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Abstract

Answering complex queries over long-context
multimodal streams requires dynamically syn-
thesizing asynchronous and heterogeneous ev-
idence across extended temporal and logical
spans. Existing approaches often rely on iter-
ative Multimodal Retrieval-Augmented Gen-
eration (RAG), facing structural challenges
from semantic and modality gaps as well as
context bloat induced by multi-step retrieval.
To address these challenges, we propose
SYNAPSEHSG, a decoupled one-shot ground-
ing framework for long-context multimodal
Question Answering. SYNAPSEHSG intro-
duces a hyper-semantic evidence organization
method (named M2HSG) that constructs an of-
fline graph index to align cross-modal evidence.
During inference, we design a Semantic De-
composer to convert natural-language queries
into graph-operable constraints. Guided by
these constraints, SYNAPSEHSG retrieves a
compact query-anchored subgraph in one shot
and linearizes it as structured evidence for a
frozen generator. This avoids repeated LLM-
driven retrieval while restricting trainable com-
ponents to graph construction and query pars-
ing. To support systematic evaluation, we intro-
duce MM-CONFQA, a new long-context multi-
modal QA benchmark built from academic con-
ference presentations. Experimental results on
MM-CONFQA show that SYNAPSEHSG im-
proves grounded answer generation over strong
multimodal and retrieval baselines, especially
on dispersed-evidence questions, highlighting
the value of pre-organized multimodal evidence
over repeated search in raw heterogeneous con-
texts. We release the code and data to public.1

1 Introduction

The rapid advancement of Large Language Mod-
els (LLMs) has sparked significant interest in

*Corresponding authors.
1https://github.com/Sherr1cane/SynapseHSG
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Figure 1: Traditional iterative multimodal RAG strug-
gles with semantic and modality gaps, leading to
repeated retrieval, context bloat, and hallucination.
SYNAPSEHSG bridges these gaps by organizing mul-
timodal evidence into a Hyper-Semantic Graph and re-
trieving a compact sub-HSG for one-shot grounded gen-
eration.

Multimodal Question Answering (MQA) (Alayrac
et al., 2022; Liu et al., 2023). However, answer-
ing complex reasoning queries over long-context,
real-world multimodal streams—such as academic
conferences comprising dense PDF papers, se-
quential presentation slides, and continuous au-
dio transcripts—remains challenging. Unlike stan-
dard visual question answering (Goyal et al., 2017;
Marino et al., 2019), where an image and a ques-
tion are statically paired, real-world MQA requires
models to dynamically align and synthesize un-
aligned, heterogeneous evidence across extended
temporal and logical spans.

As illustrated in Figure 1, the most prevalent
approaches for handling such extensive contexts
is mainly with the iterative Multimodal Retrieval-
Augmented Generation (RAG) (Abootorabi et al.,
2025). Unfortunately, this paradigm is constrained
by two core structural limitations. First, it ex-
periences an inherent Semantic and Modality
Gap. Standard retrievers attempt to map natural-
language queries directly into a fragmented mul-
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timodal vector space. This typically results in
surface-level matching (Liang et al., 2022), which
struggles to capture the implicit logical correlations
and explicit physical alignments in the multimodal
stream. Second, the traditional retrieval-augmented
process always need to retrieve again and again,
which are so-called iterative search loops, to com-
pensate for incomplete initial retrieval. However,
it often leads to Context Bloat by continuously
feeding the retrieved multimodal chunks back into
the LLM. As the context window fills with hetero-
geneous and weakly aligned fragments, such as
isolated slide regions without their corresponding
spoken explanations, the LLM becomes more vul-
nerable to unsupported generation and reasoning
degradation (Liu et al., 2024c; Shi et al., 2023).

To tackle these dual challenges, we propose
SYNAPSEHSG, a decoupled, one-shot grounding
framework. SYNAPSEHSG departs from iterative
retrieval by combining offline hyper-semantic evi-
dence organization with online query-conditioned
subgraph grounding. This design explicitly decou-
ples the MQA process to mitigate the modality gap
and context bloat.

To bridge the modality gap, SYNAPSEHSG
shifts the burden of multi-hop alignment from on-
line retrieval to an offline structural index. We intro-
duce M2HSG, which converts unaligned raw mul-
timodal evidence into a unified Hyper Semantic
Graph (HSG). By combining a trained association
scorer with alignment-based cross-modal hyper-
edges constructed from precomputed multimodal
correspondences, M2HSG creates a structured on-
tological space that explicitly aligns cross-modal
elements. Simultaneously, a lightweight Semantic
Decomposer maps the natural-language query into
graph-operable structural constraints, encompass-
ing semantic objectives, topological dependencies,
and boundary conditions. This dual-sided design
allows the query and evidence to meet in a shared
structured semantic space.

To alleviate context bloat and hallucination risks,
SYNAPSEHSG bypasses the iterative LLM search
loop. Guided by the decomposed constraints above,
the framework conducts multi-channel retrieval to
identify a compact set of anchor nodes. It then
performs deterministic hyperedge expansion to
fetch physically aligned cross-modal counterparts
of these anchors, isolating a well-defined, query-
anchored sub-HSG. The result is a concise yet
contextually sufficient supporting subgraph. By
linearizing this subgraph (Fatemi et al., 2024), we

provide a frozen generator with an explicit evi-
dence path, enabling grounded answer generation
in a single one-shot pass.

The main contributions of this work are three-
fold:

• An Ontology-Guided Hyper-Semantic Ev-
idence Organization Paradigm: We in-
troduce hyper-semantic evidence organiza-
tion for long-context MQA. Implemented
via M2HSG, this approach converts un-
aligned multimodal streams into a unified Hy-
per Semantic Graph guided by a domain-
instantiable ontology. The resulting graph
structurally bridges the semantic and modality
gaps through high-order semantic associations
and explicit cross-modal hyperedges.

• A One-Shot Topological Grounding Mech-
anism: We design a decoupled grounding ar-
chitecture that systematically alleviates con-
text bloat from iterative retrieval. A Seman-
tic Decomposer translates natural-language
queries into graph-operable constraints, en-
abling one-shot evidence selection through
topological anchor expansion while keeping
the heavy generator frozen.

• A Comprehensive MQA Benchmark: We
introduce MM-CONFQA, a dedicated bench-
mark designed to systematically evaluate long-
context multimodal QA over dense papers, se-
quential slides, and audio transcripts, covering
diverse reasoning patterns and unanswerable
queries.

Extensive evaluations on the MM-CONFQA
benchmark demonstrate that SYNAPSEHSG
achieves the best overall performance among the
evaluated methods and yields consistent gains
across different generator backbones. Further be-
havioral analyses show that SYNAPSEHSG im-
proves answerable accuracy without relying on the
overly conservative refusal behavior observed in
traditional iterative retrieval baselines.

2 Related Work

Long-Context Multimodal Reasoning. Recent
multimodal LLMs and VLMs have extended visual-
language understanding from short image-text
pairs to long-context multimodal inputs, including
videos, documents, slides, and audio streams (Team
et al., 2024; OpenAI et al., 2023; Lin et al., 2024).
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Existing methods typically rely on extended con-
text windows (Liu et al., 2024a), temporal token
compression (Li et al., 2024), hierarchical encod-
ing (Carreira et al., 2022), or modality-specific
pooling (Alayrac et al., 2022) to ingest larger
amounts of heterogeneous input. These approaches
improve input capacity and have shown strong gen-
eral multimodal understanding ability. However,
long-context multimodal QA often requires more
than processing more tokens: relevant evidence
may be distributed across visual layouts, text, and
speech. Without explicit evidence organization,
models may still struggle to identify which frag-
ments should be aligned and jointly reasoned over.

Multimodal Retrieval-Augmented Genera-
tion. Retrieval-Augmented Generation (RAG) has
become a common paradigm for grounding LLM
outputs in external evidence (Lewis et al., 2020;
Guu et al., 2020). In multimodal settings, re-
trieval is extended from text passages to hetero-
geneous units such as figures, tables, video frames,
audio segments, and OCR blocks (Chen et al.,
2022; Talmor et al., 2021). Existing systems of-
ten use unified embedding spaces (Radford et al.,
2021; Girdhar et al., 2023), modality-specific re-
trievers (Chang et al., 2022), late-fusion mecha-
nisms (Izacard and Grave, 2021), or rerankers to se-
lect evidence before generation (Nogueira and Cho,
2019). Although these methods reduce the need to
process full multimodal contexts, most still treat
evidence as independent chunks. This becomes lim-
iting when the answer depends on implicit relations
among fragments across modalities.

Iterative and Graph-Structured Grounding.
To handle complex questions, prior work has ex-
plored iterative, multi-hop, and agentic retrieval
strategies (Yao et al., 2022; Trivedi et al., 2023;
Arakelyan et al., 2025), as well as graph-structured
grounding methods based on entity-relation graphs,
document graphs, scene graphs, event graphs, or
knowledge graphs (Edge et al., 2024; Yang et al.,
2025; Mo et al., 2026). These methods make ev-
idence access more structured than flat retrieval,
but iterative retrieval depends on intermediate deci-
sions and may accumulate redundant or weakly
aligned context (Asai et al., 2024; Yoran et al.,
2023). Meanwhile, many graph-based methods fo-
cus on pairwise symbolic links, modality-specific
structures, or localized evidence. Long-context
multimodal QA requires evidence organization that
can jointly account for semantic association, tempo-
ral continuity, and cross-modal alignment, motivat-

ing hyper-semantic graph construction and query-
conditioned subgraph grounding.

3 Methodology

3.1 Problem Formulation and Overview
Given a natural-language question q
and a multimodal evidence collection
X = {X(t), X(v), X(a), . . . }, where X(µ)

denotes the subset of evidence units associated
with modality µ ∈ M, the general multimodal
question answering (MQA) task is formulated as
finding the optimal answer ŷ:

ŷ = argmax
y

p(y | q,X). (1)

Figure 2 illustrates the proposed SYNAPSEHSG,
which contains four functional stages: offline HSG
construction, query decomposition, one-shot topo-
logical grounding, and grounded generation. By or-
ganizing evidence offline, SYNAPSEHSG resolves
each query with a single constraint-guided ground-
ing pass and one generation step. The M2HSG
first builds a hyper-semantic graph G from X . The
Semantic Decomposer maps q into graph-operable
constraints, which guide the retrieval of a compact
sub-HSG Gq. The sub-HSG is serialized as Tq and
passed to a frozen LLM:

ŷ ≈ argmax
y

pθLLM
(y | q, Tq). (2)

3.2 M2HSG: Ontology-Guided
Hyper-Semantic Graph Construction

M2HSG transforms the unaligned multimodal evi-
dence X into an ontology-guided hyper-semantic
graph G = (V, E ,Hevidence), where a domain-
instantiable schema organizes semantic units and
modality-grounded evidence.

Node Instantiation. M2HSG first partitions X
by modality and applies a modality-specific seman-
tic encoder ϕµ to extract semantic units:

V(µ) = ϕµ(X
(µ)), V =

⋃

µ∈M
V(µ). (3)

To keep graph construction query-agnostic, each
extracted node vi ∈ V is represented as a structural
tuple:

vi = ⟨hi, zi, τi,mi, si⟩, (4)

where hi is the semantic representation, zi is the
textualized node content, τi is the node type, mi is
the modality, and si records the source location.
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Figure 2: Overall architecture of SYNAPSEHSG. The framework contains four functional stages: ontology-guided
HSG construction with M2HSG, query-aware constraint generation with the Semantic Decomposer, one-shot
topological grounding over the graph, and grounded answer generation with a frozen LLM. Trainable and frozen
components are marked separately.

Pairwise Edges. To model semantic correlations,
a trainable association scorer fθg predicts the reten-
tion probability of each candidate pair:

p̂ij = σ
(
fθg(uij)

)
, (5)

where uij concatenates the semantic representa-
tions, node-type embeddings, and modality em-
beddings of vi and vj . The pairwise edge set is
obtained by thresholding:

E = {(vi, vj) | p̂ij > δe}. (6)

The optimization objective for the graph scoring
module is given in Section 3.5.

Cross-modal Hyperedges. Beyond binary pair-
wise edges, multimodal evidence often forms high-
order cross-stream correspondences. M2HSG
first constructs candidate cross-modal hyperedges
through deterministic alignment and retrieval cues.
Each candidate hyperedge groups a semantic center
node with its aligned evidence units across modali-
ties:

hk = {vk1 , vk2 , . . . , vknk
}. (7)

To calibrate these candidate structures, we assign
each hyperedge a coherence score:

ψ(hk) = gθg

({
hkt , eτkt , emkt

}nk

t=1

)
, (8)

where gθg measures cross-modal consistency. Re-
tained hyperedges constitute Hevidence and serve as
evidence links for deterministic anchor expansion
during inference.

3.3 Semantic Decomposer and Multi-Channel
Retrieval

While the hyper-semantic graph G provides a struc-
tured evidence space, the input question q resides
in an unstructured natural language space. To
align the question with the hyper-semantic graph,
SYNAPSEHSG introduces a neural Semantic De-
composer Dθd that maps q to a set of graph-
operable constraints:

Cq = Dθd(q) = {ck}Kk=1. (9)

Formally, each decomposed constraint is instanti-
ated as a structural tuple:

ck = ⟨ak, rk, wk⟩, (10)
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where ak specifies the semantic query anchor, rk
defines the expected ontology-compatible relation
within E , and wk denotes its importance weight.
The optimization regime is detailed in Section 3.5.

Conditioned on Cq, SYNAPSEHSG performs par-
allel multi-channel dense retrieval using the base
question q and each semantic anchor ak as inde-
pendent retrieval queries. Their top-ranked results
are aggregated into a unified recall pool:

Urecall = Rq ∪
K⋃

k=1

Rk ⊂ V, (11)

Rx = TopKBx

(
{vi ∈ V}, sim(hi,x)

)
, (12)

where x denotes the dense encoding of retrieval
query x, x ∈ {q, a1, . . . , aK}. Retrieval budgets
are detailed in Appendix F.

3.4 Topological Expansion and Grounding

To obtain a compact query-conditioned subgraph,
SYNAPSEHSG executes constraint-aware rerank-
ing and hyperedge traversal.

Constraint-Aware Reranking. For each candi-
date vi ∈ Urecall, the relevance score ωi is formu-
lated as the linear combination of the dense query
similarity and a constraint compatibility score ρi:

ωi = γ · sim(hi,q) + (1− γ) · ρi. (13)

The compatibility score explicitly incorporates the
decomposed anchors, topological relations, and
importance weights:

ρi =

K∑

k=1

wk

[
α · sim(hi,ak)

+ (1− α) · η(vi, rk,G)
]
+ χ(τi),

(14)
where η(vi, rk,G) measures whether candidate
node vi satisfies the expected topological relation
rk in G, and χ(τi) denotes a node-type compatibil-
ity bonus. The recall pool is then truncated to an
anchor set Aq bounded by an anchor budget Ba:

Aq = TopK
(
Urecall, ω(·), Ba

)
, (15)

where ω(vi) = ωi. The selected anchors are used
as entry points for the subsequent hyperedge traver-
sal and sub-HSG construction.

Hyperedge Traversal and Linearization. To
capture comprehensive multimodal evidence,
SYNAPSEHSG first identifies the query-relevant
hyperedges connected to the anchor set:

Hq = {h ∈ Hevidence | h ∩ Aq ̸= ∅}. (16)

It then expands the anchors through these hyper-
edges to obtain the grounded node set:

Vq = Aq ∪
⋃

h∈Hq

h. (17)

The induced pairwise edge set is:

Eq = {(vi, vj) ∈ E | vi, vj ∈ Vq}. (18)

The induced sub-HSG is then defined as Gq =
(Vq, Eq,Hq). For generation, SYNAPSEHSG seri-
alizes the grounded nodes and induced pairwise
relations into Tq = [TV ⊕ TE ], where nodes retain
their identifiers, modalities, types, source locations,
and textualized contents, while relations retain their
source nodes, relation types, and target nodes. The
serialized context Tq is concatenated with q as the
input to the frozen LLM.

3.5 Training Strategy

SYNAPSEHSG adopts a decoupled optimization
regime. The modality encoders and final LLM
generator are frozen, while the trainable parameters
are restricted to the graph scorer θg and the query
decomposer θd.

Optimization of M2HSG. The graph scoring
module is trained with two objectives: pairwise
edge retention and hyperedge-level cross-modal
coherence. For a candidate pair (vi, vj) with edge
label yij ∈ {0, 1}, the edge objective is:

Ledge = −
∑

(vi,vj)

[
yij log p̂ij + (1− yij) log(1− p̂ij)

]
,

(19)

where p̂ij is the predicted retention probability, and
yij = 1 when both nodes are selected as support-
ing evidence and satisfy the relation and source-
consistency constraints. For a candidate hyperedge
hk with coverage label yhk ∈ {0, 1}, the hyperedge
objective is:

Lhyper = −
∑

hk

[
yhk logψ(hk)

+ (1− yhk ) log(1− ψ(hk))
]
,

(20)
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where yhk = 1 if the supporting nodes in hk span at
least two modalities and jointly support the corre-
sponding training QA pair, and yhk = 0 otherwise.
The final graph construction loss is:

Lgraph = Ledge + Lhyper. (21)

Both objectives are optimized within the same
graph scoring module parameterized by θg.

Optimization of the Semantic Decomposer.
The query decomposer Dθd is trained with LoRA-
based (Hu et al., 2022) supervised fine-tuning to
generate structural constraints:

Ldecomp = −
|Cq |∑

k=1

log pθd(c
∗
k | c∗<k, q), (22)

where c∗k denotes the target constraint sequence
constructed from training QA annotations and
source-level evidence metadata, as detailed in Ap-
pendix E. All structural supervision is derived ex-
clusively from the training split; validation and test
annotations are excluded from training and hyper-
parameter selection.

4 Experiment

4.1 Experimental Setup
Dataset. We evaluate SYNAPSEHSG on MM-
ConfQA, a multimodal question-answering dataset
constructed from 1,553 academic presentations at
ICLR and NeurIPS (2024-2025). The validation
(400 samples) and test (500 samples) splits were in-
dependently verified by two NLP researchers, with
disagreements resolved through discussion, while
the remaining 10,973 pairs form the training set.
These queries are grounded in three aligned modal-
ities: paper text (PDF), slide images (PNG), and
audio tracks (MP3). Statistically, a large portion of
answerable queries require evidence from at least
two modalities, while 12% are unanswerable to
evaluate evidence calibration. Details regarding
the construction pipeline and filtering heuristics are
deferred to Appendix A.

Evaluation Metrics. Since answers are often
free-form and may admit multiple semantically
equivalent realizations, we evaluate model predic-
tions using an LLM-based semantic matching pro-
tocol. Specifically, GPT-5.4 is used as the evalu-
ator to determine whether a prediction is equiva-
lent to the reference answer under a fixed judging
rubric (Zheng et al., 2023). To avoid conflating

answer generation with abstention behavior (Ra-
jpurkar et al., 2018), we report three complemen-
tary metrics. Overall Accuracy (OA) measures
correctness over the full test set. Answerable Ac-
curacy (Ans. Acc.) is computed only on questions
with sufficient supporting evidence. Unanswer-
able Refusal Accuracy (Unans. Ref.) measures
the proportion of unanswerable questions for which
the model correctly abstains instead of producing
an unsupported answer.

Baselines. To ensure a comprehensive evalua-
tion, we benchmark the proposed SYNAPSEHSG
against several strong baselines across three pre-
vailing paradigms. We first evaluate against several
Multimodal RAG Methods designed for cross-
modal dense retrieval, such as VisRAG (Yu et al.,
2025), RAG-Anything (Guo et al., 2025), and
M2RAG (Ma et al., 2025). As structural alterna-
tives to our holistic hyperedge modeling, we fur-
ther compare with Iterative RAG Methods, in-
cluding pioneering works like EventRAG (Yang
et al., 2025), KGGen (Mo et al., 2026), and
GraphRAG (Edge et al., 2024), which rely on multi-
step graph exploration. Additionally, to assess
native reasoning capabilities without explicit re-
trieval modules, we compare SYNAPSEHSG with
Direct Multimodal LLMs, encompassing repre-
sentative open-source and proprietary models such
as LLaVA-1.6-7B (Liu et al., 2024b), Qwen3.6-
27B (Qwen Team, 2026b), and GPT-5.4 (Ope-
nAI, 2026). For a strictly controlled compari-
son, all applicable retrieval-based and iterative
baselines use Qwen3.6-27B as the generator. Fi-
nally, to evaluate backbone robustness, we instanti-
ate SYNAPSEHSG with LLaVA-1.6-7B, Qwen3.6-
27B, and GPT-5.4.

4.2 Main Results

Table 1 summarizes the main results on the MM-
ConfQA benchmark, and Figures 3, 4, and 5
provide further analyses of generator robustness,
answer-refusal behavior, and reasoning-pattern per-
formance. SYNAPSEHSG achieves the highest
overall accuracy among the evaluated methods. We
highlight four observations below.

Effectiveness under controlled settings.
When using the same Qwen3.6-27B generator,
SYNAPSEHSG achieves 72.2% overall accuracy
and 73.4% answerable accuracy. It improves over
the strongest multimodal RAG baseline, M2RAG,
by 8.0 percentage points in overall accuracy, and
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Method Overall Performance Reasoning Pattern Accuracy

Overall Ans. Acc. Unans. Ref. Single Link Multi Cross Comp. Caveat

Direct Multimodal LLMs (Zero-shot baselines)
LLaVA-1.6-7B 45.6 45.9 43.3 32.5 40.0 38.7 53.3 63.3 55.0
Qwen3.6-27B 64.6 66.8 48.3 52.5 63.3 57.3 76.0 80.0 75.0
GPT-5.4 68.8 67.0 81.7 55.0 63.3 68.0 74.7 70.0 72.5

Multimodal RAG Methods (Generator: Qwen3.6-27B)
VisRAG 57.4 56.1 66.7 22.5 50.7 52.0 70.7 68.3 72.5
RAG-Anything 57.8 60.2 40.0 47.5 55.3 52.0 68.0 70.0 77.5
M2RAG 64.2 66.4 48.3 47.5 62.7 53.3 73.3 86.7 80.0

Iterative RAG Methods (Generator: Qwen3.6-27B)
EventRAG 43.0 35.9 95.0 37.5 29.3 37.3 37.3 46.7 37.5
KGGen 50.2 45.0 88.3 37.5 40.7 36.0 50.7 56.7 57.5
GraphRAG 59.6 60.2 55.0 32.5 52.0 62.7 72.0 71.7 75.0

SYNAPSEHSG (Ours)
SYNAPSEHSG (w/ LLaVA-1.6-7B) 53.4 52.7 58.3 45.0 52.0 46.7 60.0 55.0 57.5
SYNAPSEHSG (w/ Qwen3.6-27B) 72.2 73.4 63.3 62.5 65.3 69.3 82.7 85.0 87.5
SYNAPSEHSG (w/ GPT-5.4) 77.2 80.9 50.0 60.0 78.0 81.3 85.3 90.0 90.0

Table 1: Main quantitative results on the MM-ConfQA benchmark. Overall denotes accuracy over the entire test set,
Ans. Acc. measures accuracy exclusively on answerable queries, and Refusal quantifies the correct abstention rate
on unanswerable questions. The best results are highlighted in bold, and the second-best results are underlined.

Figure 3: Generator robustness analysis.
SYNAPSEHSG consistently improves overall ac-
curacy across LLaVA-1.6-7B, Qwen3.6-27B, and
GPT-5.4, with gains of 7.8, 7.6, and 8.4 points,
respectively.

over the graph-based baseline, GraphRAG, by
12.6 percentage points. This margin suggests
that generic multimodal retrieval and iterative
graph-based evidence exploration do not fully
address MM-ConfQA, where relevant cues are
often dispersed across modalities and slides.
In contrast, query-conditioned organization of
hyper-semantic evidence provides a more effective
context for grounded answer generation.

Robustness across generator backbones. As
shown in Figure 3, SYNAPSEHSG consistently im-
proves different generators. It increases overall
accuracy by 7.8, 7.6, and 8.4 points for LLaVA-1.6-
7B, Qwen3.6-27B, and GPT-5.4, respectively. This
trend indicates that the benefit of SYNAPSEHSG
is not tied to a specific backbone, but comes from
the structured organization and query-conditioned
selection of supporting evidence.

Answerability vs. refusal trade-off. Figure 4
plots answerable accuracy against unanswerable re-
fusal accuracy, where the bubble numbers and sizes
represent the overall accuracy (OA) of each config-
uration. EventRAG and KGGen achieve high re-
fusal accuracy, reaching 95.0% and 88.3%, respec-
tively, but obtain much lower answerable accuracy,
with 35.9% and 45.0%. This visualization indicates
that high refusal accuracy alone is not sufficient to
demonstrate robust grounded QA, since it may also
reflect overly conservative behavior. In contrast,
SYNAPSEHSG improves overall accuracy mainly
through stronger performance on answerable ques-
tions, achieving 73.4% answerable accuracy with
Qwen3.6-27B and 80.9% with GPT-5.4. Its refusal
accuracy is moderate rather than maximal, reflect-
ing a different trade-off from methods with high
refusal accuracy but weak answerable-question per-
formance.

Improvements on complex reasoning patterns.
The reasoning-pattern breakdown in Table 1 and
the heatmap in Figure 5 show that SYNAPSEHSG
mainly improves evidence-grounded reasoning cat-
egories. With Qwen3.6-27B, it substantially im-
proves over the native generator across categories,
with the largest gains on Multi-Hop Aggregation
(+12.0%) and Limitation/Caveat (+12.5%) ques-
tions. This suggests that the graph structure is most
useful when dispersed evidence must be connected
before generation.

The same trend appears with GPT-5.4.
SYNAPSEHSG improves over the native generator
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Figure 4: Answer-refusal trade-off. The x-axis reports
answerable accuracy, the y-axis reports correct refusal
accuracy on unanswerable questions, and the bubble
size and number indicate overall accuracy. Some meth-
ods achieve high refusal accuracy at the cost of lower an-
swerable accuracy, while SYNAPSEHSG improves over-
all performance primarily through stronger answerable-
question accuracy, reflecting a different answerability–
abstention trade-off.

on Evidence Linking (63.3% to 78.0%), Multi-Hop
Agg. (68.0% to 81.3%), Cross-Slide reasoning
(74.7% to 85.3%), Comparison (70.0% to 90.0%),
and Limitation/Caveat questions (72.5% to 90.0%).
These results indicate that stronger generators
still benefit from structured evidence organization.
Meanwhile, the gains are not uniform across
all categories; for instance, the accuracy on
Unanswerable queries displays varying trends
across backbones. This suggests that the main
advantage of SYNAPSEHSG lies in grounded
answer generation over dispersed multimodal
evidence.

Overall, the empirical results indicate that orga-
nizing context into query-anchored hyper-semantic
structures provides consistent gains across differ-
ent generator backbones and evidence-intensive
reasoning patterns, supporting its effectiveness for
conference-oriented multimodal QA.

4.3 Ablation Study

To examine component contributions, we ablate
SYNAPSEHSG with Qwen3.6-27B as the genera-
tor. Figure 6 reports changes in overall accuracy,
answerable accuracy, and unanswerable refusal ac-
curacy relative to the full model.

Removing the hyper-semantic graph causes the
largest degradation. The w/o HSG variant drops
by 9.0 points in overall accuracy and 9.3 points

Figure 5: Reasoning-pattern breakdown on MM-
ConfQA. SHSG denotes SYNAPSEHSG. The re-
sults show that SYNAPSEHSG yields larger gains on
evidence-intensive categories, including multi-hop ag-
gregation, cross-slide reasoning, and limitation/caveat
questions.

10 5 0 5 10 15 20
 Accuracy (pp)
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w/o Anchor

Heuristi
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Figure 6: Ablation study of SYNAPSEHSG. Changes
are computed relative to the full model. Removing the
hyper-semantic graph causes the largest drop, while
removing anchors reduces answerable accuracy and in-
creases refusal accuracy.

in answerable accuracy, indicating that the struc-
tured evidence space is central to grounded answer
generation. Replacing the trainable HSG construc-
tion with heuristic edges also reduces performance
(−2.4 overall, −2.9 answerable), suggesting that
learned association scoring provides more useful
evidence organization than heuristic linking alone.

The anchor mechanism also contributes substan-
tially. Removing anchors reduces overall and an-
swerable accuracy by 4.0 and 7.0 points, respec-
tively, while increasing unanswerable refusal ac-
curacy by 18.4 points. This shows that the variant
becomes more conservative rather than more accu-
rate on answerable questions, confirming the need
to report answerable and unanswerable metrics sep-
arately.

Removing the decomposer causes a smaller but
consistent decline (−1.6 overall, −2.0 answerable).
Overall, the ablation results show that the hyper-
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semantic graph provides the largest gain, while
anchor-based grounding and query decomposition
further improve answerable-question performance.

5 Conclusion

We introduced SYNAPSEHSG, a decoupled one-
shot grounding framework for long-context multi-
modal QA. By organizing multimodal evidence
into a Hyper-Semantic Graph with M2HSG
and retrieving compact query-anchored subgraphs
through semantic decomposition, SYNAPSEHSG
reduces reliance on iterative retrieval while ad-
dressing semantic and modality gaps. We
also introduced MM-CONFQA, a benchmark for
conference-oriented multimodal QA. Experiments
show that SYNAPSEHSG outperforms strong mul-
timodal and retrieval-based baselines, with larger
gains on evidence-intensive reasoning patterns.
These results support pre-aligned structural ground-
ing as an effective substrate for long-context multi-
modal reasoning.

Limitations

SYNAPSEHSG has several limitations that moti-
vate future research. Although the framework is
designed to be modality-agnostic, its ontology re-
quires domain-specific instantiation. This work in-
stantiates the ontology for academic presentations;
applying the framework to medical records, finan-
cial reports, meetings, lectures, or open-domain
videos requires adapting the node taxonomy, rela-
tion schema, and upstream preprocessing pipeline.

As a pipelined architecture, SYNAPSEHSG is
subject to cascading errors. Imperfections in mul-
timodal parsing, temporal alignment, or structural
encoding during offline graph construction may
propagate to the retrieved subgraphs and affect fi-
nal generation. The topological density and gran-
ularity of the constructed HSG are also sensitive
to extraction heuristics, filtering thresholds, and
graph-scoring configurations.

The framework relies on the Semantic De-
composer to map natural-language queries into
ontology-compatible constraints. Ambiguous or
out-of-distribution queries may yield underspeci-
fied structural constraints, which can hinder anchor
selection and cross-modal hyperedge expansion.

Final generation quality remains influenced by
the capacity of the frozen LLM. If the retrieved sub-
HSG omits relevant evidence or the generator fails
to synthesize the multi-hop context faithfully, the

system may produce incomplete or unsupported an-
swers. Developing faithfulness verification mecha-
nisms over serialized sub-HSGs remains an impor-
tant direction for future work.

Ethics Statement

This work introduces MM-CONFQA, constructed
from publicly accessible academic presentations.
To respect intellectual-property constraints and plat-
form terms of service, we release source identifiers
and benchmark annotations, but do not redistribute
raw papers, slide images, or audio recordings. The
source recordings may contain personally identi-
fiable information already present in public con-
ference materials, such as speaker voices, names,
and affiliations. We do not introduce additional
demographic profiling or biographical annotations.
The authors declare no conflicts of interest.

SYNAPSEHSG relies on automatic extraction,
retrieval, and LLM-based generation. It may gener-
ate unsupported claims when cross-modal evidence
is incomplete or misretrieved, so outputs should be
verified against the original materials in high-stakes
applications. Our LLM-as-a-judge evaluation pro-
tocol uses a standardized rubric across methods, but
automated evaluation may introduce bias or incon-
sistency. Computationally, the framework keeps
the final generator frozen and restricts trainable pa-
rameters to the graph scorer and Semantic Decom-
poser, reducing the need for full-parameter multi-
modal fine-tuning, although offline preprocessing
and graph construction still require computational
resources.
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A MM-CONFQA Dataset Details

MM-CONFQA is constructed from 1,553 aca-
demic conference presentations collected from
SlidesLive2, covering ICLR3 and NeurIPS4 in
2024–2025, as detailed in Table 2. Each presen-
tation is associated with three modalities from the
original source: a paper PDF, a slide deck, and an
audio recording.

The benchmark comprises 11,873 QA pairs, par-
titioned into training, validation, and test splits
(Table 3). The validation and test splits are
human-verified by domain researchers and used
as gold-standard evaluation sets. The questions
cover diverse reasoning patterns, including single-
hop retrieval, evidence linking, multi-hop aggre-
gation, cross-slide reasoning, comparison, limita-
tion/caveat identification, and unanswerable cases.
Table 4 summarizes the test-set distribution of these
reasoning patterns.

Release Strategy. To respect the intellectual-
property constraints of the original conference ma-
terials and comply with platform terms of service,
we do not directly redistribute the raw PDFs, slide
images, or audio files. Instead, the release provides
SlidesLive session_ids and benchmark annota-
tions, including QA pairs, answerability labels, an-
swer types, reasoning-pattern metadata, and split in-
formation. Researchers can use these identifiers to
access the corresponding source materials through
the official platform. During evaluation, no oracle
evidence paths are provided; systems are expected
to retrieve or construct supporting evidence from
the available multimodal sources.

Venue Year Sessions

ICLR 2024 226
NeurIPS 2024 215
ICLR 2025 631
NeurIPS 2025 481

Total – 1,553

Table 2: Source distribution of MM-CONFQA.

B Implementation Details

We implement SYNAPSEHSG as a decoupled
offline-online pipeline. The offline stage constructs
the M2HSG index from paper text, slide regions,

2https://slideslive.com/
3https://iclr.cc/
4https://neurips.cc/

Split Samples Answerable Unanswerable

Train 10,973 9,818 1,155
Validation 400 352 48
Test 500 440 60

Total 11,873 10,610 1,263

Table 3: QA split statistics of MM-CONFQA.

Reasoning Pattern Count Description

Evidence Linking 150 Trace a claim through sup-
porting evidence

Multi-Hop Aggre-
gation

75 Synthesize multiple evi-
dence pieces

Cross-Slide 75 Use evidence distributed
across slides

Comparison 60 Compare methods, results,
or settings

Unanswerable 60 No valid answer exists in
the evidence

Single-Hop 40 Retrieve one direct evi-
dence unit

Limitation/Caveat 40 Identify limitations or
caveats

Table 4: Reasoning-pattern distribution of the MM-
CONFQA test set.

transcript utterances, and audio-derived cues. The
online stage performs query decomposition, multi-
channel retrieval, constraint-aware reranking, hy-
peredge anchor expansion, structure-preserving lin-
earization, and frozen-LLM generation.

The final answer generator is kept frozen across
all experiments. The trainable components are re-
stricted to the graph scoring module and the Seman-
tic Decomposer. Detailed supervision and hyperpa-
rameter settings for both modules are provided in
Appendix D and Appendix E.

For multimodal preprocessing, we use
Whisper-large-v3 (Radford et al., 2022) for
audio transcription and timestamped speech
segments. Evidence chunks are encoded with
BGE-M3 (Chen et al., 2024), and FAISS (Douze
et al., 2024) is used for session-scoped vector
search over HSG nodes. Local training, prepro-
cessing, embedding, retrieval, and open-weight
generator inference are conducted on 4× NVIDIA
A100 80G GPUs. Qwen3.6-27B and LLaVA-1.6-
7B are deployed locally with vLLM (Kwon et al.,
2023), while GPT-5.4 is accessed through its API.
We use random seed 42 for trainable components.
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C Ontology Instantiation for
MM-CONFQA

SYNAPSEHSG adopts an ontology-guided graph
construction mechanism. The ontology provides a
domain-instantiable schema for organizing seman-
tic units, modality-grounded evidence, and typed
cross-modal associations. For MM-CONFQA, we
instantiate this schema for academic conference
presentations.

Table 5 lists the node taxonomy used in this in-
stantiation. The schema separates Semantic Nodes,
which represent abstract research concepts, from
Evidence-Grounded Nodes, which refer to local-
ized modality-specific artifacts. Table 6 lists the
relation taxonomy used to connect these nodes. Ta-
ble 7 summarizes the type constraints used when
constructing candidate relations.

Node Type Description

Semantic Nodes
Claim Core scientific claim or contribu-

tion
Method Methodological component or al-

gorithmic design
Result Experimental finding or reported

outcome
Metric Evaluation metric or measure-

ment criterion
Limitation Stated limitation, caveat, or fail-

ure case

Evidence-Grounded Nodes
PaperChunk Textual evidence segment from

the paper
Slide Slide-level presentation unit
VisualRegion Local visual or layout region

from a slide or figure
Utterance Transcript span from the presen-

tation audio
ProsodyEvent Audio emphasis cue, such as

acoustic stress or pause
Figure/Table Figure or table reference from pa-

per or slide material

Table 5: Node taxonomy used in the academic-
presentation ontology instantiated for MM-CONFQA.

D Graph Scorer Supervision and
Training

The graph scorer is trained to filter candidate pair-
wise relations and calibrate hyperedge-level coher-
ence during offline M2HSG construction. Since
exhaustive human annotation of dense multimodal
graph edges is difficult to scale to the full training
split, we construct auxiliary structural supervision
from training-set QA annotations and source-level

Relation Type Description

Semantic Relations
supported_by Links a claim or result to sup-

porting evidence
measured_by Links a result to an evaluation

metric
compares Links methods or results in-

volved in a comparison
referenced_by Captures cross-references

among evidence nodes

Cross-Modal Grounding Relations
grounded_in_paper Grounds a node in paper text,

figures, or tables
aligned_to_slide Aligns semantic or spoken con-

tent with slide layouts
emphasizes Links audio prosody cues to em-

phasized semantic content

Table 6: Relation taxonomy used in the academic-
presentation ontology instantiated for MM-CONFQA.

evidence metadata. These automatically derived la-
bels are used only to optimize the offline M2HSG
construction module and are not provided as oracle
evidence during evaluation.

Auxiliary Supervision. For the pairwise edge-
retention objective, a candidate edge (vi, vj) is as-
signed a positive label (yedge = 1) if its incident
nodes belong to high-confidence evidence paths
that support the reference answer. The matching
protocol evaluates semantic overlap among the
node content, decomposed question intent, and
reference answer under source-level provenance
constraints. Candidate edges that fail to satisfy
these criteria are sampled as negative instances
(yedge = 0).

For the hyperedge-coherence objective, a can-
didate hyperedge hk receives a positive coverage
label (yhk = 1) if its supporting nodes span at least
two distinct modalities and jointly support the cor-
responding training QA pair; otherwise, yhk = 0.
This objective encourages M2HSG to retain coher-
ent cross-modal evidence links rather than isolated
or weakly related multimodal artifacts.

Scorer Implementation. The scorer is imple-
mented as a two-hidden-layer MLP with hidden
dimension 128, GELU activation, and dropout 0.1
after the first hidden layer. It operates over fea-
ture vectors derived from candidate relation meta-
data, semantic similarity signals, modality indi-
cators, and relation-type embeddings. For each
candidate relation, we construct sparse lexical and
structural features, including text overlap, dense
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Relation Type Allowed Head Node Types Allowed Tail Node Types

supported_by Claim, Result PaperChunk, VisualRegion, Figure/Table, Re-
sult

measured_by Result Metric
compares Method, Result Method, Result
grounded_in_paper Claim, Method, Result, Slide, VisualRe-

gion
PaperChunk, Figure/Table

aligned_to_slide Utterance, Claim, Method, Result Slide, VisualRegion
emphasizes ProsodyEvent Claim, Method, Result, Metric
referenced_by Figure/Table, VisualRegion, Paper-

Chunk
Utterance, PaperChunk, Claim, Method

Table 7: Type constraints used by M2HSG when constructing candidate relations in the MM-CONFQA ontology
instantiation.

semantic similarity, relation identity, node-type in-
dicators, and modality-pair indicators. To control
the high-dimensional sparse feature space and im-
prove training efficiency, we cap raw sparse fea-
tures at 5,000 dimensions and project them into a
512-dimensional dense representation using Trun-
catedSVD (Pedregosa et al., 2011). A trainable
16-dimensional relation embedding is concatenated
with the compressed feature vector before being
passed to the MLP scorer.

The scorer is trained on a triple-level split after
filtering candidates with include_in_loss=true,
resulting in approximately 222K training instances.
It is optimized with AdamW (Loshchilov and Hut-
ter, 2017) using a learning rate of 1× 10−3, batch
size 64, weight decay 1 × 10−4, and 25 train-
ing epochs. We apply relation-balanced sample
weights and select the best checkpoint by maxi-
mizing the sum of Edge AP and Hyperedge AP
on the development split. The training objective
follows the pairwise edge-retention and hyperedge-
coherence losses described in Section 3.5.

Feature Group Description Dimension

Raw High-Dimensional Features
Lexical Overlap TF-IDF, BM25,

string matching
up to 2,500

Semantic Affinity Dense embedding
similarity

up to 2,000

Modality Indicators Source modality and
modality-pair masks

up to 500

Dense Latent Representations
SVD-Compressed
Vector

TruncatedSVD pro-
jection

512

Relation Embedding Trainable relation-
type embedding

16

Table 8: Feature groups used by the M2HSG graph
scorer. Raw sparse features are capped at 5,000 dimen-
sions and projected into a compact dense representation
before being passed to the MLP scorer.

E Semantic Decomposer Supervision

The Semantic Decomposer maps a natural-
language question into ontology-compatible struc-
tural constraints. Each output follows the JSON
schema summarized in Table 9. The decomposer is
initialized from Qwen3.5-9B (Qwen Team, 2026a)
and trained with LoRA-based supervised fine-
tuning on 10,973 training questions, with 1,316
held-out decomposition examples used for check-
point selection.

The training prompt requires valid JSON with-
out markdown or explanatory text. The generated
fields are used as supervision targets for query in-
tent parsing and are later converted into retrieval
and reranking signals over the HSG. The relation
labels in target_relation are query-side intent
labels and are not required to match the HSG
edge inventory one-to-one. We report the effec-
tive relation-label inventory covered by the decom-
poser training data: supported_by, emphasizes,
compares, measured_by, aligned_to_slide,
grounded_in_paper, and other. The other la-
bel serves as a catch-all intent class for questions
whose relation is not captured by the core query-
side labels.

We train the decomposer with LoRA rank r =
16, scaling factor α = 32, and dropout 0.05. Opti-
mization uses AdamW with a cosine learning-rate
schedule, peak learning rate 2× 10−4, per-device
batch size 4, gradient accumulation steps 8, effec-
tive batch size 32, and 3 epochs. The maximum
sequence length is set to 1,024, bf16 is enabled,
gradient checkpointing is used, and the best check-
point is selected by validation loss.
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Field Type Role Allowed Values / Structure

target_semantic_unit Enum Semantic node type used to
localize the query focus.

Claim, Method, Result, Metric, Limitation

target_relation Enum Query-side relation label used as
a structural intent signal.

supported_by, emphasizes, compares,
measured_by, aligned_to_slide,
grounded_in_paper, other

constraints Object Structured filters for retrieval
channels and reranking
compatibility.

time_constraint, page_constraint,
baseline_constraint, metric_constraint,
section_constraint, experiment_setting

modality_requirement Enum Expected evidence modality or
modality combination.

paper, audio, visual, paper+audio,
paper+visual, audio+visual,
paper+audio+visual, none

reasoning_pattern Enum Reasoning category predicted
from the question.

single_hop, evidence_linking,
cross_slide, cross_time, comparison,
limitation_or_caveat,
multi_hop_aggregation, unanswerable

answer_type Enum Expected answer format. entity, phrase, number, explanation,
yes_no, abstain

answerable Boolean Whether sufficient evidence is
expected to exist.

true, false

Table 9: Output schema and allowed values of the Semantic Decomposer. Relation labels correspond to the effective
query-side inventory covered by decomposer supervision.

F Retrieval and Grounding Configuration

SYNAPSEHSG performs session-scoped multi-
channel retrieval over the node index. During
inference, the structured constraints produced by
the Semantic Decomposer are used as independent
query channels against the FAISS index. Retrieved
nodes are mapped to candidate triples through an
inverted node-to-triple index, and the resulting can-
didates are merged into a unified recall pool before
constraint-aware reranking.

Table 10 reports the retrieval configuration for
each channel. The channel weights are unnormal-
ized scoring coefficients used during late-fusion
reranking rather than probabilities. The reranker
selects the top-10 triples as seed evidence. Hyper-
edge anchor expansion then adds up to 15 addi-
tional triples through offline-retained cross-modal
links. Table 11 summarizes the grounding configu-
ration used during inference.

G Evaluation Protocol

We evaluate model predictions with an LLM-based
semantic matching protocol. The main reported
metrics, including overall accuracy, answerable ac-
curacy, and refusal accuracy, are computed using
GPT-5.4 as the semantic judge. The judge receives
the question, reference answer, answerability label,
and model prediction, and returns a binary correct-

Retrieval Channel Top-k Weight

Question 50 0.30
Target semantic unit 20 0.15
Baseline constraint 30 0.25
Metric constraint 30 0.25
Experiment setting 30 0.25
Section constraint 30 0.25

Table 10: Multi-channel retrieval configuration.
Weights are scalar scoring coefficients rather than nor-
malized probabilities.

Pipeline Component Configuration

Offline Indexing
Dense vector index FAISS over node embed-

dings
Candidate expansion Inverted node-to-triple in-

dex

Online Grounding
Reranker output Top-10 seed triples
Hyperedge expansion Up to 15 additional triples

Context Construction
Typical subgraph size ∼25 nodes / ∼25 triples
Serialized evidence size ∼8,000 chars / ∼2,000 to-

kens

Table 11: Grounding configuration used during infer-
ence.

ness decision according to the rubric in Table 12.
For answerable questions, a prediction is marked
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correct if it preserves the key facts required by
the reference answer, allowing paraphrases and
minor surface-form differences. For unanswerable
questions, a prediction is marked correct only if
it abstains or explicitly states that the available
evidence is insufficient. Failed generations and
unsupported answers are counted as incorrect.

H Baseline Adaptation for Multimodal
Evidence

Several iterative and graph-based RAG baselines
are originally designed for text-centric corpora and
do not natively support heterogeneous conference
streams containing papers, slides, and audio. To en-
able a fair comparison on MM-CONFQA, we adapt
their input interface to the multimodal setting while
preserving each method’s original retrieval, graph
construction, or iterative reasoning procedure.

Unified Evidence Interface. We first convert
each presentation into a shared pool of textual-
ized evidence units. Paper PDFs are segmented
into text chunks. Slides are represented by slide-
level textual content, OCR/caption outputs, and
localized visual-region descriptions when available.
Audio recordings are converted into timestamped
transcript segments. These evidence units retain
their source metadata, including modality, slide in-
dex, page index, and timestamp, but are exposed to
text-centric baselines as textual retrieval units.

Adaptation of Text-Centric Iterative RAG.
For iterative RAG baselines such as EventRAG,
KGGen, and GraphRAG, we use the textualized
evidence pool as the input corpus. Their internal
retrieval, graph construction, event extraction, or
iterative expansion modules are then run without
access to oracle evidence paths. In this adapta-
tion, the baselines can retrieve evidence originating
from any modality, but they operate over the tex-
tualized representation rather than raw images or
audio. This preserves their core algorithmic behav-
ior while allowing them to process the same multi-
modal source materials used by SYNAPSEHSG.

Adaptation of Multimodal RAG Baselines. For
baselines that already support multimodal or
document-style retrieval, such as VisRAG, RAG-
Anything, and M2RAG, we follow their intended
input format whenever possible. When a method
requires a specific representation, such as page
images, document chunks, OCR text, or cap-
tioned visual regions, we provide the corresponding

0 50 100 150 200 250
Number of Errors

EventRAG

KGGen

GraphRAG

M2RAG

SHSG (Qwen3.6)

SHSG (GPT-5.4)

282 3 Total: 285

242 7 Total: 249

175 27 Total: 202

148 31 Total: 179

117 22 Total: 139

84 30 Total: 114

Error Composition

Answerable Errors
Unanswerable Errors

Figure 7: Error composition on the MM-CONFQA test
set. Errors are decomposed into answerable-question
errors and unanswerable-refusal errors. SYNAPSEHSG
reduces the dominant answerable-error component com-
pared with retrieval and iterative baselines.

modality-specific evidence derived from the same
MM-CONFQA sources.

Controlled Generation and Evaluation. For all
retrieval-based and iterative baselines, the final an-
swer generator is fixed to Qwen3.6-27B in the con-
trolled setting. Retrieved evidence is concatenated
with the original question under the same answer-
generation instruction. No baseline receives oracle
evidence paths, manually selected contexts, or addi-
tional supervision from the test set. All predictions
are evaluated using the same GPT-5.4-based seman-
tic judging protocol described in Appendix G.

This adaptation favors the baselines by mak-
ing slide and audio information retrievable as text,
rather than restricting them to paper-only evidence.

I Error Composition Analysis

Figure 7 decomposes total errors into answerable-
question errors and unanswerable-refusal errors.
This analysis complements the answer-refusal
trade-off in the main text by identifying where
each method fails. Iterative RAG baselines such
as EventRAG and KGGen produce few unanswer-
able errors, but most of their failures come from
answerable questions. In contrast, SYNAPSEHSG
substantially reduces answerable-question errors,
which are the dominant source of failure in MM-
CONFQA. This indicates that the main benefit of
SYNAPSEHSG comes from improving grounded
answer generation rather than from conservative
abstention.

J Component Sensitivity Profiles

Figure 8 visualizes the per-category performance
profiles of the full SYNAPSEHSG model and its
ablated variants. Unlike the main ablation plot,
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Judge Prompt Template

Given a question, a reference answer, an answerability label, and a model prediction, determine whether the prediction
is semantically correct. For answerable questions, mark the prediction correct if it contains the key facts required by
the reference answer, allowing paraphrases and minor surface-form differences. For unanswerable questions, mark the
prediction correct only if it refuses to answer or states that the evidence is insufficient. Return only Correct or Incorrect.

Table 12: Prompt template for LLM-based semantic evaluation.
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Figure 8: Component sensitivity profiles across reasoning patterns. Each subplot compares the full SYNAPSEHSG
model with one ablated variant. Larger enclosed area indicates stronger performance across categories. The radar
axes include answerable reasoning categories and unanswerable refusal accuracy.

which reports aggregate metric changes, this radar
visualization shows which reasoning patterns are
most affected by each component. Removing an-
chors yields a clear degradation on multi-hop ag-
gregation and limitation/caveat questions, indicat-
ing that anchor-based expansion is important when
the answer requires connecting dispersed evidence.
Removing the HSG leads to broad degradation, es-
pecially on cross-slide and multi-hop categories,
showing the importance of the structured graph
index for organizing evidence distributed across

slides and modalities.

K Case Study: Cross-Modal Multi-Hop
Grounding

We provide a qualitative case study to illustrate
how SYNAPSEHSG performs query decomposi-
tion, multi-channel retrieval, hyperedge expansion,
structure-preserving linearization, and grounded
generation. The example is taken from a NeurIPS
2025 presentation, Alignment of Large Language
Models with Constrained Learning. The question
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requires comparing performance trade-offs under
different constraint thresholds and identifying the
metrics used to quantify the gap between learned
and optimal policies.

Question.

How do the experimental results compare
the performance trade-offs of the iterative
dual-based alignment method under different
constraint thresholds, and what metrics are
used to quantify the gap between the learned
and optimal policies?

Structured Decomposition. The Semantic De-
composer maps the question into ontology-
compatible structural constraints:

Field Value

target_semantic_unit Claim
target_relation compares
baseline_constraint optimal policy π∗

metric_constraint R-OPT and U-OPT
experiment_setting PKU-SafeRLHF and An-

thropic HH-RLHF datasets
modality_requirement paper+visual
reasoning_pattern comparison
answer_type explanation

Table 13: Semantic Decomposer output for the case
study.

Retrieval and Expansion. The decomposed con-
straints activate multiple retrieval channels, includ-
ing the original question, the baseline constraint,
metric constraint, experiment-setting constraint,
and target semantic unit. After deduplication, the
recall pool contains approximately 160 candidate
triples. The reranker selects the top-10 triples, and
hyperedge anchor expansion adds cross-modal ev-
idence through retained evidence links. The fi-
nal grounded subgraph contains evidence from pa-
per text, slides, and audio-derived cues. Although
the decomposer predicts paper+visual as the re-
quired modality combination, hyperedge expan-
sion may introduce additional linked cues, such as
audio-derived emphasis, when they are connected
to selected anchors.

Linearized Sub-HSG. The grounded sub-HSG
is serialized with the structure-preserving lineariza-
tion protocol. The serialized context contains
an evidence-node block followed by a relation
block, without explicitly printing hyperedge mem-
berships.

Evidence Type Retrieved Evidence

Claim Definitions of R-OPT and U-OPT
as gaps between learned policy π
and optimal policy π∗

Method Iterative dual-based alignment eval-
uated on PKU-SafeRLHF and An-
thropic HH-RLHF

PaperChunk Lagrangian duality and iterative du-
alization procedure

VisualRegion Slide 6 optimization formulation;
Slide 7 dual update; Slide 10
threshold-based scatter plots

ProsodyEvent Speaker emphasis on sub-gradient
computation and constrained opti-
mization

Table 14: Representative evidence recovered by topo-
logical grounding in the case study.

Linearized Context Fragment

=== Evidence Nodes ===
[N1|Method] We demonstrate the effectiveness of our iterative
dual-based alignment method on PKU-SafeRLHF and Anthropic

HH-RLHF.
[N2|Claim] R-OPT(pi) := |E[br(x,y;pi)] - E[br(x,y;pi*)]|
U-OPT(pi) := ||E[h(x,y;pi)] - E[h(x,y;pi*)]||_inf

[N3|PaperChunk] We employ Lagrangian duality to develop
an iterative dual-based alignment method...

[N5|VisualRegion] Slide 6: maximize_theta E[r(x,y)]
- beta KL subject to E[g(x,y)] >= 0

[N7|VisualRegion] Slide 10: Harmlessness/Humor vs thresholds
[N8|ProsodyEvent] Speaker emphasis on sub-gradient computation
...

=== Relations ===
N1 –[compares]–> N9
N1 –[grounded_in_paper]–> N3
N2 –[grounded_in_paper]–> N4
N1 –[aligned_to_slide]–> N5
N1 –[aligned_to_slide]–> N7
N8 –[emphasizes]–> N1
...

Table 15: Linearized sub-HSG fragment used for
grounded generation in the case study.

Generated Answer. Conditioned on the question
and the serialized sub-HSG, the frozen generator
produces the following answer:

The method evaluates performance by com-
paring the learned policy (π) against the opti-
mal policy (π∗) using Reward Optimality (R-
OPT) and Utility Optimality (U-OPT) met-
rics, which measure the expected reward and
constraint satisfaction gaps. Experimental re-
sults compare these trade-offs across varying
constraint thresholds on the PKU-SafeRLHF
and Anthropic HH-RLHF datasets, demon-
strating how the method balances competing
objectives such as harmlessness and humor.

This case shows how SYNAPSEHSG connects
dispersed evidence into a compact grounded con-
text for multi-hop answer generation.
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