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Abstract

Scientific surveys require not only summariz-
ing large bodies of literature, but also organiz-
ing them into clear and coherent conceptual
structures. However, existing automatic sur-
vey generation methods typically focus on lin-
ear text generation and struggle to explicitly
model hierarchical relations among research
topics and structured methodological compar-
isons, resulting in substantial gaps in struc-
tural organization and evidence presentation
compared to expert-written surveys. To ad-
dress this limitation, we propose MVSS, a
multi-view structured survey generation frame-
work that jointly generates and aligns citation-
grounded hierarchical trees, structured com-
parison tables, and survey text. MVSS fol-
lows a structure-first paradigm: it first con-
structs a tree that captures the conceptual or-
ganization of a research domain, then gen-
erates comparison tables constrained by the
tree structure, and finally uses both the tree
and tables as joint structural constraints to
guide outline construction and survey text gen-
eration. This design enables complementary
and aligned multi-view representations across
structure, comparison, and narrative. In ad-
dition, we introduce a dedicated evaluation
framework that systematically assesses gener-
ated surveys from multiple dimensions, includ-
ing structural quality, comparative complete-
ness, and citation fidelity. Through large-scale
experiments on 76 computer science topics,
we demonstrate that MVSS significantly out-
performs existing methods in survey organi-
zation and evidence grounding, and achieves
performance comparable to expert-written sur-
veys across multiple evaluation metrics.

1 Introduction

In several frontier areas of natural language pro-
cessing, methodological innovations are advanc-
ing at a pace that far outstrips the ability of manu-
ally written surveys to keep up. In rapidly evolving

domains such as large language models, retrieval-
augmented generation, and multimodal reason-
ing (Brown et al., 2020; OpenAl, 2023; Zhao et al.,
2023; Lewis et al., 2020; Gao et al., 2023; Yin
et al., 2024), major breakthroughs often emerge
within months, while comprehensive surveys typi-
cally lag behind by one or more publication cycles.

Recently, LLM-based automated survey gener-
ation agents have attracted growing attention in
both academia and industry. Representative aca-
demic systems include AutoSurvey (Huang et al.,
2020; Wang et al., 2024), SurveyGen (Bao et al.,
2025), and related agent-based approaches (Qi
et al., 2025; Ali et al., 2024). In parallel, indus-
trial research assistants such as OpenAl’s Deep Re-
search (OpenAl, 2024) and Google Gemini (Deep-
Mind, 2023) have demonstrated strong capabil-
ities in large-scale literature understanding and
synthesis. However, the majority of these sys-
tems generate surveys primarily as linear narra-
tives, overlooking other critical dimensions com-
monly present in human-written surveysmost no-
tably citation trees and citation tables.

A citation tree is a hierarchical structure used
to organize survey content, where each node cor-
responds to a research concept or sub-area and
is explicitly associated with a set of representa-
tive supporting papers. The hierarchical relations
between nodes reflect the progressive decomposi-
tion of a research topic from high-level themes to
finer-grained directions. A citation table, in con-
trast, provides a structured tabular representation
of survey content, where each row corresponds to
a method or research line, each column captures
a key attribute or comparison dimension, and ex-
plicit citations link table entries to concrete evi-
dence in the literature. By analyzing surveys pub-
lished between 2021 and 2025 in the large lan-
guage model domain, we find that over 80% of
surveys include explicit hierarchical trees. More-
over, user studies indicate that more than 99% of
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Figure 1: Motivation for structure-first survey generation. Linear-text survey generation obscures evolving
comparison dimensions, motivating aligned multi-view structures. Expert surveys predominantly adopt explicit
hierarchies (2021-2025), supporting a structure-first perspective.

readers tend to first consult trees or tables, rather
than raw text, when reading survey papers.

Among existing methods, HiReview (Hu et al.,
2025) constructs citation trees using clustering-
based taxonomies derived primarily from paper ti-
tles. Such title-driven retrieval often misses pa-
pers whose relevance is not explicitly reflected
in their titles and fails to leverage information
beyond surface-level metadata, leading to unsta-
ble and noisy hierarchies. Furthermore, HiRe-
view evaluates tree quality only indirectly through
downstream survey text quality, rather than per-
forming principled assessments of the taxonomy
itself. In human-written surveys, citation trees and
comparison tables are highly correlated and jointly
used to organize content, yet HiReview does not
generate or reason over tables at all.

To address these limitations, we propose Multi-
View Structured Survey (MVSS), a framework
that formulates survey generation as a joint struc-
tural generation problem rather than a purely lin-
ear text generation pipeline. To construct rich and
well-founded hierarchies, we introduce Hierarchi-
cal Knowledge Trees (HKT), a principled rep-
resentation for modeling the conceptual organiza-
tion of a research domain. HKT explicitly exter-
nalizes the latent conceptual hierarchy in surveys
as a citation-grounded tree, enabling systematic
modeling of the branching evolution of ideas, the
formation of subfields, and relationships among
methodological paradigms. Building on HKT,
we further propose a structure-aware generation
mechanism that logically anchors and constrains
table construction, producing structured compari-
son tables that remain consistent with the overall
survey in terms of conceptual level, comparison
dimensions, and evidence support. Finally, MVSS
uses both trees and tables as joint structural con-

straints to guide outline construction and generate
high-quality survey text. From a technical perspec-
tive, MVSS is not a simple assembly of modules,
but a reformulation of survey generation as a cross-
view structural alignment problem.

We systematically evaluate MVSS on 76 com-
puter science topics under different target lengths
(8k, 16k, 32k, and 64k tokens), comparing against
AutoSurvey, HiReview, naive RAG-based genera-
tion, and expert-written surveys. Across all set-
tings, MVSS consistently achieves the strongest
overall performance. In particular, at shorter
lengths (8k and 16k tokens), MVSS improves cov-
erage, structural quality, and relevance by a clear
margin over automated baselines, while at longer
lengths (32k and 64k tokens) it reaches near-expert
performance, achieving average scores close to the
maximum. Additional citation-level and structural
evaluations further show that MVSS maintains re-
liable evidence alignment, with citation precision
and recall both exceeding 75% across different
LLM judges, and produces high-quality trees and
tables with scores consistently above 4.8. Over-
all, these results indicate that MVSS effectively
bridges the gap between automated survey gener-
ation and expert-written surveys in both structural
organization and evidence grounding.

2 Related Work

2.1 Automatic Survey Generation

Automated survey generation has attracted increas-
ing attention, with recent work exploring neu-
ral systems for assisting or automating litera-
ture reviews and survey-style overviews (Portenoy
and West, 2020; Kasanishi et al., 2023; Darrin
et al., 2024; Gonzalez Bonorino, 2023). Most
approaches formulate the task as multi-document
summarization, producing a single linear narrative
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Figure 2: Overview of MVSS. Given a topic T and a paper database D, MVSS constructs an evidence-grounded
hierarchical tree, generates aligned comparison tables, and produces a structured survey via cross-view alignment.

synthesized from retrieved papers (Christensen
et al., 2014; Celikyilmaz et al., 2010; Liu and La-
pata, 2019; Yasunaga et al., 2019; Li et al., 2023;
Zhang et al., 2024). Some methods introduce lim-
ited structural bias, such as keyphrase-aware mod-
eling (Liu et al., 2021), while retrieval-augmented
pipelines improve factual grounding via evidence
retrieval and neural ranking (Izacard and Grave,
2021; Nogueira and Cho, 2019). Recent LLM-
based systems further emphasize citation-aware
generation and critique-based refinement to im-
prove reliability (Kryscinski et al., 2020; Dixit
et al., 2023; Kasanishi et al., 2023; Madaan et al.,
2023; Shinn et al., 2023).

Despite these advances, existing systems re-
main fundamentally fext-centric, relying on inter-
mediate artifacts such as paper lists or outlines that
are not optimized as explicit knowledge structures,
limiting their ability to capture conceptual hierar-
chies or systematic comparisons. MVSS instead
adopts a structure-first perspective, treating hier-
archical knowledge trees, structured comparison
tables, and cross-view alignment as primary opti-
mization objectives rather than byproducts of text
generation.

2.2 Knowledge Structuring and Multi-Signal
Evaluation

Prior work on scientific knowledge organization
includes document embeddings, graph-based re-

trieval, and bibliometric clustering.  Domain-
specific encoders capture semantic similarity at
the paper level (Beltagy et al., 2019; Cohan et al.,
2020), while graph-based and topic-structure
models often lack clear hierarchical abstraction
(Kasela et al., 2025). Bibliometric methods pro-
vide coarse global structure but are insufficient
for fine-grained, citation-grounded survey synthe-
sis (Waltman and van Eck, 2012).

Separately, multi-signal evaluation has im-
proved the reliability of long-form LLM out-
puts.  Reflection-based self-revision (Madaan
et al., 2023; Shinn et al., 2023), LLM-as-a-
judge scoring (Fu et al., 2024; Bhat and Varma,
2023; Bansal and Sharma, 2023), fact verification
(Kryscinski et al., 2020; Dixit et al., 2023), and
reranking techniques (Nogueira and Cho, 2019)
provide complementary correction signals. How-
ever, these methods still treat structure as sec-
ondary to text generation and do not enforce co-
herent organization across survey views.

MYVSS bridges this gap by making structure
itself the optimization target. By jointly model-
ing hierarchical abstraction and multi-signal ver-
ification, MVSS ensures that trees, tables, and
text form a coherent, navigable, and faithfully
grounded representation of the research landscape,
enabling more interpretable and reliable survey
generation.



Algorithm 1 MVSS: Multi-View Structured Survey Generation

Require: topic 7', paper database D

Ensure: tree K, tables B, outline O, survey S
Phase 1: Evidence-Grounded Tree (HKT)
Retrieve seed evidence: P <— Ret(T, D)

forr = 1to Rdo

A

end for
Phase 2: Tree-Induced Table Generation

A

7: Fetch paper context: C' < Fetch(D, Ix)

Build a citation-grounded tree: K < Tree(T, P)

Extract paper IDs from the tree: I < IDs(K)

Refine structure and evidence assignment: K < Ref(K)

8: Generate comparison tables aligned to K: B < Tab(K, ()
Phase 3: Tree+Table Guided Outline and Survey

9: for k =1tomdo

10: Propose an outline with tree & tables: Oy, < Out(T, K, B)

11: end for
12: Select the outline: O < Judge({O}7%,)

13: Write the survey conditioned on structures: S «— Write(T', O, K, B)
14: Align and revise for cross-view consistency: (K, B, O, S) « Align(K, B, O, S)

15: return (K, B, S)

3 Method

In this section, we describe the methodology of
MVSS, a multi-view structured framework for
automated survey generation. MVSS formulates
survey synthesis as a joint structural generation
problem, where multiple representations are con-
structed and aligned in a coordinated manner.
Specifically, MVSS proceeds through three struc-
tured stages: (1) evidence-grounded hierarchi-
cal knowledge tree construction, (2) tree-induced
structured table generation, and (3) tree- and table-
guided outline and survey text generation. Each
stage is designed to address a key challenge in
automated survey creation, including conceptual
organization, comparative analysis, and evidence-
consistent writing. Figure 2 provides an overview
of the complete workflow, and the overall proce-
dure is summarized in Algorithm 1.

3.1 Evidence-Grounded Tree (HKT)

Given a survey topic 1" and a paper database D,
MVSS first constructs a Hierarchical Knowledge
Tree (HKT) to explicitly model the conceptual or-
ganization of the target domain. We begin by re-
trieving an initial set of candidate papers:

P <+ Ret(T, D),

which serves as the evidence pool for subsequent
structure induction.

Using the topic 7" and retrieved papers P, we
construct an initial tree:

K < Tree(T, P),

where each node corresponds to a research concept
or subtopic and is explicitly associated with a set
of supporting papers. The resulting tree provides
a structured abstraction of the domain, capturing
major branches and their conceptual relations.

To improve structural stability and evidence
consistency, we further apply an iterative refine-
ment procedure:

K « Ref(K),

which adjusts the hierarchy by resolving redun-
dant nodes, correcting parent—child relations, and
reassigning supporting papers when necessary. Af-
ter IR refinement rounds, the tree K serves as a
citation-grounded conceptual backbone for subse-
quent stages.

3.2 Tree-Induced Table Generation

Based on the refined hierarchical knowledge tree
K, MVSS generates structured comparison ta-
bles to explicitly expose discriminative dimen-
sions among methods and subfields. We first



extract all paper identifiers associated with tree
nodes:
Ik < IDs(K),

and retrieve their corresponding contextual infor-
mation from the database:

C « Fetch(D, Ix),

including titles, abstracts, and other descriptive
metadata.

Table generation is then formulated as a condi-
tional mapping:

B = Tab(K, C),

where the tree structure K determines the seman-
tic scope and placement of each table, and the pa-
per context C' provides evidence for populating ta-
ble entries. Each table is aligned with a specific
node or subtree, ensuring that comparison rows
and columns operate at a consistent conceptual
level. As a result, the generated tables present
structured, evidence-grounded comparisons that
are coherent with the global survey organization.

3.3 Tree+Table Guided Outline and Survey

In the final stage, MVSS jointly leverages the hier-
archical tree K and comparison tables B to guide
outline construction and survey writing. Given the
topic and structural representations, we generate
multiple outline candidates:

O + Ow(T,K,B), k=1,...

7 m7
and select them using a judge model:
0 « Judge({O},).

Conditioned on the final outline and structural
constraints, the survey text is generated as:

S = Write(T, 0, K, B),

where the outline controls section ordering, the
tree enforces conceptual hierarchy, and the tables
guide comparative analysis and evidence usage.

To ensure consistency across multiple represen-
tations, we apply a cross-view alignment opera-
tion:

(K, B,0,S) «+ Align(K, B,0,S),

which detects and revises structural conflicts, miss-
ing coverage, or inconsistent citations among the
tree, tables, outline, and text. This alignment step
yields a coherent, multi-view survey with consis-
tent structure and evidence grounding.

4 Experiments

4.1 Experimental Setup

We conduct comprehensive experiments to eval-
uate MVSS and its hierarchical knowledge tree
(HKT) module from three perspectives: (1) qual-
ity of the generated knowledge trees, (2) quality
of the structured comparison tables, and (3) over-
all survey quality when trees and tables are used
jointly to guide text generation.

Dataset and Corpus. We evaluate on 76 com-
puter science topics spanning machine learning,
natural language processing, computer vision, and
systems research. The retrieval corpus contains
530,000 arXiv papers (2018-2024), preprocessed
following standard practices for scientific docu-
ment retrieval. We use deepseek-chat as the pri-
mary generator to produce MVSS outputs.

LLM-as-judge evaluation. Following recent
work on automatic evaluation of long-form gener-
ation, we rely on calibrated LLM judges to score
trees, tables, and surveys. All prompts are aligned
with human-written guidelines, and a small expert-
annotated set is used for scale calibration, echo-
ing findings that large language models can serve
as reliable automatic evaluators when appropri-
ately designed and validated against human judg-
ments (Kocmi and Federmann, 2023; Fabbri et al.,
2021).

4.2 Metrics

We develop a new evaluation scheme tailored to
multi-view structured survey generation. It in-
cludes three dimensions for surveys (Coverage,
Structure, Relevance), together with a single
holistic criterion for trees (TreeQuality) and for
tables (TableQuality). All criteria are rated on a
1-5 Likert scale by calibrated LLM judges.

Survey quality. We evaluate surveys along three
5-point dimensions summarized in Table 1. Cover-
age assesses whether the survey covers key and pe-
ripheral aspects comprehensively. Structure eval-
uates logical organization, coherence, and non-
redundant flow. Relevance measures alignment
with the target topic and focus with minimal di-
gressions. We define the overall survey score as
qurvey = %(Scov + Sstr + Srel)-

Tree quality. TreeQuality evaluates the taxon-
omy/topic tree quality, including hierarchy correct-



Table 1: New evaluation criteria for MVSS. All dimen-
sions use a 1-5 Likert scale. For brevity, we show rep-

resentative anchors (1/5).

Criterion Anchors of 1-5 scale

Coverage 1: Very limited coverage; misses most key areas. 5:
Fully comprehensive; covers key and peripheral top-
ics in depth.

Structure 1: No clear logic or connections between sections.
5: Tightly structured, clear logic, smooth transitions,
no redundancy.

Relevance 1: Outdated/unrelated; not aligned with the topic. 5:
Exceptionally focused; every detail supports under-
standing of the topic.

TreeQuality 1: No meaningful tree or totally wrong hierarchy. 5:
Excellent tree: comprehensive, correct, clear group-
ing, useful abstraction.

TableQuality 1: No usable table or incorrect/misleading. 5: Excel-

lent tables: comprehensive comparisons with consis-
tent formatting.

ness, coverage of major branches, and clarity of
grouping. We set Quee = Siq-

Table quality. TableQuality evaluates the useful-
ness of comparison tables, focusing on correct-
ness, completeness, consistency, and practical util-
ity for comparison. We set Qaple = Stab-

Citation quality for trees and surveys. Follow-
ing scientific fact verification, we extract a set of
claims C' = {¢;}", and model-proposed (claim,
reference) pairs P = {(c;,7;)}. An NLI model
V(e,r) € {0, 1} returns 1 if r supports c. Citation
recall and precision are

{c€C:ar (er) € PV (er) =1}
il |

{(e,r) e P:V(c,r) =1}
|P| '

Recgie =
(1)
(2)

Precgie =

4.3 Baselines

We compare MVSS against representative human
and automatic survey-generation baselines:

* Human Experts. Expert-written surveys
with manually curated hierarchies, used as an
upper bound.

* Naive RAG-based LLM Generation. This
baseline follows a simple retrieve-and-
generate paradigm. Given a topic 7" and a
target survey length, we first retrieve a set of
relevant papers and then directly prompt an
LLM to generate a linear survey text until
completion, without any explicit tree, table,
or outline planning.

* AutoSurvey. An automatic survey generator
that produces an outline and expands it into
text with sentence-level citations.

» HiReview. A hierarchical review system that
retrieves a fixed set of papers and generates
taxonomy-guided survey text.

4.4 Main Results

We now evaluate MVSS as a full survey generator
and analyze how trees and tables affect the result-
ing text.

The key findings from our end-to-end survey
evaluation are summarized as follows.

* MVSS consistently achieves the highest
overall survey quality across all target
lengths. As shown in Table 2, MVSS out-
performs all automatic baselines under every
length setting from 8k to 64k tokens. At
16k tokens, MVSS attains an average score
of 4.90, exceeding AutoSurvey (4.60) and
HiReview (3.65). This performance gap fur-
ther widens at longer lengths, indicating that
MVSS frequently approaches, and in some
cases matches, expert-level organization un-
der direct human comparison.

* At long-context settings, MVSS matches
expert-written surveys in structure and rel-
evance. Under 32k and 64k token budgets,
MYVSS achieves near-perfect or perfect scores
on all three dimensions. Notably, at 64k
tokens, MVSS reaches 5.00 on Coverage,
Structure, and Relevance, matching human-
written surveys under the same evaluation
protocol. This result highlights the effec-
tiveness of structure-first planning and cross-
view alignment for long-form survey synthe-
sis.

* Structural organization is the primary
source of MVSSs advantage over baselines.
Across all lengths, MVSS consistently yields
the highest Structure scores, with especially
large margins over naive RAG-based gener-
ation and HiReview. For example, at 16k
tokens, MVSS improves Structure by +0.52
over AutoSurvey and +1.85 over HiReview.
These gains demonstrate that explicitly mod-
eling and enforcing hierarchical and compar-
ative structures is critical for producing high-
quality surveys.



Table 2: Survey quality under different target lengths (#tokens). We report content quality on a 1-5 Likert scale:

Coverage, Structure, Relevance, and their average.

Survey Length  Methods Coverage Structure Relevance Avg.
Human writing 4.50 4.16 5.00 4.52

Naive RAG-based LLM generation 4.4010.48 3.8640.71 4.861+0.33 4.33

8k AutoSurvey 4.60£0.48 4.46£0.49 4.80£0.39 4.61
HiReview 3.67+0.47 3.00 4.00 3.56

MYVSS (ours) 4.83+0.39 4.79+0.35 4.88+0.19 4.83

Human writing 4.66 4.38 5.00 4.66

Naive RAG-based LLM generation 4.4610.49 3.66+0.69 4.73+0.44 4.23

16k AutoSurvey 4.66£0.47 4.33£0.59 4.86£0.33 4.60
HiReview 3.9440.24 3.00 4.00 3.65

MYVSS (ours) 4.94+0.35 4.85+0.48 4.92+0.29 4.90

Human writing 4.66 4.50 5.00 4.71

Naive RAG-based LLM generation 4.411+0.64 3.754£0.72 4.661+0.47 4.23

32k AutoSurvey 4.73£0.44 4.26£0.69 4.80£0.54 4.58
HiReview 4.881+0.33 4.561+0.50 5.00 4.81

MYVSS (ours) 4.91+0.24 4.93+£0.33 5.00 4.95

Human writing 5.00 4.66 5.00 4.88

Naive RAG-based LLM generation 4.4610.61 3.66+0.47 4.661+0.47 4.19

64k AutoSurvey 4.73£0.44 4.33£0.47 4.86+0.33 4.62
HiReview 4.70+£0.46 4.4010.49 5.00 4.70

MYVSS (ours) 5.00 5.00 5.00 5.00

4.5 Human Evaluation

To complement LLM-based evaluation with
human-grounded evidence, we conduct a human
study on 30 randomly sampled topics in the form
of a double-blind pairwise preference evaluation.

Double-blind pairwise evaluation. Annotators
are shown two anonymized system outputs (A/B)
in random order and asked to choose which one
is better, or mark a tie, along three dimensions:
(1) Coverage, (2) Structure, and (3) Relevance.
This protocol directly measures relative superior-
ity while mitigating scale bias.

Win g Tie gLoss
Comparison 1: MVSS vs. AutoSurvey

Relevance 50% 30% 20%
Coverage 48% 31% 21%
Structure 52% 28% 20%

0% 20% 40% 60% 80% 100%

Percentage (%)
Comparison 2: MVSS vs. Human Experts

Relevance 22% 43% 35%
Coverage 24% 41% 35%
Structure 21% 44% 35%
0% 20% 40% 60% 80% 100%

Percentage (%)

Figure 3: Double-blind pairwise human evaluation re-
sults. The figure shows win/tie/loss counts for MVSS
compared with AutoSurvey and human-written sur-
veys.

Figure 3 shows that MVSS is preferred over
AutoSurvey across dimensions. When compared
to human-written surveys, MVSS is selected in

a non-trivial fraction of cases with a substantial
tie rate, indicating that MVSS often approaches
expert-level organization in pairwise judgments.
This result suggests that MVSS not only improves
over automated baselines, but can also produce
structures that human evaluators frequently find
comparable to expert-written surveys, particularly
in terms of structural clarity and organization.

4.6 Ablation Studies

We analyze the role of major design choices in
MVSS through targeted ablations to understand
how each component contributes to the overall per-
formance. Specifically, we examine the effects of
removing hierarchical tree guidance, disabling it-
erative tree refinement, and replacing multi-model
outline consensus with a single-model outline.
These ablations isolate the impact of structural
planning, refinement dynamics, and cross-model
agreement on both survey quality and citation re-
liability. The complete MVSS system serves as
the reference point, enabling a controlled compar-
ison that highlights which design choices are criti-
cal for achieving robust structure and faithful evi-
dence grounding.

Results and discussion. Table 3 shows that re-
moving tree guidance causes the largest degrada-
tion in structural quality and citation precision,
highlighting the central role of hierarchical plan-
ning in organizing survey content and anchoring



Table 3: Ablation study results for MVSS with different components removed.

Variant

Cov Str Rel

qurvey Rec( % )

Prec(%)

TreeQ  TableQ

MVSS

MVSS w/o tree generation
MVSS w/o tree refinement
MVSS w/o table generation
MVSS w/o multi-model outline

4.1240.18 3.35+£0.21 3.92+0.19 3.88+0.16 82.31+5
4.0010.38 3.20+0.41 3.87+0.35 3.69£0.38 82.68+5
4.10£0.29 3.10£0.29 3.76£0.43 3.65£0.22 80.26+6
3.954+0.21 3.184+0.39 3.9140.29 3.684+0.29 82.06+6
4.05£0.23 3.32+0.48 3.95+0.23 3.77£0.31 79.01£7

76.94+4
76.70+£6
74.58+6
76.66+6
72.68+6

3.85+0.31 3.77+£0.43
1 3.67+0.49
3.76+0.53 3.57+0.51
3.91+£0.29 1
3.75+0.54 3.68+0.48

evidence. Disabling iterative tree refinement and
multi-model outline consensus further degrades
performance, suggesting that both iterative struc-
ture correction and cross-model agreement are im-
portant for producing stable hierarchies and con-
sistent survey organization. These results indicate
that MVSSs performance gains arise from the in-
teraction of multiple structural components rather
than any single design choice.

Performance Evolution: Metrics VS Total Score

Metric Score Total Score
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Figure 4: Performance evolution across iterative tree
refinement rounds. Iter O corresponds to the initial tree
without refinement.

Figure 4 illustrates how survey quality evolves
across iterative tree refinement. The initial iter-
ation (Iter 0) starts from a coarse hierarchy and
yields moderate scores across all dimensions. Af-
ter the first refinement step (Iter 1), performance
temporarily dips, reflecting structural reorganiza-
tion and pruning of noisy branches. Subsequent it-
erations consistently improve Coverage, Structure,
and Relevance, leading to a monotonic increase in
the overall score. This trend indicates that iterative
refinement stabilizes the hierarchical organization
and progressively aligns structural planning with
downstream survey generation, validating the ef-
fectiveness of our refinement strategy under real-
istic long-context generation settings.

Table 4: MVSS evaluation under different LLM judges.

Metric LLM Judge

deepseek- gpt-4o gemini-2.5-

chat pro

Rec (%) 86.13+4.52  88.89+4.34  78.81+6.75
Prec (%) 80.72+4.98  83.82+4.89  74.354+6.39
Coverage 5.00 5.00 5.00
Structure 5.00 5.00 4.78+0.42
Relevance 5.00 5.00 5.00
TreeQ 4.78+£0.42 4.96£0.21 4.35+£0.93
TableQ 4.17+£0.39 5.00 4.87+0.34
Avg 4.79£0.11 4.99+0.04 4.80+0.23

Across different LLM judges, MVSS consis-
tently achieves strong performance, with high
Coverage and Relevance scores and moderate vari-
ance across metrics, indicating robust behavior un-
der diverse evaluation models.

5 Conclusion

We presented MVSS, a unified framework for
multi-view structured survey generation that el-
evates conceptual structure from a secondary
byproduct to a first-class optimization objective.
By jointly constructing citation-grounded hierar-
chical knowledge trees, schema-driven compar-
ison tables, and evidence-aware narrative text,
MVSS enforces structural coherence and seman-
tic alignment across survey views. Through multi-
model outline consensus and dual-objective struc-
tural refinement, MVSS consistently improves
structural clarity, comparative insight, and cita-
tion fidelity across 76 diverse topics, approaching
expert-written quality while remaining orders of
magnitude more efficient.

Beyond its empirical gains, MVSS reframes au-
tomated survey generation as a structure-centric
synthesis problem, highlighting the role of explicit
hierarchies and comparisons in literature under-
standing. We believe MVSS represents a step to-
ward scalable systems that go beyond summariza-
tion to actively organize scientific knowledge.



6 Limitations

The system still depends on frontier LLMs for
both generation and judgment, which raises cost,
reproducibility, and bias concerns, especially
when extending to domains underrepresented in
pretraining data. Our structural and alignment
objectives introduce additional hyperparameters
whose robustness across domains and retrieval set-
tings has not been fully characterized. Moreover,
our evaluation focuses on 76 CS topics using an
arXiv-based corpus, limiting generalizability to
other disciplines, formats, or argumentative norms.
Finally, MVSS models a static snapshot of a field
and does not capture temporal evolution or uncer-
tainty in conflicting evidence, suggesting opportu-
nities for incorporating time-aware or uncertainty-
aware structures in future work.
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Appendix

Hyperparameters and Implementation Details

Implementation details. Unless otherwise
stated, we retrieve 1,200 topic-relevant papers
from the arXiv corpus and use abstracts for outline
generation. For MVSS, 60 papers are retrieved
per tree node or table row. To ensure a fair
comparison, HiReview is configured to retrieve
top-k=60 papers per topic, matching MVSSs per-
subsection retrieval budget. All methods operate
on the same retrieval corpus and use the same
backbone LLM for generation. The reflection
loop in the hierarchical knowledge tree (HKT)
module runs for three iterations, selecting the
best candidate based on TreeQuality and citation
metrics. Temperature is fixed to 1.0 for all LLM
calls. Remaining hyperparameters and prompt
configurations are provided in Appendix 6.

Additional Experimental Results

Section Granularity Analysis

Table 5 shows that content quality improves from
3 to 4 sections and saturates at 45 sections.

Table 5: Impact of section numbers on HKT perfor-
mance.

Sections  Cov Str Rel Sal Avg
3 4.27 4.82 4.55 4.00 4.41
4 4.33 5.00 4.72 4.06 4.53
5 4.50 4.70 4.70 4.10 4.50
6 4.25 5.00 4.75 4.00 4.50

Cost and Runtime Breakdown

We compare the computational and monetary
costs of MVSS with those of baseline systems. Ta-
ble 6 reports per-topic API cost (estimated using
public pricing) and end-to-end wall-clock time.
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Table 6: Cost analysis across systems.

Method API Cost ($) Time (min)
AutoSurvey 0.31 10.94
HKT (ours) 0.55 11.3
MVSS (ours) 0.94 30.48

MYVSS incurs moderately higher computational
cost than pipeline-style baselines due to cross-
view refinement, but the gains in coverage, struc-
ture, and relevance suggest a favorable accuracy-
cost trade-off for high-stakes survey generation.

LLM-Human Agreement and Significance
Analysis

To evaluate the reliability of LLM-as-judge scores,
we compute Pearson and Spearman correlations
between LLM ratings and human Likert-scale rat-
ings over 30 randomly sampled topics. Table 7
summarizes the alignment across dimensions.

Table 7: Correlation between LLM scores and human
ratings.

Score Pair Pearson r Spearman p
Qsurvey Vs. Human Overall 0.61 0.57
LLM Cov vs. Human Cov 0.54 0.55
LLM Str vs. Human Str 0.62 0.58
LLM Rel vs. Human Rel 0.54 0.52

Table 8: Paired t-test significance of MVSS vs. base-
lines (two-tailed, paired).

Comparison t-stat  p-value

MVSS vs AutoSurvey 1897 < 1071¢

These results confirm that LLM judgments track
human evaluations and that MVSSs improvements
over baselines are statistically reliable.

Additional Tree-Level Results

Table 9: Tree-level comparison between Naive RAG-
based LLM generation and HKT (MVSS).

Method Cov Str Rel Sal | Avg
Naive Generation 3.90 4.37 4.53 2.50 | 3.83
HKT (MVSS) 4.50 4.80 4.30 3.60 | 4.30




Prompt Templates

Table 10: Key prompts used in the MVSS system.

CRITERIA_BASED_JUDGING_PROMPT

Given an academic survey and specific criteria with Score 1—
5 descriptions, evaluate the survey quality. Return the score
only.

NLI_PROMPT

Given a Claim and a Source, determine if the Claim is faithful
to the Source. Return only Yes or No.

ROUGH_OUTLINE_PROMPT

Given [PAPER LIST], [PRIOR KNOWLEDGE MD], and [PRIOR
KNOWLEDGE  JSON], draft a comprehensive outline with
[SECTION NUM] sections.

MERGING_OUTLINE_PROMPT

Given multiple outline candidates [OUTLINE LIST], merge
them into a single, logical, and comprehensive final outline.

SUBSECTION_OUTLINE_PROMPT

Given an overall outline, prior knowledge, and a specific
section description, generate structural subsections using
[PAPER LIST].

EDIT_FINAL_OUTLINE_PROMPT

Refine a draft outline containing sections and subsections to
remove duplicates and improve logical coherence. Return in
ATEX-style format.

CHECK_CITATION_PROMPT

Verify whether citations in a written subsection are supported
by the corresponding papers in [PAPER LIST]. Fix incorrect
citations or remove them.

SUBSECTION_WRITING_PROMPT

Write content (> [WORD NUM] words) for a specific subsec-
tion. Cite papers using only [Title] format. Strict con-
straints: do not repeat subsection titles and do not output prior
knowledge trees.

LOCAL_TABLE_REFLECT_PROMPT

Analyze the written subsection and source papers. If > 3
distinct methods are discussed, generate a comparison table
in raw Markdown using exact paper titles.

Reference Survey Papers

From Google Scholar, we selected 76 influential
surveys on diverse LLM topics, balancing citation
counts and coverage.

Table 11: Survey papers used for evaluation (top 20 by
number of references).

Topic Survey Title Refs
LLM Agents  The Rise and Potential of Large 674
Language Model Based Agents: A
Survey
Deep RL for  Deep Reinforcement Learning in 432
Vision Computer Vision: A Comprehensive
Survey
Vision Foundational Models Defining a New 359
Foundation Era in Vision: A Survey and Outlook
Models
GNNs in IoT  Graph Neural Networks in IoT: A 333
Survey
LLM A Survey on Evaluation of Large 269
Evaluation Language Models
RL/IL for Auto. A Survey of Deep RL and IL for 268
Driving Autonomous Driving Policy Learning
Blockchain & A Survey of Blockchain and 264
Al for 6G Artificial Intelligence for 6G
Wireless Communications
Diffusion A Survey on Generative Diffusion 258
Models Models
PTMs in NLP  Pre-trained Models for Natural 249
Language Processing: A Survey
PHY Security A Survey of Physical Layer 248
(Industry) Techniques for Secure Wireless
Communications in Industry
KG Knowledge Graph Embedding: A 239
Embeddings  Survey of Approaches and
Applications
GNNs in Graph Neural Networks in 231
RecSys Recommender Systems: A Survey

PLMs for Text Pre-trained Language Models for 226
Gen. Text Generation: A Survey
Vehicular Machine Learning for Security in 224
Network Sec.  Vehicular Networks: A

Comprehensive Survey

Prompt Pre-train, Prompt, and Predict: A 223
Learning Systematic Survey of Prompting
Methods in NLP
Text-to-SQL A Survey of Text-to-SQL in the Era 217
of LLMs: Where are We, and Where
are We Going?
Hyperspectral Hyperspectral Image 213
Super-Res. Super-Resolution Meets Deep
Learning: A Survey and Perspective
Federated A Survey on Federated Analytics: 202
Analytics Taxonomy, Enabling Techniques,
Applications and Open Issues
Motion Motion Planning for Autonomous 182
Planning Driving: The State of the Art and

Future Perspectives
RLHF / Human Bridging the Gap: A Survey on 153
Feedback Integrating (Human) Feedback for

Natural Language Generation
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