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Introductoin
Ø LLMs are powerful for text-attributed graph (TAG) learning, leveraging superior 

semantic understanding to achieve strong node classification performance.
Ø LLM-as-Enhancers use LLMs to generate enriched node features or embeddings 

for downstream GNN learning.
Ø LLM-as-Predictors directly use LLMs to predict node classes as a text generation 

task, and are more flexible as they enable zero-shot transfer across datasets and 
label spaces.

Problem

Ø LLM-as-Predictors require sufficient labeled nodes for fine-tuning — but real-
world graphs are sparsely labeled.

Ø Under few-shot settings, LLMs lack structural inductive bias, leading to unreliable 
pseudo-labels and poor generalization.

Ø Challenge ①: How to generate reliable pseudo-labels beyond LLM's own 
knowledge on graphs?

Ø Challenge ②: How to mitigate label noise when fine-tuning LLMs with pseudo-
labeled data?
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Contributions

Ø We study LLM-as-Predictors for few-shot semi-supervised node classification on 
TAGs, a fundamental yet underexplored problem.

Ø We propose GNN-as-Judge, a novel framework that positions GNNs as judges to 
select reliable pseudo-labels by exploiting agreement and disagreement 
between GNNs and LLMs.

Ø We develop a weakly-supervised fine-tuning algorithm combining instruction 
tuning on agreement nodes and preference tuning on disagreement nodes, 
achieving state-of-the-art performance across multiple TAG benchmarks.

Ø Select Top-K most informative 
unlabeled nodes for pseudo labelling

Nodes closer to labeled nodes 
with shorter paths and lower-
degree intermediaries receive 
stronger label signals

Ø Agreement Set                     :

Theorem 2: Intuitively, two 
models with different inductive 
biases are less likely  to make the 
same mistake

Ø Disagreement Set                          :

Ø Preference Score:

     Select disagreed nodes with 

Ø Agreement nodes use Instruction-
Tuning loss:

Ø Disagreement nodes use 
Preference-Tuning loss:

Ø Unified Objective:

IT consolidates correct predictions 
while PT gets learning signal from 
noisy labels with GNN feedback


