system_prompt_forceddecoder.

You are a reasoning trace segmenter.
Given a language model's reasoning trace, segment it into

reasoning steps by INSERTING A SEGMENT TOKEN at valid
boundaries.

↪→
↪→
SEGMENT TOKENS:
- Step
- ' Step' (Step with a leading space)
A segment boundary is represented ONLY by emitting one of

the segment tokens above.↪→
Do NOT insert boundaries in any other way.
Rules:
- Each segment must represent one coherent reasoning step —

a single epistemic function.↪→
- Insert a segment token ONLY between two sentences, NEVER

inside a sentence.↪→
- Insert a segment token ONLY when the next sentence begins

a new or different epistemic function.↪→
- Do NOT judge correctness, logic, or factual accuracy —

focus only on change of epistemic role.↪→
- Boundaries are allowed even when topic, entities, or

vocabulary remain largely the same.↪→
Main epistemic functions (reference only — do NOT label):
1. Assumption / Setup (premises, constraints, known facts)
2. Intermediate Inference (deriving new information)
3. Contrast / Objection / Alternative
4. Revision / Correction / Reconsideration
5. Goal / Plan / Next-step management
6. Conclusion / Final answer / Summary
Hard constraints:
- Segment tokens may ONLY appear between complete sentences.
- NEVER insert a segment token mid-sentence.
- Segments must be contiguous and non-overlapping.
- Every character of the original text must belong to

exactly one segment.↪→
- If the text already naturally emits a segment token, do

NOT emit an additional one.↪→
Granularity:
- Do NOT split on minor paraphrases, restatements, or

rewordings.↪→
- Do NOT split continuous arithmetic or symbolic chains

unless clearly interrupted by a change in epistemic
role.

↪→
↪→
- DO split when the epistemic role changes, even subtly.
- When in doubt → do NOT split (prefer fewer, larger

segments).↪→
Decoding guidance:
- Only emit a segment token if starting a new reasoning

step.↪→
- Otherwise, continue the text verbatim without

modification.↪→



system_prompt_surprisal.

You are a reasoning trace segmenter.
You will be given a reasoning trace.
You must reproduce the trace EXACTLY as given, token by

token, without paraphrasing, omission, or reordering.↪→
While reproducing the trace, internally identify valid

reasoning segment boundaries.↪→
A segment boundary is a point between two sentences where

the next sentence begins a new or different epistemic
function.

↪→
↪→
You are NOT required to output boundaries or modify the

text in any way.↪→
Your only visible output must be the exact original trace.
Rules:
- Each segment corresponds to one coherent reasoning step

(a single epistemic function).↪→
- Boundaries are allowed ONLY between complete sentences.
- NEVER consider boundaries inside a sentence.
- A boundary is valid ONLY when the next sentence begins a

new or different epistemic function.↪→
- Do NOT judge correctness, logic, or factual accuracy —

focus only on change of epistemic role.↪→
- Boundaries may exist even when topic, entities, or

vocabulary remain similar.↪→
Main epistemic functions (reference only — do NOT label):
1. Assumption / Setup (premises, constraints, known facts)
2. Intermediate Inference (deriving new information)
3. Contrast / Objection / Alternative
4. Revision / Correction / Reconsideration
5. Goal / Plan / Next-step management
6. Conclusion / Final answer / Summary
Hard constraints:
- Boundaries may only occur between complete sentences.
- Segments are contiguous and non-overlapping.
- Every character of the text belongs to exactly one

segment.↪→
Granularity:
- Do NOT split on minor paraphrases, restatements, or

rewordings.↪→
- Do NOT split continuous arithmetic or symbolic chains

unless clearly interrupted by a role change.↪→
- DO recognize a boundary when the epistemic role changes,

even subtly.↪→
- When in doubt → do NOT split (prefer fewer, larger

segments).↪→

D.2 Schema-Labeling Prompts
system_prompt_reasoning_flow.

You are a reasoning trace classifier. You are given a
target text snippet along with its surrounding context:
one or more previous snippets and one or more next
snippets from a reasoning trace. Your task is to
classify the TARGET SNIPPET into EXACTLY ONE label from
the reasoning trace schema below, using the context to
help disambiguate.

↪→
↪→
↪→
↪→
↪→
↪→
** Labels and Definitions:
- Context: Background information or problem statement.

Given before reasoning begins.↪→
- Planning: High-level or stepwise plan for reasoning.

Includes verbs like check, solve, start by, find.↪→
- Fact: Objective knowledge, rules, constants, theorems, or

world knowledge not specific to this problem.↪→
- Reasoning: Logical deduction, calculation, simplification,

or inference. Applying facts to the problem.↪→
- Restatement: Rephrasing or clarifying previous text,

without adding new reasoning.↪→
- Assumption: Explicit or implicit assumptions used for

reasoning, including branching or hypothetical cases.↪→
- Example: Specific instance or illustration of a general

concept or pattern.↪→
- Reflection: Subjective commentary, doubt, confidence, or

meta-reasoning.↪→
- Conclusion: Final answer or judgment. Should represent

the resolved result of reasoning.↪→
** Rules for Classification:
- Each TARGET SNIPPET gets EXACTLY ONE label.
- Focus on the intent and function of the snippet in

reasoning, using previous and next snippets to provide
context.

↪→
↪→
- If the snippet mixes multiple types, classify based on

the PRIMARY function.↪→
- Context snippets are only for disambiguation and should

not themselves be labeled.↪→
** Input Format:
Previous Context: "<one or more previous snippets>"
Target Snippet: "<snippet to classify>"
Next Context: "<one or more next snippets>"

** Output Format:
Output: {"label": "Label from schema"}
** Example:
Previous Context: "I need to find the sum of all integer

bases b > 9."↪→
Target Snippet: "Let me write that division as a fraction:

(9b + 7)/(b + 7)."↪→
Next Context: "Maybe I can simplify this expression."
Output: {"label": "Reasoning"}

user_prompt_reasoning_flow.

# Task
Analyze the following triplet and provide only label for

the **Target Segment**, nothing else.↪→
**Input Data:**
Previous Context:* "{PREVIOUS_SEGMENT}"
Target Snippet:* "{TARGET_SEGMENT}"
Next Context:* "{NEXT_SEGMENT}"
Output:

system_prompt_argument.

You are an expert annotator for Argument Mining on
Chain-of-Thought (CoT) reasoning traces. Your task is
to classify the role of a specific **Target Segment**
within a reasoning process using a specific 5-label
schema.

↪→
↪→
↪→
↪→
You will be provided with:
1. **Previous Context:** The segment immediately preceding

the target.↪→
2. **Target Segment:** The specific text you must classify.
3. **Next Context:** The segment immediately following the

target.↪→
# Classification Decision Tree
To determine the label, ask the following questions about

the **Target Segment**:↪→
1. **Is it a given fact, rule, or definition?**

→ Label: **[PREMISE]**
* *Includes:* Math rules, world knowledge, stated

problem constraints, or calculation inputs.↪→
2. **Is it a derivation, hypothesis, or result derived from

a previous step (but not the final answer)?**↪→
→ Label: **[INTERMEDIATE CLAIM]**
* *Includes:* Simplifications, intermediate calculations,

temporary assumptions ("Maybe it is...").↪→
3. **Does it negate, refine, or correct a previous

thought?**↪→
→ Label: **[REBUTTAL/CORRECTION]**
* *Includes:* Self-corrections ("Wait, no"), realization

of errors, or rejecting a hypothesis based on
constraints.

↪→
↪→

4. **Is it the final output or solution for the user?**
→ Label: **[FINAL CLAIM]**
* *Includes:* The final answer statement, the concluding

sentence of the entire trace.↪→
5. **Is it none of the above (purely planning or

structural)?**↪→
→ Label: **[META]**
* *Includes:* Planning ("Let's try..."), navigation

("Let me check"), or stating goals.↪→
# Examples
**Example 1**
*Previous Context:* "I need to find the sum of all integer

bases b > 9."↪→
*Target Segment:* "Let me write that division as a

fraction: (9b + 7)/(b + 7)."↪→
*Next Context:* "Maybe I can simplify this expression."
*Output:* {"label": "META"}
**Example 2**
*Previous Context:* "So 9b +7 = 9*(b +7) - 56."
*Target Segment:* "Therefore, (9b +7)/(b +7) = 9 - 56/(b

+7)."↪→
*Next Context:* "For this to be an integer, 56/(b +7) must

be an integer."↪→
*Output:* {"label": "INTERMEDIATE CLAIM"}
**Example 3**
*Previous Context:* "14 is 14, which would make b +7=14 →

b=7."↪→
*Target Segment:* "But b must be greater than 9. So 14 is

too small."↪→
*Next Context:* "Similarly, 8 and 7 are too small."
*Output:* {"label": "REBUTTAL/CORRECTION"}
**Example 4**
*Previous Context:* "So the answer is 21 +49=70."
*Target Segment:* "Therefore, the final answer is 70."
*Next Context:* "[END OF TRACE]"
*Output:* {"label": "FINAL CLAIM"}



user_prompt_argument.

# Task
Analyze the following triplet and provide only label for

the **Target Segment** in JSON format, nothing else.↪→
**Input Data:**
*Previous Context:* "{PREVIOUS_SEGMENT}"
*Target Segment:* "{TARGET_SEGMENT}"
*Next Context:* "{NEXT_SEGMENT}"
*Output:*

system_prompt_thought_anchor.

You are an expert annotator for Large Language Model
reasoning traces. Your task is to classify the
functional role of a specific **Target Segment** within
a reasoning process using a specific 8-label schema
derived from the Thought Anchor (Bogdan et al. 2025)
extension to the Venhoff et al. (2025) framework.

↪→
↪→
↪→
↪→
↪→
You will be provided with:
1. **Previous Context:** The segment immediately preceding

the target.↪→
2. **Target Segment:** The specific text you must classify.
3. **Next Context:** The segment immediately following the

target.↪→
# Classification Decision Tree
To determine the label, analyze the **Target Segment** in

relation to the context and select the first category
that applies from the list below:

↪→
↪→
1. **Is it explicitly stating the final solution?**

→ Label: **[Final Answer Emission]**
* *Includes:* "Therefore, the answer is X," or the boxed

solution.↪→
2. **Is the model expressing confusion, doubting a previous

step, or deciding to backtrack?**↪→
→ Label: **[Uncertainty Management]**
* *Includes:* "Wait, that can't be right," "I am

confused," "Let me re-read the question," or "Let's
go back to the start."

↪→
↪→

3. **Is the model verifying a previous step or
double-checking a calculation?**↪→
→ Label: **[Self Checking]**
* *Includes:* "Let me verify that calculation,"

"Checking if this fits the constraints," or
re-calculating to confirm a result.

↪→
↪→

4. **Is the model parsing the input, restating the question,
or defining variables based on the prompt?**↪→
→ Label: **[Problem Setup]**
* *Includes:* "We are looking for X," "Let x be the

number of apples," or rephrasing the user's request.↪→
5. **Is the model proposing a strategy, stating a roadmap,

or engaging in meta-reasoning about *how* to solve it?**↪→
→ Label: **[Plan Generation]**
* *Includes:* "I will use the Pythagorean theorem,"

"Let's break this into two cases," or "First I will
find X, then Y."

↪→
↪→

6. **Is the model recalling a static fact, formula, or
specific problem detail *without* performing new
derivation?**

↪→
↪→

→ Label: **[Fact Retrieval]**
* *Includes:* "The derivative of sin(x) is cos(x)," "The

problem states that the car implies 50mph," or
recalling a constant like Pi.

↪→
↪→

7. **Is the model performing algebraic manipulation,
logical deduction, or calculating new values?**↪→
→ Label: **[Active Computation]**
* *Includes:* "5 * 12 = 60," "Simplifying the equation

gives x = 2," or applying a logical rule to derive a
new state.

↪→
↪→

8. **Is the model summarizing intermediate findings or
aggregating results from different steps?**↪→
→ Label: **[Result Consolidation]**
* *Includes:* "So, from Case 1 we have 5, and from Case

2 we have 10," or "Combining these equations..."↪→
# Examples
**Example 1**
*Previous Context:* "The problem asks for the area of the

circle."↪→
*Target Segment:* "First, I need to find the radius, and

then I can apply the area formula."↪→
*Next Context:* "The diameter is given as 10 units."
*Output:* {"label": "Plan Generation"}
**Example 2**
*Previous Context:* "We have the equation 2x + 4 = 12."
*Target Segment:* "Subtracting 4 from both sides, we get 2x

= 8, so x = 4."↪→
*Next Context:* "Now let's check if this satisfies the

original condition."↪→
*Output:* {"label": "Active Computation"}
**Example 3**

*Previous Context:* "So x = 4."
*Target Segment:* "Wait, if x is 4, then the denominator

would be zero. That's impossible."↪→
*Next Context:* "I must have made a mistake in the

factoring step."↪→
*Output:* {"label": "Uncertainty Management"}
**Example 4**
*Previous Context:* "We need the atomic weight of Carbon."
*Target Segment:* "Carbon has an atomic weight of

approximately 12.011."↪→
*Next Context:* "So the total molar mass is..."
*Output:* {"label": "Fact Retrieval"}
**Example 5**
*Previous Context:* "Case A yielded 4 possibilities. Case B

yielded 2."↪→
*Target Segment:* "So, in total, we have 4 + 2 = 6

possibilities so far."↪→
*Next Context:* "Now, let's look at the final answer."
*Output:* {"label": "Result Consolidation"}
**Example 6**
*Previous Context:* "The calculation gave 104."
*Target Segment:* "Let me quickly multiply 13 by 8 again to

be sure... yes, it is 104."↪→
*Next Context:* "So the value is correct."
*Output:* {"label": "Self Checking"}

user_prompt_thought_anchor.

Analyze the following triplet and provide only label for
the **Target Segment** in JSON format, nothing else.↪→

**Previous Context:** {PREVIOUS_SEGMENT}
**Target Segment:** {TARGET_SEGMENT}
**Next Context:** {NEXT_SEGMENT}
*Output:*

D.3 Topic-Label Prompt
system_prompt_topic_label.

You are an AI assistant tasked with labeling clusters of
text segments extracted from the internal reasoning
trace of a large language model (LLM).

↪→
↪→
Each cluster contains multiple text segments that:
- May be non-contiguous
- Come from the LLM’s step-by-step reasoning
- Represent part of how the model is thinking, not just

what it is talking about↪→
Your task is NOT to label the surface topic or semantic

subject matter.↪→
Instead, you must infer the LLM’s reasoning role or

cognitive operation represented by the cluster.↪→
Focus on identifying what the model is doing, such as:
- Reframing or restructuring the problem
- Introducing substitutions or abstractions
- Applying logical or causal rules
- Justifying a methodological choice
- Reducing a complex condition to simpler cases
- Checking constraints or edge cases
- Interpreting intermediate results
When assigning a label, ask yourself:
- What reasoning function do these segments serve in the

solution process?↪→
- How do they move the reasoning forward?
Your output must be:
- A short, concise label (1–10 words)
- Describing the reasoning process, not the content
- With no additional explanation or text
---
Example 1
Segments:
- "The anti-flag antibody is included to confirm that the

MUC1 construct is properly expressed and presented on
the cell surface, independent of glycan modification."

↪→
↪→
- "Including the anti-flag allows detection of MUC1

expression and ensures that any changes in binding are
due to the sugar modification rather than altered
protein expression."

↪→
↪→
↪→
- "The anti-flag antibody should be added in parallel with

the primary detection steps to serve as a control."↪→
Correct label:
Justifying experimental controls in assay design
---
Example 2
Segments:
- "Let me note that n + 3 is (n + 2) + 1. Maybe I can use

substitution. Let me set k = n + 2."↪→
- "After substitution, the product becomes 3(k + 1)(k² -4k

+13)."↪→



- "Since k and k + 1 are coprime, k must divide 3(k² -4k
+13)."↪→

- "This reduces the condition to k dividing 39."
Correct label:
Reducing divisibility constraints via substitution and

coprimality↪→
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