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Abstract

We present Team asdfol23’s submission to
the LLMSR@XLLM25 shared task, which evalu-
ates large language models on producing fine-
grained, controllable, and interpretable rea-
soning processes. Systems must extract all
problem conditions, decompose a chain of
thought into statement—evidence pairs, and ver-
ify the logical validity of each pair. Lever-
aging only the off-the-shelf Meta-Llama-3-
8B-Instruct, we craft a concise few-shots,
multi-turn prompt that first enumerates all con-
ditions and then guides the model to label,
cite, and adjudicate every reasoning step. A
lightweight post-processor based on regular
expressions normalises spans and enforces the
official JSON schema. Without fine-tuning,
external retrieval, or ensembling, our method
ranks 5th overall, achieving macro-F; scores
on par with substantially more complex and
resource-consuming pipelines. We conclude
by analysing the strengths and limitations
of our approach and outlining directions for
future research in structural reasoning with
LLMs. Our code is available at https://
github.com/asdfo123/LLMSR-asdfo123.

1 Introduction

Large language models (LLMs) have recently
shown impressive performance on complex rea-
soning tasks, spurred in part by Chain—of-Thought
(CoT) prompting, which asks the model to exter-
nalise intermediate steps before giving an answer
(Wei et al., 2023). Subsequent variants—such
as zero-shot CoT (Kojima et al., 2022), self-
consistency decoding (Wang et al., 2023), tree-
of-thought search (Yao et al., 2023), and auto-
matically generated demonstrations (Zhang et al.,
2022)—further boost accuracy, yet these free-form
rationales remain difficult to evaluate and prone to
hallucinations (Akbar et al., 2024).
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The LLMSR@XLLM25 shared task tackles this limi-
tation by framing reasoning as a constrained CoT
process: systems must (i) extract every explicit
problem condition, (ii) segment a rationale into
aligned statement—evidence pairs, and (iii) judge
whether each evidence span logically entails its
statement. Such fine-grained structure “improves
the transparency and reliability of the process’
(task description) and enables detailed diagnosis
of model behaviour. Moreover, the step-level la-
bels provide dense supervision for Process Reward
Modeling (PRM), which optimises how a solution
is reached rather than merely what answer is pro-
duced (Uesato et al., 2022; Lightman et al., 2023).

]

Structured parsing of reasoning brings three con-
crete benefits. First, it enhances debuggability:
developers can pinpoint the exact step where a hal-
lucination or logical slip occurs. Second, it supplies
explicit training signals for PRM, shown to yield
more coherent and truthful solutions on mathemat-
ical benchmarks (Lightman et al., 2023). Third,
it promotes trustworthy AI: users can audit or
amend individual steps, a requirement for safety-
critical deployments and formal logic tasks such
as EntailmentBank proofs (Dalvi et al., 2021) or
LogicBench diagnostics (Parmar et al., 2024).

In this report we present Team asdfol23’s
lightweight submission, which relies solely on
the untuned Meta-Llama-3-8B-Instruct (Meta
Al, 2024). A compact few-shot, multi-turn prompt
guides the model through all three subtasks, while a
minimal post-processor enforces the official JSON
schema. Despite its simplicity, our approach ranks
5th overall, demonstrating that careful prompt de-
sign and constrained reasoning can rival far more
elaborate pipelines.
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2 Related Work

2.1 Chain-of-Thought Prompting

Chain-of-Thought (CoT) prompting has emerged
as a powerful method to enhance multi-steasoning
in large language models (LLMs). Initial studies
showed significant improvements by simply adding
"Let’s think step by step" to zero-shot prompts (Ko-
jima et al., 2022). Self-consistency further boosts
robustness by generating multiple reasoning chains
and selecting the most consistent response (Wang
et al., 2023). Least-to-Most prompting addresses
complex problems by decomposing them into sim-
pler subproblems, achieving near-perfect accuracy
on challenging tasks (Zhou et al., 2023).

However, CoT prompting can produce logi-
cally flawed reasoning steps, reaching correct an-
swers through invalid logic (Zelikman et al., 2022;
Golovneva et al., 2023). The Tree of Thoughts
framework mitigates this by organizing reasoning
into a search tree, allowing systematic backtrack-
ing and evaluation of alternative reasoning paths
(Yao et al., 2023). Incorporating knowledge-graph-
based verification also improves reliability (He
et al., 2025; Jiang et al., 2023).

Recent benchmarks focus on evaluating CoT
quality beyond answer accuracy, using validity and
redundancy metrics to assess reasoning step-by-
step (Xia et al., 2025; Chen et al., 2025). These
approaches emphasize the need for tighter integra-
tion between reasoning generation and verification.

2.2 Parsing

Turning natural language into structured represen-
tations is a prerequisite for dependable reasoning.
ProgPrompt steers LLMs to emit code-like blocks
of comments, actions, and assertions for situated
robot planning (Singh et al., 2022). Self-Ask im-
proves interpretability by decomposing a complex
query into solvable sub-questions and then com-
posing their answers (Press et al., 2023). Coupling
LLMs with Answer Set Programming lets a logic
engine verify every inferred rule, boosting robust-
ness (Yang et al., 2023). RalLLU aligns CoT spans
with formal logic units and checks them via exter-
nal solvers (Li et al., 2025).

For discourse-level parsing, Rhetorical Struc-
ture Theory (RST) models text coherence via nu-
cleus—satellite relations (MANN and THOMPSON,
1988). Early algorithms split texts into Elemen-
tary Discourse Units and attached rhetorical rela-
tions—sometimes without explicit markers (Marcu,
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Figure 1: Illustration of the three-stage LLM-SR Task.
(In our implementation, Verification is executed within
the CP stage.)

1998). Enhanced RST (eRST) extends this to
graphs with non-projective, concurrent relations
and both implicit and explicit signals, offering

more flexible, explainable structures (Zeldes et al.,
2024).

2.3 Process Reward Model

Previous studies have demonstrated that process
supervision maintains reasoning consistency bet-
ter than outcome supervision, and conceptualized
Process Reward Models (PRMs) to reduce logi-
cal errors (Uesato et al., 2022; Lightman et al.,
2023). To mitigate the cost of manual annota-
tions, recent approaches automatically retrieve sim-
ilar solution steps to generate fine-grained, step-
level labels—facilitating both verification and PPO-
based reinforcement learning without human super-
vision (Wang et al., 2024).

Building on the foundational PRM framework,
several works have further advanced process re-
ward modeling. Tree-based preference learning
constructs reasoning trees via best-first search
and trains verifiers using paired step-level prefer-
ences (He et al., 2024). More recently, CFPRM (Hu
etal., 2025) introduces a coarse-to-fine strategy that
first merges adjacent steps into coarse-grained win-
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dows and then refines them into fine-grained units.
This hierarchical method mitigates redundancy in
LLM-generated reasoning while enabling training
across multiple levels of granularity.

3 Methodology

3.1 Pipeline Overview

Our system follows the three—stage workflow man-
dated by the LLM-SR task (Figure 1):

1. Question Parsing (QP). The model enumerates
every explicit condition of the problem as an
ordered list.

2. CoT Parsing & Verification (CP). Given the
question, its Chain—of-Thought (CoT) ratio-
nale, and the QP output, the model simultane-
ously (i) segments the rationale into statement—
evidence pairs and (ii) judges whether each ev-
idence span logically entails its statement.

All stages run on the untuned original
Meta-Llama-3-8B-Instruct. Instead of param-
eter fine—tuning we rely on few-shot in-context
learning (ICL) with a multi-turn dialogue template
(§3.2). A deterministic post-processor (§3.4) vali-
dates and cleans the raw generations, after which
we completes the full public test set in under ten
minutes.

3.2 Prompt Engineering

Few-shot demonstrations. We hand-pick two
QP and three CP exemplars that jointly cover most
patterns. During inference these demonstrations
precede the test instance verbatim.

Three-turn template. Each call is cast as a short

conversation:

1. SYSTEM: global rules, including format restric-
tions.

2. USER: the problem text plus the explicit request
(QP or CP).

3. ASSISTANT: the model’s structured JSON an-
SWer.

Because CP depends on the extracted conditions,
we invoke the model twice per instance: first for QP,
and then for a single CP call which jointly performs
CoT parsing and the verification step, with the QP
list appended to the user prompt.

3.3 Robust JSON Output

Llama-3 occasionally produces ill-formed
JSON—extra quotes, missing commas, or un-
closed braces—which crashes the official scorer.
By enclosing every demonstration answer in a
fenced ***json . . . ‘" block and explicitly
instructing the model to output valid JSON only,
we cut the unparsable rate on the dev set from 16 %
to just 2 %. The few residual errors are corrected
or flagged by our post-processor.

3.4 Post-processing

A lightweight Python script performs:

1. Schema check:
tain statement,
verification.

every object must con-
evidence, and boolean

2. Normalisation: trim bullets, stray whitespace,
smart quotes, trailing punctuation; merge dupli-
cate conditions.

3. Alignment: if #statements # #evidence, align
by order; otherwise flag (none observed on
dev/test).

3.5 Efficiency Rationale

The task rewards both answer correctness and rea-
soning quality. We show that careful prompt design
plus minimal hygiene techniques already yields a
top-5 macro-F; without external retrieval or fine-
tuning, providing a strong, reproducible baseline
for future work on PRM.

4 Experiments

We conduct all experiments on the official
LLMSR@XLLM25 test sets'. The shared task provides
a fine-grained Chain-of-Thought (CoT) analysis
corpus derived from LogiQA (Liu et al., 2021). It
contains only 24 fully annotated training instances,
each accompanied by both question-parsing and
CoT-parsing labels. From the 24 training instances,
we heuristically select a small subset of demonstra-
tions that spans the major logical patterns; these
serve as the few-shot exemplars in our prompts.
The evaluation follows a two-stage protocol.
First, we perform a k-shot ablation for Question
Parsing (QP), varying the number of in-context
demonstrations. After selecting the best QP setting,

1https: //huggingface.co/datasets/shuyi-zsy/
LLMSR/tree/main/11lmsr
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we keep it fixed and sweep k again for CoT Pars-
ing & Verification (CP) to determine its optimal
demonstration budget.

4.1 Phase 1: Selecting the Question-Parsing
Shot Count

Table 1 shows QP results with k& € {1,2,3,4}.
Macro-F; peaks at 0.7526 with 2-shot. Adding a
third or fourth example degrades performance, pre-
sumably because the longer prompt dilutes salient
patterns and pushes relevant context tokens farther
from the model’s attention window.

Shots (k) Question_Macro_F1
1 0.6707
2 0.7526
3 0.7281
4 0.7061

Table 1: Few-shot ablation for Question Parsing.

Given its clear advantage, we fix k=2 for all
subsequent QP calls. The extracted condition list
is then passed as additional context to the CP stage.

4.2 Phase 2: Tuning CoT Parsing &
Verification

After fixing the QP stage at two demonstrations,
we sweep the shot count for CoT Parsing. Table 2
shows that 3-shot strikes the best trade-off, yield-
ing the highest Statement_Macro_F1 as well as the
strongest pair-level and reasoning scores. Adding
a fourth example brings only marginal gains and
in some cases degrades performance, presumably
because the longer prompt pushes relevant tokens
farther from the model’s attention window.

CP Shots Stmtp; Stmt+Evy; Reasoningg
1 0.3066 0.0726 0.0391
2 0.1816 0.0860 0.0250
3 0.3304 0.1385 0.0782
4 0.2978 0.0976 0.0518

Table 2: CoT Parsing & Verification with 2-shot QP
fixed. “Stmt” = Statement_Macro_F1, “Stmt+Ev” =
Statement_Evidence_Macro_F1.

4.3 Final Configuration

The combination of 2-shot QP and 3-shot CP con-
stitutes our submission. This hybrid setup achieves

the highest overall macro-F; on the public leader-
board while preserving the system’s lightweight.
The results highlight two insights: (1) QP and CP
favour different demonstration budgets, and (2)
carefully tuning each stage separately beats a single
fixed prompt size.

We report our final experimental results in Ta-
ble 3, which include the Test A and Test B phase
scores on the official LLMSR@XLLM25 test sets.

Phase Questionp; Stmty; Stmt+Evg; Reasoningpy
Test A 75.26 33.04 13.85 7.82
Test B 75.33 47.26 20.17 11.64
Table 3: Macro-F1 scores on four evaluation
criteria for Test A and Test B phases. “Stmt”
= Statement_Macro_F1, “Stmt+Ev”’ = State-

ment_Evidence_Macro_F1.

5 Discussion

5.1 Key Insights from the Shared Task

The LLMSR@XLLM25 shared task offers a concrete
sandbox for controllable and transparent reason-
ing. By forcing systems to expose every condition,
align each statement with explicit evidence, and
render a step-level entailment verdict, the task goes
well beyond conventional answer-only evaluation.
Our experiments confirm three central insights:

1. Structural reasoning is promising yet non-
trivial. Even an untuned 8B model can reliably
parse conditions (§4, Phase 1), but struggles to
decompose and verify chains of thought.

2. Larger does not (yet) mean satisfactory. In-
formal leaderboard comparisons indicate that
more elaborate, resource-heavy pipelines still
fall short. The bottleneck is not extraction but
logical adjudication.

5.2 Limitations of Llama-3-8B

Meta-Llama-3-8B scores well on QP but falters
on logic: it hallucinates evidence, merely para-
phrases conditions, and mishandles negation, drag-
ging down Statement-Evidence and Reasoning F;.
These errors persist despite prompt tuning and
JSON guards, implying the bottleneck lies in the
model’s logic rather than the interface.

5.3 Future Work

Stronger verifiers. Verification may need a more
capable judge (e.g., GPT-40, Claude 3) detached
from the generator.
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Lightweight entailment modules. Training a
small, dedicated critic on synthetic entailment
pairs—a la CoT-Critic—could boost step-level
faithfulness.

Process Reward Models (PRMs). The extracted
structures are ideal supervisory signals for PRMs.
Iteratively refining the generator with PRM feed-
back may tighten the link between evidence and
statements, increasing coherence without brute-
force scaling.

5.4 Takeaway

The shared task shows that structured reasoning is
a feasible yet unsolved frontier for LLMs. Our min-
imal system serves as a proof of concept; progress
now hinges on developing (i) stronger or spe-
cialised verifiers and (ii) learning paradigms that re-
ward how a conclusion is reached, not merely what
it is. We believe these directions will be pivotal
for deploying LLMs in settings where transparency
and trustworthiness are non-negotiable.

6 Conclusion

We showed that a carefully crafted, few-shot
prompting pipeline—backed by lightweight post-
processing—can tackle the LLMSR@XLLM25 shared
task without fine-tuning or external tools, rank-
ing 5™ overall. While Meta-Llama-3-8B handles
condition extraction well, its verification accuracy
remains limited, underscoring the need for stronger
or specialised reasoners and process-level training
signals. Future work should pair stronger base mod-
els with dedicated entailment critics and reward
models that explicitly value step-by-step correct-
ness.
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