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Abstract

In-context learning (ICL) for multi-hop ques-
tion answering (MHQA) depends critically on
the choice of demonstrations. Yet most exist-
ing methods prioritize semantic similarity, even
though semantically similar examples may fol-
low different reasoning paths and therefore be
poor demonstrations for the target query. We
present STRIDE (STructural Reasoning for In-
context Demonstration Extraction), a structure-
centric framework for multi-hop QA. STRIDE
first infers the latent reasoning structure of a
query. It then performs positive—contrastive
structural routing, selecting structurally com-
patible demonstrations as positives and seman-
tically plausible but structurally mismatched
examples as contrastives. Finally, it constructs
structural prompts that expose compact, role-
consistent reasoning traces over supporting ev-
idence. Together, it turns demonstration re-
trieval from semantic matching into structure-
aware problem-solving guidance. Empirical re-
sults show that STRIDE consistently improves
downstream QA performance across settings.

1 Introduction

Large language models (LLMs) have shown re-
markable capacity for complex tasks through
in-context learning (ICL), where a handful of
demonstrations can steer the model toward task-
appropriate reasoning (Dong et al., 2022; Chen
et al., 2023; Luo et al., 2024b; Mao et al., 2024;
Schoch and Ji, 2025). This paradigm has proven
particularly effective for question answering, yet its
reliability degrades sharply as tasks require multi-
hop reasoning across multiple documents (Zhu
et al., 2024; Yu et al., 2025; Wu et al., 2025; Xi-
ang et al., 2026). In such settings, solving a query
demands not only identifying relevant information,
but also composing intermediate steps into a coher-
ent reasoning structure (Press et al., 2023; Biran
et al., 2024). This makes the choice of in-context

Target Query:

Which university was founded earlier, the university attended by Amazon
founder Jeff Bezos, or the university attended by Mark Zuckerberg, who co-
founded Facebook?

Reasoning Steps:

role resolution — bridge-entity lookup — attribute lookup — comparison —
answer selection

Semantically Similar Demo: Which company was founded earlier,
Amazon founded by Jeff Bezos, who attended Princeton University,
or Facebook co-founded by Mark Zuckerberg, who attended Harvard |
JnNiversitygAmazon; Similarity: 0.902 ‘\
Mismatched Reasoning Steps: ’ N
entity extraction — attribute lookup — comparison — answer
selection

Structurally Aligned Demo: Which university was founded earlier,
the university attended by Walmart founder Sam Walton or the
university attended by Nike co-founder Phil Knight? University of

Missour: Similarity: 0.609 °
Matched Reasoning Steps: ’

role resolution — bridge-entity lookup — attribute lookup —
comparison — answer selection

Figure 1: Motivating example showing the gap be-
tween semantic similarity and reasoning compatibil-
ity. The grey panel presents the target query and its
required reasoning structure. The red panel shows
a semantically similar demonstration that induces a
mismatched reasoning structure, whereas the green
panel shows a less semantically similar but structurally
aligned demonstration. Semantic similarity scores are
computed on Huggingface (Wolf et al., 2020) using
all-MinilLM-L6-v2 (Reimers and Gurevych, 2019).

demonstrations one of the critical variables: seem-
ingly plausible examples can lead to sharply dif-
ferent outcomes when they fail to match the rea-
soning demands of the query (Bhope et al., 2025;
Schoch and Ji, 2025). Despite substantial progress,
it remains unclear what makes in-context demon-
strations effective for tasks that require structured,
multi-step reasoning.

This has motivated a growing body of work on
demonstration retrieval, which seeks to improve in-
context learning by selecting the most useful exam-
ples from a candidate pool for a target query (Liu
et al., 2022; Luo et al., 2024b). Existing retrieval-
based approaches have explored a range of selec-
tion signals, including semantic similarity, diver-
sity, coverage, and model preference (Wang et al.,
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Figure 2: Overview of STRIDE. Query Structure Inference learns a query-side structural signature from decomposi-
tion traces during training and infers z, from the query alone at test time. Reasoning Role Routing assigns candidate
demonstrations into positive and contrastive roles according to structural compatibility and semantic plausibility.
Structural Prompt Construction converts the routed demonstrations into role-aware prompts for a frozen language

model.

2024b,a; Kweon et al., 2025; Zhang et al., 2025).
Among these, semantic matching remains a com-
mon and influential paradigm, often implemented
by encoding the query and candidate demonstra-
tions with sentence or dense retrievers and ranking
them by embedding similarity (Purohit et al., 2025;
Wang et al., 2026). This line of work rests on the
intuitive premise that examples closer to the target
query should provide the most useful guidance. Yet
for tasks that require structured, multi-step reason-
ing, semantic relatedness is often an incomplete
signal (Yang et al., 2018; Ho et al., 2020; Trivedi
etal., 2021). As illustrated in Figure 1, questions
that appear similar on the surface may still differ
in reasoning depth, intermediate inference steps,
or patterns of evidence composition. As a result,
seemingly relevant demonstrations can provide the
wrong reasoning signal and may even impair down-
stream performance. The challenge, therefore, is
not simply to retrieve relevant examples, but to re-
trieve demonstrations whose reasoning structure is
compatible with the demands of the query.
Building on this observation, we argue that ef-
fective demonstrations for multi-hop question an-
swering should match the latent reasoning structure
of the target query, not merely its surface seman-
tics. To pursue this idea, we propose STRIDE, a
structure-aware framework for in-context demon-
stration extraction. As illustrated in Figure 2, it
first performs query structure inference, where a
trainable query encoder learns to infer latent struc-
tural signatures from questions alone by aligning

them with normalized decomposition traces avail-
able during training. These traces provide a data-
driven view of the reasoning process while abstract-
ing away surface entities. Auxiliary probes such as
hop count, answer type, and coarse operation pat-
terns further stabilize training and make the learned
structural space interpretable.

STRIDE then performs reasoning role routing.
Instead of returning an undifferentiated top-k list,
it assigns candidate demonstrations into instruc-
tional roles. Structurally compatible examples are
selected as positive demonstrations, while seman-
tically plausible but structurally mismatched ex-
amples are selected as contrastive demonstrations.
Finally, structural prompt construction converts
the routed demonstrations into compact role traces:
positive examples expose reasoning structures to
imitate, whereas contrastive examples reveal near-
miss patterns that should not be copied as solution
templates. In this way, STRIDE turns demonstra-
tion retrieval into structure-aware problem-solving
guidance. Our contributions are three-fold:

* We introduce a structural compatibility crite-
rion for selecting demonstrations for MHQA.

* We propose STRIDE, which learns query-
side structural signatures from decomposition
traces and selects role-routed demonstrations.

* We show that structural alignment, contrastive
routing, and structural prompting improve
MHQA performance over baselines.
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2 Related Works

2.1 Demonstration Selection for ICL

ICL is highly sensitive to demonstration selections,
motivating retrieval-based methods that choose ex-
amples semantically close to the input (Liu et al.,
2022). Later work learns retrievers from LM feed-
back, such as EPR (Rubin et al., 2022), UDR (Li
et al., 2023), and recent feedback-adaptive retriev-
ers (Wang et al., 2024b,a). Another line formulates
selection as subset construction, balancing rele-
vance, diversity, and interaction among demonstra-
tions through DPPs, reasoning-augmented rerank-
ing, topic coverage, correlation structure, or LLM
preference (Ye et al., 2023; Xiong et al., 2024;
Kweon et al., 2025; Du et al., 2025; Zhang et al.,
2025). STRIDE moves beyond surface similarity
by selecting demonstrations whose latent reasoning
structure matches the target query.

2.2 Structure-Aware Retrieval and Reasoning

Explicit structure can improve complex reason-
ing by modeling intermediate steps, dependencies,
or paths rather than flat text sequences. Tree-of-
Thoughts and Graph-of-Thoughts organize reason-
ing as search over structured thought states (Yao
et al., 2023; Besta et al., 2024), while IRCoT inter-
leaves partial reasoning with retrieval (Trivedi et al.,
2023). Other methods decompose questions into
reasoning trees, ground reasoning in knowledge-
graph paths, or rerank demonstrations using reason-
ing graphs (Zhang et al., 2024a; Luo et al., 2024a;
Lin et al., 2025). Although the value of structure
for reasoning has been confirmed, STRIDE differs
by learning latent structural signatures for demon-
stration selection.

2.3 Contrastive and Negative Demonstrations

Negative or contrastive examples can be used to
improve ICL by exposing models to errors or fail-
ures. Contrastive CoT provides valid and invalid
rationales to guide step-by-step reasoning (Chia
et al., 2023), while learning-from-mistakes meth-
ods use incorrect solutions or feedback to improve
reasoning (An et al., 2024). This is also prevalent
in task-specific ICL such as event causality, infor-
mation extraction, and few-shot selection (Chao
et al., 2024; Mo et al., 2024; Liang et al., 2025; Gu
et al., 2025). Instead of wrong or failed instances,
STRIDE instead derives contrastive demonstrations
from semantic near-misses that are structurally mis-
matched with the target query.

Symbol ‘ Definition

q,P Target question, candidate paragraph set.
a,a Gold, predicted answers.

7,0(T) trace, normalized trace.

D Demonstration pool.

Ty; I,j ,Zq | Routed demo set; positive, contrastive demos.
fo,he Query encoder, trace encoder.

zq; 2, 2] | Structural signature; query, trace embeddings.
55 s3™ | Structural compatibility, semantic similarity.
T Routing label, pos or con.

ol 07 Positive, contrastive role traces.

T Final structure-aware prompt.

M Frozen language model.

Table 1: Summary of the main notation defined.

3 Method

3.1 Task and Problem Formulation

We consider in-context learning for multi-hop
question answering. Each instance is denoted as
(q,P,a), where q is the question, P =
{p1,...,pm} is the set of candidate paragraphs,
and a is the gold answer. For training instances,
we additionally assume access to a decomposition
trace 7 = {si,...,sr}, where each step s; rep-
resents an intermediate sub-question or operation
required to derive the final answer.

Let D = {d;}}, be a demonstration pool,
where each element is d; = (g;, P;, ai, 7;). Given
a target instance (g, P), the goal is to select a small
subset of demonstrations Z, C D that can guide the
model toward the correct reasoning process, and
then construct a prompt 7 for a frozen language
model M to generate an answer a:

Tr =

a=M(r), m=II(q,P,I;), L=k (1)
The main objective is to choose Z, such that the
selected demonstrations are useful for solving ¢,
or more formally, have high utility. In STRIDE,
demonstration utility is modeled not only by seman-
tic similarity, but also by structural compatibility. It
therefore defines a latent structural signature z, for
each query, derived from its decomposition trace 7
during training and inferred from the query alone
at test time. This signature represents the problem-
solving structure required by ¢q. The remainder
of this section describes how STRIDE learns fy,
uses z, to route demonstrations, and constructs a
structural prompt 7. Figure 2 illustrates the overall
architecture of STRIDE and Table 1 summarizes
the main notation used throughout this section.
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3.2 Query Structure Inference

STRIDE first infers the latent problem-solving
structure of a query rather than treating it as a
semantic retrieval key. It obtains structural su-
pervision from gold decomposition traces when
available, or from pseudo-traces constructed from
dataset-provided evidence annotations otherwise.

Each trace 7; = {s1,..., s} is converted into a
normalized structural trace ¢(7;), where each step
st = (u¢, y¢) contains a sub-question or operation
u; and an intermediate answer 1. Surface enti-
ties are abstracted into placeholders, while step or-
der, cross-step references, and operation-indicative
phrases are preserved:

Ur;) =

where &; denotes dependencies between steps.
Specifically, entity mentions are replaced with in-
dexed placeholders such as (ENT}), references to
previous steps with (REF}), and intermediate an-
swers with coarse type markers such as (DATE),
(NUM), and (LOC).

The normalized trace and the query are mapped
into a shared structural space:

q_ qu@(‘]i) ST =
b Wefe(a)ll2”

[Norm(sy);...;Norm(sy); &, (2)

Wrhe(€(7:))
[Wrhg (£(7:)) ll2”
3)

zZ

where fy is the query encoder, hg is the trace
encoder, and W,, W, are projection layers. The
two encoders are trained to align each query
q; with its corresponding normalized decompo-
sition trace ¢(7;) using an in-batch contrastive
loss (Chernyavskiy et al., 2022):

str: |B|Zl

ieB

i)/7e)
27)/7e)
“)
Lightweight auxiliary probes are attached to the
query-side representation retained at inference. Let
‘R denote decomposition-derived properties. For
each probe r € R, a head C,. predicts g/ = C(z])
from the pre-normalized query representation z; =
Wqfo(q:). These probes stabilize training and im-
prove interpretability without defining the struc-

tural space:

exp(sim(z{, z
cp exp(sim(z]

str"’ auxzzﬁ

1EBreR

Lqs1 = 5 ), (5
where y; is the trace-derived label. At inference
time, only the query encoder is retained to produce

Rq = quH(Q)/HWlIfO(q)H2-

3.3 Reasoning Role Routing

The structural signature z, enables STRIDE to
route candidates into instructional roles rather than
returning an undifferentiated top-k list.

Each candidate demonstration d; is structurally
represented by applying the query encoder to its
question g;, yielding z;. A frozen semantic encoder
my, 1s used only to estimate surface relevance:

sit = sim(zg, 2), 8™ = sim(mu(q), muw(a)),

(6)
where s measures structural compatibility and
s5°™ measures semantic similarity. Given these

scores, STRIDE first selects positive demonstra-
tions that instantiate problem-solving structures
compatible with the target query:

+ _ t

7] = TopK,, [as? T+ (1- a)s?em] deD @)

where « balances structural and semantic matching.
This prevents routing from relying exclusively on
either latent structure or topical relevance.

To select contrastive demonstrations, STRIDE
forms a semantic neighborhood

Cy = TopK /[ a;eD \I;. (8)

It then chooses semantically plausible but struc-
turally mismatched near-misses:

7, = TopKy_ [ssem — fysStr] diec, 9)

where ~y penalizes structural compatibility. In this
way, contrastive demonstrations remain relevant to
the target query while being unsuitable as reasoning
templates.

The routed in-context demonstration set is Z, =
I; UIq_ , where each selected demonstration carries
a routing label r; € {pos,con}. Positive demon-
strations provide structures to imitate, whereas con-
trastive demonstrations identify semantically plau-
sible but structurally incompatible examples that
should not be copied as solution templates.

3.4 Structural Prompt Construction

The final component converts the routed demon-
strations into a prompt that makes their instruc-
tional roles explicit, moving beyond plain question—
answer exemplars toward structure-aware reason-
ing guidance.

Inspired by recent work on decomposition-based
reasoning, evidence-grounded reasoning chains,
and contrastive demonstrations (Huang et al., 2024;
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MusSi HotpotQA 2WikiQA Rank
Categories Methods uSiQue otpotQ WikiQ an
EM F1 EM F1 EM F1 A
Vanilla-QA 9.62 14.71 45.00 55.80 31.50 37.80 16
Control Random-Demo 1747 24.12 4820 58.60 33.80 39.60 14
Facets-Match 22.16 30.19 53.10 63.10 41.20 47.80 6
BM25 (Robertson and Zaragoza, 2009) | 20.47 28.81 52.36 63.27 47.83 51.46 4
Contriever (Izacard et al., 2021) 24.03 31.35 51.18 62.54 3827 42.13 6
Semantic CoIBERT-V2 (Santhanam et al., 2021) | 15.60 26.42 43.72 57.43 33.18 43.56 14
DeBERTa-V3-Large (He et al., 2023) | 15.69 26.48 46.00 58.20 34.80 42.20 12
Vanilla RAG (Lewis et al., 2020) 15.02 20.66 4231 56.17 4526 51.38 10
RAG RAPTOR (Sarthi et al., 2024) 14.05 2390 2842 42.65 29.31 39.48 16
HippoRAG (Gutiérrez et al., 2024) 29.04 38.73 57.24 72.08 63.35 7241 2
Vanilla CoT (Wei et al., 2022) 18.61 24.35 50.65 57.59 3456 40.73 11
CoT-SC (Wang et al., 2022) 2148 28.02 5646 64.05 36.30 41.07 7
ICL Complex-CoT (Fu et al., 2023) 19.86 26.75 53.42 61.36 35.74 42.18 9
Auto-CoT (Zhang et al., 2024b) 20.69 27.31 5476 62.48 36.92 43.05 8
RGER (Lin et al., 2025) 2423 3258 58.14 66.72 39.86 46.31 3
STRIDEc,3-85 (ours) ‘ 33.85 41.63 61.50 73.20 65.20 73.60 1
w/o Query Structure Inference | 28.68 36.44 56.87 67.59 4897 56.35 —9.02
w/o Reasoning Role Routing | 31.26 39.23 59.49 70.66 62.23 7041 —2.62
w/o Structural Prompt Construction | 33.29 40.57 60.86 72.14 64.06 72.03 —1.01

Table 2: Main and ablation results. Rank is computed by average performance over the six dataset metrics, excluding
ablation rows; A denotes the average drop from full STRIDE. Best and second-best scores are bolded and underlined,

respectively, excluding ablation rows.

Wu et al., 2024; Chia et al., 2023), STRIDE rep-
resents each selected demonstration as a compact
role trace rather than a plain question—answer pair.
For a positive demonstration d; € Z.", the trace ex-
poses the ordered reasoning steps, the supporting
evidence used by each step, and the final answer:

pZT" = Trace(q;, Ps, Ti, @i, 75 = POS). (10)

This format encourages the model to imitate
demonstrations whose problem-solving structure is
compatible with the target query.

For a contrastive demonstration d; € Iq_ , the
trace is rendered differently:

an

where A; summarizes the structural mismatch be-
tween d; and the target query. In practice, A; is in-
stantiated from routing signals and auxiliary struc-
tural probes, such as differences in hop count, an-
swer type, or operation pattern. Thus, contrastive

p; = Trace(q;, 7, = con, A;),

demonstrations are not treated as noise; instead,
they serve as near-miss examples that should be
recognized as structurally incompatible rather than
copied as solution templates.

Given the positive and contrastive traces, the
final prompt is constructed as

™= H(q7 ,Pqu)

- . (12)
=lprs--im s

O @5 P
where the target question and its candidate para-
graphs are placed after the routed demonstrations.
Because LLMs can be sensitive to where infor-
mation appears in the prompt (Liu et al., 2023),
STRIDE places contrastive traces before positive
traces, leaving the final demonstration block to con-
tain structures intended for imitation. A simple
theoretical view of why structural compatibility
can improve demonstration utility is presented in
Appendix D.
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Dataset Trace Source Labels Method | Hops Ans. Op.F1 Avg. | Struct.

MuSiQue  Gold traces Hop, answer type, Random | 45.69  58.63 49.28 51.16 0.249
available operation, support Semantic | 5335  66.60  62.88  60.93 | 0458

HotpotQA  Supporting facts,  reasoning type, answer STRIDE | 79.27 80.62 7851 7945 | 0915
question type type, evidence role

2WikiQA  Evidence chains, = Hop, reasoning type,

reasoning path answer type, support

Table 3: Trace supervision used for Query Structure
Inference. MuSiQue provides gold traces; HotpotQA
and 2WikiQA are converted into pseudo-traces from
dataset-provided evidence annotations.

4 Experiments

4.1 Experimental Settings

Experiments are conducted on MuSiQue (Trivedi
et al., 2021), HotpotQA (Yang et al., 2018), and
2WikiQA (Ho et al., 2020). For each dataset,
demonstrations are drawn from the training split
while the development split containing the target
queries is used for inference. More information
are available in Appendix A. Because STRIDE
learns structural signatures from trace supervision,
datasets are converted into trace-like forms accord-
ing to their available annotations. Table 3 summa-
rizes the supervision source used for each bench-
mark.

Baselines are grouped by input protocol. Con-
trols test direct answering, random demonstrations,
and discrete facet matching. Semantic retrievers
and ICL baselines use the same target context and
demonstration budget as STRIDE, but differ in how
demonstrations are selected or prompted. RAG
baselines retrieve external evidence passages rather
than in-context demonstrations, and are included to
compare STRIDE with evidence-oriented retrieval
systems. STRIDE variants ablate QSI, RRR, and
SPC by replacing structural signatures with seman-
tic signals, removing positive-contrastive routing,
or using plain demonstrations. More details are in
Appendix B.

Evaluation uses EM and token-level F1. All
methods use the same number of demonstrations
and the same frozen generator. STRIDE initializes
its query and trace encoders from DeBERTa-v3-
Large (He et al., 2023) then train according to Sec-
tion 3.2 for 10 epochs. Backbone uses Qwen3-8B
with temperature zero, with Llama-3.1-8B (Dubey
et al., 2024) and Ministral-8B (Liu et al., 2026)
used for robustness analyses. Implementation De-
tails are in Appendix C.

Table 4: Structural alignment of retrieved demonstra-
tions on MuSiQue. Hops, Ans., and Op. F1 are external
trace-label metrics computed from hop count, answer
type, and operation-pattern labels, and are not based on
the learned structural embedding. Avg. averages these
three non-embedding metrics. Struct. is reported only
as a learned-space diagnostic.

4.2 Main and Ablation Analysis

Table 2 reports the main comparison and mod-
ule ablations. STRIDE achieves the best perfor-
mance on all six metrics and ranks first overall.
Compared with the strongest non-STRIDE base-
line, HippoRAG, STRIDE improves average per-
formance by 2.69 points, indicating that structure-
aware demonstration extraction provides benefits
beyond conventional retrieval and prompting.

Semantic retrievers remain consistently below
STRIDE, showing that surface relevance alone is
insufficient for selecting useful demonstrations in
multi-hop QA. The ablations further confirm the
contribution of each module. Removing Query
Structure Inference causes the largest drop (—9.02),
highlighting the importance of learned structural
signatures. Removing Reasoning Role Routing re-
duces performance by —2.62, showing the value
of positive—contrastive demonstration routing. Re-
moving Structural Prompt Construction leads to
a smaller but consistent drop (—1.01), suggesting
that role-aware prompt realization helps the model
better use selected demonstrations.

The relative behavior of the baselines also clari-
fies where STRIDE gains come from. RAG meth-
ods such as HippoRAG remain strong because they
improve evidence access, while ICL. methods im-
prove reasoning by changing the prompting strat-
egy. STRIDE is complementary to these directions:
it focuses on selecting demonstrations that better
match the target query’s reasoning structure. This
explains why the largest gains appear when struc-
tural inference and role routing are both retained,
and why semantic-only or prompt-only variants
cannot fully recover the performance of the full
framework.
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Demo ‘ Sem. Sim.  Struct. Sim.

Hops Op. F1 # Demos ‘ alpha ‘ gamma
zf 0.461 0.878 77.30  79.00 EM F1 ‘ a EM F1 ‘ v EM Fl
Z, 0.470 -0.140 28.80 3245

Table 5: Role separation in the RRR module. Sem.

Sim. and Struct. Sim. are average cosine similarities to
the target query; Hops and Op. F1 measure hop-count
agreement and operation-pattern overlap.

1.0 4
0.8 A

0.6 1
0.4
0.2 1

Structural

0.0 A

-0.2 1
I; pos.
Semantic
I, con.

-0.4 1

X0 @

-0.6

0.3 0.4 0.5 0.6 0.7 0.8
Semantic

Figure 3: Semantic vs. structural similarity distribution
of retrieved demonstrations on MuSiQue.

4.3 Further Analysis

4.3.1 Retrieval Quality and Structural
Alignment

To test whether STRIDE improves demonstra-
tion selection before generation, we evaluate
retrieval quality on MuSiQue using structure-
oriented metrics: hop-count match, answer-type
match, operation-pattern F1, and cosine similar-
ity in the learned structural space. Table 4 shows
that STRIDE improves not only learned-space sim-
ilarity, but also external trace-label metrics that
are independent of the structural encoder used for
retrieval. In particular, STRIDE improves the ex-
ternal alignment average from 60.93 to 79.45 over
semantic retrieval.

Table 5 and Figure 3 further validate Reason-
ing Role Routing. Positive and contrastive demon-
strations have comparable semantic similarity, but
sharply different structural compatibility. Thus, I;
provides structures to imitate, while Z~ serves as
semantic near-misses that expose the gap between
surface relevance and reasoning-structure compat-
ibility. This separation is important because con-
trastive examples should remain plausible enough
to be informative, but structurally different enough
to discourage shallow imitation. The cleanly sepa-
rated results confirm the distinction.

9.62 14.71 10.00 28.63 36.44|0.00 31.95 39.71
31.11 38.62|0.50 33.85 41.63 |1.00 33.85 41.63
33.85 41.63|0.75 33.31 41.04|1.50 33.26 40.99
32.43 40.25(1.00 32.79 40.52|2.00 32.65 40.28

(eI "N SRR R

Table 6: Sensitivity analysis of STRIDE on MuSiQue.
The best setting is k = 4, & = 0.5, and v = 1.0.

4.3.2 Sensitivity to Key Hyperparameters

We further analyze the sensitivity of STRIDE to
three key hyperparameters: the number of in-
context demonstrations k, the structural-semantic
balance coefficient «, and the contrastive penalty
coefficient v. All experiments are conducted on
MuSiQue with Qwen3-8B.

Table 6 shows that STRIDE is robust to key
hyperparameters. Performance peaks at k£ = 4,
a = 0.5, and v = 1.0, indicating that the best
setting balances prompt length, structural compati-
bility, semantic relevance, and contrastive strength.
The slight drop at larger k£ or extreme «, y values
suggests that excessive demonstrations may reduce
the clarity and utility of in-context guidance.

Backbone ‘ Semantic ‘ STRIDE ‘ Gain

| EM FI | EM Fl | Fl
Qwen3-8B | 28.60 36.44 | 33.85 41.63 | +5.19
Llama-3.1-8B | 27.24 35.16 | 32.19 39.73 | +4.57
Ministral-8B | 25.85 33.64 | 30.56 38.17 | +4.53

Table 7: Backbone robustness on MuSiQue.

100

MuSiQue
= 80 8
2 g
5 - 60 S
(o]
E HotpotQA ‘é
% 40 g
| S
-20 o

2WikiQA

-0

MuSiQue HotpotQA 2WikiQA
Encoder source

Figure 4: Cross-dataset transfer of the QSI encoder.
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4.3.3 Backbone and Transfer Robustness

We further examine whether STRIDE is robust to
the choice of frozen generator and whether the
learned structural encoder transfers across datasets.
For backbone robustness, the retrieval pipeline,
prompt format, and demonstration budget are fixed,
while only the generator is changed. Table 7 shows
that STRIDE consistently outperforms semantic
demonstration retrieval across three local 8B-scale
backbones, suggesting that the gains do not depend
on a specific generator.

To assess transferability, we train the QSI struc-
tural encoder on one dataset and apply it to another
while keeping the target demonstration pool, gener-
ator, prompt format, and routing hyperparameters
fixed. We report transfer retention:

Fltransfer - Flsemantic

x 100.

(13)
As shown in Figure 4, off-diagonal retention re-
mains above semantic retrieval in most settings,
indicating that the learned structural space cap-
tures reusable multi-hop reasoning patterns rather
than purely dataset-specific shortcuts. Transfer is
strongest between datasets with similar evidence-
chain structures, while target-trained encoders still
provide the best alignment.

Retention =
Fltarget - Flsemantic

4.3.4 Case Study and Error Analysis

Figure 5 shows a representative case. Seman-
tic retrieval selects a demonstration with strong
topical overlap but a mismatched reasoning struc-
ture, yielding the wrong answer. STRIDE instead
retrieves a positive demonstration with a com-
patible four-step dependency pattern and a con-
trastive demonstration that is semantically plausi-
ble but structurally mismatched. This illustrates
how role routing separates surface relevance from
reasoning-structure compatibility and converts re-
trieved demonstrations into more useful guidance
for the frozen generator.

We analyze 100 sampled false STRIDE pre-
dictions on MuSiQue. Errors mainly involve
intermediate-entity resolution (39.0%), mixed or
unclear causes (25.0%), answer normalization
(14.0%), composition (13.0%), evidence grounding
(8.0%), and prompt/format issues (1.0%). The dom-
inance of intermediate-entity errors suggests that
remaining failures often stem from incorrect bridge-
step grounding by the frozen generator, highlight-
ing evidence grounding, step verification, and an-
swer calibration as future directions.

Case ID: 4hopl__ 152146_5274_458768_ 33633

~

ﬁrget Query: When did the explorer reach the
headquarters location of the only company larger than
Langa Natter's record label?

Expected Reasoning Trace:

1. Langa Natter's record label — [Label]

2. only company larger than [Label] — [Company]

3. headquarters of [Company] — [Location]

4.  explorer reached [Location] when? — August 3, 1769

@Id Answer: August 3, 1769

/Semantic Retrieval: 2hop__244281_5303 \

Query: Who became CEO of Today's record label?
Answer: Peter Edge

1. record label - CEO

Reasoning Trace: ‘

Qemantic Similarity: 0.57, Structural Similarity: -0.16 J

STRIDE Pos.: 4hopl__ 37149 52584_71250_135051

Query: Who was the mother of the ruler under whom the
empire that the sunniest country in the world became a
colony of in the 1st century BC reached its greatest extent?
Answer: Marcia

Reasoning Trace:

1. sunniest country in the world — Egypt

2. 1stc. BC, Egypt colonized by — Roman Empire
3. Empire reached its greatest extent under — Trajan
4. mother of Trajan — Marcia

&mantic Similarity: 0.32, Structural Similarity: O.Sy

@TRIDE Con.: 2hop_ 561915_158069 \
Query: Where do the large A380 go after leaving the place
where Aslan was born?

Answer: transported to the Toulouse assembly plant

Reasoning Trace:
1. Aslan — place of birth — Bordeaux
2. large A380 go after Bordeaux — Toulouse assembly plant

Qmantic Similarity: 0.50, Structural Similarity: -0.38J

Semantic Pred.: 1966 I STRIDE Pred.: August 3, 1769 4

Figure 5: Case study illustrating semantic retrieval ver-
sus STRIDE routing.

5 Conclusion

We presented STRIDE, a structure-aware frame-
work for in-context demonstration extraction in
multi-hop question answering. STRIDE learns la-
tent query structures from decomposition traces,
routes demonstrations into positive and contrastive
roles, and constructs role-aware prompts for frozen
language models. Experiments across three multi-
hop QA benchmarks show consistent gains over
baselines. These results suggest that effective
demonstrations should be selected not only by sur-
face relevance, but also by compatibility with the
target query’s underlying reasoning structure.
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Limitations

STRIDE has several limitations. First, its struc-
tural encoder relies on decomposition traces or
trace-like supervision during training, which may
not be available for all QA datasets. Although
the learned encoder is used from the query alone
at inference time, extending STRIDE to domains
without explicit decomposition annotations may
require automatic trace induction or weak supervi-
sion. Second, contrastive demonstrations improve
role-aware prompting but also increase prompt
length, making the method sensitive to context bud-
get and prompt ordering. Third, STRIDE improves
demonstration selection rather than the reasoning
ability of the frozen generator itself; remaining
errors still arise from incorrect evidence ground-
ing, intermediate-entity resolution, and answer nor-
malization. Finally, the current experiments fo-
cus on English multi-hop QA benchmarks, and
broader evaluation on other languages, domains,
and reasoning-intensive tasks is needed to test
generality. Potential risks include propagating bi-
ases or annotation artifacts from the demonstration
pool and producing overconfident answers when re-
trieved demonstrations are structurally misleading
or when the frozen generator grounds intermediate
steps incorrectly.
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A Further Information on Datasets

Table 8 summarizes the metadata of the three
multi-hop QA benchmarks used in the experi-
ments. These datasets differ in how questions
are constructed and how evidence is annotated,
which makes them suitable for evaluating whether
STRIDE can exploit structural supervision beyond
surface semantic matching.

MuSiQue. MuSiQue is used as the main bench-
mark because it directly exposes the kind of de-
composition structure targeted by STRIDE. Its an-
swerable subset contains 24,814 questions split into
19,938 training, 2,417 development, and 2,459 test
examples, with questions distributed across 2-, 3-,
and 4-hop settings. Each instance contains 20 para-
graphs, including gold supporting paragraphs and
hard distractors, and provides question decomposi-
tions that can be normalized into structural traces
for query—trace contrastive learning.

HotpotQA. HotpotQA contains approximately
113K Wikipedia-based multi-hop questions. It is
designed to require reasoning over multiple sup-
porting documents and provides sentence-level
supporting facts, making it useful for evaluating
whether a model can ground its answer in relevant
evidence. It also includes comparison-style factoid
questions, which test whether models can extract
and compare entity properties.

2WikiMultiHopQA. 2WikiMultiHopQA com-
bines structured Wikidata information with unstruc-
tured Wikipedia text. It introduces evidence infor-
mation that contains reasoning paths, enabling both
answer evaluation and reasoning-step evaluation.
The commonly used split contains 167,454 train-
ing, 12,576 development, and 12,576 test examples.
Its construction pipeline is designed to guarantee
multi-hop reasoning steps and includes diverse rea-
soning patterns such as inference, compositional,
comparison, and bridge-style questions.

B Further Information on Baselines

This appendix describes the baselines and distin-
guishes demonstration selection from evidence re-
trieval. The controls, semantic retrievers, and ICL
methods operate on the supplied target context;
RAG methods provide evidence-oriented compar-
isons rather than controlled tests of demonstration
selection.

Vanilla-QA. Vanilla-QA directly prompts the
frozen language model to answer the target ques-
tion using the provided context, without any in-
context demonstrations. It measures the base abil-
ity of the backbone model under the same input
context.

Random-Demo. Random-Demo samples
demonstrations uniformly from the candidate
pool. It tests whether gains come from meaningful
demonstration selection rather than simply adding
examples to the prompt.

Facets-Match. Facets-Match retrieves demon-
strations using discrete structural facets, such as
hop count, answer type, or coarse operation pattern.
It serves as a hard matching baseline for manually
exposed structural features.

BM25. BM25 (Robertson and Zaragoza, 2009)
is a sparse lexical retrieval baseline based on term
matching. It evaluates whether word-level overlap
is sufficient for selecting useful demonstrations or
evidence.

Contriever. Contriever (Izacard et al., 2021) is
a dense retriever trained without supervised rel-
evance labels. It represents a semantic retrieval
baseline based on learned dense representations.

CoIBERT-v2. ColBERT-v2 (Santhanam et al.,
2021) is a late-interaction retriever that matches
query and document token representations. It pro-
vides a stronger semantic retrieval baseline than
single-vector dense matching.

DeBERTa-v3-Large. DeBERTa-v3-Large (He
et al., 2023) is used as an encoder-based seman-
tic retrieval baseline. Candidate demonstrations are
ranked by embedding similarity without STRIDE’s
structural training objective.

Vanilla RAG. Vanilla RAG (Lewis et al., 2020)
retrieves external evidence and conditions the lan-
guage model on the retrieved passages. It differs
from STRIDE because it focuses on evidence re-
trieval rather than in-context demonstration extrac-
tion.

RAPTOR. RAPTOR (Sarthi et al., 2024) builds
hierarchical summaries over documents and re-
trieves from this tree-structured representation. It
is included as a representative hierarchical RAG
baseline.
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Dataset Size Split Structure Context Evidence Annotation

MuSiQue 24.8K 19,938 /2,417 /2,459 2-4 hop 20 paragraphs per Gold question
compositional instance, including decompositions,
questions; six supporting and intermediate answers,
reasoning graph retrieved distractor and supporting
shapes. paragraphs. paragraphs.

HotpotQA 113K 90,447 /7,405 /7,405 Natural multi-hop Wikipedia paragraphs; Sentence-level
questions, mainly commonly evaluated  supporting facts for
bridge and in distractor and explainable reasoning.
comparison full-wiki settings.
reasoning.

2WikiQA  192.6K  167,454/12,576/12,576 2—4 hop questions Wikipedia paragraphs Evidence chains,
generated from linked with supporting facts, and

structured and
unstructured sources;
includes comparison,
inference,
compositional, and
bridge-style
reasoning.

Wikidata-derived
reasoning paths.

reasoning-path
information.

Table 8: Detailed metadata of the multi-hop QA datasets. Splits are reported as train/dev/test.

HippoRAG. HippoRAG (Gutiérrez et al., 2024)
augments retrieval with memory-inspired graph
structures for multi-hop reasoning. It represents a
strong graph-based RAG baseline.

Vanilla CoT. Vanilla CoT (Wei et al., 2022)
prompts the language model to generate intermedi-
ate reasoning steps before answering. It evaluates
whether explicit reasoning prompts alone can im-
prove multi-hop QA.

CoT-SC. CoT-SC (Wang et al., 2022) samples
multiple reasoning chains and selects the final an-
swer by consistency. It tests whether decoding-time
reasoning diversity improves answer accuracy.

Complex-CoT. Complex-CoT (Fu et al., 2023)
selects more complex demonstrations for chain-of-
thought prompting. It is relevant because it also
studies demonstration choice, but uses reasoning
complexity rather than structural compatibility.

Auto-CoT. Auto-CoT (Zhang et al., 2024b) auto-
matically constructs chain-of-thought demonstra-
tions through clustering and rationale generation. It
provides an automatic demonstration-construction
baseline for ICL.

RGER. RGER (Lin et al., 2025) is a reasoning-
enhanced retrieval baseline for selecting demon-
strations. It incorporates reasoning signals into

example retrieval, making it a close ICL baseline
to STRIDE.

B.1 Learned, Sequential, and Policy-Based
Selection

Learned retrieval. EPR (Rubin et al., 2022)
trains a retriever using language-model feedback
on candidate demonstrations. UDR (Li et al., 2023)
learns demonstration rankings from language-
model feedback across tasks. Both are relevant
trained-selector comparisons, whereas STRIDE
learns query—trace alignment from structural su-
pervision. EPR and UDR are not evaluated in the
reported tables; their absence limits claims about
superiority over learned demonstration retrieval in
general. A matched comparison would require the
same training pool, target paragraphs, generator,
and demonstration budget, together with a stated
feedback-labeling and retriever-training procedure.

Sequential and policy-based selection. Selec-
tion need not rank demonstrations independently.
Active Example Selection formulates it as a sequen-
tial decision problem and learns a selection policy
with reinforcement learning.! Se? uses feedback
on evolving contexts to account for relationships
and order among examples.” These approaches ad-
dress the utility of an example sequence. STRIDE
instead computes structural and semantic scores,
assigns positive and contrastive roles, and renders

'Yiming Zhang, Shi Feng, and Chenhao Tan. 2022. Ac-
tive Example Selection for In-Context Learning. EMNLP,
pp- 9134-9148. DOI: 10.18653/v1/2022.emnlp-main.622.

*Haoyu Liu et al. 2024. Se?: Sequential Example Selection

for In-Context Learning. Findings of ACL, pp. 5262-5284.

DOI: 10.18653/v1/2024 findings-acl.312.

4048


https://doi.org/10.18653/v1/2022.emnlp-main.622
https://doi.org/10.18653/v1/2024.findings-acl.312

a fixed prompt; it does not learn a sequential selec-
tion policy or revise the selected examples using
target-time generator feedback.

Subset construction and contrastive guid-
ance. Determinantal point processes (DPPs) and
correlation-aware selection model relationships
within a selected subset (Ye et al., 2023; Du
et al., 2025). Contrastive CoT and learning-from-
mistakes approaches expose invalid rationales or
failed solutions (Chia et al., 2023; An et al., 2024).
STRIDE's contrastives differ in role: a demonstra-
tion can have a correct answer to its own ques-
tion yet be an unsuitable reasoning template for
the target. Its contribution is the learned struc-
tural criterion used for both selection and role as-
signment, not the introduction of demonstration
retrieval, structured reasoning, or negative exam-
ples individually.

Interpretation of RAG comparisons. RAPTOR
and HippoRAG address evidence access, while
STRIDE selects instructional examples. Their
QA scores are informative system-level compar-
isons, but they do not isolate the effect of structural
demonstration selection. The matched ICL controls
and interventions in Appendix H are more directly
relevant to that question.

C Implementation Details

Table 9 summarizes the main implementation de-
tails used in STRIDE. Unless explicitly ablated,
ICL and semantic demonstration-retrieval meth-
ods use the same demonstration budget and frozen
generator. RAG baselines use the same frozen gen-
erator and a comparable evidence budget, but differ
in the information they retrieve.

D Formal Motivation

This section gives an assumption-based motivation
for structural routing, not a guarantee of down-
stream QA improvement. The analysis concerns
pairwise rankings of individual demonstrations. It
does not model interactions among demonstrations,
prompt order, or the internal reasoning process of
the frozen generator.

Let ¢ be a target query and d; a candidate demon-
stration with question ¢;. Assume that each query
has a latent problem-solving structure z(q) € R?,
with ||z(q)||2 = 1. Define

0; = Simsem(q’ Qi)v

(14)

Ri = Sim(z(Q)’ Z(qi))v

where x; denotes structural compatibility and o;
denotes semantic similarity. The expected utility
of using d; as a demonstration is assumed to be
Ui=Bri+(1—-B)oi+ &, Be€[0,1], (15)
where 8 measures the contribution of structural
compatibility and &; denotes unmodeled prompt-
specific residuals. Semantic retrieval selects

(16)

dsern = arg max o;.

Sem g die D 1

For two candidates d;, d; with o; > o}, seman-

tic retrieval prefers d;. However, d; has higher
expected utility whenever

Uj > U, — B(K)j — K)i) >
(1= B)(oi —05) + (& — &)-

(17)

Thus, a semantically closer candidate can be sub-

optimal when its structural compatibility is suffi-

ciently lower. Motivated by this, STRIDE esti-

mates structural compatibility using the learned

signature 2(q):

Ri = sim(2(q), 2(i))- (18)
The positive routing score is
R; = aki + (1 — a)o;. (19)
If « = § and &; = k;, then
R, =U; - &. (20)

Hence, R; recovers the expected utility up to the
residual term. Assume that the structural estimator
has bounded error:

A~

12(q) = z(@)ll2 <m,  N2(@) — 2(g)ll2 < 7.

(21
Since all vectors are normalized,

ki — kil = |2(q) " 2(q0) — 2(q) " 2(q1)
12(q) — z(@)ll2 + I12(q:) — 2(q:)|l2

(22)
It follows that

|Ri — (Ui — &)| < 2am+ | — B |k — 03] (23)
Define the individual approximation error

E; =R, — (Ui - &), (24)
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Item Setting

Evaluation subsets
Demonstration pool
Sampling seed

Number of demonstrations

Fixed development-set subsets are used for all methods on each dataset.

Candidate demonstrations are drawn from the corresponding training split.

A fixed random seed is used for subset sampling, random demonstrations, and analysis sampling.
Default setting uses & = 4 total demonstrations, with k4 = 2 positive demonstrations and

k_ = 2 contrastive demonstrations when contrastive routing is enabled.

Semantic neighborhood
Routing coefficients
penalization.
Query / trace encoder
Encoder training

fp16 training.
Auxiliary probes

objective.
Generator

backbone robustness.
Decoding

Contrastive candidates are selected from the top-M semantic neighborhood; default M = 64.
Default o = 0.5 for structural-semantic positive routing and v = 1.0 for contrastive structural

DeBERTa-v3-Large initialized encoder with query—trace contrastive learning.
Learning rate 2 x 10~°, batch size 8, gradient accumulation 4, maximum length 96, 10 epochs,

Hop count, answer type, and coarse operation-pattern probes are trained jointly with the structural
Qwen3-8B is used as the default frozen generator; Llama-3.1-8B and Ministral-8B are used for

Default STRIDE setting: temperature 0, deterministic decoding, and a fixed maximum generation

length. Self-consistency sampling is a separate baseline protocol.

Prompt format

STRIDE uses contrastive role traces followed by positive role traces and the target question with

candidate paragraphs (illustrated in Figure 2).

Table 9: Implementation and reproducibility details for STRIDE.

with
’Ez| §91:2an+|a7ﬁ||m—m] (25)
For two candidates d;, d;,

R —R; = (Ui —Uj) — (& — &) + (Bi — Ej)
> (Ui = Uj) — & — & — Qi — Q5.

(26)

Let
Dy = O+ @7

= dan + |a — Bl (|ki — oi| + |kj — aj]) .
If

Ui —U; > T4+ & — &, (28)

then
R; > Rj. (29)

Thus, structure-aware routing preserves the utility
preference when the utility margin exceeds struc-
tural estimation error, score-weight mismatch, and
residual noise. For contrastive routing with v > 0,
STRIDE scores candidates in the semantic neigh-
borhood C, by

C; =0; — ki, d;i €Cy. (30)
Let the ideal contrastive score be
C) =o; — Yki. 31
Then
Cs = CF| < 29 (32)

For two candidates d;, d;, if

Cf = CF > 4y, (33)
then

C; > Cj. (34)

Therefore, contrastive routing remains reliable
when the structural estimation error is smaller than
the contrastive-score margin. Equivalently, se-
lected contrastive demonstrations approximate

deon = arg max (o; — YR;) , (35)

d;€Cq

favoring candidates with high semantic plausibility
and low structural compatibility. These bounds ex-
plain a possible benefit of structural routing when
structural compatibility contributes to utility and
semantic similarity is an imperfect proxy. Neither
B > 0 nor imperfect correlation between semantic
and structural scores, however, is sufficient by itself
to ensure an improvement: the relevant utility mar-
gins must also exceed estimation error and residual
differences. Likewise, stability of a contrastive-
score ranking does not establish that adding the
selected contrastives improves generation. The as-
sumptions on /3, 7, and the residuals are not empir-
ical estimates; the experiments assess downstream
utility separately.
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E Operational Setting and Reasoning
Structure

E.1 What Is Retrieved and What Is Frozen?

STRIDE is a non-agentic, single-generation-call
ICL framework. At inference, the target question
q and its candidate paragraphs P are fixed. The re-
trieval pool consists of training demonstrations, not
an external evidence corpus. STRIDE encodes the
target question, selects and routes demonstrations,
builds one prompt, and invokes a frozen generator.
There is no iterative evidence retrieval, tool use, or
feedback-driven replanning. A single generation
call can still decode multiple output tokens; it does
not mean a single token-level forward evaluation.

The distinction between training and inference is
important. During training, the query encoder and
trace encoder are optimized using paired questions
and normalized traces, with auxiliary structural la-
bels. At inference, the target structural signature
is computed from ¢ alone. The target gold answer,
decomposition, and supporting-fact labels are not
inputs to query structure inference. Demonstration
traces and answers come from the training pool
and are used to render the selected examples. The
generator is never updated by STRIDE, but the se-
lector is trained; STRIDE is therefore not a wholly
training-free method.

E.2 An Operational, Task-Bounded Definition

Reasoning structure denotes the abstract multi-hop
problem-solving pattern remaining after surface en-
tities are normalized. It includes the number of
steps, dependencies among intermediate results,
operation patterns, expected answer type, and ev-
idence roles. Table 10 makes these components
explicit. The learned embedding is not a hand-
coded concatenation of these five fields: normal-
ized traces provide the alignment target, while hop,
answer-type, and operation probes supply auxiliary
supervision.

For example, two questions about different peo-
ple may both require finding an intermediate per-
son and then retrieving that person’s birthplace.
They can share a dependency pattern despite differ-
ent topics. Conversely, questions about the same
people may ask for either an attribute lookup or a
comparison; topical overlap does not make the two
operation patterns interchangeable. This is an il-
lustrative distinction, not an additional benchmark
example or measured result.

The present normalization is designed for entity-

Component Meaning and example

Hop count Number of intermediate reasoning steps;
e.g., a two-step rather than four-step prob-
lem.

Dependency How a step uses a previous result; e.g., step

pattern 3 consumes the entity found in step 2.

Operation pat- Abstract operations and their order; e.g.,

tern bridge lookup, attribute lookup, and com-
parison.

Answer type Coarse expected output type, such as date,
number, location, or person.

Evidence Which evidence supports a step, such as

role/path identifying a bridge entity versus obtaining

the final attribute.

Table 10: Operational components of reasoning struc-
ture. These describe the supervision and diagnostics,
not a claim of a universal reasoning ontology.

and relation-centric MHQA with identifiable inter-
mediate steps. It does not establish coverage of
open-ended research questions, unconstrained syn-
thesis, or all forms of reasoning. Transfer across
the three evaluated datasets tests reuse within this
scope rather than domain-independent reasoning
competence.

F Trace Normalization and Pseudo-Trace
Supervision

F.1 From Annotations to Structural
Supervision

The normalized trace ¢(7) is a serialized abstrac-
tion of an annotated decomposition or a pseudo-
trace. Its representation preserves the supplied
step order, references to intermediate results, and
operation-indicative phrases. Entity mentions are
replaced by indexed placeholders such as (ENT}),
cross-step references by (REF;), and intermedi-
ate answers by coarse type markers, including
(DATE), (NUM), and (LOC). The dependency
structure & is retained in the serialized trace.

This produces two related forms of supervision:
the normalized text for query—trace contrastive
learning, and trace-derived labels for the auxiliary
probes. Dependency and evidence information can
contribute through the trace without each requir-
ing a separate prediction head. A normalized trace
used to train the encoder is also distinct from a role
trace shown to the generator: the latter includes
the selected demonstration’s question, instructional
role, and the evidence or answer fields described in
Appendix G.
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MuSiQue: annotated decompositions. The
dataset supplies decomposition steps, intermediate
answers, and supporting paragraphs. These sup-
port direct normalization of each step, preservation
of references to earlier intermediate answers, and
derivation of hop, answer-type, operation, and sup-
port labels. This is stronger supervision than con-
structing an ordering from supporting facts alone,
although coarse operation labels can still be am-
biguous.

HotpotQA: supporting facts and question type.
Pseudo-traces use sentence-level supporting facts
together with the annotated question type. Support-
ing facts identify the evidence to associate with
intermediate operations; bridge and comparison
types constrain the kind of reasoning pattern rep-
resented. The question and evidence provide cues
to answer type and evidence role. However, a set
of supporting sentences is not an ordered decom-
position. In particular, supporting-fact order does
not by itself establish the order in which reason-
ing steps must be executed. The resulting trace is
weak structural supervision, not a gold step-by-step
program.

2WikiQA: evidence chains and reasoning paths.
The evidence-chain and reasoning-path annotations
supply linked entities and relations for constructing
intermediate operations and cross-step dependen-
cies. These annotations provide hop, reasoning-
type, answer-type, and support information. Map-
ping evidence entities to mentions and linking suc-
cessive steps can remain ambiguous, so a path-
derived pseudo-trace is not assumed to be noise-
free.

Table 11 summarizes what each annotation
source supports and the associated ambiguity.
This specifies the representation and supervision
sources; it is not an executable specification of un-
reported entity-linking, tie-breaking, or template-
induction heuristics.

F.2 Sensitivity to Perturbed Trace Supervision

The noise intervention perturbs trace-derived super-
vision during QSI training rather than corrupting
evaluation questions or answers. At noise rate ¢, a
randomly selected fraction e of training instances
has one structural field corrupted before the trace
is rendered. The field-specific perturbations are:
dropping or duplicating one step for hop count;
replacing the answer type; substituting an opera-
tion label; rewiring a dependency to another valid

previous step; or swapping support/evidence roles
within the candidate paragraph set. Both the nor-
malized trace and its corresponding auxiliary labels
are updated consistently with the corruption.

The target questions, candidate paragraphs, gold
answers, demonstration pool, and test-time infer-
ence protocol remain unchanged. Thus, the rate
is a fraction of perturbed training instances, not a
token error rate. The zero-perturbation condition
retains the original pseudo-traces and should not
be interpreted as gold or noise-free supervision.

At 10% perturbation, F1 decreases by 0.77
points on HotpotQA and 0.79 on 2WikiQA; at 20%,
the decreases are 2.02 and 2.14 points. At 40%, the
decreases reach 4.63 and 8.36 points. These results
show sensitivity to supervision quality, with larger
degradation at the highest tested rate. They do
not identify the real-world noise rate, separate the
effects of individual corrupted fields, or establish
robustness to every kind of annotation error.

G Prompt Templates and Role Rendering

QSI and RRR are encoder-and-score computations,
not separately prompted language-model agents.
The prompt template belongs to SPC, after demon-
stration selection. Figure 6 provides a complete
schematic rendering of the fixed prompt and the
two demonstration formats. Braced names denote
fields populated from the target instance or the se-
lected training demonstrations; they are not literal
input tokens.

The ordering shown follows Section 3.4: con-
trastives precede positives, followed by the target
question and its candidate paragraphs. This is a
schema-level specification rather than a byte-for-
byte record of a tokenizer’s chat template. It speci-
fies the block order used to interpret the reversed-
order ablation without assuming unreported chat-
wrapper tokens.

Positive demonstrations. The question, ordered
abstract steps, supporting evidence, and answer be-
long to the demonstration. Evidence identifiers re-
fer to that demonstration’s paragraphs or sentences,
not to identically numbered target paragraphs. The
model is instructed to use the compatible organi-
zation of reasoning, not to transfer demonstration-
specific facts into the target answer.

Contrastive demonstrations. A contrastive is a
structural near-miss, not necessarily an incorrect
training example. Its answer can be correct for
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Dataset Annotation source Structural information Principal ambiguity
MuSiQue Gold decompositions, intermediate Step count, cross-step references, an- Assigning a unique coarse operation
answers, and supporting paragraphs swer type, operations, and support  label to a step
HotpotQA Supporting facts and question type ~ Reasoning type, answer type, and ev- Supporting facts do not uniquely de-
idence roles used to build pseudo- termine step order
steps
2WikiQA  Evidence chains and reasoning paths Hop count, linked-step dependencies, Linking evidence entities to mentions

reasoning type, answer type, and sup- and intermediate steps

port

Table 11: Supervision sources and limitations of trace construction. Annotation availability is not itself a quantitative

measure of trace correctness.

Perturbed instances (%) HotpotQA F1  2WikiQA F1
0 73.20 73.60
10 72.43 72.81
20 71.18 71.46
40 68.57 65.24

Table 12: Reported point estimates under additional
perturbation of training trace supervision. This is a con-
trolled corruption analysis, not an estimate of naturally
occurring annotation noise.

its own question. The mismatch summary A; is
derived from routing signals and auxiliary predic-
tions, such as a difference in hop count, answer
type, or operation pattern. It must not depend on
a gold target decomposition. The role instruction
warns against copying the mismatched pattern; it
does not label every statement in the demonstration
as false.

H Supplementary Analyses

The following analyses separate questions about
selection, role assignment, trace rendering, transfer,
and generator choice. EM and F1 are reported on
a 0-100 scale. The supplementary tables contain
point estimates; uncertainty across training seeds
and significance tests are not reported. Their con-
trasts are therefore descriptive rather than inferen-
tial. The original configuration names are retained
so that differently controlled interventions are not
conflated.

H.1 Routing and Prompt Construction

Table 13 compares structural positives, trace ren-
dering, negative selection, and block order on
MuSiQue. Structural positives with plain QA
demonstrations reach 38.52 F1, compared with
36.44 for the semantic control; exposing structured
traces raises the positive-only score to 39.96. Full
STRIDE reaches 41.63 F1, exceeding the random-

negative and reversed-order conditions by 1.82 and
0.99 points, respectively.

These contrasts support contributions from both
selecting compatible examples and rendering their
instructional roles. They do not yield an additive de-
composition of the total gain. Removing a role can
alter prompt composition, removing traces changes
token length, and block-order changes affect po-
sition. In particular, the results should not be in-
terpreted as a controlled estimate of a universal
recency effect or as showing that prompt length is
irrelevant.

H.2 Counterfactual Demonstration
Interventions

The interventions in Table 14 keep the role tem-
plate, demonstration count, and output format fixed
while changing selection or the information ex-
posed by demonstrations. Random selection re-
moves query-specific selection; semantic selec-
tion retains surface relevance; hiding traces retains
the selected examples but removes explicit struc-
tural steps; and shuffling positives across queries
disrupts query—demonstration compatibility. The
random-negative condition weakens the specifi-
cally selected contrastive role.

Relative to full STRIDE, shuffling positives re-
duces F1 by 3.42 points and hiding traces reduces
it by 1.06 points. This is consistent with query-
specific selection contributing beyond a shared role
format, and with selected demonstrations retaining
useful information even when explicit traces are
hidden. A trace-hidden prompt and a positive-only
plain-QA prompt need not have the same role com-
position; their separately reported scores should
not be treated as duplicate measurements of one
condition.

The interventions test output sensitivity to
demonstrations. They do not directly observe
which intermediate steps the generator executes,
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Complete prompt schema (default: two contrastives and two positives)

You are given a multi-hop question and a set of candidate paragraphs.
Answer the question using only the provided candidate paragraphs.

The examples below are not facts for the target question.
They only show reasoning structures.

[Contrastive Demonstrations: structurally mismatched examples]
The following examples may look semantically related, but their
reasoning structures are not suitable for the target question.
Do not copy their reasoning pattern.

{CONTRASTIVE_DEMO_1}

{CONTRASTIVE_DEMO_2}

[Positive Demonstrations: structurally aligned examples]

The following examples have reasoning structures that are suitable
for the target question. Use them as guidance for how to organize
the reasoning.

{POSITIVE_DEMO_1}

{POSITIVE_DEMO_2}

[Target Question]
{TARGET_QUESTION}

[Candidate Paragraphs]
{TARGET_PARAGRAPHS}

Return the final answer only.

Positive demonstration schema Contrastive demonstration schema
Positive Example: Contrastive Example:

Question: {DEMO_QUESTION} Question: {DEMO_QUESTION}
Reasoning structure to imitate: Reasoning structure not to imitate:
1. {ABSTRACT_STEP_1} 1. {ABSTRACT_STEP_1}

Supporting evidence: 2. {ABSTRACT_STEP_2}
{EVIDENCE_TEXT_OR_ID_1} ce

2. {ABSTRACT_STEP_2}
Supporting evidence:
{EVIDENCE_TEXT_OR_ID_2}

Why it is mismatched:
{MISMATCH_SUMMARY}

Answer: {DEMO_ANSWER}

Answer: {DEMO_ANSWER}

Figure 6: Schematic SPC prompt and role-specific demonstration formats. The target is placed after the positive
block, matching the method equation. The ellipses in the demonstration schemas indicate additional steps when
present, not a requirement to truncate a trace.
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Variant EM F1
Semantic retrieval + plain demonstrations 28.63 36.44
Structural positives only + plain QA demonstrations 31.08 38.52
Structural positives only + structured traces 32.17 39.96
Structural positives + random negatives 32.04 39.81
Structural positives + contrastives, reversed order 32.72  40.64
Full STRIDE 33.85 41.63

Table 13: Fine-grained routing and prompt analysis on MuSiQue. Positive-only conditions remove the contrastive
role; the reversed-order condition reverses the positive/contrastive block order. These configurations are not a
complete factorial ablation; no token-length-matched comparison is reported.

Intervention

plate

plate

STRIDE positives, traces removed
STRIDE positives
queries

STRIDE positives + random negatives
Full STRIDE

shuffled across

Controlled or changed information EM Fl1
Random demos with the same role tem- Prompt format and demonstration count fixed; selection broken 19.84 27.63
Semantic demos with the same role tem- Semantic relevance and format preserved; structural matching weak- 28.63 36.44

ened

Selected demonstrations preserved; explicit structural traces hidden ~ 33.29 40.57

Prompt format preserved; query-specific compatibility disrupted 30.74 38.21

Positive selection retained; contrastive selection weakened 32.04 39.81

Structural positives with semantic near-miss contrastives 33.85 41.63

Table 14: Counterfactual demonstration interventions on MuSiQue. These are separately reported controls, not
replacements for the main-table Random-Demo or module-ablation rows. Fixed example counts and templates do

not imply identical token lengths.

whether it faithfully follows the displayed trace,
or whether evidence selection rather than another
prompt effect explains a particular gain. Estab-
lishing those stronger process-level claims would
require additional controlled measurements.

H.3 Which Structural Factors Transfer?

The transfer protocol in Section 4.3.3 trains QSI
on a source dataset and applies it to a target while
retaining the target demonstration pool, genera-
tor, prompt format, and routing parameters. Ta-
ble 15 supplements answer-level transfer retention
with the reported trace-label diagnostics. Hop and
answer-type agreement concern coarse structural la-
bels; operation-pattern F1 concerns overlap in oper-
ation labels; evidence-path agreement concerns the
annotated evidence structure. None is an answer-
accuracy metric or a measurement of the genera-
tor’s internal reasoning.

Across the six directions, the reported agree-
ment is higher for hop count and answer type than
for evidence paths. This pattern is consistent with
coarse structural properties being easier to reuse
than dataset-specific evidence conventions. How-
ever, the metrics differ in label granularity and dif-
ficulty, so their numerical levels alone do not prove
an intrinsic ordering of transferability. Positive

transfer within these MHQA datasets also does not
exclude dataset-specific shortcuts or establish gen-
eralization to free-form reasoning.

H.4 A Reasoning-Oriented Generator

Table 16 reports the additional MuSiQue compari-
son with the Qwen3-8B-Thinking condition. The
gain column is STRIDE F1 minus semantic-ICL
F1 within the same generator condition, rather than
a comparison across different generators.

The thinking condition has stronger direct QA
performance and a smaller, but positive, incremen-
tal gain from STRIDE over semantic ICL. This
suggests that structural selection can remain useful
in the reported reasoning-oriented setting without
implying that demonstrations create new reasoning
ability. The comparison does not establish robust-
ness across reasoning-model families or a compute-
matched advantage; the exact thinking-token bud-
get is not specified in the reported configuration.
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Source — target Hop agreement Answer-type agreement  Operation-pattern F1 Evidence-path

agreement
MuSiQue — HotpotQA 71.8 76.4 61.2 55.6
MuSiQue — 2WikiQA 78.6 79.1 67.4 62.8
HotpotQA — MuSiQue 68.3 735 58.9 51.7
HotpotQA — 2WikiQA 80.2 82.5 70.6 65.3
2WikiQA — MuSiQue 74.7 77.8 63.5 57.9
2WikiQA — HotpotQA 70.1 75.2 60.4 54.1

Table 15: Reported cross-dataset structural diagnostics (0—100 scale). The four columns evaluate different properties
and are not interchangeable measures of transfer accuracy.

Generator condition Direct QA F1  Semantic ICL F1 STRIDE F1  Gain
Qwen3-8B 14.71 36.44 41.63 +5.19
Qwen3-8B-Thinking 33.87 39.28 42.16 +2.88

Table 16: Reported generator comparison on MuSiQue. The thinking condition is one additional setting, not a

survey of reasoning-oriented models.

I Interpretation, Training Cost, and
Scope

LI.1 Demonstration Utility and Process
Faithfulness

Min et al. (2022) show that demonstrations can
help through label-space exposure, input distri-
bution, and formatting, even with perturbed la-
bels, in classification and multiple-choice settings.>
GuideNER emphasizes explicit guidelines for con-
veying entity-label definitions.* These findings
motivate caution about interpreting ICL gains as
faithful execution of demonstrated reasoning, but
do not determine how a particular MHQA prompt
is used.

STRIDE’s evidence concerns useful demonstra-
tion selection and output sensitivity to the reported
interventions. External trace-label metrics char-
acterize selected examples, not hidden generator
computations. Improved selection and prompting
therefore should not be equated with increased in-
trinsic reasoning ability or process faithfulness.

LI.2 Training Cost and Unevaluated
Comparisons

STRIDE incurs the cost of trace preparation and
query—trace encoder training. Inference retains the

3Sewon Min et al. 2022. Rethinking the Role of Demon-
strations: What Makes In-Context Learning Work? EMNLP,
pp. 11048-11064. DOI: 10.18653/v1/2022.emnlp-main.759.

*Shizhou Huang, Bo Xu, Yang Yu, Changqun Li, and
Xin Alex Lin. 2025. GuideNER: Annotation Guide-
lines Are Better than Examples for In-Context Named
Entity Recognition. AAAI, 39(23):24159-24166. DOI:
10.1609/aaai.v39i23.34591.

query-side structural encoder and the frozen se-
mantic encoder for routing; the generator remains
frozen. Backbone robustness tests reuse across gen-
erators, not the absence of selector-training cost.
LoRA and instruction tuning instead adapt the
generator. No such baselines, training-time mea-
surements, peak-memory measurements, or end-to-
end latency comparisons are reported here. The re-
sults therefore do not establish a cost—performance
advantage over generator adaptation. A matched
comparison should account for supervision prepa-
ration, training, prompt length, and inference cost,
as well as QA accuracy. EPR/UDR evaluation and
per-field trace ablations likewise remain open com-
parisons rather than additional reported results.

1.3 Scope

The current evidence is limited to English, entity-
and relation-centric MHQA. Open-ended settings
may require richer trace induction or abstract op-
eration schemas. Annotation artifacts and biases
can propagate from the demonstration pool, and
structural compatibility cannot guarantee correct
target-evidence grounding, intermediate-entity res-
olution, or answer normalization.
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