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The Rise of LLMs in Graph Al

LLMs are becoming very popular. And they are being used for graph tasks, too.

Target paper:
Title: Knowledge Discovery in International Conflict Databases
Abstract: Artificial Intelligence is heavily supported by military institutions...

Case

M ased

X

Example: An LLM predicts a node’s category using its own text and the text of its neighbors.

Target paper has the following neighbors:
Neighbor Paper0: The Possible Contribution of Al to the Avoidance of ...
Neighbor Paperl: Irrelevant Features and the Subset Selection Problem ...

Text-attributed Graph There are following categories: [Rule Learning, Case Based, Theory, ... ]

Which category does the target paper belong to?

]
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The Rise of LLMs in Graph Al

LLMs are becoming very popular. And they are being used for graph tasks, too.

Target paper:
Title: Knowledge Discovery in International Conflict Databases
Abstract: Artificial Intelligence is heavily supported by military institutions...

Case

M ased

X

Example: An LLM predicts a node’s category using its own text and the text of its neighbors.

Target paper has the following neighbors:

Neighbor Paper(: The Possible Contribution of Al to the Avoidance of ...
a . B Neighbor Paperl: Irrelevant Features and the Subset Selection Problem ...
Text-attributed Graph There are following categories: [Rule Learning, Case Based, Theory, ... ]
Which category does the target paper belong to?

This is a powerful new way to solve graph tasks !

]
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LLMs vs. GNNs

Traditional GNNs GNN

Text Encoding

Loss (i) Large Graphs ! j :
(ii) Dynamic Nodes

(iii) Reliance on Labeled Data
(iv) Non-generalizable learning

Text-attributed Graph Prediction

B BB | o T .
N\

B-B
High token cost ! A

Prompt Template

a (Query Node Text)

a @ B (Neighbor Text)

Please output the query
node category:

Neighbor
Selection

LLMs as Predictors

Prediction

While LLMs offer some clear advantages over traditional GNNs, they have a major
drawback: high token cost.

] =
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The Token Dilemma: Soaring Costs

Target paper:
Title: Knowledge Discovery in International Conflict Databases

Abstract: Artificial Intelligence is heavily supported by military institutions... Each query includes the text from the
target node and its neighbors.

\ ¢ The Neighbor Problem:

Target paper has the following neighbors:

Neighbor Paper0: The Possible Contribution of Al to the Avoidance of ... An n | h r text n ver | n
Neighbor Paperl: Irrelevant Features and the Subset Selection Problem ... d eg t-)O ext can be ve y long,
Neighbor Paper2: Using Decision Trees to Improve Case-Based Learning ... especially if the node has many
Neighbor Paper3: Feature Selection via Mathematical Programming ... neighborS.

There are following categories: [Rule Learning, Case Based, Theory, ... ]
wich category does the target paper belong to? /

] =
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The Token Dilemma: Soaring Costs xmIRy

¢ Pay-Per-Token:

Companies like OpenAl charge you
for each token(e.g., $30 per million).

Every single word and symbol costs
money.

=
Fang et al. MQO for LLMs on Graphs ICDE 2025 4117
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The Token Dilemma: Soaring Costs

& * Prohibitive Costs at Scale:

When processing millions of queries,
costs can exceed $300K.

This makes large-scale deployment
of LLMs impractical without
optimization.

Key Question: With a limited token budget, how do we handle large-scale graph queries
efficiently?

]
Fang et al. MQO for LLMs on Graphs ICDE 2025 4117
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Our Contributions

* ¥ We introduce two Multi-Query Optimization (MQO) strategies for LLMs on graphs:

Token Pruning
* Reduces token usage of existing methods without degrading prediction accuracy.
® Provides a cost-efficient way to allocate tokens when the token budget is tight.

Query Boosting
® Improves accuracy by adding pseudo-labels from already processed, connected queries.
e Highly cost-effective, as the added pseudo-labels are very short.

v

Making LLMs more cost-efficient for graph tasks!

] =
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Our Goal: Multi-Query Optimization (MQO)

Multi-Query Optimization (MQO):
® Obijective: Construct an execution plan = for a query set Vg that maximizes task performance
under a limited token budget B.

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 6|17
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Our Goal: Multi-Query Optimization (MQO)

Multi-Query Optimization (MQO):
® Obijective: Construct an execution plan = for a query set Vg that maximizes task performance
under a limited token budget B.
® Mathematically:

st. > Tokens(rowv;) < B
v, €EVQ
® Where 1(-) is the indicator function, and Tokens (7 o v;) is the token cost of query v; under plan .

]
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Our Goal: Multi-Query Optimization (MQO)
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Multi-Query Optimization (MQO):
® Obijective: Construct an execution plan = for a query set Vg that maximizes task performance
under a limited token budget B.
® Mathematically:

st. > Tokens(rowv;) < B
v, €EVQ
® Where 1(-) is the indicator function, and Tokens( o v;) is the token cost of query v; under plan .

Single Query Formulation:
e An LLM predicts label §; for node v;:

Neighbor Text Examples N/ :

:l//\i = LLM(t“ ./\[l7 prompt) Method Strategy for \;
1-hop random ~ Text from random 1-hop neighbors
m it Text of the target node Vj. 2-hop random ~ Text from random 2-hop neighbors

SNS Explore hops for labeled neighbors, then rank by similarity.

m ;: Selected neighbor text.
m prompt: Task instruction.

Fang et al. MQO for LLMs on Graphs ICDE 2025

6|17
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Costly Neighbor Text Analysis

Does sending neighbor text always help?

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 7117



Costly Neighbor Text Analysis
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Fang et al.

Does sending neighbor text always help? We use mutual information to figure this out.

Target paper:
Title: Knowledge Discovery in International Conflict Databases
Abstract: Artificial Intelligence is heavily supported by military institutions...

There are following categories: [Rule Learning, Case Based, Theory, .. ]
Which category does the target paper belong to?

Query with target node text ¢; only: I(¢;; ;)

Query with ¢; and neighbor text N;: 1(t;, Ni; y:) =

ﬁget paper: \

Title: Knowledge Discovery in International Conflict Databases
Abstract: Artificial Intelligence is heavily supported by military institutions...

Target paper has the following neighbors:

Neighbor Paper0: The Possible Contribution of Al to the Avoidance of ...
Neighbor Paperl: Irrelevant Features and the Subset Selection Problem ...
Neighbor Paper2: Using Decision Trees to Improve Case-Based Learning ...
Neighbor Paper3: Feature Selection via Mathematical Programming ...

MQO for LLMs on Graphs

There are following categories: [Rule Learning, Case Based, Theory, ... ]
Wich category does the target paper belong to? /

ICDE 2025 7117



Costly Neighbor Text Analysis

tF2xx¥

BEWING INSTITUTE OF TECHNOLOGY

Fang et al.

Does sending neighbor text always help? We use mutual information to figure this out.

Target paper:
Title: Knowledge Discovery in International Conflict Databases
Abstract: Artificial Intelligence is heavily supported by military institutions...

There are following categories: [Rule Learning, Case Based, Theory, .. ]
Which category does the target paper belong to?

Query with target node text ¢; only: I(¢;; ;)
Query with ¢; and neighbor text N;: 1(t;, Ni; y:) =

Neighbor Information Gain (IGNi)

6@1 paper: \

Title: Knowledge Discovery in International Conflict Databases
Abstract: Artificial Intelligence is heavily supported by military institutions...

Target paper has the following neighbors:

Neighbor Paper0: The Possible Contribution of Al to the Avoidance of ...
Neighbor Paperl: Irrelevant Features and the Subset Selection Problem ...
Neighbor Paper2: Using Decision Trees to Improve Case-Based Learning ...
Neighbor Paper3: Feature Selection via Mathematical Programming ...

There are following categories: [Rule Learning, Case Based, Theory, ... ]
Wich category does the target paper belong to? /

The extra useful information added by the neighbor text A is:

1GN = I(t:, Ni; i)

—1(ts;ys)

If 1(¢:; yi) = H(y:), then IGNi =0 regardless of A/;. And a larger IGV: indicates N is more valuable.

MQO for LLMs on Graphs

ICDE 2025 7117
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Insight: Saturated vs. Non-Saturated Nodes

Definition (Node Saturation)

e Saturated Node: The node’s own text ¢; is enough to figure out its category. Sending
neighbor text for these nodes is a waste of money.

¢ Non-Saturated Node: The node’s text ¢; isn’t quite enough. Neighbor text \; might be
helpful.

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 8|17
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Insight: Saturated vs. Non-Saturated Nodes

Definition (Node Saturation)

e Saturated Node: The node’s own text ¢; is enough to figure out its category. Sending
neighbor text for these nodes is a waste of money.

¢ Non-Saturated Node: The node’s text ¢; isn’'t quite enough. Neighbor text A; might be
helpful.

Information Gain Principle for MQO
To optimize predictions and minimize token cost for each query v;:

3

1%} if v; is saturated (Save tokens!)
arg max . IGY if v; is non-saturated (Maximize information!)

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 8|17
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Strategy 1: Token Pruning

Objective: Stop sending neighbor text for “saturated” nodes to save tokens.
Challenge: How do we find these “saturated” nodes from the query set Vo ?

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 9|17
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Strategy 1: Token Pruning

Objective: Stop sending neighbor text for “saturated” nodes to save tokens.
Challenge: How do we find these “saturated” nodes from the query set Vo ?

Solution: Text Inadequacy Score D(t;)

We use D(t;) as a proxy to assess if ¢; alone is sufficient for prediction. It considers:

¢ Text Ambiguity: How uncertain a simple model is about the node’s category based only
on its text ¢;: H(f*(¢;))-

e LLM Category Bias: Does the LLM tends to get this type of node wrong:
bi = f*(tz) X ’U)T.
* Integration: These are combined: D(t;) = go; (H(f*(t:)) || b:)-

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 9|17



tF2xx¥

$ BEWING INSTITUTE OF TECHNOLOGY

Strategy 1: Token Pruning

Objective: Stop sending neighbor text for “saturated” nodes to save tokens.
Challenge: How do we find these “saturated” nodes from the query set Vo ?

Solution: Text Inadequacy Score D(t;)
We use D(t;) as a proxy to assess if ¢; alone is sufficient for prediction. It considers:

¢ Text Ambiguity: How uncertain a simple model is about the node’s category based only
on its text ¢;: H(f*(¢;))-

e LLM Category Bias: Does the LLM tends to get this type of node wrong:
bi = f*(tz) X ’U)T.
* Integration: These are combined: D(t;) = go; (H(f*(t:)) || b:)-

Key Idea: Lower D(¢;) = t; is likely saturated = Prune its neighbor text \/;!

]
Fang et al. MQO for LLMs on Graphs ICDE 2025 9|17
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Customizable Token Allocation via Pruning

Multiple Queries Reranked Queries Token Pruning
C— -5
Text Inadequacy Token =
CC—————F—— Measure ) Budget C————
[— O —

)

[ I )
Task Description Query Node Text Neighbor Text

Procedure:
1. Calculate Text Inadequacy D(t;) for each query in V.

2. Rank all the queries by this score, from lowest to highest; saturated nodes are expected
at the top.

3. Based on the token budget, decide how many queries at the top of the list to prune.
For these top queries: use only ¢; (i.e., N; = @).
5. For the rest: use t; and selected V.

E

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 1017
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Customizable Token Allocation via Pruning

Multiple Queries Reranked Queries Token Pruning
C— -5
Text Inadequacy Token =
CC—————F—— Measure ) Budget C————
[— O

)

[ I I
Task Description Query Node Text Neighbor Text

Procedure:
1. Calculate Text Inadequacy D(t;) for each query in V.

2. Rank all the queries by this score, from lowest to highest; saturated nodes are expected
at the top.

3. Based on the token budget, decide how many queries at the top of the list to prune.
For these top queries: use only ¢; (i.e., N; = @).
5. For the rest: use t; and selected V.

E

Token Pruning helps us use our token budget smartly.
We spend tokens on neighbors only when they are most likely to help.

(Details in Algorithm 1 of the paper)

]
Fang et al. MQO for LLMs on Graphs ICDE 2025 1017
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Strategy 2: Query Boosting

Objective: Improve prediction accuracy without adding many additional tokens.

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 1117
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Strategy 2: Query Boosting

Objective: Improve prediction accuracy without adding many additional tokens.

@ The pseudo-labels of neighbors are well-suited! These brief pseudo-labels consume
minimal tokens and generally benefit predictions.

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 1117
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Strategy 2: Query Boosting

Objective: Improve prediction accuracy without adding many additional tokens.

@ The pseudo-labels of neighbors are well-suited! These brief pseudo-labels consume
minimal tokens and generally benefit predictions.

Our Idea: Enrich queries’ neighbor text with pseudo-labels from already processed,
connected queries.

]
Fang et al. MQO for LLMs on Graphs ICDE 2025 1117
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Strategy 2: Query Boosting

Objective: Improve prediction accuracy without adding many additional tokens.

@ The pseudo-labels of neighbors are well-suited! These brief pseudo-labels consume
minimal tokens and generally benefit predictions.

Our Idea: Enrich queries’ neighbor text with pseudo-labels from already processed,
connected queries.

Multiple Queries \L | -
——Y g LLM Execution | Pseudo | Use to Enrich
33— Candldate, Query I — Neighbor Queries
C——— 3+ —> Selectlon [ —— Labels c—————————

0 I ] —
Task Description Query Node Text Neighbor Text

]
Fang et al. MQO for LLMs on Graphs ICDE 2025 1117
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Query Boosting: Round-Based Scheduling

Challenge: What if those pseudo-labels are wrong? We don’t want to spread errors!

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 12[17
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Query Boosting: Round-Based Scheduling

Challenge: What if those pseudo-labels are wrong? We don’t want to spread errors!

Solution: Round-Based Query Scheduling
We process the easier, more certain ones first.

v

(Details in Algorithm 2 of the paper)

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 12|17
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Query Boosting: Round-Based Scheduling

Challenge: What if those pseudo-labels are wrong? We don’t want to spread errors!

Solution: Round-Based Query Scheduling
We process the easier, more certain ones first.

¢ Earlier Rounds: Queries with sufficient and consistent neighbor labels, as they are
likely to receive correct pseudo-labels.

v

(Details in Algorithm 2 of the paper)

] =
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Query Boosting: Round-Based Scheduling

Challenge: What if those pseudo-labels are wrong? We don’t want to spread errors!

Solution: Round-Based Query Scheduling
We process the easier, more certain ones first.

¢ Earlier Rounds: Queries with sufficient and consistent neighbor labels, as they are
likely to receive correct pseudo-labels.

¢ Later Rounds: Queries with insufficient or conflicting neighbor labels. By waiting, they
have a better chance to get enriched by pseudo-labels from the earlier rounds.

(Details in Algorithm 2 of the paper)

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 12|17
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Challenge: What if those pseudo-labels are wrong? We don’t want to spread errors!

Solution: Round-Based Query Scheduling
We process the easier, more certain ones first.

¢ Earlier Rounds: Queries with sufficient and consistent neighbor labels, as they are
likely to receive correct pseudo-labels.

¢ Later Rounds: Queries with insufficient or conflicting neighbor labels. By waiting, they
have a better chance to get enriched by pseudo-labels from the earlier rounds.

e The formal rule for selecting queries in each round:
C={vi|IN'I=m A LC; < o}

| \NiL |: Number of available (pseudo-)labeled neighbors.
B LC,;: Degree of label consistency/conflict among labeled neighbors.
B LLM predicts labels for C; these become new pseudo-labels for remaining queries.

(Details in Algorithm 2 of the paper)

Fang et al. MQO for LLMs on Graphs ICDE 2025

12|17
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A Running Example: Pruning & Boosting

Title & Abstract | Neighborl:Title & Abstract; Neighbor2:Title & Abstract... | Category?

Query
Set Title & Abstract | Neighborl:Title & Abstract; Neighbor2:Title & Abstract... | Category?
VQ Title & Abstract | Neighborl:Title & Abstract; Neighbor2:Title & Abstract... || Category?

1. Rank Queries based on D(t;)
- 5 1

Tok Titlo & Abstract || Catepory’ Pap:er 2. Prune Neighbor Text for Top %

oken Title & Abstract | Category? | Paper [7% x [Vq|]
Pruning

Title & Abstract || Neighborl:Title & Abstract; Neighbor2:Title & Abstract... | Category? | Paper [T% x [Voll +1
Title & Abstract || Neighborl:Title & Abstract; Neighbor2:Title & Abstract... | Category? Papér Vol

4

1. Select Query Subset for Current Round LLM
Title & Abstract | Neighborl:Title & Abstract; Neighbor2:Title & Abstract... | Category? } @ N Agent

Title & Abstract | Category? Round 1 Database
Query
Boosting 2. Enrich Unexecuted Queries with Pseudo Labels
Title & Abstract | Neighborl:Title & Abstract, Class: Agent; Neighbor2... Category? LLM
Title & Abstract | Neighborl:Title & Abstract, Class: Database; Neighbor2... | Category?
Round 2

These strategies can be applied independently or combined as a two-step pipeline,
reducing token usage while boosting accuracy.

] =
Fang et al. MQO for LLMs on Graphs ICDE 2025 1317
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Classification Accuracy Change (A %) after Token Pruning (Prune Top 20% Queries)

Method Cora Citeseer Pubmed Arxiv Products
1-hop random 72.3 64.1 87.4 71.8 83.7
+ Prune 725 63.9 88.9 72.4 83.4
= e L R T Finding 1: Applying our Token Pruning strategy by cutting
2-hoprandom  72.0 64.8 88.8 726 835 out neighbor text for the top 20% of queries results in
+ Prune 71.9 64.5 89.1 72.9 83.0 L .
A% -0.14 -0.46 +0.34 +0.41 -0.60 negligible accuracy degradation.
SNS 74.8 69.3 89.3 715 84.3
+ Prune 74.4 68.5 88.8 71.8 84.0
A% -0.53 -1.15 -0.56 +0.42 -0.36
i L
Fang et al. MQO for LLMs on Graphs ICDE 2025 1417
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Classification Accuracy Change (A %) after Token Pruning (Prune Top 20% Queries)

Method Cora Citeseer Pubmed Arxiv Products
1-hop random 72.3 64.1 87.4 71.8 83.7
+ Prune 72.5 63.9 88.9 72.4 83.4
= e L R T Finding 1: Applying our Token Pruning strategy by cutting
2-hoprandom  72.0 64.8 88.8 726 835 out neighbor text for the top 20% of queries results in
+ Prune 719 64.5 89.1 72.9 83.0 L .
A% -0.14 -0.46 +0.34 +0.41 -0.60 negligible accuracy degradation.
SNS 74.8 69.3 89.3 715 84.3
+ Prune 74.4 68.5 88.8 71.8 84.0
A% -0.53 -1.15 -0.56 +0.42 -0.36
Cora Citeseer Pubmed Ogbn-Arxiv. Ogbn-Products
0.64 T 0.900 0.7300
.. 0.63 - i .. 07275
070 - 2 B 2 > e £ 07225
—o- Our Strategy ‘u\ 0.61{ —o- Our Strategy ~a 0.880 e o Our Strategy 07200 —o— Our Strategy o.50] o Our Strategy
oo - Random Strtegy Nyl o Random Strtegy \ | oan ~o- Random Strategy = o~ Random stateny G- Random Strategy 3
361148 341255 321362 301469 41576 350231 337950 316670 595389 574109 527422 506309 485196 464083 442071 304993 369988 313983 310978 94973 667416 08312 540209 490105 431002
nm n Budget Token Budget Token Budget Token Budget Token Budget
Evaluate the performance of Token Pruning under a series of limited token budgets.
Finding 2: Token Pruning consistently results in higher accuracy compared to randomly selecting queries.
Fang et al. MQO for LLMs on Graphs ICDE 2025 14117



Experiments: Effectiveness of Token Pruning
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Classification Accuracy Change (A %) after Token Pruning (Prune Top 20% Queries)

out neighbor text for the top 20% of queries results in

Method Cora Citeseer Pubmed Arxiv Products
1-hop random 72.3 64.1 87.4 71.8 83.7
+ Prune 725 63.9 88.9 72.4 83.4
A% +0.28 -0.31 +1.72 +0.84 -0.36
2-hop random 72.0 64.8 88.8 726 83.5
+ Prune 71.9 64.5 89.1 729 83.0 . e .
A% -0.14 -0.46 +0.34 +0.41 -0.60 negligible accuracy degradation.
SNS 74.8 69.3 89.3 715 84.3
+ Prune 74.4 68.5 88.8 71.8 84.0
A% -0.53 -1.15 -0.56 +0.42 -0.36
Cora Citeseer Pubmed Ogbn-Arxiv.
o - 0.900 07300
0895 0.7275
g T, g oo o \ g 085 / g
2 070 S K H /
—o— Our Strategy u\ 061| o~ Our Strategy a \ 0880 > Our Strategy 07200 o Our Strategy
o- Random Strategy N \

0.69

361148 311255 321362 301469
Token Budget

281576

- Random Strategy

0.60

-}

350231 337950 316670 505389 274109

Token Budget

-o- Random Strategy

/) =
075
527822 506309 4g5196 464083 442071
Token Budget

o- Random Strategy

71758
394993 360088 344083 310078 994973

‘Token Budget

Evaluate the performance of Token Pruning under a series of limited token budgets.

Finding 2: Token Pruning consistently results in higher accuracy compared to randomly selecting queries.

Accuracy

Ogbn-Products

3

e

—o— Our Strategy

0801 ;. Random Strategy

667416 08312 549209 40105
Token Budget

Token Pruning works! It effectively optimizes token allocation when faced with limited budgets.

Fang et al.

MQO for LLMs on Graphs

ICDE 2025

~o
431002

Finding 1: Applying our Token Pruning strategy by cutting

1417



Experiments: Effectiveness of Query Boosting
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16656

Cora 20371 Citeseer
9170
i A o 1237
8476 9191
) | w/ query scheduling
N 3025 X
M8 ol 456k 07 1o

3396 wlo query scheduling

1hop I-hop 2-hops 2-hops  I-hop 1-hop 2-hops 2-hops
M-4 M-10 M=4  M-10  M-4 M-10 M-4  M-10

187422 . 474785 17500950
Pubmed Ogbn-Arxiv Ogbn-Products
13443183
98731 236716 e STRIES4
78036 205439 193797 63527447053435
64066
3650292 N .
P 39100 62360 101925 98680 3089383 3508915
21 51611
Ihop I-hop 2-hops 2-hops  I-hop I-hop 2-hops 2hops  I-hop I1-hop 2-hops 2-hops

M=4 M=10 M=4 M=10 M=4 M=10 M=4  M=10 M=4 M=10 M=4  M-10

Pseudo-label utilization frequencies of round-based query scheduling

Finding 3: Round-based query scheduling clearly
increases pseudo-label utilization—nearly doubling it
compared to a random order.
i
Fang et al. MQO for LLMs on Graphs

ICDE 2025

15|17



Experiments: Effectiveness of Query Boosting
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Cora 20371

o oo 1

3418 L 456k

e 217

I-hop 1-hop 2-hops  2-hops
M-4 M-10 M=4  M-10

187422

Pubmed
98721
78036
64066
) 39100
31 i

I-hop I-hop 2-hops  2-hops
M-4 M-10 M= M-10

16656

Classification Accuracy (%) Before and After Query Boosting

Finding 3: Round-based query scheduling clearly

compared to a random order.

Citeseer GPT 40-mini \ GPT35
9170 Method Cora Citeseer Pubmed | Cora Citeseer Pubmed
- 3237
= W/ query scheduling 1-hop random 67.8 61.0 79.4 723 64.1 87.4
s b B + Boost 68.01 63.21 79.2 72.81 65.31 87.91
o wlo query scheduling
2-hop random 68.9 64.2 80.0 72.0 64.8 88.8
+ Boost 70.21 68.81 80.67 74,21 67.31 89.41
I-hop 1-hop 2-hops  2-hops
M=4 M=10 M=4 M=10
SNS 721 68.9 80.8 74.8 69.3 89.3
s 1500950 + Boost 7267 70.67 81.61 76.31 70.61 90.31
Ogbn-Arxiv Ogbn-Products
13443183 . g . . .
Finding 4: Query Boosting consistently improves
R N oo W accuracy across different datasets and with different
205439193792 6852944'7°°7°
3650292 LLMS'
62360 101925 96680 3089383 3588815
51611
I-hop I-hop 2-hops 2-hops I-hop 1-hop 2-hops 2-hops
M=4 M=10 M=4 M=10 M=4  M=10 M=4 M=10
Pseudo-label utilization frequencies of round-based query scheduling
increases pseudo-label utilization—nearly doubling it
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Experiments: Effectiveness of Query Boosting
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Finding 3: Round-based query scheduling clearly
increases pseudo-label utilization—nearly doubling it
compared to a random order.

Fang et al.

Classification Accuracy (%) Before and After Query Boosting

GPT 4o-mini | GPT 3.5
Method Cora Citeseer Pubmed \ Cora Citeseer Pubmed
1-hop random 67.8 61.0 79.4 723 64.1 87.4
+ Boost 68.01 63.21 79.2 72.81 65.31 87.91
2-hop random 68.9 64.2 80.0 72.0 64.8 88.8
+ Boost 70.21 68.81 80.67 74.21 67.31 89.41
SNS 721 68.9 80.8 74.8 69.3 89.3
+ Boost 72.61 70.61 81.61 76.31 70.61 90.31
Finding 4: Query Boosting consistently improves
accuracy across different datasets and with different
LLMs.
Query Boosting helps us improve prediction
accuracy with very little token overhead
(pseudo-labels are short).
ICDE 2025 15(17
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Experiments: Joint Application of Strategies
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Classification Accuracy (%) and Token Cost (Queries with \/;) for Joint Strategy.

| #Queres | Cora Citeseer Pubmed
Equip A;
| | GPT 4o-mini
1-hop random 1000 67.8 61.0 794
+ Prune & Boost ‘ 800 ‘ 6851 61.91 79.3 cases.
2-hop random 1000 68.9 64.2 80.0
+ Prune & Boost 800 703+ 67.97 80.87
SNS 1000 721 689 808
+ Prune & Boost 800 719 69.27 8091
| | GPT35
1-hop random 1000 723 64.1 874
+ Prune & Boost 800 716 65.67 89.41
2-hop random 1000 720 64.8 88.8
+ Prune & Boost 800 73.41 66.57 89.57
SNS 1000 748 693 893
+ Prune & Boost 800 7561 69.87 89.97

Finding 5: The joint strategy (+ Prune & Boost)
cuts down the number of queries with neighbor
text, but still achieves higher accuracy in most

Fang et al.
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Experiments: Joint Application of Strategies
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Broad Applicability

Classification Accuracy (%) and Token Cost (Queries with \/;) for Joint Strategy.

| #Queres | Cora Citeseer Pubmed
Equip \;
| | GPT 4o-mini
1-hop random 1000 67.8 61.0 794
+ Prune & Boost ‘ 800 ‘ 6851 61.91 79.3 cases.
2-hop random 1000 68.9 64.2 80.0
+ Prune & Boost 800 703+ 67.97 80.87
SNS 1000 72.1 689 808
+ Prune & Boost 800 719 69.27 8091
| | GPT35
1-hop random 1000 723 64.1 874
+ Prune & Boost 800 716 65.61 89.41
2-hop random 1000 720 64.8 88.8
+ Prune & Boost 800 73.41 66.57 89.57
SNS 1000 748 693 893
+ Prune & Boost 800 7561 69.87 89.97

Finding 5: The joint strategy (+ Prune & Boost)
cuts down the number of queries with neighbor
text, but still achieves higher accuracy in most

e Versatile across LLMs: Works with both black-box and instruction-tuned LLMs.
e Scalable to node-level tasks: Also effective for link prediction: fewer tokens, better

predictions.

Fang et al.
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Thanks for your attention!

Special thanks to our collaborators!

o

Xin Li Yuangang Pan Xin Huang Ivor W. Tsang

Let’s skip the on-stage Q&A.
I’'m happy to discuss anything about our work or LLMs on graphs off-stage
—my nervous English might not do it justice here.
Thanks for understanding!
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