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Abstract

Large language models perform well on many
reasoning tasks, yet they often lack awareness
of whether their current knowledge or reason-
ing state is complete. In non-interactive puzzle
settings, the narrative is fixed and the underly-
ing structure is hidden; once a model forms an
early hypothesis under incomplete premises, it
can propagate that error throughout the reason-
ing process, leading to unstable conclusions. To
address this issue, we propose SABA, a reason-
ing framework that explicitly introduces self-
awareness of missing premises before making
the final decision. SABA formulates reasoning
as a recursive process that alternates between
structured state construction and obstacle res-
olution: it first applies Information Fusion to
consolidate the narrative into a verifiable base
state, and then uses Query-driven Structured
Reasoning to identify and resolve missing or
underspecified premises by turning them into
queries and progressively completing the rea-
soning state through hypothesis construction
and state refinement. Across multiple evalua-
tion metrics, SABA achieves the best perfor-
mance on all three difficulty splits of the non-
interactive Detective Puzzle benchmark, and
it also maintains leading results on multiple
public benchmarks. '

1 Introduction

Large language models have shown strong ability
in multi-step reasoning and narrative understand-
ing. In interactive settings such as social games,
agents can acquire new information through dia-
logue and revise their beliefs over time (Zhang
et al., 2024; Song et al., 2025; Wang et al., 2023a;
Zhu et al., 2025; Wu et al., 2024). In contrast,
in non-interactive puzzle settings, the narrative is
fixed and no new information can be obtained. The
model must recover the hidden truth only from

'Code is available at
science/r/SABA-B6DA

https://anonymous.4open.
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Figure 1: Overview of the SABA Framework.

a long text that contains implicit clues, missing
links, and distractors. In this regime, the main chal-
lenge is not how to ask for information, but how
to locate, align, and connect the information that
already exists in the narrative (Liu et al., 2023). A
small early mistake can remain uncorrected and
can guide all later reasoning, which often leads to
unstable and incorrect conclusions (Ji et al., 2023;
Dziri et al., 2023). Existing work on abductive and
long-context reasoning reports that current models
still struggle under this form of information asym-
metry (Del and Fishel, 2023; Pigkos et al., 2021;
Wang et al., 2024). This observation motivates the
need for a reasoning process that can correct such
early errors.

Most existing reasoning paradigms are not well
suited to this setting. Prompt-based methods such
as chain-of-thought tend to commit to an early hy-
pothesis and then expand it, even when the initial
premise is weak (Wei et al., 2022; Turpin et al.,
2023). Decomposition methods introduce inter-
mediate steps, but they often lose global coher-
ence when the narrative is long and the evidence
is scattered (Zhou et al., 2023; Khot et al., 2023).
Refinement-based methods revise an answer after
it is produced, but they often justify the same early
mistake instead of triggering a full re-evaluation,
which leads to confirmation bias (Huang et al.,
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2024; Stechly et al., 2023). These limitations sug-
gest that a reliable agent should not start from an-
swering the task, but should first examine whether
its current understanding is complete and consis-
tent (Shinn et al., 2023). This perspective shifts the
focus from direct prediction to state assessment.

Based on this view, we propose SABA, a reason-
ing framework that treats the model as a system
that audits its own knowledge state before mak-
ing a decision. As shown in Figure 1, the core
idea of SABA is to perform long-horizon reason-
ing through a recursive control loop that alternates
between structured state construction and obstacle-
driven reasoning. SABA consists of two mod-
ules. The first module is Information Fusion (IF),
which transforms the raw narrative into a structured
and verified baseline by aligning events with at-
tributes and by annotating logical consistency. This
step reduces dispersion, weak signals, and hidden
relations in the text. The second module is Query-
driven Structured Reasoning (QSR), which treats
missing or unclear premises as explicit obstacles.
These obstacles are converted into queries and are
resolved through hypothesis construction and state
enrichment. This process continues until the state
is sufficient to support a final conclusion. This
modular structure supports both clarity and control
during inference.

This design allows the model to make missing
premises and latent causal gaps explicit, and to re-
solve them before committing to an answer. As a
result, SABA reduces logical leaps, limits unsup-
ported assumptions, and supports stable reasoning
over long narratives. The reasoning process is also
transparent, since each step updates an explicit state
and records what information was added and why.
This property supports later inspection and analysis.
We evaluate SABA on a non-interactive detective
benchmark called Detective Puzzle and on several
general reasoning benchmarks. On the most dif-
ficult split of Detective Puzzle, SABA achieves a
clear improvement over strong baselines in both
answer correctness and evidence grounding.

Overall, our contributions are as follows. First,
we focus on a form of non-interactive narrative rea-
soning where the main difficulty is truth reconstruc-
tion under information asymmetry. Second, we
propose SABA, a framework that performs aware-
ness before action through explicit state construc-
tion and obstacle resolution. Third, we introduce
an evaluation setting that measures both final cor-
rectness and evidence use, which supports a more

detailed analysis of reasoning behavior.

2 Related Work

Our work relates to three directions for improving
complex reasoning in large language models, ad-
dressing a specific under-explored failure mode:
in non-interactive long narratives, models often
commit early based on incomplete premises and
propagate this error.

2.1 The Challenge of Long-Context Narrative
Reasoning

Unlike interactive settings where agents can query
for missing information (Zhu et al., 2025; Wu et al.,
2024), non-interactive narratives present fixed, dif-
fuse evidence with distractors. This amplifies the
lost-in-the-middle effect, causing early retrieval er-
rors to compound (Dziri et al., 2023; Del and Fishel,
2023). Decomposition strategies (e.g., Least-to-
Most (Zhou et al., 2023)) reduce local difficulty
but do not ensure global coherence when clues
are interdependent and scattered. The bottleneck
is aligning dispersed evidence into a consistent,
reusable situation model. SABA addresses this via
an Information Fusion module, which consolidates
the narrative into a unified, verifiable event-centric
state before final deduction, making latent associa-
tions explicit and preventing evidence dilution.

2.2 Limitations of Post-Hoc Refinement

Methods like Self-Refine (Madaan et al., 2023) and
Reflexion (Shinn et al., 2023) iteratively refine an
initial output using self-feedback. However, such
answer-then-correct paradigms are prone to con-
firmation bias (Huang et al., 2024; Stechly et al.,
2023): subsequent steps rationalize the initial con-
clusion rather than re-audit its premises. This is
severe in non-interactive narratives where a flawed
early hypothesis dominates. SABA avoids this by
shifting refinement from the candidate answer to
the underlying knowledge state, enforcing an ex-
plicit audit for completeness and consistency be-
fore commitment.

2.3 From Unstructured Chains to Structured
State Management

Works like Chain-of-Thought (Wei et al., 2022)
and Tree-of-Thoughts (Yao et al., 2023) external-
ize reasoning traces but operate over unstructured
text, lacking explicit representation of missing or
inconsistent information. Recent advances in struc-
tured state tracking (Wang et al., 2024) suggest
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explicit state management improves reliability, yet
state completion under missing premises remains
open. SABA formalizes reasoning as iterative con-
struction and verification of a structured state. It
introduces Query-driven Structured Reasoning to
treat missing/conflicting premises as active obsta-
cles, transforming them into targeted queries for
state repair—converting narrative reasoning into a
deliberate process of filling a verified knowledge
state.

Summary. Prior work separately addresses long-
context challenges, iterative refinement, and struc-
tured traces. SABA synthesizes these into a state-
first framework that builds and audits a coher-
ent knowledge foundation before answer gener-
ation, mitigating premature commitment in non-
interactive narrative reasoning.

3 Proposed Method

The core idea of SABA is to perform long-horizon
narrative reasoning via an explicit recursive control
loop that alternates between (i) structured infor-
mation fusion and consistency annotation, and (ii)
obstacle-driven query decomposition and hypoth-
esis generation. This design explicitly represents
missing premises and latent causal gaps, thereby
reducing logical leaps and information forgetting
in standard chain-of-thought reasoning. This recur-
sive structure allows the system to repeatedly refine
its internal state, which supports stable reasoning
over long and complex narratives.

3.1 Information Fusion

Let D = {x1,...,x,} denote the raw narrative
units. The goal of Information Fusion (IF) is to
transform D into a structured and verified base-
line state for subsequent reasoning. IF explicitly
organizes and annotates narrative evidence to coun-
teract dispersion, weak signaling, and implicit rela-
tions in long texts, which otherwise hinder reliable
retrieval and reuse. This transformation ensures
that later reasoning stages operate on an explicit
and stable representation rather than on fragmented
textual traces.

Event Alignment. We decompose D into a back-
bone sequence of core events

S={s1,..-,Sm}, €))

and a set of heterogeneous attributes

A={ai,...,ap}, )

including actions, object states, locations, and evi-
dentiary descriptors.

This decomposition separates the narrative skele-
ton (what happened and in what order) from the
descriptive details (what properties, objects, or side
conditions are involved), which are often scattered
and weakly localized in the text. The alignment
step aims to explicitly bind these descriptive at-
tributes back to the events they qualify, thereby
making implicit associations explicit and retriev-
able. This explicit binding reduces the need for
later inference steps to reconstruct such links from
memory alone. We then define an alignment map-
ping:

Dpap : A — 27, (3)

which assigns each attribute to one or more back-
bone events. This yields aligned units

d; = (Siu {a €A ’ S; € (I)map(a)})y 4)

and the aligned sequence Djjigned = {d1,--.,dm}.

Operationally, ®,,, is implemented by jointly
considering semantic relevance, temporal proxim-
ity, and entity overlap between a and s. Allowing a
multi-assignment (A — 29) ensures that attributes
that span multiple events (e.g., persistent object
states or long-term intentions) are not artificially
localized to a single point, which would otherwise
reintroduce information loss. This design choice
preserves long-range dependencies that are critical
for coherent narrative interpretation.

Consistency Check. While alignment densifies
information, it does not guarantee that the result-
ing structure is logically coherent. We therefore
perform an explicit consistency annotation step to
detect potential conflicts and uncertainties that may
later mislead the reasoning process. This step com-
plements alignment by adding a layer of logical
validation.

For each aligned unit d;, we compute a verifica-
tion comment:

bi = wvfy(div Daligned \ dz)v (5)

where ypy, checks temporal, entity-state, and
causal consistency. The result is the baseline state:

Dbase = {(dza bz) ?;1' (6)

Each comment b; serves as a localized diagnostic
signal indicating whether d; is potentially problem-
atic, underspecified, or contradictory relative to the
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Figure 2: Visualization of the IF module’s impact. The
pre-association of dispersed clues provides a verified
cognitive baseline for subsequent reasoning.

rest of the narrative. These annotations are not used
to discard information, but to mark it with explicit
uncertainty or risk, which can then be explicitly
handled by later reasoning stages instead of being
silently ignored. This approach ensures that uncer-
tainty remains visible and actionable throughout
the reasoning process.

Empirical Analysis. As illustrated in Figure 2,
standard LLMs often suffer from the “lost-in-the-
middle” effect and clue dilution within long nar-
ratives. While traditional models may identify ex-
plicit individual clues, they frequently overlook im-
plicit associations, for instance, failing to connect
the action of “going upstairs” with the presence of
“poison storage.” The IF module establishes a veri-
fied cognitive baseline by pre-associating such dis-
persed attributes. By annotating latent risks (e.g.,
“potential contact with poison”), IF ensures that
critical evidence remains highly available through-
out the reasoning trajectory, effectively preventing
the information forgetting prevalent in vanilla CoT.
This empirical observation supports the functional
role of IF in stabilizing long-horizon reasoning.

Takeaways 1. Information Fusion converts an un-
structured narrative into a dense, structured ev-
idence representation. Feature Alignment makes
implicit associations explicit and retrievable across
reasoning steps. Consistency Annotation external-
izes uncertainty and conflict, preventing silent prop-
agation of errors.

3.2 Query-driven Structured Reasoning

Given a task 7" (e.g., determining Motive, Modus
Operandi, and Final Judgment), SABA performs
recursive reasoning over the state D;. The key idea
of Query-driven Structured Reasoning (QSR) is to
explicitly expose missing premises, resolve them
via targeted queries, and incrementally enrich the
reasoning state until a logically sufficient basis for
T is reached. This process treats reasoning as a
progressive construction of support rather than as a

single inference step.

Gap Identification. Instead of directly attempt-
ing to infer 7', the model first diagnoses what is
missing. At iteration ¢, it identifies a set of reason-
ing obstacles

Q= M(paware ‘ Dy, T), @)

where each obstacle w represents a missing or un-
derspecified premise required to infer 7" from Dy.
This step ensures that reasoning failures are ad-
dressed at their source rather than after they propa-
gate.

Each obstacle is normalized as

w = (7(w),dim(w), req(w)), (8)

where 7(w) is the type (e.g., MissingLink, Am-
biguity, MotiveGap), dim(w) is the blocked task
dimension, and req(w) is the missing requirement.
This representation makes gaps in the reasoning
process explicit and manipulable. It also enables
systematic handling of different forms of incom-
pleteness.

Each obstacle wj is then decomposed into sub-
queries

Qi+ = M(pdec | wi, Dy), )

such that each ¢ € Q;; targets a specific com-
ponent of req(w;). This decomposition converts
abstract reasoning gaps into concrete information
needs that can be individually addressed. As a
result, each gap becomes a well-defined unit of
further analysis.

Hypothesis Construction.
a hypothesis is generated as

For each sub-query g,

h = M(phypo | q, Dt)a (10)

yielding H; ; = {h}. These hypotheses act as ten-
tative logical bridges that fill the detected gaps and
are later validated through consistency and interac-
tion with other evidence. They allow the system
to explore possible explanations in a controlled
manner. The reasoning state is updated as:

(11)

where Q¢ = |J,; Qi+ and H; = |J; H;+. This up-
date accumulates resolved premises while preserv-
ing the full trace of how each piece of information
was introduced. Such traceability supports both
transparency and later error analysis.

Diy1 =Dy UQ U Hy,
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Figure 3: Visualization of the QSR module’s impact:
How query decomposition resolves logical obstacles
and identifies hidden evidence.

The recursion terminates when either ; = 0
(logical closure) or a maximum depth tp.x i
reached. The final conclusion is synthesized as

y = M(psyn | D, T). (12)
This termination rule ensures that the process is
both complete and computationally bounded.

Empirical Analysis. As shown in Figure 3, tradi-
tional CoT often incurs “logical leaps”, leading to
premature accusations based on superficial proxim-
ity. In contrast, QSR treats the absence of a causal
link as a formal reasoning obstacle. Through recur-
sive decomposition, it generates heuristic hypothe-
ses (H) that successfully uncover the deep-seated
motivation behind specific actions (e.g., “protect-
ing Lin Xiaowan”). This behavior illustrates how
QSR reduces unsupported inference while increas-
ing causal depth.

Takeaways 2. QSR reframes reasoning as itera-
tive gap detection and resolution rather than direct
deduction. Obstacle decomposition converts ab-
stract missing premises into concrete, answerable
queries. Recursive enrichment yields a transparent
and logically grounded reasoning trajectory.

3.3 Workflow of SABA

Algorithm 1 summarizes the complete SABA rea-
soning procedure. Given a raw narrative D and a
target task 7', the algorithm first constructs a struc-
tured and verified baseline via Information Fusion
(Phase 1), and then iteratively refines this baseline
via Query-driven Structured Reasoning (Phase 2).
To optimize efficiency, an adaptive gating mecha-
nism is employed between phases: the system eval-
uates the density of logical Conflicts (alignment
contradictions) and Doubts (missing causal links)
within Dpygg.. If both indicators fall below prede-
fined thresholds, the iterative loop is bypassed in
favor of immediate synthesis, preventing redundant
computation on straightforward tasks.The core idea

is to treat reasoning as progressive state comple-
tion: instead of directly inferring the answer, the
model incrementally constructs the set of premises
required to support a valid conclusion.

Specifically, the algorithm alternates between (i)
diagnosing missing premises (obstacles), (ii) de-
composing them into concrete queries, and (iii)
generating hypotheses that fill these gaps. This
loop continues until no critical obstacles remain or
a maximum recursion depth is reached, at which
point final synthesis is performed. This iterative
structure ensures that reasoning proceeds in a con-
trolled and verifiable manner.

Algorithm 1 SABA Recursive Reasoning

Require: Raw narrative D, Task T, Max depth ¢4z,
Thresholds x, y

Ensure: Final conclusion y

: {Phase 1: Information Fusion (IF)}

¢ Datigned  M(paiign | D) {Feature Alignment}

: Dbase <~ {(dz,M(pvfy ‘ dz)) | dz E Daligned}

C,D < Extract Metrics(Dpqase) {Conflicts and

Doubts}

AW

5:

6: {Adaptive Gating}

7: if |C| < z and |D| < y then
8:  goto Final Synthesis

9: end if

0

1

: {Phase 2: Query-driven Structured Reasoning
(QSR)}

12: Do — Dbase7t 0

13: while t < ty,q, do

14: Q4 + M(paware | Di,T) {Obstacle Identifica-

tion}
15:  if Q; = () then
16: break {Logical Closure}
17: end if

18: Qt7 Hy + ®7 ]
19: for each obstacle w; € ; do

20: Qit — M(paec | wi, Dt) {Query Decomposi-
tion}

21: H; i+ {M(DPhrypo | ¢, Dt) | Vq € Qi } {Hy-
pothesis Generation }

22 Qt +— Q:UQi, H < H UH; 4

23: end for

24:  Dyy1 + Dy U{Qq, Hi} {State Enrichment}
25: t+—t+1
26: end while

28: {Final Synthesis}
29: y < M(psyn | D¢, T) {Final Deduction}
30: return y

At each iteration ¢, the model logs the state
ﬁt = (QtaQtaHtth)a (13)

which explicitly records what was missing, what
was queried, what was hypothesized, and how the
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Table 1: Benchmark statistics.

Category Level Samples Avg. Length
Easy 5 1050 words
Detective Puzzle Medium 15 1150 words
Complex 11 950 words
General HotpotQA, StrategyQA, Big-Bench Hard

reasoning state evolved. This trace enables post-
hoc inspection, error analysis, and verification of
logical consistency. It also supports reproducibility
by making the reasoning path observable.

Overall, the workflow ensures that information is
introduced only when required to resolve a specific
obstacle, which limits unnecessary speculation and
constrains the propagation of unsupported assump-
tions. By transforming implicit chains of thought
into explicit state transitions, SABA produces a
transparent and auditable reasoning process. This
design improves both reliability and interpretability
in long-horizon narrative reasoning.

4 Experiments

4.1 Experimental Setup

Benchmarks. To evaluate SABA under varying
degrees of information asymmetry, we adopt a com-
plementary set of reasoning benchmarks. Dataset
statistics are summarized in Table 1.

(1) Detective Puzzle (DP). Our primary bench-
mark for non-interactive endogenous truth recon-
struction. It contains 31 cases with three difficulty
levels: Easy (direct inference), Medium (multi-step
causality), and Complex (implicit clues with red
herrings). In our collection, 28 cases are sourced
from the “5-Minute Mystery” platform, and the re-
maining 3 cases are adapted from classic detective
novels.

(2) Multi-hop Reasoning. We include Hot-
potQA (Yang et al., 2018) to test evidence inte-
gration across disconnected passages, and Strate-
gyQA (Gevaetal., 2021) to assess bridging implicit
commonsense gaps.

(3) Big-Bench Hard (BBH). We report the av-
erage accuracy over 23 challenging tasks from
BBH (Suzgun et al., 2022) to verify whether SABA
generalizes beyond detective-style deduction.

Evaluation Metrics. We evaluate whether a
model reconstructs the truth via a coherent eviden-
tiary chain rather than relying on superficial cues.
For DP, we report both correctness and evidence-

grounding metrics; for general benchmarks, we
follow standard protocols. Specifically, for DP we
report Suspect Accuracy (SA) for perpetrator iden-
tification, along with Motive Recall (R-M), Modus
Operandi Recall (R-O), and Clue Coverage Rate
(CCR). CCR measures the breadth of critical clue
exploration.

To measure evidence grounding for motive and
modus operandi, we compute semantic recall via
atomic semantic matching: we decompose both
prediction and reference into atomic propositions,
compute embedding similarity, and apply greedy
one-to-one matching with threshold 7 = 0.5.

For general benchmarks, we follow standard pro-
tocols. For HotpotQA, we report Answer EM (Ans)
and Supporting Facts F1 (SF). For StrategyQA and
BBH, we report accuracy.

Baselines. We compare SABA against three cat-
egories of prompting paradigms.

(1) Basic Reasoning: Direct prompting, Chain-
of-Thought (CoT) (Wei et al., 2022), and Self-
Consistency (SC) (Wang et al., 2023b).

(2) Decomposition and Planning: SELF-
DISCOVER (Zhou et al., 2024), and Graph-of-
Thought (GoT) (Besta et al., 2024).

(3) Iterative Optimization: Self-Refine (Madaan
et al., 2023), CRITIC (Gou et al., 2024), and
S2R (Ma et al., 2025).

Implementation Details. We implement SABA
using DeepSeek-V3 and Gemini-1.5-Flash as back-
bone models. To improve reproducibility and re-
duce decoding randomness, we set the decoding
temperature to 0.0 for all experiments and use de-
fault API settings for other parameters. For se-
mantic similarity computation, we use all-MiniLM-
L6-v2 (Reimers and Gurevych, 2019). Unless oth-
erwise specified, all performance metrics are re-
ported as mean + standard deviation over three
independent runs under identical experimental set-
tings, while the normalized inference cost 7' is re-
ported as the average relative cost across the same
three runs, with Direct set to 1.0.

4.2 Experimental Results

Comprehensive evaluation results are detailed in
Table 2 for DeepSeek-V3 and in Appendix A.1 (Ta-
ble 5) for Gemini-1.5-Flash. Across both models,
SABA consistently achieves the strongest overall
performance among compared methods, particu-
larly on long-context complex reasoning tasks.
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Table 2: Main results of DeepSeek-V3 across DP and general benchmarks. For DP, each cell reports results for
three difficulty levels (Easy / Medium / Complex) from top to bottom. All reported results, except the normalized
inference cost 7', are shown as mean = standard deviation over three independent runs. HQA denotes HotpotQA,
SQA denotes StrategyQA. All results are shown in % except for T'.

Method DP

HQA SQA BBH

SA R-M R-O

CCR

Ans SF Acc Acc

65.2+0.5
48.1£0.8
40.7£0.9

65.0+0.7
64.3+0.8
59.4+£1.0

60.5+0.8
58.0+£0.9
58.9£1.0

Direct

71.0£0.7
62.5+0.9
58.7£1.0

62.4+0.5 52.3£0.6 | 82.0£04 | 78.7£0.5 | 1.0

68.1£0.7
58.6£1.0
45.4+£1.1

77.5£0.9
64.9+£1.0
61.0£1.1

65.1£0.9
62.0£1.0
59.7£1.1

CoT

75.9£0.8
72.2£1.0
61.9+1.2

68.4+0.7 60.3+0.7 | 87.6£0.5 | 86.0£0.6 | 2.5

70.9£1.0
65.5£1.2
55.6£1.3

66.9+1.1
66.7£1.2
62.0+1.4

68.5£1.2
65.0£1.2
61.4+1.4

Self-Refine

80.3+1.0
76.4+1.2
65.5£1.5

68.6+0.8 59.0+0.9 | 88.5+0.7 | 87.3£0.8 | 6.3

72.0£1.2
70.3£1.3
62.7£1.5

68.8+1.2
64.6t1.4
62.1£1.5

69.2+1.3
66.4+1.4
62.3£1.6

SC(k=5)

81.5+1.2
79.9+1.3
71.3£1.6

72.0£09 62.4£1.0 | 90.1£0.8 | 89.6£0.9 | 12.0

77.5£1.0
73.6%£1.1
66.4+1.3

67.9+1.1
65.6+1.2
64.6+1.3

70.8£1.1
68.5£1.2
63.5£1.4

CRITIC

88.6+1.0
87.6£1.1
73.6£1.4

74.0+£0.8 68.7£0.9 | 90.4£0.7 | 88.0£0.8 | 29.3

79.3+1.1
76.3£1.2
68.4+1.4

70.8£1.0
66.5+1.3
63.7£1.4

76.3£1.3
72.2+1.4
67.2+1.6

SR

89.7+1.1
88.0+1.3
77.1£1.4

73.4+0.8 68.7£09 | 91.7£0.7 | 90.7£0.8 | 18.4

81.0+1.0
75.1£1.2
68.8+1.3

72.3£1.1
68.4+1.2
64.2+1.4

78.5£1.1
69.9+1.3
65.3£1.4

SELF-DISC.

87.1+1.0
86.9+1.1
75.6+£1.4

75.6£0.7 68.3£0.9 | 92.5£0.7 | 91.0+0.8 | 5.0

84.1+1.2
77.0£1.4
69.8+1.6

78.6+1.3
79.9+1.4
69.8+1.2

82.2+1.1
72.1£1.2
66.9+1.7

GoT

90.5+1.2
87.9+14
77.3+1.7

78.0+£0.8 73.2£1.0 | 91.7£0.8 | 90.7£0.9 | 35.7

85.7+£0.7
83.2+1.1
79.3+1.2

84.3+0.9
74.91+0.7
73.41+0.8

85.8+1.3
73.51+0.6
72.7+£1.4

SABA

93.8+0.6
92.24+0.9
83.3+0.6

78.6+£0.7 73.5+0.8 | 94.4+04 | 93.2+0.5 | 9.2

Performance on Detective Puzzle Benchmarks.
On DeepSeek-V3, SABA achieves SA scores of
85.7 £ 0.7, 83.2 =+ 1.1, and 79.3 = 1.2 on the
Easy, Medium, and Complex splits, respectively.
The largest gain is observed on the Complex split,
where SABA improves SA from 69.8 £ 1.6 (the
strongest baseline, GoT) to 79.3 £ 1.2, yielding a
gain of 9.5 percentage points. Meanwhile, SABA
also achieves the strongest evidence-grounding per-
formance on Complex, reaching CCR 83.3 £ 0.6
(vs. 77.1 &+ 1.4 for S?R and 77.3 + 1.7 for GoT),
R-M 73.4 + 0.8 (vs. 69.8 + 1.2 for GoT), and
R-072.7 + 1.4 (vs. 67.2 £ 1.6 for S?R), indicat-
ing more thorough exploration of critical clues and
more faithful reconstruction of motive and modus

operandi under implicit gaps and red herrings.

In contrast, as task difficulty increases, linear
prompting strategies such as CoT exhibit weaker
evidence coverage on Complex (CCR 61.9+1.2).
Optimization-based methods such as Self-Refine
improve SA on Complex (55.6+1.3) but remain
limited in evidence grounding (CCR 65.5+1.5),
suggesting that iterative refinement may still over-
look missing premises when the narrative contains
strong distractors. Results on Gemini-1.5-Flash
(Table 5) show a similar trend, demonstrating ro-
bustness across models of varying scales.

Generalization Across General Reasoning
Benchmarks. To verify that SABA’s advantage
stems from general reasoning principles, we eval-
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Table 3: Controlled ablation on DeepSeek-V3. Results are reported as mean + standard deviation over three

independent runs (%).

Variant DP-Complex (SA) DP-Complex (CCR) StrategyQA HQA (Ans) HQA (SF) BBH
SABA (Full) 79.3+1.2 83.3+0.6 94.44-0.4 78.6+0.7  73.54+0.8 93.24+0.5
w/o IF 69.8+£1.1 70.7£0.9 82.24+0.6 70.7£0.6  63.7+1.0 87.4%0.7
Self-assessment-only 65.84+1.3 65.9+1.1 79.140.8 67.14£0.8  59.8+1.1 82.5+09
w/o Awareness 61.7£1.5 622+1.2 76.7£0.9 62.8+1.0 56.54+1.1 78.7+£1.0
uated it on mainstream benchmarks. As shown  pare four settings: (1) SABA (Full), which keeps

in Table 2 (right), SABA improves HotpotQA An-
swer EM to 78.610.7 and Supporting Facts F1 to
73.510.8, slightly surpassing the strongest base-
line GoT (78.0£0.8 / 73.2+1.0). On StrategyQA
and BBH, SABA achieves accuracies of 94.4+0.4
and 93.240.5, respectively, maintaining a clear
lead over the strongest baselines. These results are
consistent with the view that explicitly identifying
and resolving missing premises can benefit both
long-context narrative reasoning and multi-hop rea-
soning settings.

Inference Efficiency Analysis. As shown in Ta-
ble 2, SABA achieves a normalized inference cost
of T' = 9.2, compared with T' = 12.0 for SC
and T' = 35.7 for GoT. This means that SABA
reduces inference cost by 23.3% relative to SC
and by 74.2% relative to GoT, while still deliver-
ing consistently stronger reasoning performance.
These results suggest that SABA allocates addi-
tional computation in a more targeted and effective
manner rather than uniformly increasing overhead,
thanks to its adaptive mechanism and caching strat-
egy. In particular, the substantial gap from GoT
indicates that SABA avoids the heavy cost often
associated with more complex structured reasoning
pipelines, while preserving the benefits of deeper
causal analysis. Combined with the clear gains
in SA and evidence-grounding metrics (R-M/R-
O/CCR), the results show that the extra computa-
tion is effectively used to improve causal resolution
and logical consistency, yielding a favorable trade-
off between reasoning quality and inference cost
for long-context complex reasoning tasks.

Controlled Ablation Analysis. To identify
which component is responsible for SABA’s overall
gain, we conduct controlled ablations on DeepSeek-
V3 and evaluate all variants on DP-Complex, Strat-
egyQA, HQA, and BBH. For evaluation, we use
SA and CCR on DP-Complex, Accuracy on Strate-
gyQA and BBH, and Ans and SF on HQA. We com-

the complete framework and serves as the reference
model; (2) w/o IF, which removes Information Fu-
sion while retaining awareness and the reasoning
loop, and is used to examine the contribution of
consolidating scattered evidence into a grounded
intermediate state; (3) Self-assessment-only, which
preserves gap identification but removes grounded
state construction and controlled completion, and
is used to test whether self-assessment alone is
sufficient; and (4) w/o Awareness, which further
disables awareness-driven obstacle identification,
and is used to examine the role of explicit obsta-
cle diagnosis in preventing premature commitment
under incomplete evidence.

As shown in Table 3, performance degrades con-
sistently as more structure is removed, and the
relative decline clearly reflects the role of each
module. Removing Information Fusion already
causes a clear drop, with DP-Complex SA decreas-
ing from 79.3£1.2 to 69.8+1.1, corresponding to
a relative decline of 12.0%, and CCR decreasing
from 83.31+0.6 to 70.7+0.9, corresponding to a rel-
ative decline of 15.1%. This suggests that SABA
benefits from first consolidating scattered clues into
a grounded intermediate state before further rea-
soning. When the framework is reduced to Self-
assessment-only, performance drops further, indi-
cating that gap awareness alone is not sufficient
unless it is paired with grounded state construction
and controlled completion. The largest degradation
appears in w/o Awareness, where DP-Complex SA
falls from 79.3+1.2 to 61.7%1.5, corresponding to
a relative decline of 22.2%, and StrategyQA falls
from 94.4+0.4 to 76.7£0.9, corresponding to a rel-
ative decline of 18.8%. This suggests that explicit
obstacle identification is the key mechanism for pre-
venting premature commitment under incomplete
evidence. Overall, the results show that SABA
works best when awareness, evidence consolida-
tion, and controlled reasoning-state completion op-
erate together, rather than in isolation. To further
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Table 4: SABA performance with Llama-3.1-70B on
DP benchmarks.

Level SA R-M R-O CCR

Easy 82.5+1.2 673+0.8 73.8+1.5 84.5%15
Medium  73.3+13 69.8+1.1 67.4+£0.8 80.6%+1.3
Complex 68.1£0.8 68.9+09 63.2+1.6 75.8%1.8

assess the reliability of hypothesis bridging in QSR,
we provide an additional analysis in Appendix A.2,
including the proportions of unsupported, flagged,
and subsequently corrected hypotheses.

Model Generality and Dependence. To evaluate
SABA'’s robustness across different architectures,
we conducted an additional study using Llama-3.1-
70B. As shown in Table 4, SABA delivers stable
performance across all difficulty levels, achieving a
CCR of 84.5 4+ 1.5 on Easy, 80.6 1.3 on Medium,
and 75.8 £ 1.8 on Complex. These results indi-
cate that the framework maintains relatively stable
evidence-grounding ability even when instantiated
on a backbone different from DeepSeek-V3.

At the same time, the absolute performance re-
mains lower than that of DeepSeek-V3, especially
on the more challenging Complex split. This sug-
gests that the effectiveness of SABA is still influ-
enced by the underlying model’s base reasoning
capacity. In other words, SABA does not eliminate
backbone differences, but provides a structured
reasoning process that can be transferred across
architectures and continue to function effectively
under different model families.

Overall, the Llama-3.1-70B results provide ad-
ditional evidence that SABA is not tied to a single
backbone. Its gains do not appear to come solely
from a particular model-specific prompting effect;
rather, the framework itself contributes a portable
reasoning structure that remains effective across
architectures. Meanwhile, the remaining perfor-
mance gap also indicates that stronger backbone
competence can further improve the quality of ob-
stacle identification, evidence integration, and final
decision making within the same framework.

5 Conclusions and Limitations

In this paper, we introduced SABA, a reasoning
paradigm based on the Self-Awareness Before Ac-
tion principle that decouples cognitive assessment
from answer generation and frames deduction as
an iterative process of gap identification and reso-
Iution. This design treats reasoning as a controlled

and stepwise process and aims to improve stability
and reliability in complex tasks.

However, our study has several limitations. First,
SABA depends on the self-evaluation ability of the
backbone model, which can limit obstacle detec-
tion quality for smaller models. Second, its recur-
sive process introduces higher latency, which may
affect real-time use and practical deployment. Ad-
ditionally, the framework relies on the IF module
for structured input processing, and a fully end-to-
end extraction of clues remains an open problem
that is important for future improvement.

In future work, the integration of Retrieval-
Augmented Generation (RAG) could further im-
prove factual grounding and reliability by provid-
ing external support for evidence and reducing
residual errors caused by missing knowledge.
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A Additional Experimental Results and
Analyses

A.1 Additional Results on Gemini-1.5-Flash

To complement the main results on DeepSeek-V3,
we further evaluate SABA on Gemini-1.5-Flash
using the same benchmark suite and evaluation
protocol. Specifically, we report SA, R-M, R-O,
and CCR on Detective Puzzle (DP), Answer EM
and Supporting Facts F1 on HotpotQA (HQA), and
accuracy on StrategyQA (SQA) and BBH. Follow-
ing the revised experimental setting in the main
paper, all reported results, except the normalized
inference cost T, are shown as mean =+ standard
deviation over three independent runs.

As a supplementary backbone study, Table 5
reports the results of Gemini-1.5-Flash under the
same benchmark suite and evaluation protocol as
the main DeepSeek-V3 experiments. We evaluate
all methods on the three difficulty splits of Detec-
tive Puzzle, namely Easy, Medium, and Complex,
as well as on the general reasoning benchmarks
HotpotQA, StrategyQA, and BBH. For DP, we re-
port SA, R-M, R-0O, and CCR; for HQA, we report
Answer EM and Supporting Facts F1; and for SQA
and BBH, we report accuracy. All reported re-
sults, except the normalized inference cost 7', are
shown as mean = standard deviation over three in-
dependent runs, while 7' is reported as the average

relative cost across the same three runs with Direct
set to 1.0.

The overall trend remains consistent with the
main results: SABA achieves the strongest perfor-
mance across all three DP difficulty levels as well
as the general reasoning benchmarks, showing that
its gains are not tied to a single backbone. On the
most challenging DP-Complex split, SABA attains
an SA of 68.8 (+1.1) and a CCR of 75.7 (£1.5),
outperforming the strongest baselines, where S?R
achieves the highest baseline SA of 67.5 (+1.1)
and GoT achieves the highest baseline CCR of 65.1
(£1.6). SABA also delivers the best results on
HQA, with an Ans score of 70.3 (£0.8) and an SF
score of 63.0 (£0.9), while further achieving the
top performance on StrategyQA, with an accuracy
of 87.4 (+0.7), and on BBH, with an accuracy of
86.1 (£0.9). These results suggest that although the
absolute performance of Gemini-1.5-Flash remains
below that of DeepSeek-V3, the relative advantage
of SABA is preserved across both easy-to-complex
detective reasoning and broader reasoning bench-
marks, supporting the cross-backbone generality of
the framework.

A.2 Reliability Analysis of QSR-generated
Hypotheses

Table 6: Reliability analysis of QSR-generated hypothe-
ses (%).

Dataset Unsupported Flagged Correction (within flagged)

DP-Complex 22 27 60
HQA 24 22 56
StrategyQA 31 16 41
BBH 27 20 49

To further assess the reliability of hypothesis bridg-
ing in QSR, we analyze intermediate hypotheses
using the per-round logs recorded during inference.
For each dataset, we report three statistics: Unsup-
ported, the proportion of hypotheses that are not
directly supported by evidence; Flagged, the pro-
portion of hypotheses marked by the framework as
conflicting or weakly supported; and Correction
(within flagged), the proportion of flagged hypothe-
ses that are revised or corrected in subsequent iter-
ations. Note that Unsupported and Flagged may
overlap, while Correction is computed only within
the flagged subset.

As shown in Table 6, unsupported hypotheses are
not rare in QSR, indicating that hypothesis bridging
is not risk-free if left unchecked. However, these

16161


https://arxiv.org/abs/2305.10601
https://arxiv.org/abs/2305.10601
https://arxiv.org/abs/2310.02124
https://arxiv.org/abs/2310.02124
https://arxiv.org/abs/2310.02124
https://openreview.net/forum?id=WZH7099tgfM
https://openreview.net/forum?id=WZH7099tgfM
https://arxiv.org/abs/2402.03620
https://arxiv.org/abs/2402.03620
https://arxiv.org/abs/2404.17662
https://arxiv.org/abs/2404.17662
https://arxiv.org/abs/2404.17662

Table 5: Main results of Gemini-1.5-Flash across the three Detective Puzzle difficulty levels and general reasoning
benchmarks. For DP, each cell reports results for Easy, Medium, and Complex from top to bottom. All reported
results, except the normalized inference cost 7', are shown as mean =+ standard deviation over three independent
runs. HQA denotes HotpotQA, SQA denotes StrategyQA. All results are shown in % except for 7.

Method DP

HQA SQA BBH

SA R-M R-O

CCR

Ans SF Acc Acc

40.1£0.8
35.6+0.9
32.3+0.9

47.1£1.1
453+1.2
38.0+1.4

48.2+0.9
44.5+1.1
424412

Direct

45.3+1.2
35.1+14
324%15

522408 423£09 | 72.1£0.7 | 68.7£0.8 | 1.0

42.8£0.7
38.0+1.0
35.7+1.2

52.0+0.9
45.9+£1.1
44.8£1.2

51.3£1.0
48.0£1.1
40.7£1.3

CoT

49.5£1.0
48.1£1.1
35.5+14

58.3+0.8 48.2+09 | 78.3£0.8 | 75.0£09 | 2.4

41.8£0.9
38.5+1.0
32.7+1.3

50.5£1.0
48.2+1.1
45.4+£13

50.1£1.1
44.0£1.2
43.2+14

Self-Refine

52.0+£1.2
42.4+£13
38.2+1.5

55.0+£0.9 46.7£1.0 | 79.1£0.8 | 76.3£09 | 6.2

51.9+0.7
51.2+1.2
42.5+1.4

48.3£1.0
45.1£1.1
42.7+£1.3

50.6£1.0
45.0£1.2
42.4+1.4

SC(k=5)

65.1£1.2
58.7£1.3
45.2+1.6

60.4+£09 499£1.0 | 82.4£0.8 | 79.5£09 | 12.1

58.0£1.0
52.5+1.1
49.9+£1.3

524+£1.0
48.2+1.1
55.1£1.3

65.0+1.1
52.3+1.2
48.5+1.4

CRITIC

72.4+1.1
67.9+1.2
60.4+1.5

62.1£09 554£1.0 | 68.1£0.8 | 62.4£09 | 29.2

65.7+1.1
61.8£1.2
67.5+1.1

58.0£1.0
55.7+£1.1
61.8+1.3

67.5£1.1
59.8£1.2
55.7£1.5

SR

74.8£1.2
72.7£1.3
64.9+1.5

62.7£0.9 549+1.0 | 83.1£0.8 | 81.5£0.9 | 18.5

63.0£0.9
59.9+0.8
56.7£1.2

56.7£1.0
51.8+£1.1
58.5+1.3

69.0£1.1
63.1£1.3
51.8+1.4

SELF-DISC.

74.5£1.2
69.8+1.2
62.8+1.5

65.0+0.8 57.7+£0.9 | 85.0+0.8 | 83.4£0.9 | 4.8

67.1£0.9
64.0£1.0
61.0£1.2

58.9+£1.1
56.4+1.2
62.1+1.4

70.6£1.2
62.1+1.1
58.5£1.5

GoT

78.1£1.1
75.5£1.3
65.1£1.6

68.5£09 609£1.0 | 84.4+£0.8 | 82.7£0.9 | 35.5

74.3£0.8
72.24+1.0
68.8+1.1

65.0£0.9
68.8+1.0
72.1+1.3

72.7+£1.1
64.9+1.2
62.4+1.4

SABA

85.4+1.0
82.9+1.1
75.7£1.5

70.3£0.8 63.0+0.9 | 87.4+0.7 | 86.1+0.9 | 9.8

hypotheses are not propagated to the final conclu-
sion without constraints. On DP-Complex, 22% of
hypotheses are unsupported and 27% are flagged,
while 60% of the flagged cases are corrected in
later iterations; a similar pattern is observed on
HQA, where 56% of flagged hypotheses are cor-
rected. This shows that once risky intermediate
bridges are surfaced, later rounds often revise them
rather than letting them pass unchanged. On Strat-
egyQA and BBH, the correction rates are lower
(41% and 49%, respectively), but the framework
still identifies and tracks a non-trivial portion of
potentially risky hypotheses through explicit flag-
ging. Overall, these results suggest that hypotheses
in QSR are not treated as facts, but as auditable in-

termediate state items that remain subject to IF con-
sistency marking, obstacle-driven reasoning, and
per-round log auditing. In this sense, QSR miti-
gates hallucination risk not by avoiding hypothesis
generation altogether, but by keeping unsupported
bridges reviewable and partially correctable before
final synthesis.
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