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Text-to-SQL refers to the task of converting natural language queries into Structured Query Language (SQL),

enabling users to interact with databases without knowing SQL. Large Language Models (LLMs) have demon-

strated considerable potential in implementing Text-to-SQL through retrieval-augmented generation and

prompt engineering. However, these methods still face challenges in effectively understanding complex data-

base schemas, failing to produce valid SQL queries. To address this issue, this paper proposes a Schema-aware

Retrieval-Augmented Generation (SchemaRAG) framework with three core components. First, a Schema-

Linker is fine-tuned to align natural language with schema items by knowledge distilling from high-quality

chain-of-thought data, where its reasoning capabilities are further refined through group relative policy

optimization. Second, a schema-augmented retriever is designed to retrieve the most relevant examples by

referencing the database schema, thereby enhancing the LLM’s ability to understand and generate SQL syntax.

Finally, SchemaRAG adopts a Pareto-optimal selection mechanism to identify the final SQL query from a set of

high-quality candidates to enhance robustness. As such, SchemaRAG can effectively learn complex database

schemas to syntactically align with the structures of SQL, thereby generating more valid SQL queries. Extensive

experiments on five benchmark datasets are conducted across several mainstream LLMs. The results demon-

strate that SchemaRAG significantly outperforms four state-of-the-art Text-to-SQL competitors. The source

code, datasets, and appendix of this paper are available at https://github.com/chelsea2002/SchemaRAG.
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1 Introduction
Text-to-SQL aims to automatically translate natural language questions into executable Structured

Query Language (SQL) queries, thereby lowering the technical barrier for non-expert users to

perform data operations. Although methods based on Large Language Models (LLMs) have achieved

significant progress, they still face a critical challenge: the massive parameter scale of LLMs can

introduce content hallucination[16, 43], which compromises the accurate interpretation of user
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intent and the precision of SQL generation. To mitigate this issue, retrieval-augmented generation

(RAG) and schema linking techniques can be employed to provide grounded context and enhance

the model’s ability to correctly interpret database structures and user queries.

Fig. 1. Limitations of RAG in the Text-to-SQL

RAG provides LLM with a factual basis by retrieving relevant exemplars. However, existing

RAG strategies, relying primarily on textual similarity, neglect critical schema and SQL syntactic

structures. This text-centric approach retrieves structurally irrelevant examples that mislead the

model rather than providing useful guidance. Questions can be textually similar yet correspond to

vastly different SQL syntactic structures (Figure 1(a)). To address this limitation, the technique of

entity masking can reduce dependency on specific schema names(Figure 1(b)), but it can also be

misleading by erasing key information. As illustrated in Figure 1(c), even though two masked ques-

tions may appear textually similar, their corresponding SQL structures can differ substantially—one

involve complex aggregation and computation, while the other is a simple filtering query.

This highlights the insufficiency of text-based similarity. Moreover, although entity masking miti-

gates schema dependency, it also removes essential semantic information, reducing the embedding’s
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fidelity in reflecting SQL intent. Since neither text-based retrieval nor entity masking adequately

preserves SQL structural alignment, this study asks: can a structure-aware representation be learned

to retrieve syntactically coherent exemplars for generation?

However, retrieving structurally-sound exemplars is not sufficient on its own. The query gener-

ation process is fundamentally reliant on two pillars: a correct syntactic structure and a correct

mapping of semantic intent to the schema. While a structure-aware retriever addresses the first,

the second—accurately identifying which tables and columns to use—remains a distinct and critical

bottleneck.

Fig. 2. Limitations of schema linking in the Text-to-SQL

Schema linking thus becomes a crucial component in addressing this bottleneck and mitigating

hallucination in Text-to-SQL tasks. Existing methods typically formulate schema linking as a

classification problem—using models such as BERT with a classification head [19]—or leverage

the few-shot learning capabilities of LLMs [10]. However, these approaches often struggle to align

natural language queries with abbreviated or non-standardized schema names. While they can

successfully match simple fields like customer name, they frequently fail to capture more complex

semantic constructs such as highest sales or last year, which require deeper reasoning and relational

understanding across tables like orders (Figure 2).

This research, therefore, poses the second key question: Can the integration of Chain-of-Thought

(CoT)[36] reasoning and Reinforcement Learning (RL)[24] enhance schema linking to achieve a

more refined and semantically consistent alignment, ultimately improving the structural grounding

for SQL generation?

To address the above two key challenges of Text-to-SQL, this paper proposes a Schema-aware

Retrieval-Augmented Generation (SchemaRAG) framework. It has three core components. First,

SchemaLinker is fine-tuned to map natural language to schema elements by leveraging knowledge

distilled from high-quality CoT examples. Its reasoning capabilities are further enhanced through

group relative policy optimization. Second, a Schema-Aware Retriever (SAR) is introduced to

select the most relevant examples by utilizing the structure of the database schema, thereby

improving the LLM’s understanding and generation of SQL syntax. Finally, SchemaRAG designs a

Pareto-Optimal SQL Generator (POSG) to choose the best SQL query from a pool of high-quality

candidates, increasing overall robustness. Together, these components enable SchemaRAG to better

align complex schemas with SQL syntax, improving query accuracy. To evaluate the proposed

SchemaRAG, we adopt several mainstream LLMs as the base models and compare with four state-

of-the-art Text-to-SQL methods. The experimental results on two benchmark datasets show that

our SchemaRAG achieves significantly better performance than its peers.

The primary contributions of our work are as follows:

• SchemaLinker: A module that achieves high-precision schema linking through a rigorously

optimized training procedure.
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• SAR: A novel retriever that effectively utilizes database schema structures to learn more

accurate, SQL-syntax-aware representations within question embeddings.

• SchemaRAG framework: A novel architecture presented with theoretical analyses and

algorithm designs.

• Comprehensive experiments: Conducted on the benchmark datasets of Spider, BIRD,

Spider 2.0 Snow, Beaver, and UniSQL, demonstrating consistent outperformance over com-

petitive baselines across multiple evaluation metrics, highlighting superior generalization

and robustness.

2 Related Works
2.1 Text-to-SQL based on Language Models
Before the advent of LLMs, text-to-SQL generation predominantly relied on fine-tuning encoder-

decoder architectures. Early studies enhanced encoder representations by incorporating structural

relations among query tokens, tables, and columns via Graph Neural Networks[4, 35], while others

improved decoders by injecting SQL grammar to ensure syntactic correctness [9, 30, 38]. With

the rise of Pre-trained Language Models such as T5 and BART [18, 29], fine-tuning on input-

output pairs became the mainstream paradigm [8]. The emergence of competitive LLMs, including

GPT [3], Llama [34], Qwen [2], and DeepSeek [6], has revolutionized NLP, particularly tasks

requiring complex reasoning. Consequently, research has shifted toward leveraging LLMs for

Text-to-SQL through various strategies: task decomposition and few-shot prompting [26], zero-shot

prompt engineering [7], incremental pretraining [20], critic-based selection [12], and CoT reasoning

integration [27, 41]. FinSQL [40] further proposes a model-agnostic approach combining prompt

construction, parameter-efficient fine-tuning, and output calibration for SQL generation. However,

these methods often struggle with complex schema alignment and SQL accuracy.

To overcome these limitations, we propose SchemaRAG. It integrates SchemaLinker, which maps

natural language to schema elements using distilled CoT knowledge; SAR, which selects exemplars

by encoding schema structures via cross-attention and contrastive learning; and POSG, which

ensures robust SQL query selection.

2.2 Text-to-SQL with RAG
RAG has shown considerable promise in addressing the Text-to-SQL problem. However, retrieval

strategies based on surface-level question similarity often fall short, as textually similar questions

may correspond to substantially different SQL structures. Recent research therefore incorporates

SQL structural information to enhance retrieval. For instance, ACT-SQL [41] constructs and selects

appropriate CoT exemplars for LLMs via RAG, while ReFSQL [42] employs the Tree-Edit-Distance

between SQL queries as a contrastive learning signal to refine question representations. Similarly,

ASTRES [33] generates an approximate SQL query and re-ranks candidates based on Abstract Syntax

Tree (AST) similarity. Despite these advancements, their reliance on surface-level or sequential

modeling still constrains effectiveness.

To overcome these limitations, we propose SAR, a novel representation learning framework de-

signed to produce schema-aware embeddings. By fusing question and schema information through

cross-attention and optimizing via contrastive learning, SAR directly encodes SQL structural

properties to enable more precise and semantically grounded retrieval.
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2.3 Text-to-SQL with RL
LLMs offer a promising platform for Reinforcement Learning (RL), which optimizes objectives

through interaction-based learning. Foundational methods such as DQN [24], PPO [31], and Actor-

Critic models [14] have established the basis for integrating RL with LLMs. To alleviate the com-

putational burden of PPO, more efficient variants like Group Relative Policy Optimization have

been introduced, as demonstrated in DeepSeekMath [32]. In the Text-to-SQL domain, however, the

application of RL remains limited by the challenge of sparse rewards, particularly for complex or

deeply nested queries. Prior work, such as SQL-R1 [23], has sought to address this by introducing

multiple reward mechanisms, yet models still struggle to learn effective policies from limited

positive feedback.

To effectively address this challenge, our research breaks down the complex process of end-to-end

SQL query generation into distinct, manageable components, with a specific focus on enhancing

the schema linking sub-task. We apply RL techniques to this targeted sub-task to improve the

accuracy and efficiency of aligning natural language queries with the appropriate database schema

elements.

Fig. 3. The SchemaRAG architecture consists of three interconnected modules: the SAR for semantic retrieval
and contextualized generation, the SchemaLinker for aligning query entities with schema elements, and the
POSG for synthesizing the final robust query.

3 The Proposed SchemaRAG Framework
3.1 The Overall Structure

𝑆 = 𝐿(𝑄, 𝐷) (1)

The Text-to-SQL task, as shown in Equation 1, translates a natural language question into an

executable SQL query based on the database schema (e.g., table names, column names, data types)

to accurately capture user intent and retrieve correct results. To reduce hallucination issues in this

translation process, our proposed SchemaRAG framework, illustrated in Figure 3, integrates three

complementary and synergistic components designed to enhance SQL query generation.

(1) SchemaLinker: The first component is the SchemaLinker, designed to facilitate SQL genera-

tion by aligning natural language with schema elements. We fine-tune Qwen-7B in three

stages: we first distill CoT data from GPT-4o, then perform multi-task alignment, and finally

optimize the model with reinforcement learning.
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(2) SAR: The second component is a mechanism designed to enhance example selection, taking

as input the database schema and the user question. An embedding model first processes these

inputs, followed by a cross-attention mechanism to generate Schema-Aware embeddings.

Contrastive learning is then applied to both the question embeddings and the Schema-Aware

embeddings to improve their representation quality and increase discriminability. Finally,

similarity scores are computed based on the enhanced representations to retrieve the top-K

most relevant Text-SQL examples.

(3) POSG: The third component is a SQL generation and selection module. It first prompts

the LLM to generate multiple candidate SQL queries, which are then subjected to multi-

dimensional evaluation. Based on these evaluations, the Pareto optimality principle is applied

to identify the final, most optimal SQL query.

3.2 SchemaLinker
To enhance the accuracy andmitigate hallucinations in Text-to-SQL tasks (Equation 1), we introduce

SchemaLinker through four key stages: PromptSchema, CoT-aligned training, error-driven multi-

task alignment, and RL with GRPO.

Table 1. Ambiguous Column Names and Clarifications

Original Name Potential Ambiguity Required Meaning
reg_dt Regulation date? Region ID? Customer registration date

c_nm City name? Company name? Customer’s full name

amt Amount of what? Quantity? Order amount (in USD)

id Which ID? Ambiguous. The singer’s unique ID (Primary Key)

3.2.1 Automatically PromptSchema. The examples in Table 1 illustrate how ambiguous column

names, such as reg_dt or c_nm, can lead to multiple interpretations and hinder accurate schema

understanding. These cases highlight the need for a systematic approach to clarifying column

semantics, rather than relying on ad hoc manual annotations. To address this foundational challenge

of how LLMs comprehend database schemas, we propose PromptSchema. Our approach integrates

the BM25S algorithm [22], which automatically extracts representative data samples for each

column (details in Appendix K), ensuring a fully automated and deterministic schema interpretation

process. This data-grounded foundation enables the LLM to form a stable and semantically rich

understanding of schema elements (details in Appendix H.1).

3.2.2 Ensuring CoT Aligns with Ground Truth. Building upon this structured schema representation,

we developed SchemaLinker by fine-tuning the Qwen-7B model [37]. Qwen-7B was selected as the

base model due to its strong Text-to-SQL performance [15] and optimal balance between capability

and computational efficiency. Through targeted fine-tuning, SchemaLinker learns to resolve schema

ambiguities like those shown in Table 1, effectively aligning natural language queries with the

correct schema components. This enhanced schema linking ability further guides accurate SQL

generation (Equation 1) and improves model robustness across large-scale, real-world databases.

The training process for our SchemaLinker, illustrated in Figure 4, begins with generating

high-quality CoT rationales from our teacher model (GPT-4o), ensuring strict alignment with the

ground truth. To achieve this, we employ a multi-faceted verification approach, as outlined in

Equation 2, where the ground-truth SQL query is included in the prompt to guide the teacher

model in referencing the correct SQL logic while generating the schema-linking rationale. Post-

generation, we apply a rigorous filtering process: CoT outputs with final answers mismatching

the ground-truth label are discarded, and a script parses the remaining rationales to extract all
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(Ⅱ) Multi-task Distillation 

Supervised Fine-tuning

Student

Qwen 7B

Prompt & answer dataset

 Wrong COT

techer

gpt-4o

True labels

(Ⅲ) Group Relative Policy Optimization

Student

Qwen CoT-MTL

Reward

Model

Prompt & answer dataset

Questions

Correction

Generation

Error Detection

Student

Qwen 7B

Student

Qwen 7B
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Fig. 4. The training process of the schema linking model progresses through three key stages: initial
CoT distillation (top right), followed bymulti-task distillation (left), and culminating in GRPO-based
reinforcement learning (bottom right), ultimately resulting in the SchemaLinker model.

mentioned database entities (tables and columns), verifying their perfect consistency with those

used in the corresponding SQL query. Only rationales passing this strict entity-level consistency

check are retained for training, with the CoT generation process detailed in Appendix J.2.

For each (𝑥𝑖 , 𝑦𝑖 ) ∈ {(𝑥𝑖 , 𝑦𝑖 )}𝑁𝑖=1 (2)

(𝐶𝑜𝑇𝑖 , 𝑦𝑖 ) = 𝑀𝑡𝑒𝑎𝑐ℎ𝑒𝑟 (𝑥𝑖 , 𝑦𝑖 ) (3)

As shown in Equation 3, the CoT and the predicted label are generated by the teacher model.

If 𝑦𝑖 = 𝑦𝑖 Then D ← D ∪ {(𝑥𝑖 ,𝐶𝑜𝑇𝑖 , 𝑦𝑖 )} (4)

Following the process in Equation 4, we store the resulting CoT and its corresponding predicted

label as a single data instance, after confirming their consistency with the ground-truth label. After

this initial training, the fine-tuned Qwen-CoT model was evaluated for five epochs on the rest of

the Spider training set. A candidate error set was compiled by taking the union of all samples from

each epoch where the predicted labels of the model mismatched the ground-truth labels. However,

we observed that in some instances of label mismatch, the model could still generate the correct

final SQL query. This necessitated a subsequent manual curation of the candidate set to isolate

samples that led to genuinely incorrect SQL outputs, thus forming our refined error dataset. This

dataset was then annotated with reasoning paths generated by GPT-4o, which were subsequently

corrected and used for a second stage of fine-tuning.

3.2.3 Error-Driven Multi-Task Alignment. Inspired by an error-driven learning paradigm, we pro-

pose a multi-task alignment framework designed to enhance the primary task performance by

explicitly training it to recognize and rectify its own deficiencies. As shown in Figure 5, this

framework comprises three objectives:
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(1) Error Detection: Identifying and explaining errors within the reasoning process and schema

linking, with detailed error types provided in Appendix H.2.

(2) Corrective Analysis: Generating the correct reasoning path and final answer based on the

error analysis.

(3) Answer Generation: Directly producing the correct reasoning path and answer from the

natural language question and database schema.

Fig. 5. An example of multi-task alignment.

The goal of this approach is to enhance the primary task proficiency of the model by explicitly

training it to recognize and rectify the deficiencies of the model itself, c.f., Appendix H.2, which

details the types of errors corrected and the expected output format.

𝑥𝑛 = [ 𝐼𝑖 (𝑛) ∥ 𝑥𝑛 ], (5)

First, as shown in Equation 5, the input sequence, 𝑥𝑛 , is formed by concatenating a specific task

instruction, 𝐼𝑖 (𝑛) , with the original input 𝑥𝑛 .

L(𝜃 ) = −
𝑇∑︁
𝑡=1

log 𝑃𝜃
(
𝑦𝑡 | 𝑥𝑛, 𝑦<𝑡

)
. (6)

Then, given the predicted probability distribution of the model, the cross-entropy loss for a single

task instance 𝑛 is expressed as:

𝑝𝑛 =
𝑚𝑖 (𝑛)∑
𝑗∈T𝑚 𝑗

· 1

𝑁𝑖 (𝑛)
, (7)

To guide the model’s learning toward more important tasks, we adopt a weighted sampling

strategy. As shown in Equation 7, the sampling probability 𝑝𝑛 of each instance depends on the task

priority weight𝑚𝑖 (𝑛) and the number of instances 𝑁𝑖 (𝑛) in its task. The weights𝑚𝑖 (𝑛) determine

task importance, normalized over all tasks T , while division by 𝑁𝑖 (𝑛) evenly distributes this weight

across instances. In practice, we set task priorities to a 3:3:10 ratio to balance training across tasks

of different difficulty levels.

𝐸 [samples𝑖 ] ∝ 𝑁𝑖 · 𝑝𝑛, (8)

Consequently, as shown in Equation 8, the expected number of samples for each task 𝑖 , denoted

𝐸 [samples𝑖 ], is proportional to the number of instances in that task 𝑁𝑖 and the instance sampling

probability 𝑝𝑛 .
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3.2.4 RL for Schema Linking. Finally, we set a uniform number of samples for each task. Conse-

quently, the task sampling frequency is controlled solely by our custom-defined weights, enabling

the model to focus its learning on high-priority tasks.

𝐽GRPO (𝜃 ) = E𝜋old (𝑜 |𝑠 )

[
1

𝐺

∑︁
𝑜𝑖 ,𝑜 𝑗 ∈O

min

(
𝑟 ratio𝑖 𝐴 𝑗 , clip(𝑟 ratio𝑖 , 1 − 𝜖, 1 + 𝜖)𝐴 𝑗

)
− 𝛽𝐷KL (𝜋old∥𝜋𝜃 )

] (9)

Considering that the schema linking task is analogous to mathematical reasoning—where a

unique correct answer often exists—we employ the Group Relative Policy Optimization (GRPO)

method for the final reinforcement learning fine-tuning of the large model. As shown in Equation

9, for each natural language question and its corresponding database schema, the policy model

generates a candidate set of𝐺 schema combinations, {𝑜1, 𝑜2, . . . , 𝑜𝐺 }, based on the old policy. These

candidates are then meticulously evaluated against our defined reward rules to assign specific

reward scores. By focusing on the relative performance of the schema links within the group, we

guide the policy update according to our established objective:

𝑅𝑘 =

{
𝑅, if format is correct

0, if format is incorrect

(10)

To promote structured output, we guide the model to follow a predefined format for its responses.

The intermediate reasoning steps, derived from prior training, are also formatted to ensure trans-

parency and prevent internalization of computational steps. For training stability, as delineated

in Equation 10, outputs that do not adhere to the specified format are assigned a zero reward.

Consequently, incorrectly formatted outputs preclude the model from receiving any subsequent

reward components. Detailed format specifications are provided in Appendix H.2.

𝑅 = 𝑟𝑐 · |𝑃𝑠 ∩𝑇𝑠 | + 𝑟𝑤 · |𝑃𝑠 −𝑇𝑠 | + 𝑟𝑚 · |𝑇𝑠 − 𝑃𝑠 | +𝑤 𝑓 · 𝐹1 (11)

As shown in Equation 11, the reward function 𝑅 evaluates schema linking performance as

a weighted sum of four components. 𝑃𝑠 and 𝑇𝑠 denote the predicted and true schema items, re-

spectively. The three set-based terms represent True Positives (TP), False Positives (FP), and False

Negatives (FN), while F1 score is the harmonic mean of precision and recall. In Text-to-SQL, FN

(missed schema items) are more detrimental than FP, as missing a required table or column prevents

correct SQL generation, while redundant items can often be ignored by the decoder. Hence, the

reward emphasizes recall through stronger FN penalties. The weight configuration is as follows:

• 𝑟𝑚 = −3: strong penalty for FN;

• 𝑟𝑐 = +2: reward for TP;

• 𝑟𝑤 = −0.5: mild penalty for FP;

• 𝑤 𝑓 = +0.5: bonus for the overall F1 score.
This reward design encourages comprehensive schema coverage while maintaining reasonable

precision. The trained SchemaLinker, optimized under this scheme, demonstrates strong perfor-

mance in accurately identifying relevant tables and columns for downstream applications[25]. For

detailed evaluation results—including training configuration, token usage, ablation studies, and

comparisons across different training stages—please refer to Appendix B.
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3.3 Schema-Augmented Retriever

Fig. 6. The RAG process involves generating Schema-Aware embeddings via cross-attention and producing
enhanced representations with a Transformer, which are then used to retrieve top-k question-SQL examples
for few-shot learning.

As shown in Figure 6, to enhance the LLM’s ability to generate syntactically correct SQL state-

ments, we adopt the RAG methodology and provide it with high-quality, Schema-Aware few-shot

examples. These examples are generated by leveraging GPT-4o in conjunction with our original

Question-SQL-Schema pairs, ensuring that the retrieved instances are both semantically relevant

to the input question and syntactically consistent with the target SQL structure.

3.3.1 Schema-Aware Representation Learning .

𝑐𝑖𝑗 = Encoder(col_name
𝑖
𝑗 ∥ col_description𝑖𝑗 ) (12)

𝑡𝑖 = Encoder(table_name ∥ table_description𝑖𝑗 ) (13)

𝐸𝑞𝑛 = Encoder(question𝑛 ∥ evidence
(opt)
𝑖
) (14)

𝐸𝑠𝑛 = Encoder(SQL𝑛) (15)

First, textual information from the database schema, the user’s question, and the correspond-

ing SQL query are transformed into numerical embeddings in a shared embedding space. Each

database column and table, along with their respective names and descriptions, is encoded into

an embedding (Equation 12–13). Similarly, the user’s question, which can be supplemented with

additional evidence, is also converted into an embedding (Equation 14). Finally, the SQL query itself

is processed by the same encoder to generate its embedding (Equation 15).

Attention(𝑄,𝐾,𝑉 ) = softmax

(
𝑄𝐾⊤
√
𝑑𝑘

)
𝑉 (16)

The Schema-Aware embedding learning model is fundamentally based on the attention mech-

anism. It computes similarity scores between a query and a set of keys to determine the degree

of “attention” that should be assigned to the corresponding values. The computation process is

formally defined in Equation 16.
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𝑇 = {𝑡1, 𝑡2, . . . , 𝑡𝑛} (17)

𝐶 = {𝑐1
1
, . . . , 𝑐1𝑗1 , 𝑐

2

1
, . . . , 𝑐2𝑗2 , . . . , 𝑐

𝑛
1
, . . . , 𝑐𝑛𝑗𝑛 } (18)

First, as shown in Equations 17 and 18, the database consists of a finite set of relations (tables),

each of which is characterized by a specific set of attributes (i.e., column names).

𝑇𝐶
𝑖 = Attention(𝑇𝑖 ,𝐶𝑖

:
,𝐶𝑖

:
) (19)

To enrich each table embedding with its internal structure rather than treating it as an isolated

token, we introduce an attention mechanism. As shown in Equation 19, each table 𝑇𝑖 serves as a

query attending to its own columns𝐶𝑖
:
, which act as both keys and values, yielding a column-aware

table embedding 𝑇𝐶
𝑖 .

𝑆𝑖 = Attention(𝐸𝑞𝑖 ,𝑇𝐶
:
,𝑇𝐶

:
) (20)

As shown in Equation 20, after obtaining table embeddings enriched with column-level infor-

mation, the next step is to associate them with the specific user question. We perform a second

attention operation, where the embedding of the user question serves as the query and attends to

all column-aware table embeddings, which act as the keys and values.

L =
1

𝑁

𝑁∑︁
𝑖=1



𝐸𝑠𝑖 − 𝑆𝑖

22 (21)

The final embedding is a highly condensed representation that captures the structural information

of the database. The goal of training is to ensure that the predicted embedding closely matches the

embedding of the ground-truth SQL query in the vector space (Equation 21).

3.3.2 Contrastive Learning. Upon completion of the training of the Schema-Aware embedding

model, we can generate Schema-Aware embeddings based on the input question and schema

information. However, these initial schema-aware embeddings still have a key limitation: entity-

specific details introduce variance that prevents semantically similar queries from clustering

effectively in the embedding space (Figure 12(a)). Specifically, entity-level information refers to

the concrete nouns and values within a query, such as "Sales" in "Show employees in the Sales

department". Two queries might share the same underlying intent (e.g., listing employees by

department) but differ only by the entity ("Sales" vs. "Marketing"), causing their embeddings to be

undesirably distant. Consequently, relying solely on these Schema-Aware embeddings for similarity

comparison yields suboptimal results.

To address this limitation, we introduce an embedding enhancement model based on contrastive

learning. This approach learns a more robust representation by constructing positive and negative

sample pairs. Specifically, a positive pair consists of questions from our RAG_train dataset that

share similar SQL syntax structures. For negative pairs, we employ an in-batch sampling strategy,

where for any given anchor sample within a batch, all other samples in that batch are treated as its

negative samples.

𝑋 (0) ∈ R2×𝑏×𝑑
(22)

To begin, as shown in Equation 22, we stack the question embedding and the Schema-Aware

embedding to form an input sequence of length two.

𝑀 =

(
0 0

−∞ 0

)
(23)
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Next, as shown in Equation 23, to regulate the flow of information between the question and

schema embeddings, we apply a structured causal mask𝑀 , within the self-attention mechanism of

the Transformer.

This causal mask enforces a unidirectional information flow: the question embedding can attend

to the schema embedding, but not vice-versa. This design allows the schema to inform the question’s

representation without reciprocal distortion.

𝑋 (𝑙 ) = TransformerLayer(𝑋 (𝑙−1) , 𝑀) for 𝑙 = 1, . . . , 𝐿 (24)

As shown in Equation 24, the input sequence is then processed through a series of 𝐿 masked

Transformer encoder layers to produce a final output sequence 𝑋 (𝐿) .

𝐸final = LayerNorm(𝑋 (𝐿) [0, :, :]) ∈ R𝑏×𝑑
(25)

As shown in Equation 25, from this final output sequence, we extract the first vector, which

corresponds to the newly enhanced question representation. A final layer normalization is applied

to produce the enhanced embedding 𝐸final.

To train the model and ensure the separability of augmented embeddings from diverse initial

pairs, the model incorporates a contrastive learning objective. Furthermore, to promote proximity

for augmented embeddings derived from known similar initial pairs, the model also explicitly

employs a similarity objective.

𝐸main = 𝑓 (𝐸𝑄main, 𝑆main) ∈ R𝑏×𝑑
(26)

𝐸similar = 𝑓 (𝐸𝑄sim𝑘 , 𝑆sim𝑘
) ∈ R𝑏×𝑑

for 𝑘 = 1, . . . , 𝑁sim

(27)

Specifically, as shown in Equations 26 and 27, both the anchor sample embedding and the

similar sample embedding are fed into the model to generate their respective enhanced embedding

representations.

𝐿contrastive = −
1

𝑁

𝑁∑︁
𝑖=1

log

exp

(
sim(𝑧𝑖 , 𝑧+𝑖 )/𝜏

)∑𝑁
𝑗=1 exp

(
sim(𝑧𝑖 , 𝑧 𝑗 )/𝜏

) , (28)

To achieve this, as shown in Equation 28, we employ a contrastive loss function that treats other

samples within the same batch as negative examples and minimizes their similarity with the anchor

sample to enhance the discriminative capability of the model.

Lsimilarity =
1

𝑁sim · 𝑁

𝑁sim∑︁
𝑘=1

𝑁∑︁
𝑖=1

(
1 − cos(𝐸 (𝑘,𝑖 )

main
, 𝐸
(𝑘,𝑖 )
similar

)
)
, (29)

In addition, as shown in Equation 29, a similarity loss term is introduced to minimize the distance

between the enhanced embedding of the anchor sample and that of its corresponding similar

sample, thereby promoting semantic consistency.

𝐿total = 𝐿contrastive +𝑤sim · 𝐿similarity (30)

Therefore, as shown in Equation 30, the final total loss is computed as a weighted sum of the

contrastive loss and the similarity loss, with a fixed similarity loss weight𝑤sim = 0.5. This combined

loss function is designed to intentionally leverage two complementary objectives, each operating

on differently structured data. The contrastive loss enhances discriminability by treating samples

within a general batch as negative examples for one another. Concurrently, the similarity loss
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promotes consistency by operating on a curated dataset of "known similar initial pairs," pulling

their embeddings closer. This dual-objective approach, utilizing information from both general and

paired data structures, effectively balances the trade-off between discriminability and semantic

alignment to learn a more robust representation space.

In conclusion, our proposed method integrates a two-stage process to optimize the retrieval of

few-shot examples for Text-to-SQL generation. The first stage creates an initial Schema-Aware

representation by encoding the database schema’s structure relative to the user’s question, training

it to align with the ground-truth SQL query’s embedding. The second stage employs a contrastive

learning framework. It takes a combined input of the original question embedding and the Schema-

Aware representation, processing them through a masked Transformer to produce a final, enhanced

embedding. This contrastive training makes the final representation highly discriminative of the

shared SQL syntactic structure between queries, while remaining invariant to superficial, entity-

level variations. By leveraging these enhanced embeddings, we accurately retrieve the top-k most

similar Question-SQL pairs, providing the LLM with high-quality, contextually-aware examples

that guide it to generate SQL queries that are both syntactically correct and precisely aligned with

user intent.

3.4 Pareto-optimal SQL Generator

Fig. 7. Example of the final Text-to-SQL prompt.

After processing the schema linking and example augmentation tasks, we input the schema links,

PromptSchema, and the selected examples into the LLM to generate a set of candidate SQL queries.

These components are combined into a single prompt, the specific format of which is shown in

Figure 7. To further enhance the precision of SQL generation and fully exploit the vast decoding

space of LLMs, we perform a multi-dimensional evaluation of the candidate queries. We then apply

the Pareto optimality principle to select the most appropriate SQL query based on its executability

(𝑆𝑒𝑥 ), schema linking conformity (𝑆𝑠𝑙 ), and example consistency (𝑆𝑒𝑐 ).

𝑆𝑒𝑥 (𝑆) =
{
1 if 𝑆 is executable without errors

0 if 𝑆 is not executable

(31)

𝐸𝑥𝑎𝑚𝑝𝑙𝑒𝑠 = {𝑒1, 𝑒2, ..., 𝑒𝑛} (32)

In the multi-dimensional evaluation, we first apply a strict filtering step to all generated SQL

queries. This step is based on executability (𝑆𝑒𝑥 ), as defined in Equation 31. Any query that fails to
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execute successfully on the database (i.e., 𝑆𝑒𝑥 (𝑆) = 0) will be discarded directly. Then, the remaining

valid candidate queries (compared against the few-shot set in Equation 32) are assessed for schema

conformity and syntactic consistency. For the set of SQL queries that pass the executability check,

we subsequently evaluate their reliability using the Pareto optimal principle across two dimensions.

𝑆𝑠𝑙 (𝑆, 𝑆𝑘 ) =
|𝑆𝑐ℎ𝑒𝑚𝑎𝑈𝑠𝑒𝑑 (𝑆) ∩ 𝑆𝑘 |
|𝑆𝑐ℎ𝑒𝑚𝑎𝑈𝑠𝑒𝑑 (𝑆) ∪ 𝑆𝑘 |

(33)

For the set of SQL queries that pass the executability check, we subsequently evaluate their

reliability using the Pareto optimal principle across two dimensions. The first dimension is schema

linking conformity (𝑆𝑠𝑙 ). This score is calculated based on Equation 33 and measures the Jaccard

similarity between the schema used in the query and the linked schema.

𝑆𝑒𝑐 =
1

𝑛

𝑛∑︁
𝑖=1

(
1 − 𝑑 (AST(𝑆),AST(𝑒𝑖 ))

max( |AST(𝑆) |, |AST(𝑒𝑖 ) |)

)
(34)

The second dimension is example consistency (𝑆𝑒𝑐 ). Its calculation is given in Equation 34, which

is based on the average tree edit distance of the abstract syntax tree (AST) between the generated

query and the example sample set.

𝑃 = {𝑆𝑖 ∈ 𝐸 | ¬∃𝑆 𝑗 ∈ 𝐸 s.t. (𝑆𝑠𝑙 (𝑆 𝑗 ) ≥ 𝑆𝑠𝑙 (𝑆𝑖 ) ∧ 𝑆𝑒𝑐 (𝑆 𝑗 )
≥ 𝑆𝑒𝑐 (𝑆𝑖 )) ∧ (𝑆𝑠𝑙 (𝑆 𝑗 ) > 𝑆𝑠𝑙 (𝑆𝑖 ) ∨ 𝑆𝑒𝑐 (𝑆 𝑗 ) > 𝑆𝑒𝑐 (𝑆𝑖 ))}

(35)

We then identify the Pareto-optimal set 𝑃 , which contains all non-dominated queries.A query 𝑆𝑖
is considered non-dominated if no other candidate query 𝑆 𝑗 exists that performs equally or better

on all evaluation metrics and strictly better on at least one, as formally defined in Equation 35. This

set contains a group of high-quality candidate queries that achieve different "trade-offs" between

schema linking conformity and example consistency.

In summary, this approach enables us to identify a set of candidate queries that, while not

superior or inferior, each offer distinct advantages. This ensures that the final selected SQL query

is not only executable but also optimal or near-optimal in its core quality dimensions.

3.5 Algorithm Design
According to the above analyses, we designed theAlgorithm SchemaRAG. Its pseudocode is presented
and analyzed in Algorithmic. 1.

4 Experiments
In the subsequent experiments, we aim at answering the following research questions (RQs):

• RQ.1. Does SchemaRAG achieve the best performance among the baseline models considered

in this study?

• RQ.2 What types of errors occur in SchemaRAG?

• RQ.3. How does Self-Consistency impact schema linking in SchemaLinker, and what are the

key factors affecting the maintainability and efficiency of SchemaRAG?

• RQ.4. What factors influence the performance of SAR, and to what extent is the model itself

effective?

• RQ.5. Are all the modules in our designed SchemaRAG farmework necessary for the model

to function effectively?
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Algorithm 1 The overall algorithm workflow of SchemaRAG

1: Inputs:𝑄,𝐷𝐵, 𝐸𝑥𝑎𝑚𝑝𝑙𝑒𝑠
2: Output: 𝑆
3: Sample← BM25S(𝑄,𝐷𝐵)
4: 𝐷 ← PromptSchema(Sample, 𝐷𝐵)
5: 𝑆𝑘 ← SchemaLinker(𝑄,𝐷 )
6: procedure ProcessDataSource(embedding_args...)

7: (𝑇𝑜𝑢𝑡 ,𝐶𝑜𝑢𝑡 ,𝑄𝑜𝑢𝑡 ) ← Embedding(embedding_args...)
8: 𝑇 ′𝑜𝑢𝑡 ← SchemaAware(𝑇𝑜𝑢𝑡 ,𝐶𝑜𝑢𝑡 ,𝑄𝑜𝑢𝑡 )
9: 𝐸 ← BuildEnhance(𝑇 ′𝑜𝑢𝑡 ,𝑄𝑜𝑢𝑡 )
10: return 𝐸
11: end procedure
12: 𝐸 ← ProcessDataSource(𝐷𝐵,𝑄 )
13: 𝐸𝑒𝑥𝑎𝑚𝑝𝑙𝑒 ← ProcessDataSource(Examples)
14: Top𝑘 ← Similar(𝐸, 𝐸𝑒𝑥𝑎𝑚𝑝𝑙𝑒 )
15: {𝑆1, 𝑆1𝑔𝑒𝑛, ..., 𝑆𝑘𝑔𝑒𝑛 } ← Generation(𝑄,Top𝑘 , 𝑆𝑘 , 𝐷 )
16: Score(𝑆𝑖𝑔𝑒𝑛 ) ← (𝑆𝑖𝑘 , 𝑆𝑖 , 𝑆𝑐 )
17: 𝑆𝑓 𝑖𝑛𝑎𝑙 ← SelectFromDominatingSet({𝑆1𝑔𝑒𝑛, ..., 𝑆𝑘𝑔𝑒𝑛 })

4.1 General Settings
4.2 Experiment Setup
4.2.1 Datasets. The core experiments of this study were conducted on five authoritative bench-

mark datasets: Spider[39], BIRD[21], Spider 2.0 snow[17], Beaver[5], and UniSQL, selected to

ensure robust generalization across diverse query types and database structures. While datasets like

Spider emphasize complex cross-domain semantic parsing, BIRD focuses on large-scale database

grounded evaluation in big data environments, Spider 2.0 snow highlights real-world enterprise

workflows in cloud systems, and Beaver concentrates on private enterprise data warehouses with

intricate schemas and business-oriented queries, UniSQL is specifically utilized as a comprehen-

sive generalization benchmark. It is constructed via stratified sampling across four datasets, and

is carefully balanced to ensure diversity in query and database complexity, providing a robust

evaluation of generalization across various SQL query types and database structures. For the RAG

module, we extended the official validation/test sets using GPT-4o to generate structurally similar

"Question–SQL–Schema" triples, which were rigorously verified for structural and semantic con-

sistency(details in Appendix J.3). A detailed description of these datasets is provided in Appendix

C.

4.2.2 EvaluationMetrics. Evaluationmetrics center onExecutionAccuracy (EX), whichmeasures

semantic correctness by comparing the execution results of predicted and ground-truth SQL across

all datasets. For the Spider dataset, we report Exact Match (EM), requiring strict string-level

consistency to assess syntactic accuracy. For BIRD, Beaver, UniSQL, and Spider 2.0 snow, we

rely primarily on 𝐸𝑋 , as their large-scale databases minimize false positives and ensure reliable

evaluation. TheValid Efficiency Score (VES) is also used for BIRD to assess efficiency and validity

of generated queries. Besides, Recall andMatthews Correlation Coefficient (MCC) are adopted.
Details are provided in Appendix B.2.

4.2.3 Baselines. This study adopts a range of foundation models, including open-source models

such as CodeS[20] (PACMMOD 2024), XiYanSQL[10] (Alibaba 2025), Qwen[37] (Alibaba 2025), and
Llama [13] (Meta AI 2024), as well as powerful proprietary models like GPT-4o-mini and GPT-4o[1]

(OpenAI 2024), DeepSeek-V3[6] (DeepSeek 2024) and GLM-4[11] (Zhipu AI 2024). These models are

compared against competitive Text-to-SQL methods, including TA-SQL[28] (ACL 2024), Din-SQL[26]
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(NeurIPS 2023), ACT-SQL[41] (EMNLP 2023), and C3-SQL[7] (arXiv 2023). Detailed information about

each model can be found in Appendix E.

4.2.4 Implementation Details. Our experiments were conducted on a server equipped with two

NVIDIA V100 32GB GPUs, 1024GB of RAM, and an Intel(R) Xeon(R) Gold 5218 CPU @ 2.30GHz,

running Ubuntu 22.04 LTS with PyTorch 2.7.0. We utilized SQLite for all database management.

Our embedding model is bge-large-en-v1.5. In our RAG framework, the top-k was set to 3 for

retrieval. For the generation phase, we employed beam search to generate five SQL candidates

when using open-source LLMs. For closed-source LLMs, we instead adopted a multi-sampling

strategy, generating multiple SQL candidates through repeated stochastic decoding. To ensure that

the final SQL output achieves an optimal balance across multiple quality dimensions, we adopt the

principle of Pareto Optimality, deterministically selecting the final query from a set of high-quality,

non-dominated candidate solutions.

4.3 Performance Comparison (RQ. 1)

Table 2. Model performance on benchmark datasets. The last two columns under the★model present results
for SAR trained with BIRD-based (left) and Spider-based (right) contrastive learning data. • indicates a result
higher than the corresponding value of SchemaRAG.

Model LLM Spider BIRD Spider 2.0 Beaver UniSQL

EX EM EX VES EX EX EX

TA-SQL

GPT-4o 85.00 68.70• 52.43 23.21 1.65 0 35.16

Deepseek-v3 84.60 75.80• 56.24 25.66 1.46 0 37.01

Qwen-7B 76.40 19.70 33.11 12.92 0 0 24.32

XiYanSQL-14B 76.60 33.60 37.74 17.42 1.65 2.40 26.95

Llama-8B 72.00 12.60 32.06 11.89 0 0 23.34

DIN-SQL

GPT-4o 74.20 60.10 46.86 20.11 1.46 0 31.25

Deepseek-v3 80.60 43.70 47.11 18.81 1.46 0 32.03

Qwen-7B 73.80 27.30 27.50 9.67 0 0 21.29

XiYanSQL-14B 85.10 77.00 44.18 22.58 0.91 1.90 30.96

Llama-8B 73.50 27.90 26.98 10.67 0 0 20.90

ACT-SQL

GPT-4o 73.40 45.10 47.51 22.15 1.46 0 31.45

Deepseek-v3 75.50 25.20 45.98 18.80 1.65 0 30.96

Qwen-7B 76.60 23.50 26.27 9.43 0 0 20.90

XiYanSQL-14B 75.80 23.70 43.16 20.35 1.46 1.44 29.49

Llama-8B 76.50 22.80 26.98 9.12 0 0 21.29

C3-SQL

GPT-4o 81.90 46.90 44.46 18.86 1.46 0 30.76

Deepseek-v3 76.50 23.50 44.85 18.50 1.46 0 30.47

Qwen-7B 72.30 44.70 28.51 9.67 0 0 21.58

XiYanSQL-14B 78.30 48.80 42.34 22.10 1.83 1.44 29.49

Llama-8B 71.80 44.40 27.08 9.66 0.55 0 20.90

SchemaRAG ★

GPT-4o 85.60 66.80 68.90 31.98 15.90 7.18 48.05 38.48

Deepseek-v3 89.60 75.90 68.38 31.05 10.79 6.67 46.88 36.91

Qwen-7B 80.40 53.30 54.50 25.10 7.50 2.87 37.60 28.13

XiYanSQL-14B 93.30 88.00 65.25 34.54 19.20 10.05 48.34 38.28

Llama-8B 80.80 64.50 60.37 29.92 7.31 2.39 40.43 30.76
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Table 3. Loss/Win counts, Wilcoxon signed-rank test, and the Friedman test among models

Model loss/win p-value F-rank

TA-SQL 152/8 1.34 × 10
−5

2.85

DIN-SQL 160/0 1.91 × 10
−6

3.45

ACT-SQL 160/0 1.91 × 10
−6

3.85

C3-SQL 159/1 1.91 × 10
−6

3.98

SchemaRAG 9/631 – 1.05

Table 2 presents the performance of the evaluated Text-to-SQL models on Spider, BIRD, Spider

2.0, Beaver, and UniSQL, with additional results in Appendix F. To ensure a comprehensive and

statistically robust comparison, we conducted three analyses between SchemaRAG and baseline

models, summarized in Table 3: (1) a Loss/Win analysis, counting cases where SchemaRAG out-

performs baselines across EX, EM, and VES metrics; (2) the Wilcoxon signed-rank test to assess

pairwise statistical significance; and (3) the Friedman test for overall model ranking, where a lower

F-rank indicates better performance.

SchemaRAG achieves substantial gains over all baseline models (Table 2), with statistical valida-

tion confirming the significance of these improvements (Table 3). It attains a dominant win/loss

ratio of 631/9, with all pairwise comparisons showing p-values below 0.05 under the Wilcoxon

signed-rank test. On the UniSQL dataset, SchemaRAG (GPT-4o), trained with a SchemaLinker based

solely on BIRD-based contrastive learning data, achieves an EX accuracy of 48.05%, surpassing

the best baseline TA-SQL (35.16%). These results highlight SchemaRAG’s strong robustness and

generalization in complex, cross-domain Text-to-SQL tasks.
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Fig. 8. A comparison with fine-tuned large models on the BIRD dataset without evidence.

Figure 8 shows the performance of various models, including the XiYanSQL series, CodeS series,

and SchemaRAG(GLM-4-Plus), on the BIRD dataset without evidence, evaluated using both EX and

VES metrics. We compare model performance across three difficulty levels—Simple (SIM), Moderate

(MOD), and Challenging (CHALL)—under both metrics. SchemaRAG consistently achieves the

highest scores across all categories: for EX, 50.38 (SIM), 29.89 (MOD), 23.61 (CHALL), and 41.67
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(TOTAL); for VES, 22.33 (SIM), 11.82 (MOD), 11.86 (CHALL), and 18.17 (TOTAL). XiYanSQL-14B

ranks second under the EX metric.

In summary, SchemaRAG(GLM-4-Plus) demonstrates superior performance overall and across

all difficulty levels, significantly outperforming the fine-tuned models.

4.4 Error Analysis (RQ. 2)
To better understand its behavior and identify remaining challenges, we now present a detailed

error analysis based on its implementation on GPT-4o. This analysis examines a random sample of

300 incorrect predictions generated by the model on the UniSQL dataset.

Fig. 9. Error statistics. Details of each error category are provided in Appendix I.

As illustrated in Figure 9, although our SchemaLinker mitigates schema-level issues and the SAR

for SQL-aware question embeddings addresses higher-level semantic and logical reasoning chal-

lenges, the persistence of errors across schema linking, semantic understanding, and logical query

construction still highlights the limitations of our approach in comprehending large, ambiguous

databases.

4.5 Self-Consistency Effects on SchemaLinker and SchemaRAG Efficiency (RQ. 3)
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Fig. 10. Performance metrics (Table F1, Table Recall, Column MCC, and Column Recall) as a function of the
number of self-consistency runs (k).
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4.5.1 Impact of Self-Consistency on Schema Linking in SchemaLinker. As shown in Figure 10, to

investigate the effect of self-consistency on the SchemaLinker, we conducted experiments on a

challenging subset of 300 samples extracted from the BIRD dataset. To construct this challenging

subset, we first ran our SchemaLinker model without the self-consistency strategy on the entire

BIRD dataset. We then selected the 300 samples for which the model made errors in predicting key

schema items (e.g., necessary table joins or columns). For each question, the SchemaLinker model

was run 𝑘 times. The final score was calculated based on the union of all results generated across

these 𝑘 iterations.

Our observations are as follows:

• As the value of 𝑘 (i.e., the number of self-consistency trials) increases, all four evaluation

metrics exhibit a clear upward trend. This indicates that leveraging a self-consistency strategy,

by aggregating the union of multiple generated outputs, effectively enhances the performance

of the SchemaLinker.

• The performance improvement is particularly significant as 𝑘 increases from 1 to approxi-

mately 6 or 7. When 𝑘 is further increased (e.g., beyond 7), the growth rate of the metric scores

markedly decreases, and the curve begins to plateau. This suggests that in practical applica-

tions, excessively increasing the value of 𝑘 may yield limited marginal gains, necessitating a

careful balance between efficacy and computational cost.

• The improvement is most significant for column-related metrics because column selection is

an inherently more complex task with a larger search space and lower initial accuracy. The

strategy of taking the union of multiple outputs is highly effective at patching the omissions

of individual runs, providing substantial recall gains for this more challenging sub-task.

Therefore, the experimental results confirm the effectiveness of the self-consistency method

for improving the performance of the SchemaLinker model in extraction tasks, especially when

processing high-difficulty samples.

Table 4. Maintainability and Efficiency analysis of different components on the UniSQL benchmark. Green
cells indicate components with significantly increased context size or latency.

Configuration Context Size (tok/req) Avg. Latency (s/req) P95 Latency (s/req)

𝐿 + 𝜎 𝑇 + 𝜎 𝑇 + 𝜎

GPT-4o 40 (-) 3.5 (-) 5.08 (-)

+ SchemaLinker

+ PromptSchema 1710 (↑ 1670) 4.5 (↑ 1.0) 10.58 (↑ 5.50)
+ fine-tuned 3428 (↑ 1718) 11.4 (↑ 6.9) 25.65 (↑ 15.07)
+ Self-consistency(5) 10262 (↑ 6834) 36.7 (↑ 25.3) 128.45 (↑ 102.80)

+ SAR(3) 10289 (↑ 27) 37.1 (↑ 0.4) 128.58 (↑ 0.13)
+ POSG(5)(Final Model) 17345 (↑ 7056) 37.6 (↑ 0.5) 131.60 (↑ 3.02)

4.5.2 Maintainability and Efficiency Analysis of SchemaRAG. Our efficiency analysis on the UniSQL

benchmark, based on incremental additions to GPT-4o, shows that the complete SchemaRAG

framework effectively balances performance and maintainability, as summarized in Table 4. Early

modules, such as PromptSchema and fine-tuned SchemaLinker, contribute moderate latency but

provide essential functionality, while later components like SAR and POSG extend capabilities with

minimal impact on processing time. This modular design allows each component to be tuned or

replaced independently, isolating costs and enabling flexible optimization.

The Self-Consistency mechanism remains the most computationally intensive component and

the main latency bottleneck. Its pluggable structure allows iteration reduction or replacement,
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offering an effective trade-off between efficiency and accuracy for latency-sensitive scenarios.

Overall, SchemaRAG’s non-monolithic architecture ensures that components can be individually

optimized, updated, or extended, supporting both high performance and maintainability across

diverse operational requirements.

4.6 SAR Evaluation (RQ.4)

Fig. 11. Performance Comparison: SchemaRAG without RAG vs Vanilla RAG

4.6.1 Analysis of Vanilla RAG. To investigate the impact of vanilla RAG methods, we compared

the performance of SchemaRAG without any RAG (baseline) against variants employing vanilla

RAG techniques, such as text-based similarity retrieval and entity-masked retrieval. As illustrated

in Figure 11, incorporating vanilla RAG often leads to counterproductive effects, where the EX

decrease compared to the no-RAG baseline. This negative impact is particularly pronounced on

smaller models like Qwen-7B and Llama-8B.

The counterproductive effect arises because vanilla RAG methods rely on superficial textual

similarities, often retrieving examples that are semantically similar but structurally mismatched to

the target SQL syntax (as shown in Figure 1). Smaller models, with limited reasoning capacity and

context windows, are more susceptible to confusion from these irrelevant or misleading examples,

leading to hallucinations and incorrect SQL generation. Larger models can better filter out noise

due to their superior understanding and robustness, but even they do not benefit significantly

from vanilla RAG without schema-aware enhancements. This underscores the necessity of our

SAR module, which refines retrieval to focus on syntactic alignment, mitigating these issues and

enabling consistent performance gains across model sizes.

4.6.2 Analysis of Embedding Visualization. Figure 12 illustrates that the final embeddings produced

by SAR (c) exhibit a substantially more structured and discriminative feature space compared

to the schema-aware embedding (a). Through contrastive learning, these representations are

further refined, leading to markedly enhanced separability between distinct SQL structures. The

final embeddings (c) demonstrate clear clustering of samples with similar SQL syntactic patterns

while maintaining well-defined boundaries between dissimilar ones. We quantify this progressive

improvement using the Silhouette Score, which evaluates clustering quality: it increases from 0.42

for the schema-aware embedding (a) to 0.78 for the final embeddings (c). This refined embedding

space provides a robust foundation for retrieving high-quality few-shot examples, a capability

explored in the following sections.

4.6.3 Hyperparameter Sensitivity Analysis. We conducted a sensitivity analysis to determine the

optimal learning rate and contrastive temperature using a 3-layer, 4-head Transformer baseline.
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Fig. 12. Visualization of different embedding spaces via Principal Component Analysis (PCA). Points of the
same color represent pairs with similar SQL syntactic structures. Shapes distinguish between input queries
(circles) and candidate examples from our RAG datasets (triangles).

As shown in Figure 13, a learning rate of 10
−4

(with 𝑇 = 0.05) achieved the best F1-scores on

RAG_Spider (0.8554) and RAG_BIRD (0.8905). When fixing 𝐿𝑅 = 10
−4
, a temperature of 0.05 further

yielded the highest scores (0.8554 and 0.9006), indicating that a sharper contrastive objective en-

hances feature discrimination. Thus, we set 𝐿𝑅 = 10
−4

and𝑇 = 0.05 for all subsequent experiments.

Fig. 13. The performance of SAR with different temperature parameters and learning rates on the RAG_Spider
and RAG_BIRD datasets, averaged over 5 runs with mean and variance reported.

4.6.4 Impact of Model Architecture. We then investigated the impact of model architecture, varying

the number of Transformer layers and attention heads. Figure 14 reveals that the optimal architecture

is dataset-dependent. For the more challenging RAG_BIRD dataset, a leaner architecture (2 layers,
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Fig. 14. The performance of SAR with different numbers of attention heads and Transformer layers on the
RAG_Spider(left) and RAG_BIRD(right) datasets, averaged over 5 runs with mean and variance reported.

2 heads) performed best. Conversely, for RAG_Spider, a deeper model (3 layers, 8 heads) better

captured finer-grained distinctions. This highlights the importance of tailoring model capacity to

dataset complexity. Excessively deep or wide architectures led to performance degradation on both

datasets, likely due to over-parameterization.

4.7 Ablation Experiments (RQ. 5)
To isolate and understand the contribution of each module within our framework, we conducted a

comprehensive set of ablation experiments across five distinct datasets. We systematically removed

three key components: the SchemaLinker, the SAR, and the POSG. The results, detailed in Tables 5

and 6, confirm that the competitive performance of SchemaRAG arises from the powerful synergy

between its components. Additional experimental data can be found in Appendix G.

The ablation study indicates that SAR is the most critical component of our framework. As

shown in Table 5, removing it causes the largest performance degradation across all models and

metrics. For instance, the execution accuracy (EX) of GPT-4o on the BIRD dataset drops from 68.90%
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Table 5. Ablation study of SchemaRAG, • indicates a result that is higher than the corresponding value of
the SchemaRAG

Model LLM Spider BIRD Spider 2.0 Beaver UniSQL

EX EM EX VES EX EX EX

w/o SchemaLinker

GPT-4o 85.60 66.90• 65.19 30.80 15.49 7.05 46.78

Deepseek-v3 85.30 78.10• 64.73 30.93 10.21 6.12 44.20

Qwen-7B 78.10 53.10 55.22 28.22• 7.32 2.65 37.07

XiYanSQL-14B 92.10 89.70• 63.30 31.32 18.84 10.46 47.37

Llama-8B 77.70 60.50 55.35 28.95 6.84 2.12 38.18

w/o SAR

GPT-4o 79.40 26.70 52.54 23.89 13.45 6.12 40.63

Deepseek-v3 80.80 20.20 52.09 22.00 9.02 5.40 39.04

Qwen-7B 72.50 22.00 46.68 21.19 6.42 2.32 32.49

XiYanSQL-14B 92.60 88.50 61.99 28.88 18.52 10.28 46.57

Llama-8B 58.90 14.30 46.41 20.12 5.21 1.61 29.09

w/o POSG

GPT-4o 86.45 65.02 66.80 30.88 15.76 7.17 47.60

Deepseek-v3 86.60 74.20 66.28 31.00 10.55 6.32 45.64

Qwen-7B 79.50 53.20 54.12 26.23 7.37 2.65 37.23

XiYanSQL-14B 92.60 86.50 65.04 33.63 19.14 10.63 48.11

Llama-8B 79.80 62.24 59.26 29.82 7.17 2.22 39.99

SchemaRAG

GPT-4o 85.60 66.80 68.90 31.98 15.90 7.18 48.05
Deepseek-v3 89.60 75.90 68.38 31.05 10.79 6.67 46.88
Qwen-7B 80.40 53.30 54.50 25.10 7.50 2.87 37.60
XiYanSQL-14B 93.30 88.00 65.25 34.54 19.20 10.05 48.34
Llama-8B 80.80 64.50 60.37 29.92 7.31 2.39 40.43

Table 6. Loss/Win counts, Wilcoxon signed-rank test, and the Friedman test among models

Model loss/win p-value F-rank

w/o SchemaLinker 129/31 9.40 × 10−3 2.05

w/o SAR 159/1 3.81 × 10−6 3.05

w/o POSG 158/2 9.40 × 10−3 1.86

SchemaRAG 34/446 - 1.15

to 52.54%, and that of Llama-8B on the same dataset drops from 60.37% to 46.41%. On Spider, the

EM score of Deepseek-v3 plunges from 75.90% to 20.20%, demonstrating that SAR is essential for

generating syntactically correct SQL. This severe performance decline is consistently observed

across the other datasets as well; for example, the EX scores for GPT-4o on Spider 2.0, Beaver, and

UniSQL fall sharply by 2.45, 1.06, and 7.42 points, respectively. This trend is statistically validated in

Table 6, where removing SAR results in the most significant performance drop (159 losses vs. 1 win)

and the highest (worst) Friedman rank of 3.05. Moreover, the vanilla RAG using example retrieval

exhibits virtually the same performance as removing SAR entirely, demonstrating that example

retrieval alone offers little improvement without our schema-aware refinement mechanism.

Removing the SchemaLinker leads to a notable, though smaller, drop in performance across

most models and datasets, confirming its importance in schema selection. For example, the EX

score of XiYanSQL-14B on the BIRD dataset drops from 65.25% to 63.30%. This pattern of reduced
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execution accuracy generally holds true for the more challenging datasets, including Spider 2.0,

Beaver, and UniSQL. Interestingly, consistent EM score gains are observed on the Spider dataset

for several models. This may result from the model having access to a broader schema context,

which in simpler queries could occasionally allow it to match surface forms better, even if semantic

precision suffers. Nevertheless, these gains are confined to a specific metric on a single dataset and

do not outweigh the widespread drops in execution-based metrics across the board.

The POSG module, positioned as the final stage in the generation pipeline, primarily serves

to select the optimal SQL query from multiple candidates. It functions more as a robustness

enhancement mechanism for the final output rather than as a core performance-driving engine.

This observation is clearly supported by our experimental results: across all five datasets, removing

the POSG module leads to the smallest and least consistent drop in performance, with some metrics

even showing slight improvements.(e.g., GPT-4o’s EX on Spider increases from 85.60% to 86.45%).

Our analysis demonstrates that the complete SchemaRAG framework achieves competitive

performance through the critical and complementary functions of its two core modules: Schema-

Linker and SAR. The statistical significance of each component’s contribution is confirmed by

the Wilcoxon signed-rank test in Table 6, which shows that removing any module results in a

significant performance degradation. These results underscore that the success of the framework is

fundamentally driven by this effective integration, which addresses the distinct challenges of "what

to use" (SchemaLinker) and "how to use it" (SAR) for generating complex and accurate SQL. The

POSG module acts as a final refinement, further enhancing the overall robustness of the framework.

5 Limitations and Future Work
Despite SchemaRAG’s strong benchmark results, its real-world applicability is still limited by

scalability and robustness issues. Future work will focus on two directions: (1) improving Schema-

Linker’s scalability through hierarchical encoding and adaptive pruning for large databases, and

(2) enhancing the exemplar retrieval mechanism to maintain embedding discriminability and

generalization under large or unseen schemas. We will further validate these improvements on

diverse Text-to-Structure benchmarks to make SchemaRAG more robust, scalable, and practical for

real-world data analysis systems.

6 Conclusion
This paper proposes SchemaRAG, an innovative framework designed to address the challenge

LLMs face in effectively understanding complex database schemas. Its efficacy stems from the

synergy of three core components: the SchemaLinker, which accurately identifies relevant schema

elements; the SAR, which retrieves syntactically similar examples to guide the generation process;

and a Pareto-optimal selection mechanism, which ensures the robustness of the final output.

Experimental results demonstrate the framework’s superior performance. The “schema-aware”

principle embodied in SchemaRAG not only offers a potent solution to this critical task but also

provides valuable insights for enhancing the reasoning and generalization abilities of LLMs in

broader Text-to-Structure applications.
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Subgraph-based graph representation learning (SGRL) is an emerging class of GNN models that achieve much

higher accuracy for various tasks than classical GNN models (e.g., GCN and GAT). However, we observe

that serving SGRL models for online applications is challenging due to their irregular request workloads.

Specifically, some heavy requests need significantly more computation than regular requests (e.g., 100x),

leading to excessively long tail latency in existing systems. As such, we build SG-Serve, which tailors subgraph

extraction and model inference (i.e., the two main stages of SGRL models) to handle the irregular request

workloads. For subgraph extraction on the CPU, we propose a general API to implement the diverse extraction

methods of SGRL models. Beside generality, the API also exposes parallelization opportunities and allows the

heavy requests to utilize multiple threads for speedup. To schedule the CPU threads to conduct extraction for

concurrent requests, we design a work-stealing policy, which enjoys parallelism while avoiding head-of-line

blocking. For model inference on the GPU, we batch the requests according to their workload instead of

request count (i.e., as in existing systems) and run two GPU processes to prevent the heavy requests from

monopolizing the GPU. Our experiments show that compared with existing systems, SG-Serve can reduce the

99th percentile (P99) latency by over 13x and improve the request throughput by over 33x.
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1 Introduction

Graph neural networks (GNNs) achieve high accuracy for many graph tasks, such as node classifica-

tion [46, 66] and link prediction [2, 7]. Recently, a new class of GNN models called subgraph-based

graph representation learning (SGRL) is becoming popular. Classical GNNs (e.g., GCN [46], SAGE [38],

and GAT [41]) compute an embedding for each node in the data graph and use these embeddings
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Table 1. Accuracy of classical GNN models (e.g., GCN, SAGE, and GAT) and SGRL models for some represen-

tative graph tasks (results obtained from the referenced papers).

Task Dataset
Model

GCN SAGE GAT SGRLs

Link Prediction [54] Coro [67] 0.86 0.85 0.88 0.91

Relation Prediction [84] Collab [39] 0.44 0.54 - 0.64

High-order Pattern [83] MAG [39] 0.57 0.61 - 0.82

Subgraph Prediction [11] PPI-BP [80] 0.39 - 0.31 0.59

(a) CDF of subgraph size (b) CDF of running time

Fig. 1. The extracted subgraph sizes and running time distributions of SGRL requests. We use the SEAL [92]

model and the Papers100M graph from the Open Graph Benchmark [39] but the observations generalize.

The running time is obtained by executing each request individually.

for downstream tasks. In contrast, SGRL models involve two sequential stages, namely, subgraph ex-

traction and model inference: a subgraph is first extracted from the underlying data graph by jointly

considering the given target nodes; and then output is computed by running a model (e.g., classical

GNNs) on the extracted subgraph. It has been proven in theory that SGRLs are more expressive than

classical GNNs due to the subgraph extraction process [10, 52, 84, 93]. Table 1 shows that SGRLs

achieve substantially higher accuracy across various graph tasks, which underpin numerous online

applications including personalized recommendation [50, 89] and fraud detection [69, 103]. Due

to their good accuracy, many researches design SGRL models with different subgraph extraction

methods and model architectures [13, 32, 48, 52, 60, 71, 90, 92, 102].

Despite the efforts in designing powerful SGRL models, efficient online serving for SGRL models

has been less explored. In particular, to utilize a trained SGRL model in real-world applications, the

inference procedure is deployed as a dedicated service, which receives user requests consisting

of target node sets in real time, computes model outputs for the requests, and returns the results

back to users. For example, when applying SGRL models to commodity recommendation [50, 89],

each user request may contain two nodes representing a consumer and a product. The deployed

SGRL model predicts the likelihood of a link between these two nodes to determine whether

to issue a recommendation. Similarly, when applying SGRL models to fraud detection [69, 103],

each request may include a node representing a suspicious bank account. The deployed SGRL

model estimates the probability that this node is fraudulent and triggers blocking actions when

necessary. To effectively support such online services, the primary goal of SGRL model serving

is to achieve low latency, high throughput, and short tail latency (e.g., the 99th percentile, P99),

which is critical for ensuring high quality of service (QoS) [12, 23, 27, 28, 45]. Some systems (e.g.,
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DGI [85] and GCNP [96]) consider model serving for classical GNN models and compute the node

embeddings offline for online use. This methodology does not work for SGRL because subgraph

extraction processes a set of target nodes, and the large number of possible target node sets makes

pre-computation infeasible.

Serving SGRL models is more challenging than serving regular machine learning (ML) models

such as multilayer perceptrons (MLPs) and convolution neural networks (CNNs). To be specific,

the computation process of a request is fixed for regular ML models, resulting in the same amount

of workload for each request. In contrast, the requests of SGRL models exhibit highly irregular

workloads with a long tail. As shown in Figure 1(a), considering the number of nodes and edges

in the extracted subgraphs, the request at the 99th percentile is 27.4x and 60.7x of the median,

respectively. The skewed request size translates into heavily tailed running time for both the

subgraph extraction stage and the model inference stage as shown in Figure 1(b). Such an irregular

request workload is attributed to the subgraph extraction process and thus inherent for SGRLs. In

particular, node degrees usually follow a power-law distribution for real-world graphs [19, 36],

which means that some nodes have many more neighbors than average, and a request will be

heavy if it involves the high-degree nodes during subgraph extraction. Unfortunately, existing

SGRL systems [1, 4, 5] overlook the irregular workload when dealing with requests, leading to the

following three sub-optimal design choices.

Synchronized batch processing (SBP). Built upon open-source machine learning frameworks [30,

62, 72], existing SGRL systems adopt the SBP protocol for request processing, which is widely used

to improve system throughput and GPU utilization when serving regular ML models [6, 24, 61].

Specifically, SBP accepts a batch of requests each time and returns the inference results for the

entire batch after processing all requests in the batch. With SBP, heavy requests become batch

stragglers due to their long running time and prolong the response time of other requests in the

same batch.

Single-thread subgraph extraction. Existing systems conduct subgraph extraction on the CPU

to host large data graphs and express the extraction procedure with one user-defined function

(UDF) [1, 4, 5]. The UDF is invoked and executed by a single thread for the subgraph extraction

of each request. Despite flexibility, single-thread extraction causes slow extraction processes for

heavy requests and low CPU utilization due to limited parallelism.

Sequential request processing. Existing systems group the requests into batches with a prede-

fined request count using the first-come-first-served (FCFS) strategy and process these batches

sequentially. As heavy requests take substantially longer processing time than normal requests,

they block subsequent requests from being processed for a long time, leading to high queuing

delays.

In this paper, we propose SG-Serve, a general and efficient serving system for SGRL models.

Instead of perceiving subgraph extraction and model inference as an entire process in SBP, SG-

Serve connects the two stages using a producer-consumer mechanism, which allows the requests

that finish extracting subgraphs to enter the model inference stage without waiting for the other

requests. For subgraph extraction, we summarize the subgraph extraction methods of existing SGRL

models into a general 5-step procedure and design a succinct API for each step. The API exposes

parallelization opportunities by modeling the subgraph extraction for a request as a directed acyclic

graph (DAG) of fine-grained tasks that can run in parallel. To schedule these tasks, we design a

strategy based on work-stealing that not only allows the requests to use extra parallelism (i.e., run

with more than one thread) but also prevents the heavy requests from saturating all the threads.

For model inference, instead of using request counts, we batch the requests according to their

workload. Specifically, we set limits on the total number of nodes and edges in a batch, and
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Fig. 2. An illustration of SGRL. The seed nodes are {𝐴, 𝐵} and {𝐶, 𝐷} for two requests, respectively, and

subgraph extraction retrieves common 1-hop neighbors.

subgraphs are added to a batch in an FCFS order until reaching the limits. We also leverage the GPU

multi-process service (MPS) to create two processes for inference and allow at most one process

to handle heavy requests that exceed the batch limits. The workload-aware batching separates

the processing of heavy requests from other requests, and the dual-process dispatching prevents

heavy requests from blocking the GPU. To configure the batch size, we conduct dynamic tuning to

minimize the request latency.

We conduct extensive experiments to evaluate SG-Serve with 3 SGRL models and 3 graphs with

different characteristics. The results show that SG-Serve consistently outperforms existing systems

by a large margin. In particular, under the same request throughput, SG-Serve can reduce the 50th

and 99th percentile request latency by up to 19.3x and 13.1x, respectively. Under the same request

latency, SG-Serve achieves a higher throughput by up to 33.3x. The experiment results also suggest

that the designs of SG-Serve are effective. Specifically, with our API and execution model, the P99

latency of subgraph extraction is reduced by up to 5.17x compared to single-thread execution. With

our batching and dispatching strategies, the P99 latency of inference is reduced by up to 6.03x

compared with batching according to request counts.

2 Background and Motivation

Here, we introduce the basics of subgraph-based graph representation learning (SGRL) to provide

background and analyze the problems of existing SGRL serving solutions to motivate our designs.

2.1 SGRL Models

SGRL models usually consider an attributed data graph 𝐺 (𝑉 , 𝐸, 𝑋 ), where 𝑉 is the vertex set, 𝐸 is

the edge set, and 𝑋 contains an embedding vector 𝑋𝑣 for each vertex 𝑣 ∈ 𝑉 . For instance, in the

domain of e-commerce, nodes correspond to customers and products, edges represent purchase

behaviors and customer relationships, and embedding vectors capture specific information for

each customer or product. A request 𝑅 = {𝑣1, 𝑣2, · · · , 𝑣𝑚} contains some target nodes in the data

graph, often referred to as seeds. The goal of model serving is to utilize a pre-trained SGRL model to

predict a label for the given request. For instance, in link prediction for product recommendations,

a request contains a consumer node and a product node. The goal here is to predict whether there

exists an edge between the two nodes, indicating whether a product should be recommended to a

particular consumer. As shown in Figure 2, SGRL serving usually involves two stages.

Subgraph extraction. An enclosing subgraph 𝑔𝑅 of request 𝑅 is extracted from the data graph

𝐺 around the seed nodes specified by 𝑅. Consider the two requests in Figure 2: the first request

employs {𝐴, 𝐵} as seed nodes, whereas the second request utilizes {𝐶, 𝐷}. For the first request, we

find the common 1-hop neighbors of seed nodes {𝐴, 𝐵} as {𝐸, 𝐹,𝐺, 𝐻, 𝐽 }, and then extract all edges

among the seeds and the selected neighbors. SGRL models adopt different subgraph extraction
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Fig. 3. The execution timeline for 8 requests in a batch.

policies, e.g., 𝑘-hop neighbors, neighbors visited by random walks, and the neighbors of different

seeds can be unioned or intersected. Labels are also assigned to each node in the extracted subgraph

to indicate their relations to the seeds. Example labeling policies include shortest distances to the

seeds and random walk landing probabilities. For each node 𝑣 , the labels assigned by the seeds are

concatenated with its embedding vector 𝑋𝑣 in the data graph to form a feature vector 𝑓𝑣 .

Model Inference. The extracted subgraph 𝑔𝑅 , along with the feature vectors of its nodes, is fed to

the trained SGRL model to compute output. For instance, in Figure 2, the model decides that there

is likely to be an edge between 𝐴 and 𝐵, whereas the likelihood is low for the presence of an edge

between 𝐶 and 𝐷 . In this stage, SGRL models usually adopt the structure of classical GNN models,

e.g., GIN [79], GCN [46], and SAGE [38].

SGRLs are more expressive than classical GNN models because subgraph extraction allows to

consider the joint neighborhood of the seeds. Many SGRL models have been proposed for various

graph tasks. For example, SEAL considers link prediction, extracts the 𝑘-hop neighbors of the

seeds, and uses the GIN model. GraIL predicts the relation type between two nodes and follows

the subgraph extraction policy of SEAL. SEAM takes 𝑘 seeds and predicts high-order patterns, i.e.,

the existence of a motif (e.g. 𝑘-cliques and 𝑘-cores) among the seeds, to support applications like

fraud detection. NBFNet [102] represents a node pair using all paths connecting them and then

formulates link prediction as a path-based reasoning problem. ULTRA [32] constructs relational

subgraphs where nodes correspond to relations and edges represent their co-occurrence, and applies

GNN models over this subgraph to learn transferable relation representations for zero-shot link

prediction.

2.2 Problems of Existing Solutions

Existing SGRL serving solutions. Online SGRL model serving requires low latency and high

throughput since it targets user-facing applications such as recommendation and fraud detection.

However, existing solutions (e.g., DGL [72] and PyG [30]) perceive subgraph extraction and model

inference as an entire process and adopt the synchronous batch processing (SBP) strategy to process

the requests, without considering the irregular workloads of SGRL requests. In particular, the data

graph is stored in CPU memory for capacity, and inference is conducted on GPU for efficiency. The

system first collects a batch of requests, whose number does not exceed a pre-defined threshold (i.e.,

the batch size). Subgraph extraction is then conducted for all requests in the batch simultaneously,

where one CPU thread is assigned to each request. After all requests in the batch finish extraction,

their subgraphs are transferred collectively to the GPU for model inference. Processing of the next

batch begins only after the previous batch finishes. Notice that modern ML frameworks such as

PyTorch [62] provide flexible data loaders to prepare training data for ML models. Developers can

implement customized preprocessing logic (e.g., subgraph extraction) and utilize multiple CPU
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(a) P50 latency (b) P99 latency

Fig. 4. Request processing time w.r.t. batch size.

(a) Batch size = 4 (b) Batch size = 32

Fig. 5. The execution and queuing time of the requests over a sampled period.

threads to accelerate data preparation. However, these data loaders process and return data in a

synchronous batch manner, and thus their behavior closely resembles the SBP strategy.

To analyze existing SGRL serving solutions in depth, we profile PyG using the SEAL model and

Papers100M graph, discovering three main deficiencies.

Long batch synchronization time. Figure 3 shows the execution timeline for 8 requests within

an example batch. Notably, the execution time of request 2 markedly exceeds that of the other

requests during both the subgraph extraction and model inference stages, which leads to extended

synchronization times for other requests, thus prolonging their end-to-end execution durations.

This is due to the SBP adopted in existing systems, which mandates requests in a batch to start and

finish both stages synchronously.

Long subgraph extraction time. In Figure 4, we report the P50 and P99 batch execution latency

with different batch sizes. We also decompose the latency into 3 parts, namely, CPU subgraph

extraction, CPU-GPU data transfer, and GPU model inference. The results show that the extraction

time dominates request processing time, especially for P99 latency and larger batch sizes. The

reasons are two-fold. Firstly, existing systems use a single thread to execute the subgraph extraction

procedure for each request, which leads to long subgraph extraction time for heavy requests.

Secondly, SBP exacerbates the situation due to the batch straggler problem. The two effects are

more significant for larger batch size (i.e., requests are more likely to be straggled) and queries in

the latency tail.

Long queuing time. We measure the request execution and queuing time under an input load

of 500 requests per second (RPS) with the a batch size of 4 and 32, respectively. Figure 5 shows

the temporal variations in these two metrics over a duration of 2 seconds. We can observe that

following the execution of each heavy request, characterized by a long execution time, there is
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a spike in the queuing time of subsequent requests. This is attributed to the fact that requests

are processed in an FCFS manner in existing systems. Specifically, heavy requests undergo a long

processing time for both subgraph extraction and model inference, resulting in significant delays

in the processing of subsequent requests.

3 SG-Serve System Overview

The architecture of SG-Serve is depicted in Figure 6. In particular, SG-Serve comprises two main

components, i.e., subgraph extraction engine and model inference engine, which correspond to the

two stages of SGRL serving. The two components are connected by a shared queue and communicate

via a producer-consumer paradigm. The subgraph extraction engine extracts subgraphs for incoming

requests and puts the extracted subgraphs into the shared queue. The model inference engine

retrieves subgraphs from the queue, organizes several subgraphs into a batch, and dispatches the

batch to the GPU for model inference. In contrast, existing systems execute the two stages in

synchronous batches (i.e., the SBP strategy). As a result, the requests that finish extraction early

need to wait for the other requests in the batch before entering the model inference stage, leading

to the batch straggler problem. Our producer-consumer design eliminates such stragglers as a

request can run inference once it finishes extraction.

Request processing workflow. On receiving a request, the subgraph extraction engine creates a

directed acyclic graph (DAG) (Section 4.1), which models the tasks for subgraph extraction and

enables parallel execution with multiple threads. The DAG is then submitted to a pool of CPU

threads for execution, and the threads are scheduled by our work-stealing scheme to process

multiple concurrent requests while balancing parallelism and HoL blocking (Section 4.3). Subgraph

extraction finishes when all tasks in the DAG are processed, and the extracted subgraph is appended

to the end of the subgraph queue for model inference.

The model inference engine creates two separate GPU processes to conduct model inference,

and each process takes 50% of the GPU resource (Section 5). This design avoids HoL blocking

by preventing a heavy request from monopolizing the entire GPU for a long time. A dispatcher

process monitors the status of the GPU processes. When a GPU process becomes idle, the dispatcher

selects a batch of subgraphs from the subgraph queue using our workload-aware batching scheme

(Section 5) and notifies the GPU process. Then, the GPU process loads the batch to the GPU for

model inference. Finally, the model outputs for a batch of subgraphs are sent back to the host CPU

as inference results.

Data layout. SG-Serve stores both the graph topology and node embeddings in host memory due

to its large capacity. To reduce the overhead of host-GPU data transfer, we cache the embeddings of

hot nodes on GPU such that these embeddings no longer need to be loaded along with the extracted

subgraphs. Currently, we treat the nodes with high degrees as hot but SG-Serve can also support

identifying hot nodes using alternative criteria (e.g., page rank scores).

Algorithm deployment. SG-Serve provides expressive API (Section 4.2) that allows users to

customize their subgraph extraction algorithms, which are run by the subgraph extraction engine

as function calls. For model inference, SG-Serve imports trained SGRL models stored in files that

follow the open neural network exchange (ONNX) standard [3], which is supported by many

machine learning frameworks [8, 20, 61, 62]. The inference engine loads the model parameters

upon system initialization.

4 Parallel Subgraph Extraction

In this part, we first abstract subgraph extraction into a directed acyclic graph (DAG) of tasks to

enable intra-request parallelism in Section 4.1, then present our API for subgraph extraction in
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Fig. 6. The system architecture and workflow of SG-Serve.

Section 4.2, and finally discuss how to schedule the concurrent execution of multiple DAGs from

different extraction requests in Section 4.3.

4.1 Abstraction of Subgraph Extraction

As introduced in Section 2.1, the subgraph extraction methods of existing SGRL models adopt

diverse processing logic (e.g., 𝑘-hop and PPR). Our abstraction should be general so that users can

express existing extraction methods and possible extensions in the future. Moreover, the abstraction

should also expose parallelization opportunities by modeling (some part of) subgraph extraction as

independent tasks. This is different from existing systems, where the subgraph extraction process

is treated as an indivisible user-defined function (UDF), and thus each request can only be handled

by a single CPU thread without parallelization.

We survey the subgraph extraction methods of 16 popular SGRL models [9, 11, 13, 18, 29, 48, 52–

54, 60, 70, 71, 83, 84, 90, 92] and observe that all of them can be decomposed into the following five

sequential steps:

� Expand selects nodes from the data graph based on the seed nodes, such as the 𝑘-hop neighbors.

The selection process can be conducted either individually for each seed node or collectively for

all the seed nodes.

� Merge consolidates the node sets selected for individual seeds to obtain the nodes in the extracted

subgraph. This is typically achieved by set intersection or union. Merge can be skipped for

collective expansion.

� Induce obtains the edges of the extracted subgraph by considering all the merged nodes and

retrieving the edges between them in the data graph.

� Encode generates structural labels for nodes in the extracted subgraph to reflect their relations

to individual seeds (e.g., the shortest distance to the seeds). It typically runs a graph algorithm on

the extracted subgraph. Some algorithms require exclusive encoding, which removes the other

seeds from the subgraph when computing encoding for a seed.

� Combine aggregates the labels assigned by individual seeds to each node in the subgraph.

Common aggregating methods include summation, minimum, and maximum.

We abstract the five steps as operators and model the process of subgraph extraction as a DAG of

these operators. Figure 7 shows an example DAG along with the input and output of each operator.

Specifically, the DAG has two Expand operators, each performing 𝑘-hop neighbor expansions

individually for a seed. The node sets produced by the two Expand operators are unioned by the

subsequentMerge operator. Then, the Induce operator collects the edges between the merged nodes

from the data graph to form the extracted subgraph. Afterward, two Encode operators generate
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Fig. 7. An example DAG for subgraph extraction.

labels for nodes in the subgraph, each solving the distances of the nodes to a seed node. Finally, the

Combine operator aggregates the labels of each node into a final label using summation. Besides

the five operators, the DAG also uses a Start operator for signal initialization and an End operator

to collect output.

With the DAG abstraction, operators that have no dependencies can be executed in parallel,

e.g., the two Expand operators and Encoder operators in Figure 7. Besides such inter-operator

parallelism, we also exploit fine-grained intra-operator parallelism. In particular, we observe that

the computation of Expand, Induce, Encode, and Combine operators in existing algorithms follows a

node-parallel paradigm [36, 57], which ingests a set of nodes and processes each node independently.

This is because they work on graph, and graph operations essentially handle nodes and edges. For

instance, each step of Expand takes some nodes and obtains their 1-hop neighbors, and getting the

neighbors of each source node is independent1. Combine is also independent for each node while

Induce is independent for different node pairs. Encode runs a graph algorithm, and graph algorithms

are essentially node-parallel. For these operators, we use a segment of input nodes as the minimum

task execution and scheduling unit, and each segment contains 128 nodes by default. This allows

to break the workload of an operator into segments and execute the segments in parallel. Note that

we do not adopt intra-operator parallelism for the Merge operator.

4.2 Application Programming Interface

Based on the operators summarized in Section 4.1, we propose the API in Figure 8 for subgraph

extraction. The key design principle is to expose the node-parallel pattern of the operators by

writing their functions as operations on individual nodes.

• The Expand operator involves four interfaces in total. Firstly, the expand_individual variable

allows users to choose between individual or collective expansion, the expand_hop variable sets

the hop count for expansion, and the expand_unique variable deduplicates the results produced

by different nodes at each hopwhen set as true. The expandStep function runs 1-hop of expansion,

and thus takes a node and the context as inputs, updates the expanded node set, and returns

the new nodes for expansion. The context encompasses references to the data graph, current

subgraph, and seeds.

1We insert a Merge operator to deduplicate the results produced by different source nodes.
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1 // Expand

2 bool expand_individual;

3 int expand_hop;

4 bool expand_unique;

5 NodeList expandStep(Node n, Context ctx);

6 // Merge

7 NodeList merge(Vec <NodeList > nodes);

8 // Encode

9 bool encode_exclusive;

10 int encode_hop;

11 bool encode_unique;

12 Label encodeInit(Node n, Context ctx);

13 Vec <Node > encodeStep(Node n, Context ctx);

14 // Combine

15 Label combine(LabelList labels );

Fig. 8. API for subgraph extraction.

1 // Expand

2 bool expand_individual = false;

3 int expand_hop = k;

4 bool expand_unique = true;

5 NodeList expandStep(Node n, Context ctx) {

6 NodeList frontiers = ctx.graph.neighbors(n);

7 ctx.subgraph.add(frontiers );

8 return frontiers;

9 }

10 // Merge

11 NodeList merge(Vec <NodeList > ns) {return ns[0];}

12 // Encode

13 bool encode_exclusive = true;

14 int encode_hop = -1;

15 bool encode_unique = true;

16 Label encodeInit(Node n, Context ctx) {

17 return ctx.seeds.has(n) ? 0 : MAX_INT;

18 }

19 NodeList encodeStep(Node n, Context ctx) {

20 NodeList frontiers = {};

21 for (Node u : ctx.subgraph.neighbors(n)) {

22 if (atomicMinUpdate(u.label , n.label +1))

23 frontiers.add(u);

24 }

25 return frontiers;

26 }

27 // Combine

28 Label combine(LabelList ls) {return MIN(ls);}

Fig. 9. Express SEAL subgraph extraction with our API.

• The Merge operator features a merge function that accepts multiple node sets derived from the

seeds and outputs a single consolidated node set. We provide built-in implementations for set

intersection and union as common merge operations.
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• The Encode operator uses the encode_exclusive variable to decide whether it is run under the

exclusive mode. The encode_hop variable specifies the hop count, the encode_unique variable

deduplicates the results at each hop when set as true, and the encodeInit function is utilized to

set initial values for the node labels. The encodeStep function takes an input node, updates the

labels of its neighbors in the subgraph, and yields the input nodes for the next step.

• The Combine operator’s combine function takes as input the node labels generated by each seed

and produces the aggregated labels. We provide standard combine operator implementations

such as summation, maximum, minimum, and concatenation.

We do not require users to specify the Induce operator because all existing SGRL models adopt

the same induce logic (i.e., checking edge existence), which is executed automatically by SG-Serve.

If later SGRL models develop other induce patterns, we can provide an interface for Induce.

Our API is general in expressing various subgraph extraction algorithms. We use SEAL as an

example in Figure 9. In particular, SEAL extracts 𝑘-hop neighbors of the seeds and labels a node

using the shortest distance between the node and the seeds. In Figure 9, the expandStep function

(lines 5-9) adds all neighbors of a node into the subgraph’s node set and returns these neighbors as

frontiers for the next expansion step. The encodeStep function (lines 19-26) updates the distance

labels for the neighbors of the input node. The variable encode_hop is set to be -1, which means

that the encoding process terminates when no label updates can be made. Finally, the combine

function (line 28) selects the minimal distances between a node and the seeds to determine its final

label.

Our API is different from those used in graph processing systems [57, 101] and subgraphmatching

systems [16, 44]. Graph processing systems usually adopt a node-centric API, where each node

sends and receives messages and updates its state iteratively. In subgraph matching systems, users

specify query graphs with different topologies using graph query languages such as Gremlin [65]

and Cypher [31]. In contrast, our API allows users to implement customized methods for extracting

enclosed subgraphs centered around a set of seed nodes and generating structural labels that

capture each node’s relation to the seeds, which cannot be implemented using the APIs of graph

processing and subgraph matching systems. Furthermore, our API models the dependency between

the functions of an extraction algorithm for parallel execution.

4.3 Task Scheduling

The CPU threads process the DAGs of multiple requests concurrently, and we need to schedule

the tasks from different DAGs. In particular, for a DAG, an operator can be executed when its
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Algorithm 1: Workload-aware batching algorithm

1 𝑁𝑏 : the maximum number of nodes in a batch.

2 𝐸𝑏 : the maximum number of edges in a batch.

3 while True do

4 W ← wait for a free worker

5 B ← {}

6 for subgraph G in subgraph queue Q do

7 if B.n + G.n ≤ 𝑁𝑏 and B.e + G.e ≤ 𝐸𝑏 then

8 Pop G from Q // light subgraph

9 B ← B ∪ {G}

10 else if no heavy running and B = {} then

11 Pop G from Q // heavy subgraph

12 B ← {G}

13 break

14 Submit B to W

dependencies have been resolved (i.e., the parent operators in the DAG complete). If an operator

follows the node-parallel pattern, we will generate fine-grained tasks for it in the granularity of

node segment as introduced in Section 4.1. Thus, each request has multiple ready tasks to run.

As shown in Figure 10(b), a natural solution is to put the ready tasks of all requests into a

common queue and assign the threads to fetch tasks from the queue in a first-in-first-out (FIFO)

order. However, this solution suffers from HoL blocking due to the irregular extraction workloads

of the requests. Specifically, a request that needs to extract a large subgraph will generate many

tasks, e.g., DAG-0 in Figure 10(b). These tasks can take up all the CPU threads and starve the tasks

of the other requests, e.g., DAG-1 and DAG-2 in Figure 10(b). Compared with using a single thread

to process each request in existing systems, this solution reduces the execution time of heavy

requests by exploiting parallelism but increases the queuing time of the other requests.

To meet the two seemingly contradicting goals, we adopt a simple but effective task-stealing

parallel strategy, which is shown in Figure 10(c). The principle is that only spare threads should

be leveraged for parallelization. In particular, each newly launched DAG is assigned to a primary

thread, and each thread can serve as the primary thread of only one DAG. The ready tasks of a DAG

are put into the local task queue of its primary thread instead of a global task queue. By default, a

thread executes the tasks from its local queue. Only when a thread finishes its DAG and cannot

obtain a new DAG (i.e., becomes idle), it steals tasks from the other threads using a round-robin

scheme. The task-stealing strategy ensures that no individual request monopolizes all threads by

associating each DAG with a primary thread. It also improves thread utilization and reduces the

subgraph extraction time by enabling the free threads to take tasks from other threads.

We note that although work stealing is a common technique for processing concurrent re-

quests [17, 101], the fine-grained task decomposition provided by our API lays the foundation of

applying it to the subgraph extraction process of SGRL models. In contrast, existing solutions treat

subgraph extraction as a standalone function and thus one request must be handled by only one

thread. Our API makes work stealing simple as it decomposes subgraph extraction into fine-grained

tasks and thus naturally allows multiple threads to execute the tasks of the same request in parallel.
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Subgraph Queue

Batched Graph

Batching Config
Max Node = 10
Max Edge = 20

Enqueue

Form a Batch
by Skip-FIFO

N=4, E=5 N=3, E=2

N=10, E=10

DequeueN=11, E=20N=3, E=3

Fig. 11. Running example of workload-aware batching.

5 Workload-aware Model Inference

In this part, we introduce how to organize the subgraphs into batches for model inference, and the

key consideration is the irregular workload of the requests.

Model serving systems usually batch a pre-defined number of requests for GPU computation to

improve resource utilization and throughput [24, 34, 68]. Existing serving systems for SGRL models

also adopt this strategy but encounter two problems due to the irregular inference workload of the

requests. First, if a heavy request is batched with light requests, the heavy request will prolong the

inference time of the light requests, which causes the batch straggler problem. Second, if a batch

contains a heavy request, it may monopolize the GPU for a long time, which keeps the incoming

light request queuing and causes the HoL blocking problem. Our batching and dispatching strategies

avoid the two problems. The key observation is that the inference workload for a SGRL request

is determined by the number of nodes and edges in its subgraph. This is distinct from existing

systems that assume all requests to have uniform workload.

Workload-aware batching. Algorithm 1 shows the batching strategy of SG-Serve. The key

observation is that the inference workload for a batch is determined by the number of nodes and

edges in the subgraphs, as opposed to request count in other ML models. As such, Algorithm 1

collects a batch of subgraphs satisfying the maximum number of nodes and edges. In particular,

when a GPU worker becomes idle, the dispatcher checks the subgraph in the subgraph queue in

FIFO order. A subgraph is appended to the current batch if adding it does not violate the node

and edge limits. To fully utilize the capacity of a batch, Algorithm 1 does not stop when adding a

request exceeds the batch limits, instead, it skips the request and continues to check other requests

until reaching the end of the queue. Note that we disable the node and edge limits when adding the

first subgraph to the batch, ensuring that heavy requests can be handled. Our strategy does not

starve the skipped (possibly heavy) requests as they are now at the head of the queue, and can be

processed soon by the subsequent batches.

Figure 11 provides a running example of Algorithm 1. The node and edge limits are 10 and 20,

respectively, and there are four subgraphs in the queue. The dispatcher checks the subgraph from

the head and adds the first subgraph to the batch. The second subgraph is skipped because adding it

violates the node and edge limits. The dispatcher continues to check the third and final subgraphs

and adds them to the batch. The second subgraph does not starve as it will be processed by the next

batch. The example shows that our workload-aware batching strategy has two advantages. First,

heavy requests are processed as standalone batches, and thus they do not prolong the inference
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(a) Papers100M (b) Livejournel

Fig. 12. Model inference latency (P99) v.s. the maximum number of nodes in a batch under 2k RPS.

time of other requests. Second, light requests that arrive after a heavy request are not blocked by

the heavy request and can be added to the current batch.

Dual-process dispatching. Although workload-aware batching organizes a heavy request as a

standalone batch, it may still monopolize GPU for a long time and make the other requests queuing.

To tackle this problem, SG-Serve leverages Nvidia’s multi-process service (MPS) to partition the

GPU into two distinct regions and runs a worker process for model inference on each region.

MPS guarantees that the kernels launched by each process utilize at most half of the total GPU

streaming multiprocessors, and the two processes can run in parallel. As shown in Algorithm 1,

the dispatcher ensures that the two processes do not handle heavy requests simultaneously. In

particular, we consider a request to be heavy if it is larger than the node and edge limits for a batch.

If one process is running a heavy request, the dispatcher skips the heavy requests when collecting a

batch of subgraphs for the other process. This design ensures that there is at least one process open

for the light request and thus avoids HoL blocking for inference. Since half of the GPU resources

are reserved for light requests, only half of the GPU may be utilized when all requests are heavy.

However, as shown in Figure 1, heavy requests come far less frequently than light requests, making

it unlikely for many heavy requests to arrive simultaneously. Moreover, once light requests appear,

the previously idle GPU resources are promptly utilized. Therefore, the overall GPU utilization is

not significantly affected by our resource reservation.

Profiling-based batch configuration. Just as existing systems need to set the number of requests

in a batch (i.e., maximum batch size), SG-Serve needs to properly configure the node and edge

limits for a batch to achieve good performance. We first simplify this problem by deciding the edge

limit 𝐸𝑏 according to the node limit 𝑁𝑏 . In particular, we keep track of the average ratio of the

number of edges over the number of nodes in the extracted subgraphs, which is denoted as 𝜆, and
use 𝐸𝑏 = 𝜆 × 𝑁𝑏 . To explore the influence of 𝑁𝑏 , we profile the model inference latency of SEAL on

two datasets in Figure 12. The results show that there exists an optimal 𝑁𝑏 that minimizes latency,

and latency increases when 𝑁𝑏 deviates from the optimal value. This is because the optimal 𝑁𝑏

strikes a balance between queuing time and computation time. On the one hand, with a small 𝑁𝑏 ,

the GPU computation time of a batch is short but the inference throughput is low, which leads to

a long request queueing time. On the other hand, with a large 𝑁𝑏 , the GPU resource utilization

and inference throughput are high, which reduces queuing time, but the GPU computation time is

long. The penalty of using a large 𝑁𝑏 is smaller because computation time increases slower than

the queuing time.

Building a cost model to set the optimal 𝑁𝑏 is challenging because it depends on the SGRL

model, underlying data graph, input request throughput, and hardware platform. Thus, we use a

profiling-based method instead. In particular, we start with a large enough 𝑁𝑏 (e.g., 20k) and reduce
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𝑁𝑏 by a step size (e.g., 1k) each time to measure the inference latency for a sufficient number of

requests. We continue to reduce 𝑁𝑏 until the inference latency is observed to increase. This process

is quick as each batch of requests takes only a short time (e.g., tens of ms).

One may wonder whether it is beneficial to categorize the requests into more than 2 kinds and

run more GPU processes. We observe that such configurations yield little performance gain over

using 2 request kinds and GPU processes. This is because separating the heavy requests from the

normal ones already solves the straggler and head-of-line block problems to a large extent.

The scheduling optimizations, i.e., workload-aware batching and dual-process dispatching, have

not been implemented by existingML serving systems such as Triton [6] and vLLM [47]. Specifically,

Triton is a general-purpose ML serving framework designed to support diverse models, execution

engines, and hardware backends. It handles request reception, model execution, and response

delivery in a model-agnostic manner for good generality. In contrast, our scheduling optimizations

consider the unique properties of SGRL inference requests, i.e., different requests have different

workloads, and the workload of a request is decided by the number of nodes and edges in its

subgraph. As a system for serving large language models (LLMs), vLLM introduces scheduling

optimizations tailored to the auto-regressive computation pattern of LLMs, such as paged attention

for dynamic GPU memory allocation and continuous batching for requests with varying output

lengths. However, SGRL requests do not conduct auto-regressive computation and do not suffer

from the dynamic sequence length problem, and thus our scheduling optimizations are entirely

different from vLLM.

6 Implementation

We implement SG-Serve atop Pytorch [62] with about 6k lines of C++ code. SG-Serve is deployed as

a runtime backend for Triton [6], a state-of-the-art machine learning serving system from Nvidia.

We incorporate several implementation optimizations to improve system efficiency. Since our

system is implemented as a backend of triton, we focus on one GPU setting and rely on the instance

group configuration of triton to deploy our systems on multiple GPUs.

Fast inter-process communication.During model inference, the dispatcher process needs to send

subgraph batches to the GPU worker processes, requiring frequent inter-process communication.

To avoid the overhead of data serialization and deserialization, we leverage shared-memory buffers

for fast data transfer between the dispatcher and GPU workers We further pin these buffers so that

the subgraph batches can be sent to GPU in a zero-copy manner.

Shared model parameters and embedding cache. With MPS, our two GPU worker processes

operate in separate address spaces, which requires replicating the model parameters and the cached

node embeddings. To avoid data replication and increase cache size, we keep the model parameters

and node embeddings in the shared memory of GPU and let the GPU processes access these data

via inter-process call (IPC).

Pipeline communication and computation. Conducting model inference for a batch involves

two sequential phases, i.e., the communication phase that transfers data from the host to the GPU

and the computation phase that conducts model forwarding on the GPU. To avoid GPU idle time

during data transfering, we employ separate CUDA streams for communication and computation

kernels in each GPU worker, which allows their executions to overlap and thus maximizing GPU

utilization.

7 Experimental Evaluation

In this part, we conduct extensive experiments to evaluate our SG-Serve and compare it with

existing systems for SGRL serving. The main findings include:
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Table 2. Statistics of the graph datasets in the experiments.

Name Abbr. Nodes Edges Dim. Size

Orkut OT 3.1 M 120 M 100 1.3G

Livejournal LJ 4.8 M 68 M 100 2.5 G

Friendster FS 65 M 1.8 B 128 48.2 G

Papers100M PP 111 M 1.7 B 128 69.1 G

• SG-Serve significantly outperforms existing solutions, achieving much shorter request latencies

at the same request load and serving much higher request loads at the same request latency.

• The optimized subgraph extraction engine and model inference engine are both efficient and

contribute to overall performance.

• The key design choices of SG-Serve (e.g., for thread scheduling on CPU and request batching on

GPU) outperform their alternatives and are effective in improving system performance.

7.1 Experiment Settings

Datasets. We conduct experiments on three popular and public graphs, i.e., Orkut, Livejournal

and Friendster from the Stanford Network Analysis Platform [80], and Papers100M from the Open

Graph Benchmark [39]. Their statistics are reported in Table 2, where Dim. refers to the dimension

of node features and Size includes both graph topology and node features. Since there are no

open-source request traces for SGRL model serving, we generate traces by randomly sampling

nodes in the graphs to construct requests and setting the arrival time of the requests by a Poisson

process [34, 87]. There is an arrival rate parameter for Poisson process that determines the expected

number of incoming requests per second and is used to control the input request throughput. Note

that such a synthetic request generation method is widely used when evaluating model serving

systems [51, 76].

Algorithms. We use three popular SGRL models with diverse computation patterns for the

experiments, i.e., SEAL [92], Shadow [90], and GraIL [71]. In particular, SEAL extracts the 𝑘-
hop neighbors collectively for the seeds, labels the nodes using their shortest distances to seeds, and

applies the GIN model [79] for inference. Shadow employs the approximate page rank algorithm

to extract a node set for each seed individually and then unions these node sets. The node labels

are generated by concatenating their shortest distances to the seeds, and the GCN model [46] is

applied for inference. GraIL individually extracts 𝑘-hop neighbors for each seed and interests these

neighboring nodes to construct the subgraph. GraIL utilizes the same labeling method as Shadow

and employs the GCN model for inference. We deploy these models on SG-Serve using our API

following the implementations and configurations in their open-sourced codes [1, 4, 5].

Baseline systems. Existing SGRL systems are implemented on open-source graph learning frame-

works such as PyG [30] and DGL [72], and they follow the synchronous batch processing (SBP)

design introduced in Section 2.2 to process requests. They run on Python and thus have higher run-

time overhead than our SG-Serve, which is based on C++. For a fair comparison, we re-implement

their workflow on the codebase of SG-Serve and denote it as SBP.

To evaluate the designs proposed in SG-Serve, we progressively incorporate them and create

two variants of SG-Serve for ablation studies. Initially, we enhance the baseline SBP with the

producer-consumer architecture, which is referred to as PC. Next, we incorporate our parallelized

subgraph extraction into PC, which is called PC+E. Finally, we add the irregularity-aware model

inference to PC+E, which results in the complete SG-Serve system. Following existing works [34, 76],

we use the P99 request latency and the request throughput at given P99 latency as the two main
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Fig. 13. The P99 latency of SG-Serve and baselines, SBP is the baseline PyG, PC adopts the producer-consumer

design, PC+E also adds our subgraph extraction optimizations, and PC+E+I is the complete SG-Serve system.

Table 3. The request throughput of SG-Serve over the baseline SBP when serving requests at a P99 latency of

80ms.

SEAL Shadow GraIL

OT 12.4 13.8 26.3

LJ 8.75 10.7 29.4

FS 21.9 23.1 31.6

PP 26.7 33.3 25.7

performance metrics. Note that SBP, PC, and PC+E batch the requests according to count, and

for a fair comparison, we tune their batch sizes to minimize the P99 latency (for each request

throughput).

Testbed.We conducted all the experiments on a machine hosting an Nvidia T4 GPU with 15GB

memory, an Intel Xeon 8259CL CPU with 24 cores, and 187GB main memory2. The operating

system is Ubuntu-18.04 with Linux kernel version 5.4.0. The version of Nvidia CUDA Toolkit is

11.6.

7.2 Main Results

Figure 13 reports the P99 request latency of all systems under different input request throughput

(i.e., request per second, RPS). We ensure the P99 latency falls in a reasonable range to ensure

the QoS of online applications [22, 25, 26], and the request throughput varies for the datasets and

algorithms because of their differences in computation workload. The results in Figure 13 show

that the P99 latency of SBP grows quickly with request throughput, and given a latency of 80ms, its

throughput is below 500 RPS for all cases. Compared with SBP, PC reduces the P99 latency by up to

4.76x at the same throughput and also improves the throughput by up to 25x at the same P99 latency.

2The reported GPU memory and main memory are the values shown by the system monitor.
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Fig. 14. The subgraph extraction and model inference time distributions for SEAL on Papers100M at 2k RPS.

This is because PC avoids the batch synchronization barrier in SBP with the producer-consumer

design, which solves the batch straggler and HoL blocking problems in the subgraph extraction

stage.

We can also observe from Figure 13 that PC+E achieves lower P99 latency than PC, especially

when the request throughput is low. In particular, at an input request throughput below 1000

RPS, PC+E reduces the P99 latency of PC by 1.24x-3.60x. This is because PC+E employs our

subgraph extraction optimizations, which parallelize extraction for the heavy requests to reduce

their extraction time. However, the performance gap between PC+E and PC diminishes when the

request throughput increases. This is because the model inference time begins to dominate the

end-to-end request processing time. Such an explanation is also evidenced by the large improvement

of SG-Serve over PC+E at high request throughput, which is attributed to the effect of our workload-

aware model inference in reducing the inference time. When the throughput is over 1000 RPS,

SG-Serve reduces the latency of PC+E by 1.21x-3.92x due to our inference optimizations.

Overall, the results in Figure 13 suggest that SG-Serve significantly outperforms SBP, and

both parallelized subgraph extraction and workload-aware model inference make non-trivial

contributions to the performance improvements. Table 3 reports the throughput improvement

of SG-Serve over SBP at a request latency of 80ms. The results show that SG-Serve boosts the

throughput of SBP by over 10x in most cases and up to over 30x. Such improvements allow SG-Serve

to significantly reduce the operating resources when serving a given request load at target latency.

Case study. To better understand the performance gains of our designs, we plot the cumulative

distribution function (CDF) of the subgraph extraction and model inference time in Figure 14.

We employ the SEAL model on the Papers100M dataset and use a request load of 2000 RPS. The

subgraph extraction time is the duration from a request’s arrival to the completion of its subgraph

extraction, while the inference time spans from the moment a request enters the subgraph queue

to the GPU finishing its inference computation. We do not include SBP in Figure 14 because its

extraction time and inference time are much longer than the others and thus would make the figure

difficult to read.

As shown in Figure 14(a), SG-Serve and PC+E have identical extraction time distribution, and they

both significantly outperform PC. This is because both SG-Serve and PC+E adopt our parallelized

subgraph extraction optimizations. Moreover, the gap between PC+E and PC is small when the

extraction time is short but enlarges when the extraction time increases. This is because small

requests finish quickly and thus their tasks are seldom executed by threads other than their primary

thread, while heavy requests have more chances for task streaking due to their long extraction

time and thus benefit more from parallelism. We can observe from Figure 14(b) that SG-Serve has a

much shorter inference time than both PC and PC+E due to our irregularity-aware model inference.
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Fig. 15. The P50 latency of SG-Serve and the baselines for the SEAL model at varying input request loads.

Fig. 16. The P99 subgraph extraction latency of SEAL on Papers100M for different task scheduling polices.

The improvement of SG-Serve over PC+E is similar for different inference time values since both

small and heavy requests benefit from avoiding HoL blocking and processing the other requests

faster to reduce the queuing time.

P50 request latency. Figure 15 reports the P50 request latency of SG-Serve as well as the baseline

systems. We use the SEAL model and note that the observations are similar to the other models.

We can observe from the figure that the relative performance of all the systems is the same as their

P99 latency results in Figure 13, that is, SG-Serve consistently outperforms all baseline systems,

and both parallelized subgraph extraction and irregularity-aware model inference contribute to

performance improvements. In particular, SG-Serve reduces the P50 latency by up to 19.3X, 4.28x,

and 3.99x for SBP, PC, and PC+E, respectively. For P50 latency, the performance gaps between

the systems are smaller than P99 latency because P99 latency is largely determined by the heavy

requests, which are challenging to process efficiently.

7.3 Benefits of the Design Choices

Task scheduling policy. Recall that we use a task-stealing policy when scheduling the CPU threads

to process the subgraph extraction tasks. We compare it with two alternative policies, namely,

no-parallel and FIFO-parallel scheduling. We measure the P99 latency of subgraph extraction using

three policies and report the results in Figure 16. In particular, no-parallel uses a single thread

to conduct subgraph extraction for each request and is used in SBP. As shown in Figure 10(b),

FIFO-parallel puts the tasks from all requests into a single queue and executes the tasks in the FIFO

order. We run the SEAL model on the Papers100M graph and test different throughputs using 6

and 24 threads but the results are similar in other cases. Note that the two subgraphs of Figure 16

use different scales for throughput due to the difference in thread count.

We can observe from Figure 16 that the P99 extraction latency of no-parallel stays almost constant

when changing the request throughput and thread count. This is because no-parallel uses a single

thread to process each request, and thus its P99 latency is determined by the single-thread running
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Fig. 17. The P99 model inference latency of SEAL at low, medium, and high request throughput, DP refers to

dual-process dispatching and WB means workload-ware batching.

time of the heavy requests. The latency of FIFO-parallel is similar to our task stealing at low

throughput but becomes even higher than no-parallel at high throughput. The reason is, at low

throughput, there are sufficient threads to process the tasks. Thus, the HoL blocking problem of

FIFO-parallel is not significant. However, at high throughput, a single heavy request may occupy

all available CPU threads in FIFO-parallel, causing tasks from this request to block not only light

tasks but also subsequent heavy tasks, thereby leading to severe HoL blocking. For no-parallel,

each request is assigned to a single CPU thread, so a heavy request occupies only one thread

while the remaining threads remain available to serve light requests, which allows no-parallel

to outperform FIFO-parallel. This also explains why the performance transition throughput for

FIFO-parallel and no-parallel is larger when using more threads. To be specific, with only 6 threads

available, the shift is observed around 800 QPS, whereas, with a pool of 24 threads, the threshold

shifts to approximately 5500 QPS. In comparison, our task-stealing policy consistently achieves

lower latency than the two alternative scheduling policies. Since it balances between exploiting

multi-thread parallelism and preventing HoL blocking as discussed in Section 4.3.

Subgraph batching and dispatching. For model inference, we adopt two key designs, i.e., dual-

process dispatching with MPS and workload-aware batching. To validate the two designs, we

incrementally add them to a baseline that utilizes a single GPU process for inference and batches

the requests according to request count. We measure the P99 latency of the model inference for

the SEAL model on the three graphs and report the results in Figure 17. We set the low, medium,

and high request throughputs as 20%, 50%, and 80% of the peak throughput, i.e., the throughput of

SG-Serve when the P99 latency is 80ms in Figure 13.

We can observe from Figure 17 that the dual-process dispatching is able to reduce the P99 latency

by 1.38x-2.11x on Orkut, 1.26x-1.81x on Livejournal, 1.41x-2.18x on FriendSter, and 1.52x-2.54x on

Papers100M, respectively. This is because the dual-process dispatching reduces the chances that

heavy requests take up the entire GPU by using two worker processes, and thus the other requests

have a better chance to being served within a short time. We can also observe that the workload-

aware batching further reduces the latency of dual-process dispatching by 1.25x-2.05x on Orkut, by

1.28x-1.78x on Livejournal, 1.41x-1.96x on FriendSter, and 1.34x-1.88x on Papers100M, respectively.

This is because the workload-aware batching identifies the heavy requests and prevents them from

prolonging the inference time of the other requests in the same batch. The trend is that the benefit

of workload-aware batching is more significant at high request throughput. This is because the

requests are more likely to be straggled by heavy requests at high throughput, and thus handling

the heavy requests separately yields more performance improvement.

Hot embedding caching.Wemeasure the P99 data communication latency and end-to-end request

latency of three models on the Friendster dataset with and without hot-embedding caching, as

shown in Figure 18. During the experiments, the request throughput is set to 50% of the peak

throughput. We observe that, compared to storing all embeddings in host CPU memory, caching
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Fig. 18. The P99 latency for CPU-GPU data transfer (left) and end-to-end request serving (right) for the SEAL,

Shadow, and GraIL models with and without hot embedding caching on GPU for the Friendster dataset.

Fig. 19. The P99 latency for SEAL, Shadow, and GraIL on Orkut dataset under 2, 4, and 8 MPS processes.

hot embeddings in GPU memory reduces the data communication latency by up to 5.48× and

the end-to-end request latency by up to 2.29×. In particular, the absolute time reductions (i.e., in

milliseconds) in end-to-end latency are greater than the reductions in data communication latency.

This is because faster data transfers also help shorten the request queuing time. These results show

that hot-embedding caching is an effective optimization. We note that all baselines in our main

results employ hot-embedding caching, and thus the reported performance gains of SG-Serve come

from more sophisticated optimizations.

Varying numbers of GPU processes.We compare the P99 request latencies under 2, 4, and 8

MPS processes, and the results are shown in Figure 19. During the experiments, we set the request

throughput to 80% of the peak throughput. We observe that, compared to using 2 MPS processes

(the default setting in SG-Serve), using 4 MPS processes provides a marginal latency reduction

(within 10%). This is because separating heavy requests from the normal ones already alleviates

head-of-line blocking to a large extent. However, when the number of MPS processes increases to

8, the latency rises by up to 1.31× compared to using 2 processes. This degradation occurs because

excessive MPS processes reduce GPU execution efficiency due to smaller kernel sizes and increased

hardware scheduler overhead. Moreover, using too many MPS processes also consumes additional

CPU threads, which slows down subgraph extraction. As a result, we choose to use 2 MPS processes

by default as this configuration already reaps most performance gains.

7.4 Performance on Advanced GPU

To evaluate the effectiveness of SG-Serve on more advanced GPUs, we have conducted experiments

on a machine equipped with an NVIDIA A100 GPU and an Intel Xeon Gold 6230R CPU with 26

cores. The experiments are conducted with CUDA Toolkit 12.4. We measure the P99 request latency

of all systems on Orkut under varying input request throughput, and the results are shown in Figure

20. We can observe that SG-Serve still consistently outperforms all baselines, exhibiting a similar

trend to the results obtained with the T4 GPU. In particular, SG-Serve reduces the P99 latency by
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Fig. 20. The P99 latency of SG-Serve and the baselines on Orkut with an A100 GPU at varying input loads.

up to 10.7×, 3.01×, and 1.85× over SBP, PC, and PC+E, respectively, at the same input throughput.

These results suggest that the advantages of SG-Serve remain consistent across faster GPUs and

newer CUDA Toolkit versions. This consistency stems from the fact that SG-Serve addresses the

fundamental challenges of serving SGRL models.

8 Related Work

GNN systems. Many systems are developed to train GNN models, e.g., DGL [72], PyG [30],

AliGraph [100], NeuGraph [56], P3 [33], and GNNAdvisor [74]. Some of them accelerate neighbor

aggregation, which is the basic operation in GNNs, via optimizing the aggregation pattern [40,

56] or adopting CUDA kernel fusion [21, 77]. Some parallelize GNN training on multiple GPUs

and typically focus on reducing the cost of inter-GPU or CPU-GPU communication, e.g., by

finding efficient communication plans on NVLink [14, 15, 75], data caching [59, 81], and hybrid

parallelism [73, 94, 95]. SG-Serve benefits from optimized neighbor aggregation by using a GNN

system (i.e., PyG) for model computation. However, we mainly consider scheduling and parallelizing

the requests to achieve a short tail latency while GNN training systems aim to reduce the bulk

processing time of large training batches.

Some systems [35, 55, 78, 91] claim to conduct model serving for classical GNN models such as

GCN [46] and GAT [41], which produce an embedding for each node in the data graph. However,

these systems compute the output embeddings offline, e.g., for model evaluation or preparing

downstream tasks. For instance, DGI [85] decomposes GNN models into layers to reduce the cost of

data loading from CPUmemory to GPUmemory when the computing node embeddings. GCNP [96]

speeds up embedding computation via dimension reduction, which trades accuracy for efficiency.

Traditional GNN models adopt offline computation because they use the node embeddings for

downstream tasks, e.g., feeding two node embeddings for link prediction. However, SGRL models

are more expressive than classical GNN models due to the joint subgraph extraction for multiple

seed nodes [10, 52, 84, 93]. Precomputation is infeasible because the number of possible seed node

sets is too large (e.g., 1016 node pairs for the 108 nodes in the Papers100M graph, and the number

of seed nodes can be more than 2). As such, we design SG-Serve to conduct online model serving

for SGRL models.

SubgraphMatching.Many systems have been designs for subgraphmatching, includingGAMMA [64],

PBE [37], VSGM [43], Graphflow [58], and Circinus [44]. Given a graph 𝐺 and a query 𝑞, these
systems first construct a query graph 𝑔𝑞 and then search for all subgraphs of𝐺 that are isomorphic

to 𝑔𝑞 . In contrast, SGRL models typically extract an enclosed subgraph centered around a set of

seed vertices. Therefore, the execution patterns of subgraph matching and SGRL-based subgraph

extraction are fundamentally different and cannot be applied to serve SGRL models.

SGRL Training. Recent works have explored algorithm–system co-design for efficient SGRL

model training, such as GENTI [88], SUREL [84], and SUREL+ [83]. These approaches first propose
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new SGRL models with specialized subgraph extraction methods and then optimize the training

throughput of these specific models. Consequently, the system optimizations they employ are

tightly coupled with their model designs and cannot be easily generalized to accelerate other SGRL

models. In contrast, the SG-Serve system proposed in this paper targets the general subgraph

extraction procedure of SGRL models and focuses on reducing the latency of serving SGRL models.

Model serving.Machine learning (ML) model serving runs a trained ML model to process user

requests, and numerous systems are developed for this purpose due to the widespread adoption of

MLmodels. General-purpose model serving systems such as Triton Inference Server [6], TensorFlow

Serving [61], TorchServe [63], and Clipper [24] are widely used in industry. They manage the client

requests and schedule their execution on computation engines (i.e., machine learning frameworks)

such as Pytorch [62], Tensorflow [8], MXNet [20], and Caffe [42]. These systems perform well for

classical machine learning models such as multi-layer perceptron (MLP) and convolution neural

networks (CNNs) but lack specialized optimizations for models with special characteristics.

Many model serving systems are designed for specific types of ML models [34, 47, 49, 76, 82,

86, 87, 97–99]. These systems focus on analyzing the unique characteristics of the target models,

identifying the core efficiency challenges, and tailoring the system designs to tackle these challenges.

For example, BatchMaker [34] observes the recursive computation pattern of recurrent neural

networks (RNNs) and thus decomposes RNN requests into cells at the unit for batching to avoid

padding all requests to the same length. FastServe [76] exploits the auto-regressive pattern of

Transformer and adopts iteration-level preemption to stop the short requests early such that they

are not blocked by the long requests. For deep learning recommendation models (DLRM) that work

with many embedding entries, MERCI [49] and GRACE [82] precompute the partial aggregations

of correlated embedding entries to reduce data access during request processing. Similarly, SG-

Serve proposed in this paper is also a specialized serving system for SGRL models, which tailors

scheduling and parallelization strategies to handle the unique execution patterns and irregular

workload of SGRL requests.

9 Conclusion

We present SG-Serve, an online request serving system for the emerging subgraph representation

learning (SGRL) models. We identify the main challenge of SGRL serving as the irregular workload

of its requests, i.e., heavy requests have much more computation than regular requests. To achieve

a low request processing latency, we tailor system designs for the two stages of SGRL models,

i.e., subgraph extraction and model inference stages. For subgraph extraction, we propose API to

parallelize the extraction process and schedule task execution for CPU threads with a work-stealing

policy, which enjoys parallelism while avoiding head-of-line blocking. For model inference, we

batch the requests according to their workload instead of count and run two GPU processes to

prevent the heavy requests from monopolizing the entire GPU. Experimental results show that

SG-Serve significantly reduces request latency and improves system throughput compared with

existing systems.
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