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Abstract
Generative AI search engines offer a key advantage over traditional

search engines through their ability to synthesize fragmented infor-

mation for queries, yet they still require improvements in relevance,

comprehensiveness, and presentation. To these ends, we introduce

∗
Co-first authors.

†
Corresponding author.

This work is licensed under a Creative Commons Attribution 4.0 International License.

KDD 2026, Jeju Island, Republic of Korea.
© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2259-2/2026/08

https://doi.org/10.1145/3770855.3818426

GraTAG, an AI Search framework that addresses these challenges

through three core innovations. First, we introduce graph-based
query decomposition (GQD) to dynamically break down com-

plex or ambiguous queries into structured sub-queries with explicit

dependencies, enabling more precise, stepwise retrieval. Second, we

propose triplet-aligned generation (TAG), which dynamically

constructs relation triplets from retrieved documents to explicitly

model entity relationships, factual dependencies, and logical con-

nections, enabling the model to generate more coherent and com-

prehensive answers. Third, GraTAG innovates in richmultimodal
presentations that integrates timeline visualization and textual-

visual choreography to reduce cognitive load and enhance informa-

tion verification. Evaluated on recent real-world queries, GraTAG
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Query: What are the main barriers to deploying net-zero technologies in Southeast Asia (Indonesia, Vietnam, and Thailand) from 2024 to 2026, and how do the key bottlenecks differ between grid/energy storage 
and green hydrogen/CCUS when also accounting for PPA and financing risks, MRV certification, and policy changes, including country-specific differences and critical milestones?

Figure 1: Online evaluation of the GraTAG system for a complex multi-faceted query. GraTAG features built-in citation, timeline
visualization (right column), and a textual-visual choreography mechanism.

outperforms eight existing systems in human expert assessments,

excelling in relevance, comprehensiveness, and insightfulness. Our

work publicly releases a comprehensive, industry-grade full-stack

AI search engine, providing a solid reference for the community and

demonstrating the effectiveness of the proposed system through

rigorous evaluations and ablation studies.

CCS Concepts
• Information systems → Information retrieval query pro-
cessing; • Computing methodologies → Natural language
generation.
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1 Introduction
In the era of information, a significant volume of events, knowledge,

and resources has been digitized and made accessible through the

Internet. As users continually strive to quickly and accurately locate

relevant information within this rapidly growing digital ecosystem,

the development of search engines has emerged as a critical solution

tomeet their fundamental need for efficient and reliable information

retrieval [8, 31].

The evolution of information retrieval has been significantly

advanced by developments in language modeling. Autoregressive

models based on Transformer architectures [43] enabled efficient

parallel processing and large-scale unsupervised pretraining [23],

leading to the emergence of intelligent behaviors in language mod-

els. Reinforcement learning from human feedback [14] further re-

fined these models by aligning their outputs with human prefer-

ences. Modern large language models (LLMs) have demonstrated

human-level performance in reading comprehension and reason-

ing [39], with their vast parameters enabling the encoding of ex-

tensive knowledge [37]. Building upon these advances, retrieval-

augmented generation (RAG) has emerged as a framework that in-

tegrates information retrieval with LLMs [26]. Studies have shown

that RAG can substantially reduce hallucinations while providing

up-to-date information through in-context learning [22]. Mean-

while, LLMs enhance search quality through query rewriting, query

expansion and decomposition [9]. Based on RAG, generative AI

search engines such as Perplexity AI [4], Tiangong AI [5], and

Metaso [34] have emerged to provide synthesized answers rather

than merely returning links. While conversational LLM products

like Gemini, DeepSeek and ChatGPT also employ RAG, generative
AI search engines distinguish themselves by emphasizing their dual
role as both search engines and reading tools, prioritizing answer

quality and reading experiences. A survey conducted in the United

States found that over a quarter of adults considered switching to

AI search engines in 2023 [38].

Despite recent progress, as shown in Fig. 2, applying RAG to

web-scale search still faces key challenges. (1) Handling complex
multi-faceted queries: Web queries often encompass multiple

sub-topics, temporal constraints. Treating such queries holistically

results in excessive noise and irrelevant retrievals. (2) Synthesizing
knowledge across fragmented chunks: Chunking in web RAG

breaks semantic coherence and logical links, leading to missing

information and hallucination in answer [26, 51]. (3) Presenting
rich and readable answers: Web users need to quickly grasp in-

formation while also gaining comprehensive insights, which calls

for clear and multi-dimensional presentations that facilitate effi-

cient understanding. To demonstrate the flaw in existing AI search

systems, we collected 300 queries across 8 domains and evaluated

the answers of Perplexity AI with the help of human experts. Fig. 2

illustrates that several problems are common in the answers.
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Figure 2: Common issues in generative AI search answers.

To address these challenges, we propose GraTAG, a comprehen-

sive AI search engine framework. To tackle challenge (1), we intro-

duce a graph-based query decomposition (GQD) approach that

systematically breaks down ambiguous or multi-faceted queries

into structured sub-queries with explicit dependencies, enabling

more fine-grained retrieval with reduced noise and irrelevance. For

challenge (2), we design a triplet-aligned generation (TAG)mech-

anism that dynamically constructs relation triplets from retrieved

chunks to explicitly model entity relationships, factual dependen-

cies, and logical connections, enabling the model to reason over

fragmented information and generate more coherent and compre-

hensive answers. For challenge (3), we design a rich multimodal
presentation that integrates timeline visualizations and textual-

visual choreography in answer generation to reduce cognitive load,

enhance information assimilation, and enable users to verify syn-

thesized content.

We conduct large-scale, multi-faceted human and LLM evalu-

ations, involving over 243,000 expert ratings across 9 criteria, to

rigorously assess system performance. The results demonstrate that

GraTAG not only achieves the highest overall quality but also excels
in answer representation. Additionally, GraTAG is a commercialized

(B2B) product and developed with a focus on stability and safety.

An online test showcase is presented in Fig. 1. Our contributions

can be summarized as follows:

• We propose GraTAG, together with a comprehensive pub-

lic disclosure of the full-stack design for a commercialized

generative-AI search engine.We detail an industrial-grade ar-

chitecture covering the end-to-end retrieval-and-generation

workflow and demonstrate how it addresses core challenges

in existing search systems, including irrelevance, incomplete-

ness, and monolithic presentation.

• We present a modular framework designed to address key

challenges in AI search: (1) Graph-based Query Decomposi-

tion (GQD), which maps complex queries into structured sub-

queries with explicit dependencies; (2) Triplet-Aligned Gen-

eration (TAG), which constructs semantic relation triplets to

improve reasoning depth; and (3) Rich Multimodal Presenta-

tion, which integrates timelines and textual-visual choreog-

raphy to boost verifiability and user experience.

• Comprehensive evaluations conducted on 1000 real-world

queries and over 243,000 expert assessments validate the

effectiveness of GraTAG. Compared to the strongest baseline,

GraTAG improves comprehensiveness by 10.8%, insightful-

ness by 7.9%, and the overall average score by 4.8%. On the

public benchmark BrowseComp, we outperform the best

baseline by 17.3%. The relevant system code is available at

https://github.com/tangbotony/GraTAG.

2 Related Work
2.1 Query Optimization for Retrieval
Effective retrieval is critical to system performance, as the qual-

ity of retrieved information significantly shapes the final output.

Query rewriting techniques aim to transform user queries into more

precise and retrieval-friendly formats, addressing ambiguities and

enhancing alignment with indexed data [18, 29, 30, 42]. Similarly,

query expansion enriches the input by generating alternative or

supplementary queries, ensuring the retrieval of a broader andmore

contextually relevant set of documents [21]. While these techniques

improve query quality, web queries remain complex, often span-

ning multiple sub-topics or temporal constraints. Direct retrieval

thus yields noisy and incomplete documents. GraTAG mitigates this

by applying graph-based query decomposition (GQD), which de-

composes complex queries into parallel or sequential sub-queries

to enrich retrieval while maintaining logical consistency.

2.2 Contextual Generation
After retrieving documents, the generation process synthesizes

retrieved content into coherent responses. A main challenge in

web-based RAG is that chunking breaks semantic coherence and log-

ical connections, while irrelevant information distracts the model

and causes hallucinations [49]. To mitigate these issues, various

techniques have been proposed, including reference filtering [15],

context selection [48], and reranking [53] to reduce noise and high-

light salient information. Recent work has explored graph-based ap-

proaches such as GraphRAG [17], GFMRAG [28], and PathRAG [12],

which construct knowledge graphs from text to model relationships

among retrieved knowledge. However, these methods rely on static

corpora or predefined schemas, struggling to adapt to dynamically

retrieved web content. GraTAG introduces triplet-aligned genera-

tion, which dynamically constructs relation triplets from retrieved

web documents to restore logical dependencies disrupted by chunk-

ing, thereby mitigating hallucinations and enhancing coherence.

2.3 Generative AI Search Engines
Recent systems such as Perplexity AI [4], TiangongAI [5],Metaso [34],

You.com [50], and Microsoft Copilot [33] integrate LLMs with web

retrieval to deliver synthesized answers. However, these remain

closed-source with limited architectural disclosure. We present

GraTAG as a comprehensive case study, detailing our full-stack sys-

tem design and targeted solutions to query complexity, knowledge

fragmentation, and response structuring.

3 GraTAG AI Search
In this section, we first give an overview of our AI search system

GraTAG, and then elaborate on core components: graph-based query

decomposition (GQD) and triplet-aligned generation (TAG).
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Figure 4: Graph-based query decomposition module.

3.1 Overview
GraTAG is an end-to-end production-ready RAG system comprising

seven key stages. As shown in Fig. 3, the pipeline begins with

Query Preprocessing, which uses a fine-tuned LLM to filter unsafe

content and canonicalize spatiotemporal expressions. Next, Graph-

Based Query Decomposition (GQD) (Sec. 3.2) decomposes complex

queries into structured sub-queries with explicit dependencies to

enable hierarchical reasoning. To improve coverage, Sub-query

Expansion generates semantic variations, followed by Stepwise

Retrieval, which performs multi-source retrieval guided by the

GQD structure. The retrieved documents are then processed with

Deduplication and Reranking to remove redundancy and suppress

noise. Subsequently, Triplet-Aligned Generation (TAG) (Sec. 3.3)

dynamically constructs relation triplets from evidence chunks to

restore logical coherence. Finally, Rich Multimodal Presentations

(Sec. 3.4) delivers structured outputs with timelines and citations to

enhance user experience. Detailed implementation of those stages

is provided in Appendix A.

3.2 Graph-Based Query Decomposition (GQD)
Web search queries often exhibit multiple dimensions of complex-

ity, such as multi-intent (e.g., “compare iPhone 15 Pro battery life

vs. Samsung S24 and their prices in Asia”), temporal constraints

(e.g., “Tesla stock performance after 2023 Q3 earnings vs. industry

trends”), and multi-hop reasoning requiring cross-document infer-

ence (e.g., “how did Fed rate changes in 2023 impact tech startup

valuations”). To address these challenges, we decompose complex

queries into atomic sub-queries to enable more precise retrieval

and information aggregation. The decomposition is represented

as a directed acyclic graph (DAG) that explicitly encodes informa-

tion flow among sub-queries. In contrast to linear or tree-based

approaches [52], our Graph-based Query Decomposition (GQD)

captures parallel and joint dependencies, enabling finer-grained

and more flexible reasoning.

Specifically, we employ an LLM 𝜋𝜃 (𝐺 | 𝑞) (based on Qwen2.5-

72B) to conduct GQD by defining nodes and their pairwise relation-

ships. This GQDmodel 𝜋𝜃 is post-trained via two stages: supervised

fine-tuning on curated query-GQD pairs, followed by reinforcement

learning alignment with RAG task performance.

3.2.1 Decomposition Types (Fig. 4 top row). Our GQD model is

instructed to follow three decomposition strategies (a combination

of them is allowed to fully break down an input query): 1) Terminal:
The input query is atomic, and decomposition is unnecessary. 2)

Chain decomposition: A query is sequentially decomposed into a

series of sub-queries, where each parent node provides preliminary

information for its child node and the descendant nodes, e.g., least-

to-most prompting [52]. 3) Split decomposition: The query is divided
into independent sub-queries that can be processed in parallel.

3.2.2 Stage 1: Supervised Fine-Tuning (SFT) of the GQD Model
(Fig. 4 middle row). To improve the performance of GQD model,

we first conduct SFT using a set of query-GQD pairs (𝑞,𝐺∗) col-
lected through a systematic curation process. Multiple foundation

models are instructed to generate candidate GQDs following the

decomposition strategies described above. The generated GQDs are

then programmatically validated to ensure that the parent-child

relationships meet the requirements and remove duplicate GQDs.

Finally, human experts examine the data and select correctly gener-

ated high-quality samples. SFT of 𝜋𝜃 is performed via minimizing

the loss:

LSFT (𝜃 ) = E(𝑞,𝐺∗ ) [− log𝜋𝜃 (𝐺∗ | 𝑞)] . (1)
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This stage produces a reference model 𝜋ref and initializes the

policy model for subsequent reinforcement learning.

3.2.3 Stage 2: Reinforcement Learning (RL) of the GQDModel (Fig. 4
bottom row). To further align GQD generation with downstream

RAG performance while stabilizing the reward signal, we adopt

a reinforcement learning strategy based on GRPO [16] with envi-

ronment semi-determinism, variance control, and minimal shaping.

For each query 𝑞, we sample 𝐾 candidate GQDs {𝑔𝑘 }𝐾𝑘=1
from the

current policy 𝜋𝜃 . We then evaluate the quality of each 𝑔𝑘 based on

the likelihood of the pipeline producing the ground-truth response

𝑦. Specifically, for each 𝑔𝑘 , we perform 𝐶 independent retrievals to

obtain evidence sets {𝑎 (𝑐 )
𝑘

}𝐶𝑐=1
. Top-retrieved URLs/chunks for each

sub-query are pre-cached to ensure consistency and reduce web

fluctuation noise. For high-similarity queries (similarity> 0.95, mea-

sured via BGE-M3 embeddings), cached evidence is automatically

reused. Variance is further controlled by averaging over multiple

retrievals and clipping extreme rewards. Formally, the reward for

candidate 𝑔𝑘 is computed as:

𝑟𝑘 =
1

𝐶

𝐶∑︁
𝑐=1

logM
(
𝑦 | 𝑎 (𝑐 )

𝑘

)
, (2)

whereM(· | ·) denotes the response-generation model (Qwen2.5-

72B). Next, we compute group-normalized rewards and use them

as advantages:

𝑟𝑘 =
𝑟𝑘 − 𝜇𝑟
𝜎𝑟

, 𝜇𝑟 =
1

𝐾

𝐾∑︁
𝑗=1

𝑟 𝑗 , 𝜎𝑟 =

√√√
1

𝐾

𝐾∑︁
𝑗=1

(𝑟 𝑗 − 𝜇𝑟 )2, 𝐴𝑘,𝑡 = 𝑟𝑘 .

(3)

Finally, we optimize the GQD model 𝜋𝜃 via the GRPO objective:

LGRPO (𝜃 ) = E (𝑞,𝑦)∼D,
{𝑔𝑘 }∼𝜋𝜃

old

( · |𝑞)

[
1

𝐾

𝐾∑︁
𝑘=1

1

|𝑔𝑘 |

|𝑔𝑘 |∑︁
𝑡=1

min

(
𝜌𝑘,𝑡 (𝜃 )𝐴𝑘,𝑡 ,

clip

(
𝜌𝑘,𝑡 (𝜃 ), 1 − 𝜀, 1 + 𝜀

)
𝐴𝑘,𝑡

)
− 𝛽 DKL

(
𝜋𝜃 ∥𝜋ref

) ]
,

(4)

where

𝜌𝑘,𝑡 (𝜃 ) =
𝜋𝜃
(
𝑔𝑘,𝑡 | 𝑞,𝑔𝑘,<𝑡

)
𝜋𝜃

old

(
𝑔𝑘,𝑡 | 𝑞,𝑔𝑘,<𝑡

) . (5)

3.3 Triplet-Aligned Generation (TAG)
Since retrieved documents are split into chunks for information se-

lection and ranking, supporting evidence may spanmultiple chunks.

This fragmentation can break long-range dependencies, leading to

information gaps and logical discontinuities that amplify halluci-

nations. To address this, we propose Triplet-Aligned Generation

(TAG), which extracts triplets from the retrieved documents and

aligns them with the answer generation process to explicitly bridge

missing logic and relations across chunks. By injecting these struc-

tural cues, TAG enhances cross-chunk reasoning coherence and

mitigates hallucination.

3.3.1 Triplet Extraction Cold Start (Fig. 5 top row). In this paper,

triplets encapsulate entity details, inter-entity relations, and implicit

factual and logical dependencies, enabling structured cross-chunk

reasoning rather than isolated snippet reading. To train triplet ex-

traction stably, we adopt a cold-start stage: For each sub-query,

a strong teacher model (e.g., GPT-4o) extracts 𝑝 parallel triplets

Chunk 1

Chunk 2

query

Prompt

Reference

Triplet 1
startextraction

endextraction

···

#Extraction List:
1. (“Entity", <Entity Name>, <Entity 
Type>, <Entity Description>)
2. (“Entity", <Entity Name>, <Entity 
Type>, <Entity Description>)
…
1. (“Relation”, <Entity Name>, <Entity 
Name>, <Relation Description>)
…

Triplet Extraction Cold Start

Triplet 2
startextraction

endextraction

Triplet k
startextraction

endextraction
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Answer
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Figure 5: Triplet-aligned generation module.

𝑡 = {𝑡1, . . . , 𝑡𝑝 } for each (sub-query, chunks) pair and then we

verify their quality manually. We then SFT the target LLM using

sub-queries and their corresponding chunks as input, training the

model to produce concise and effective triplets. Skipping this stage

typically yields lengthy, noisy triplets that fail to guide response

generation and harm training stability. During fine-tuning, dedi-

cated extraction tokens ⟨!startextraction!⟩ mark spans, helping

the model internalize graph-like structure.

3.3.2 Answer Generation Training and Triplet Alignment (Fig. 5 bot-
tom row). First, we enhance the model’s ability to generate answers

both with and without triplet augmentation. Specifically, given an

instruction-answer pair (𝑥𝑖 , 𝑦𝑖 ) and its 𝑘-th triplet 𝑡𝑘𝑖 . We first ob-

tain the hidden state 𝐻 base

𝑖, 𝑗 = hs[𝑥𝑖 ;𝑦 ( 𝑗−1)
𝑖

] of the 𝑗-th token in the

answer under the original RAG method. In our proposed method,

when incorporating the triplet 𝑡𝑘𝑖 , the corresponding hidden state

is 𝐻
triplet

𝑖, 𝑗,𝑘
= hs[𝑥𝑖 ;𝑦 ( 𝑗−1)

𝑖
; 𝑡𝑘𝑖 ]. We concatenate the two obtained

hidden states and input them into a three-layer MLP with ReLU

activation to compute the weight for each token in the answer:

𝜔𝑖, 𝑗,𝑘 =MLP(concat(𝐻 base

𝑖, 𝑗 , 𝐻
triplet

𝑖, 𝑗,𝑘
)) . (6)

Meanwhile, we compute the log-likelihoods under the conditions

of without and with the triplet:

Lbase = log𝑝𝜃 (𝑦 𝑗𝑖 | 𝑥𝑖 , 𝑦 ( 𝑗−1)
𝑖

) = 𝑓 (𝐻 base

𝑖, 𝑗 ), (7)

Ltriplet = log𝑝𝜃 (𝑦 𝑗𝑖 | 𝑥𝑖 , 𝑦 ( 𝑗−1)
𝑖

, 𝑡𝑘𝑖 ) = 𝑓 (𝐻
triplet

𝑖, 𝑗,𝑘
), (8)

where 𝑓 (·) = softmax(lmhead(·)). Finally, we compute theweighted

sum of the 𝑗-th token to obtain the log-likelihood incorporating
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the triplet for training answer generation:

Lans = 𝜔𝑖, 𝑗,𝑘 · Lbase + (1 − 𝜔𝑖, 𝑗,𝑘 ) · Ltriplet . (9)

Given that the extracted triplets vary in length and content,

we aim to determine the most beneficial triplet for optimizing the

answer. Specifically, for 𝑖-th instruction-answer pair (𝑥𝑖 , 𝑦𝑖 ), our
objective is to find an optimal triplet 𝑡 (𝑖 ) that maximizes 𝜋𝜃 (𝑦𝑖 |
𝑥𝑖 , 𝑡

(𝑖 ) ). To achieve this, we design a reward function 𝑅 based on

the REINFORCE algorithm to quantify the impact of introducing

𝑘-th triplet on answer generation as follows:

𝑅𝑖,𝑘 = max(0,Lbase

𝑖 − Ltriplet

𝑖,𝑘
− 𝑅𝑖 ) . (10)

This reward function increases the likelihood of selecting triplets

that perform better than the average reward 𝑅𝑖 . Finally, the REIN-

FORCE loss term is defined as:

LREINFORCE = −𝑅𝑖,𝑘 · log𝜋𝜃 (𝑔𝑖𝑘 | 𝑥𝑖 ) . (11)

To further encourage succinct triplets, we introduce a length-

aware bonus. Let ℓ𝑖,𝑘 be the tokenized length of 𝑡𝑘 , and define the

candidate-wise mean ℓ̄𝑖 = 1/𝐾𝑖
∑𝐾𝑖
𝑘=1

ℓ𝑖,𝑘 , for the pair (𝑥𝑖 , 𝑦𝑖 ). We

then set 𝑟 len
𝑖,𝑘

= 𝛾
(
ℓ̄𝑖 − ℓ𝑖,𝑘

)
, which increases the reward for shorter-

than-average triplets and decreases it otherwise (𝛾 > 0 controls the

strength). The augmented reward and the resulting REINFORCE

loss are 𝑅̃𝑖,𝑘 = 𝑅𝑖,𝑘 + 𝑟 len𝑖,𝑘 . Finally, the REINFORCE loss is:

LREINFORCE = −𝑅̃𝑖,𝑘 · log𝜋𝜃 (𝑡𝑘 | 𝑥𝑖 ), (12)

which encourages the model to select triplets that improve an-

swer generation, while ignoring unhelpful ones. This formulation

directly aligns with our GQD-style preference modeling, where

log-probability differences capture the relative advantage of candi-

date knowledge structures. Thus, the total loss function for model

training is defined as:

L = Lans + 𝛼 · LREINFORCE, (13)

where 𝛼 is a hyperparameter controlling the trade-off between

different training objectives.

3.3.3 Answer Generation Inference. For answer generation, the
trained model processes sub-queries either sequentially or in paral-

lel based on the dependency structure in the GQD. The generator

takes as input both the extracted triplets and the reranked chunks.

For nodes with ancestors, the cumulative Q&A pairs of the ancestor

chain are prepended to provide contextual information, ensuring

that the generation process respects the hierarchical reasoning

flow defined by the GQD. When all leaf nodes are processed, their

Q&A pairs are concatenated with the main query to form the final

comprehensive answer. This triplet-aligned generation approach

significantly improves answer coherence and reasoning quality.

3.4 Rich Multimodal Presentations
Traditional chatbots often rely on linear text stacking, which can im-

pose a high cognitive load on users. Given that AI-powered search

engines facilitate extensive knowledge transmission, integrating

cognitive scaffolding is essential to support user comprehension.

Cognitive science research has shown that structured information

andmultimodal presentations enhance the efficiency of information
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Figure 6: Rich multimodal presentations module.

assimilation [32, 36, 40]. To address these challenges, we incorpo-

rate timeline visualizations and textual-visual choreography to

optimize the reading experience.

3.4.1 Timeline Visualization (Fig. 6 top row). In online search sce-

narios, integrating timeline visualizations enables users to better

understand the evolution and context of events. We propose a novel

timeline visualization scheme. First, we collect all retrieved chunks

following the chunk selection (see Fig. 3). Then, we instruct an

LLM (Qwen2.5-14B-Instruct) to extract any event time mentioned

in each chunk and to generate a corresponding title and summary.

If a chunk does not explicitly mention a time, we resort to using

the document’s report time as extracted by the same LLM. Chunks

lacking temporal information in both the chunk and the document

are discarded. Because the retained chunks may describe the same

content, we then employ bge-large to compute text embedding of

the concatenated title and summary and calculate pairwise cosine

similarities across chunks. Chunks with a similarity score exceeding

0.9 are merged by discarding the one with the later timestamp, re-

sulting in a list of distinct events with timestamps. To make timeline

visualization more structured, we further instruct the LLM to group

these events and derive relevant keywords based on their sum-

maries. Finally, we present the event titles for each group, sorted

according to their timestamps. Our timeline visualization scheme is

integrated within the framework, where upstream pipeline compo-

nents (GQD, retrieval, and chunk ranking) enhance the relevance

and precision of the displayed events. This integration distinguishes

our solution from other methods [20, 45], as GQD decomposes com-

plex queries into simpler sub-queries, enabling targeted retrieval,
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Table 1: Dataset statistics.

Category Sources Number

Event Timeline TopHub, Google Trends 350

Multi-Constraint Factual Zhihu, Wikipedia 300

Decision-Making Stack Exchange, Hacker News 200

Technical Troubleshooting StackOverflow, GitHub 150

Table 2: Pearson correlation coefficients between human and
LLM scores under different evaluation criteria.

Metric Value Metric Value

Conciseness 0.802 Numerical Precision 0.715

Relevance 0.821 Factuality 0.729

Timeliness 0.808 Comprehensiveness 0.642

Clarity 0.646 Coherence 0.727

Insightfulness 0.659 Average 0.891

while chunk ranking removes noise, together yielding more precise

and context-aware results.

3.4.2 Textual-Visual Choreography (Fig. 6 bottom row). A picture

is worth a thousand words. GraTAG integrates relevant images into

textual answers to enhance information assimilation. These im-

ages are extracted from retrieved documents. To ensure quality

and relevance, we first filter out noisy images, retaining only those

of high quality. Specifically, a rule-based filtering algorithm elim-

inates logos, icons, and low-resolution images. Subsequently, we

compute the similarity between the textual description associated

with the image and the main query using bge-reranker-v2-m3 and

remove those smaller than 0.3. To determine the optimal placement

of images, we compute the pairwise similarity between generated

answer paragraphs and candidate images. This computation in-

volves a weighted average of three measures: (1) the embedding

cosine similarity between the generated text paragraph and the

image, computed using the clip-vit-huge-patch14; (2) the estimated

similarity between the synthesized paragraph and the retrieved

document’s title, obtained via bge-reranker-v2-m3; and (3) the em-

bedding cosine similarity between the synthesized paragraph and

the retrieved document’s text using bge-large. Pairwise similari-

ties are assembled into a matrix. Then we determine the optimal

image-to-text alignment using the Hungarian algorithm [24].

4 Experiments
4.1 Experimental Setup

Multi-faceted Evaluation Criteria. Due to the open-ended nature

of answers in real scenarios, we adopted rating criteria for evalu-

ating generated answers rather than computing their match to a

fixed reference answer. We invited experts with master’s degrees to

develop a multi-faceted rating criteria, including: (1) Conciseness,

(2) Numerical Precision, (3) Relevance, (4) Factuality, (5) Timeliness,

(6) Comprehensiveness, (7) Clarity, (8) Coherence, and (9) Insight-

fulness. Our nine evaluation metrics were chosen based on two

principles: (1) each metric is concise, easily interpretable, and inde-

pendent; and (2) collectively, they capture the majority of observed

issues.

Test Set. We construct a test set of 1,000 real-world complex

queries, which is organized into four categories: (1) Event Timeline,

which requires reconstructing evolving events or comparing enti-

ties across time. (2) Multi-Constraint Factual, which involves multi-

ple explicit constraints such as time, location, scope, or causality. (3)

Decision-Making, which specifies a target objective together with

feasibility or preference constraints. (4) Technical Troubleshoot-

ing, which combines procedural intents with concrete environment

constraints (e.g., version or platform). The dataset statistics are

summarized in Tab. 1. In addition, we evaluate our method on the

public benchmark to examine generalization: BrowseComp [44], an

English benchmark where answering requires sustained, multi-step

retrieval and yields short, verifiable outputs. We required three

ratings for each combination of system, query, and rating criterion.

Just Tab. 3 alone contains 243,000 human ratings, underscoring the

sheer scale of our evaluation.

Annotation Protocol. GQD and TAG training data each consist

of 10,756 samples. Annotation was conducted by 27 master’s-level

annotators using a 3-way independent evaluation scheme with 2-

of-3 majority voting. For TAG triplets, each sample was assessed

along four criteria: Factual Correctness, Faithfulness, Coverage, and

Conciseness. The direct pass rates were 82.13% for GQD (completed

in 12 working days) and 73.62% for TAG (25 working days); all

remaining samples were manually corrected before training. The

1,000 test queries are drawn from 8 public sources (Tab. 1) and

contain no overlap with the training data used for GQD and TAG.

LLM Evaluation. Evaluating the generated answers for all experi-
ments usingmulti-faceted criteria by human experts is prohibitively

expensive. Therefore, we considered employing an LLM to eval-

uate the generated text for a subset of experiments. To validate

the effectiveness of the LLM as an evaluator, we also conducted

a comparison experiment involving both human and LLM (GPT-

4o-2024-08-06) evaluators and calculated the Pearson correlation

between their final scores. As shown in Tab. 2, human and LLM

scores exhibit a high correlation coefficient, indicating that it is

feasible to use LLM as an evaluator. Hence, experiments reported

in Tabs. 7 to 9, 11 and 12 were evaluated with GPT-4o.

Baselines. We compare GraTAG with eight existing systems, in-

cluding:GenerativeAI search engines: Perplexity AI [4],Metaso [34],

Tiangong AI [5], ChatGLM [11], and Tongyi [6]; and Conversa-
tional LLMs with RAG: KIMI [3], Ernie Bot [2], and Baichuan [1].

For Perplexity AI, we selected GPT-4o [35] as the backend model.

For the GPT-4o automatic evaluation, we also include GINGER [25],

a nugget-based RAG baseline. We further conduct ablations on the

two core components, GQD and TAG. Additional extended experi-

ments, such as latency analysis and hyperparameter exploration,

are provided in the appendices.

4.2 Main Results
4.2.1 Overall Performance. We first compare GraTAG with existing

systems under multi-faceted human evaluation in a model-agnostic

setting. As shown in Tab. 3, GraTAG achieves the highest average
score (9.235 vs. 8.810), outperforming strong baselines, with no-

table gains in comprehensiveness (9.143 vs. 8.252, 𝑝 < 0.001) and

insightfulness (7.333 vs. 6.796, 𝑝 < 0.001). Each response was eval-

uated by at least three experts. Pairwise Pearson correlations yield
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Table 3: Multi-faceted comparison of different systems via human expert evaluation (Higher is better, 10-point scale).
Model Conciseness Numerical Precision Relevance Factuality Timeliness Comprehensiveness Clarity Coherence Insightfulness Average

Perplexity AI [4] 9.851 9.631 9.436 8.525 8.552 7.284 9.612 9.853 6.546 8.810

Tiangong AI [5] 9.840 9.722 7.812 8.924 8.103 8.020 9.604 9.802 6.535 8.707

Ernie Bot [2] 9.772 9.328 8.887 8.028 8.404 7.798 9.524 9.900 5.969 8.623

KIMI [3] 9.840 9.515 8.529 8.227 8.966 8.155 9.220 9.709 6.796 8.773

Metaso [34] 9.766 8.941 8.515 7.408 8.408 5.689 9.388 9.681 4.755 8.061

ChatGLM [11] 9.817 9.428 8.949 9.124 8.347 6.168 9.538 9.726 5.047 8.460

Baichuan [1] 9.661 9.596 6.486 7.611 8.220 8.252 9.223 9.612 6.117 8.309

Tongyi [6] 9.806 9.009 7.585 7.212 8.194 7.677 9.291 9.899 5.859 8.281

GraTAG (Ours) 9.813 9.714 9.533 8.932 9.205 9.143 9.633 9.810 7.333 9.235

Table 4: Performance comparison on the BrowseComp.

Model Correct Number Acc (%)

Perplexity AI 298 23.54

Tiangong AI 29 2.29

Ernie Bot 255 20.14

KIMI 330 26.07

Metaso 77 6.08

ChatGLM 152 12.01

Baichuan 80 6.32

Tongyi 26 2.05

GraTAG (Ours) 387 30.57

Table 5: Comparison of timeline visualization.
Approach Average Event Count Precision Wall Time (s) ↓

CHRONOS [45] 5.12 79% 67.44

GraTAG (Ours) 10.14 84% 33.27

Table 6: Comparison of textual-visual choreography.

Approach Inclusion (%) ↑ Precision (%) ↑

Metaso [34] 3.0 72.2

GraTAG (Ours) 80.0 90.0

an average agreement of 0.890, indicating high inter-rater consis-

tency. As a complementary automatic evaluation, Tab. 10 shows

that GraTAG achieves a higher average score than GINGER un-

der GPT-4o evaluation (9.312 vs. 9.086). We further evaluate on

the BrowseComp benchmark, which contains 1,266 test samples.

As shown in Tab. 4, GraTAG achieves the best accuracy (30.57%),

outperforming the strongest baseline by 17.3% and demonstrating

strong generalization under standardized evaluation.

4.2.2 Performance on Answer Representation. We evaluate the ef-

fectiveness of our method in improving user experience and infor-

mation accessibility. For Timeline, we compare our method with

CHRONOS [45] using event count (the number of event presented

in the timeline), precision (the percentage of relevant events), and

wall time (latency for generating the timeline) for online deploy-

ment. As shown in Tab. 5, GraTAG outperforms CHRONOS across

all dimensions. For Textual-Visual, Metaso [34] also implements

textual-visual choreography. We compare it with GraTAG by: inclu-

sion (the rate at which images are incorporated into the generated

answers) and precision (the percentage of included images that are

contextually relevant). As shown in Tab. 6, GraTAG outperforms

Metaso significantly on both metrics.

4.3 Ablation Study
4.3.1 System Components. We conduct a comprehensive ablation

study to evaluate the contribution of each component in our pipeline.

As shown in Tab. 7, removing any module leads to a measurable

drop in overall performance, with the full system achieving the

highest average score. Notably, omitting GQD results in the most

significant degradation, particularly in Relevance and Comprehen-

siveness, underscoring its critical role in generating focused and

thorough answers. Removing TAG also causes a notable decline,

especially in Factuality, Insightfulness and Numerical Precision,

while also reducing Coherence. Overall, the results demonstrate

that the integration of all modules is essential for achieving bal-

anced, high-quality responses across all evaluation criteria.

4.3.2 Graph-basedQuery Decomposition (GQD). We conduct de-

tailed ablation experiments to evaluate different implementations

of GQD. As shown in Tab. 8, the choice of implementation signifi-

cantly impacts the final answer quality. Using prompt engineering

with GPT-4o achieves strong average performance (9.204), demon-

strating the effectiveness of the GQD approach itself. Fine-tuning a

smaller model (Qwen-2.5-14B-Instruct) with SFT achieves competi-

tive results (8.962), showing that the capability can be distilled into

more efficient models. Incorporating reinforcement learning further

improves performance, with GRPO achieving the best overall score

(9.312) and Reinforce++ [19] also showing strong results (9.181). No-

tably, GQD with RL shows consistent improvements across all nine

evaluation metrics, with particularly substantial gains in Relevance

and Comprehensiveness.

4.3.3 Triplet-Aligned Generation (TAG). We evaluate the effective-

ness of integrating triplet information into the generation process.

As shown in Tab. 9, we compare several TAG variants: entity-only

TAG that extracts entities without constructing triplets, Oracle

TAG with manually verified relation–entity consistency, prompt

engineering with GPT-4o, fine-tuning with Qwen-2.5-14B-Instruct,

and the Graph-RAG baseline. Our lightweight TAG design with

RL nears Oracle TAG while surpassing both entity-only TAG and

Graph-RAG, demonstrating the effectiveness of automatic triplet

construction. TAG consistently improves answer quality across

implementations, with improvements particularly pronounced in

Factuality and Coherence, showing that structured knowledge from

triplets enhances both the accuracy and organization of the gener-

ated content while maintaining temporal awareness.
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Table 7: Ablation study of sub-modules in our approach, "−" indicates skipping the sub-module.
Model Conciseness Numerical Precision Relevance Factuality Timeliness Comprehensiveness Clarity Coherence Insightfulness Average

Full Approach 9.797 9.747 9.559 9.222 9.185 9.129 9.599 9.784 7.790 9.312
– Query Preprocessing 9.704 9.287 9.352 9.105 9.051 8.810 9.477 9.493 6.890 9.019

– Query Expansion 9.661 9.169 9.491 9.085 9.200 8.372 9.363 9.670 6.722 8.970

– GQD 9.615 9.129 7.54 8.695 8.956 7.445 9.032 9.607 6.183 8.467

– Chunk Selection 9.730 9.334 9.392 9.083 9.100 8.582 9.546 9.647 6.924 9.038

– Chunk Rerank 9.711 9.483 9.462 9.031 8.989 8.773 9.465 9.656 6.849 9.047

– TAG 9.564 9.163 9.283 8.397 8.669 8.955 9.103 9.391 7.119 8.849

Table 8: Ablation study on Graph-based Query Decomposition (GQD).
Model Conciseness Numerical Precision Relevance Factuality Timeliness Comprehensiveness Clarity Coherence Insightfulness Average

– GQD 9.615 9.129 7.540 8.695 8.956 7.445 9.032 9.607 6.183 8.467

Prompt+GPT-4o 9.798 9.561 9.419 9.096 9.165 8.825 9.477 9.807 7.688 9.204

SFT+Qwen-2.5-14B 9.734 9.088 9.025 8.826 8.959 8.604 9.347 9.636 7.438 8.962

GQD w/ RL (GRPO) 9.797 9.747 9.559 9.222 9.185 9.129 9.599 9.784 7.790 9.312
GQD w/ RL (Reinforce++) 9.784 9.577 9.436 9.101 8.956 8.987 9.597 9.777 7.415 9.181

Table 9: Ablation study on Triplet-Aligned Generation (TAG).
Model Conciseness Numerical Precision Relevance Factuality Timeliness Comprehensiveness Clarity Coherence Insightfulness Average

Oracle TAG 9.774 9.786 9.554 9.415 9.175 9.053 9.731 9.811 7.864 9.351

– TAG 9.564 9.163 9.283 8.397 8.669 8.955 9.103 9.391 7.119 8.849

Prompt+GPT-4o 9.762 9.682 9.652 9.148 8.994 8.638 9.496 9.869 7.371 9.179

SFT+Qwen-2.5-14B 9.593 9.292 9.367 8.702 8.832 8.455 9.355 9.488 7.127 8.912

entity-only TAG 9.545 9.175 9.293 8.413 8.664 8.862 9.200 9.363 7.082 8.844

Graph-RAG 9.442 9.207 9.383 8.789 9.053 8.954 9.226 9.510 7.588 9.017

TAG w/ RL (GRPO) 9.797 9.747 9.559 9.222 9.185 9.129 9.599 9.784 7.790 9.312

4.4 Production Deployment Analysis
4.4.1 Test-Time Latency Analysis. In GraTAG, we maximize paral-

lelism to reduce test-time latency, e.g., executing lateral sub-queries

in GQD concurrently. We further fine-tune and quantize candidate

models, selecting the fastest one that satisfies our performance

requirements. In deployment, GraTAG achieves a response latency
of 14.2 seconds. For comparison, the latencies of Perplexity, Tian-

gong, ErnieBot, KIMI, Metaso, ChatGLM, Baichuan, and Tongyi are

13.9, 4.0, 6.0, 2.8, 10.4, 7.9, 6.1, and 10.4 seconds, respectively. The

latency of GraTAG is measured on a cluster of 16 Muxi MXC500

GPUs (each providing approximately 70% of the computing power

of an NVIDIA A800), while baselines are evaluated via their publicly

available interfaces. In production deployment, latency is further

reduced via two caching strategies: (1) query-level caching, where

identical or highly similar queries within a 10-minute window re-

turn cached results directly; and (2) retrieval result caching, which

reuses previously retrieved URLs and chunks.

4.4.2 Performance on Simple Queries. To examine GraTAG’s be-

havior on non-complex inputs, we isolate a low-complexity subset

of 121 queries (decomposition nodes ≤ 2) from the 1,000-query

benchmark. All systems score higher on this easier subset, and

the overall ranking remains consistent with the full benchmark:

GraTAG (9.44) > Perplexity (9.29) > KIMI (9.24) > Tiangong (9.16) >

Ernie Bot (9.08) > ChatGLM (9.03) > Baichuan (8.93) > Tongyi (8.90)

> Metaso (8.69), confirming that GraTAG’s advantage generalizes

beyond complex queries.

4.4.3 Online Deployment and A/B Test. GraTAG has been com-

mercially deployed as the product Xinyu at Xinhua News Agency

(21,765 users) and China Telecom (85,439 users). Prior to full deploy-

ment, a blind evaluation by 10 expert journalists on 150 real busi-

ness queries showed Xinyu outperforming KIMI [3] on 85 queries

versus 44 (56.67% vs. 29.33%, with 14.00% ties). Following deploy-

ment, a 14-day online A/B test (8,752 FlexRAG users vs. 8,754 Xinyu

users, bucketed by user ID) showed that Xinyu increased active

users’ average daily Q&A count from 2.73 to 5.56 and average us-

age days within the 14-day window from 2.46 to 5.28, indicating

clear improvements in online engagement and user stickiness. All

blind-evaluation queries and scoring results are available on our

GitHub repository.

5 Conclusion
In this work, we present GraTAG, a generative AI search engine de-

signed to tackle multi-faceted challenges in answer generation and

user experience through a fully integrated pipeline. Our approaches

not only build on state-of-the-art research but also introduce novel

solutions to specific challenges. Extensive experiments demonstrate

the superiority of GraTAG over existing technologies. The system
has been successfully deployed in real-world applications, with

finalized industry contracts now exceeding USD 2 million and ex-

pansion to English-language scenarios (e.g., Suanova), validating

its practical value and scalability.
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A Other Implementations in the Workflow
A.1 Query Preprocessing
To ensure robustness and practical deployment in real-world sce-

narios, GraTAG incorporates a comprehensive query preprocessing

pipeline that handles edge cases and user intent clarification be-

fore GQD generation. Upon receiving a query, a fine-tuned LLM

(currently based on Qwen-2.5-14B) is employed to filter out unsafe

or harmful queries and clarifies ambiguous ones by prompting the

user with options, such as suggesting a specific region for a general

query like "the current state of the economy." If the query is ambigu-

ous or lacks specificity, the LLM prompts the user with clarifying

questions or options to refine his/her intent. The query might be

rejected if it is regarded as one that warrants refusal.

Following this, any open-source LLM (currently Qwen-2.5-14B)

is used to rewrite the query by translating relative spatiotemporal

terms (e.g., “last week”) into precise timestamp ranges, resolving

vague locations (“nearby”) to specific places, and canonicalizing

incomplete entity names.

A.2 Sub-query Expansion
Given a sub-query in the graph after GQD, we ask an LLM to

generate multiple relevant queries. These queries are called retrieval

queries since they are subsequently entered into a search engine to

retrieve more information. Specifically, the LLM is instructed to act

as a subject matter expert in a university, expanding the given query

to create related questions that assess students’ comprehensive

understanding of the topic across multiple dimensions: 1) content

mastery, 2) understanding of key elements, 3) contextual analysis,

and 4) extended thinking.

A.3 Retrieval
To ensure the recency and relevance of retrieved information, we

submit each retrieval query to multiple search engines simultane-

ously, leveraging the ranking algorithms in search engines to obtain

more comprehensive content and mitigate biases. Additionally, we

incorporate Milvus and Elasticsearch for our B2B clients to build

local retrieval systems.

Directly feeding raw retrieved documents (e.g., a web page) into

an LLM can lead to high perplexity and degraded response quality.

To make the input content LLM-friendly and safe, we implement a

robust content filtering pipeline. This process involves removing

disruptive elements, filtering sensitive or extraneous information,

and standardizing formatting.

After filtering, we segment documents into chunks using the

RecursiveCharacterTextSplittermethod [10].We adopt a small

chunk size (i.e., 350) with a relatively large overlap (i.e., 25%) to

optimize the performance of the subsequent text embedding model,

following the research findings by Azure AI Search [7].

A.4 Chunk Deduplication and Reranking
Notably, retrieved passages vary in relevance and often contain

duplicate information, which can distract themodel. Tomitigate this

problem, we use a fine-tuned text embedding model (bge-large [46])

to compute embeddings for the chunks and then calculate pairwise

cosine similarities. We aim to identify the largest subset of chunks

where the similarity score between any two chunks is no greater

than 0.8. Finding the optimal solution to this problem corresponds

to solving the maximum independent set problem [41], which is

NP-hard. To improve computational efficiency, we adopt a greedy

strategy that processes each chunk sequentially, retaining it only

if its similarity to all previously retained chunks remains below

0.8. For re-ranking, we finetune a reranker model (bge-reranker-

v2-m3 [13, 27]) to sort the chunks based on their similarity to the

sub-query.

B Further Analysis
B.1 Impact of Fine-Tuning on Answer

Generation
In GraTAG, we fine-tune LLMs for entity extraction, GQD genera-

tion, and answer generation.We validate their effectiveness through

ablation studies. As shown in Tab. 11, replacing these modules with

GPT-4o and Qwen-2.5-72B confirms that improvements in query

rewriting, entity extraction, and GQD generation positively impact

final answer quality. Tab. 12 demonstrates that fine-tuning the an-

swer generation model yields consistent performance gains across

eight evaluation metrics, including Conciseness and Numerical

Precision.

B.2 Effect of Reranking Model Selection
We conduct an ablation study on the reranking component by

comparing our fine-tuned reranker model against its base model

(bge-reranker-v2-m3) and two LLMs instructed to generate a rank-

ing order based on relevance. As shown in Tab. 13, our fine-tuned

method preserves the efficiency of the base model while signifi-

cantly outperforming it and achieving performance comparable

to GPT-4o. The wall time for GPT-4o reflects API response time,

whereas the wall time for other models is measured on a local clus-

ter. This demonstrates that fine-tuning allows us to achieve strong

performance with more efficient models, maintaining low latency

while approaching the quality of much larger language models.

B.3 Impact of Number of Sampled GQDs
We further investigate the optimal number of sampled GQDs. As

shown in Tab. 14, performance improves as the number of GQDs

increases from 1 to 8. Beyond this point, the performance remains

relatively stable with diminishing returns, suggesting that 8 GQDs

provide an effective balance between query coverage and computa-

tional efficiency.
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Table 10: Multi-faceted comparison of different systems via GPT-4o automatic evaluation. Higher is better, and 10 is the
maximum. Best scores are in bold and second-best scores are underlined.

Model Conciseness Numerical Precision Relevance Factuality Timeliness Comprehensiveness Clarity Coherence Insightfulness Average

Perplexity AI 9.844 9.528 9.670 9.659 8.057 8.194 9.811 9.800 6.547 9.012

Tiangong AI 9.528 8.934 9.315 9.479 7.473 7.239 9.543 9.540 5.895 8.550

Ernie Bot 9.626 8.928 9.334 9.415 7.836 7.692 9.518 9.601 6.362 8.701

KIMI 9.574 9.259 9.449 9.580 7.941 8.176 9.578 9.614 6.312 8.831

Metaso 9.215 8.346 8.920 9.013 7.005 6.248 9.143 8.993 5.203 8.010

ChatGLM 9.723 9.275 9.562 9.715 7.947 7.917 9.826 9.809 6.599 8.930

Baichuan 8.962 8.575 8.812 8.936 7.348 7.357 8.888 8.753 6.171 8.200

Tongyi 9.321 8.467 8.904 9.101 7.288 7.534 9.394 9.741 6.063 8.424

GINGER [25] 9.629 9.358 9.432 8.807 9.011 8.901 9.374 9.597 7.665 9.086

GraTAG (Ours) 9.797 9.747 9.559 9.222 9.185 9.129 9.599 9.784 7.790 9.312

Table 11: Ablation study of replacing our fine-tuned LLMs with proprietary and open-source models.

Model Conciseness Numerical Precision Relevance Factuality Timeliness Comprehensiveness Clarity Coherence Insightfulness Average

GPT-4o 9.745 9.622 9.633 8.940 8.823 9.065 9.456 9.754 7.147 9.132

Qwen 2.5-72B 9.698 9.485 9.475 8.517 8.912 8.709 9.592 9.670 7.330 9.043

GraTAG (Ours) 9.797 9.747 9.559 9.222 9.185 9.129 9.599 9.784 7.790 9.312

Table 12: Ablation study of replacing our fine-tuned answer generation model with proprietary and open-source models.

Model Conciseness Numerical Precision Relevance Factuality Timeliness Comprehensiveness Clarity Coherence Insightfulness Average

GPT-4o 9.771 9.681 9.600 9.095 8.971 9.110 9.550 9.771 7.661 9.246

Qwen 2.5-72B 9.741 9.577 9.563 8.849 8.794 9.005 9.549 9.72 7.546 9.149

GraTAG (ours) 9.797 9.747 9.559 9.222 9.185 9.129 9.599 9.784 7.790 9.312

Table 13: Ablation study of fine-tuning the rerank model.

Model Precision Recall F1 Score Wall Time (s)

GPT-4o [35] 0.717 0.719 0.718 3.6

Qwen 2.5-72B [47] 0.541 0.894 0.674 2.4

bge-reranker-v2-m3 [13] 0.568 0.671 0.615 0.1

GraTAG (ours) 0.627 0.735 0.677 0.1

Table 14: Impact of the number of sampled GQDs.

Number Average Score

1 9.119

4 9.290

8 9.312

16 9.304

32 9.314

Table 15: Text-Image Matching Performance with bge-
reranker-v2-m3 at Different Thresholds

Threshold Inclusion (%) Precision (%)
0.1 93 45

0.2 85 80

0.3 80 90

0.4 68 93

0.5 43 95

B.4 Threshold Analysis for Text-Image
Choreography

We analyze the matching threshold for Text-Image Choreography

using bge-reranker-v2-m3. As shown in Table 15, the threshold

controls the trade-off between inclusion (recall) and precision: lower

thresholds (0.1) achieve high inclusion (93%) but low precision (45%),

while higher thresholds (0.5) improve precision (95%) at the cost of

reduced inclusion (43%). We select threshold 0.3 as it provides the

optimal balance with 80% inclusion and 90% precision, ensuring

comprehensive coverage while maintaining answer quality.
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