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Abstract

A recurring claim in recent LLM-as-predictor work on text-attributed graphs (TAGs) is that
in-context learning (ICL) benefits mainly from the textual attributes of neighboring nodes
(often via homophily), while general-purpose LLMs cannot reliably exploit graph struc-
ture—especially edge direction and local topology. This paper re-evaluates that claim by
asking a focused question: Can general-purpose LLMs genuinely leverage graph structural
information in TAGs via ICL, once we remove confounding factors and provide an architec-
ture explicitly designed for structural reasoning? We first introduce controlled neighborhood
rewiring tests that keep node texts and label distributions fixed while perturbing structure.
Across seven LLMs and four low-homophily WebKB graphs, both first-order flipping and
two-hop extreme rewiring consistently degrade accuracy (—2.06 ~ —23.15% average rela-
tively drop), demonstrating genuine structural sensitivity. After flipping, structural sensi-
tivity strongly increases with model capability, and the performance advantage of stronger
models arises primarily from correct structure rather than better text-only processing. We
further show that apparent “structure misuse” in weaker models can be corrected by adding
explicit step-by-step instructions. The previous claims is due to confounding factors—the
traditional ICL framework lacks a dedicated mechanism for graph structure reasoning and
handling lengthy multi-hop neighborhood contexts, rather than the inherent nature of LLMs
themselves. Motivated by these findings, we propose the Text Attributes Passing Thoughts
Network (TAPTN), an edge-aware, MPNN-like ICL framework that iteratively summa-
rizes multi-hop neighborhoods using a structure-aware template and self-generated instruc-
tions. TAPTN substantially outperforms zero-shot CoT and GraphlCL-style baselines on
five TAG datasets by at least +13.98%), especially on malignant heterophilic graphs (with
+15 ~ +25% gain), and when used to produce structurally enriched texts for downstream
fine-tuning, achieves performance competitive with state-of-the-art GNN pipelines. Col-
lectively, the results establish that LLMs can exploit structure information in TAGs as
effective as SOTA GNNs through ICL once with an appropriate architecture mitigating the
confounding factors.

1 Introduction

Text-attributed graphs (TAGs), in which each node is associated with a rich textual description and edges
encode relations between entities, are a fundamental abstraction for many real-world systems, including
citation networks, e-commerce platforms, and financial transaction networks. A central task on TAGs is
node classification, where the goal is to predict node labels by leveraging both node text and graph structure.
Traditionally, LLM-based methods rely on fine-tuning (Zhao et al., 2025; Tang et al., 2024; [Ye et al., |2024)).
Recently, large language models (LLMs) have emerged as powerful universal learners, and a growing body
of work has explored whether LLMs can replace or complement graph neural networks (GNNs) on such
graph reasoning tasks via in-context learning (ICL) rather than task-specific training due to its domain
transferability and zero-shot learning capability. To integrate graph structural information, open-source
LLMs like Llama can fuse Graph Neural Networks (GNNs) (Sun et all 2025} [Tian et al. 2023} |Qin et al.,
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2023; [Wang et al., [2024), while more powerful closed-source models like GPT-5.2 use In-Context Learning
(ICL) for direct predictions (Chen et al. 2024} |Guo et al., [2023) or additional insights (He et al., |2023).

Existing empirical evidence, however, has led to a prevailing misconception: LLMs are believed to benefit
from neighboring nodes in TAGs primarily because of homophily in textual attributes with edges serv-
ing primarily as a retrieval mechanism for additional similar texts, rather than any genuine utilization of
graph structure. [Huang et al| (2024)) systematically studied whether LLMs “can effectively leverage graph
structural information through prompts,” concluding that while LLMs do benefit from incorporating neigh-
borhood information, the gains are strongly correlated with local homophily: nodes with neighbors sharing
similar labels benefit most, and there is limited evidence that performance improvements stem from deeper
structural reasoning beyond textual similarity. More recently, GraphICL (Sun et al.;|2025) introduced a com-
prehensive ICL benchmark for graph reasoning with a unified prompt template that combines anchor-node
text, task description, structure-aware neighbor texts, and labeled demonstrations. Their ablation studies
show that the dominant source of improvement often comes from carefully selecting homogeneous neighbors
and demonstrations (e.g., most similar or class-aligned nodes), whereas simply adding more structure-aware
content yields smaller incremental gains.

Yet in many TAGs, edges and topological structures themselves are semantically meaningful. In financial
transaction graphs, for example, specific topological patterns—such as multi-hop money-laundering chains,
dense fraud rings, or temporal motifs—are strongly correlated with fraudulent behavior, even when the
textual attributes of participating accounts are heterogeneous (Wei & Lee, [2025; [Luo & Zhang| 2024; [Tong
& Shen| 2023). Similarly, in heterophilic graphs, neighbors often carry different labels, and what matters
is not merely that a neighbor exists, but which role a neighbor plays in the local structure (buyer vs.
seller, authority vs. hub, citing vs. cited). These observations suggest that graph structure information
should be understood as more than “extra node texts”: it includes edges and topological structures as
relational evidence, providing context-dependent signals that determine how neighboring node information
should be interpreted. If the misconceptions in existing researches are corrected, when and how LLMs utilize
graph structure information in in-context learning (ICL) are understood, and the necessary architectures
to exhibit this capability are identified, then the application areas of graph learning based on ICL will be
greatly expanded.

We argue that two limitations in current ICL-based, LLM-as-Predictor approaches conspire to mask LLMs’
latent ability to use such structural information, rather than indicating a lack of this capability in the LLMs
themselves:

« Homophily-centric interpretation of neighborhood gains: Because prior analyses largely
rely on high-homophily graphs and aggregate neighbors by simple textual concatenation, improve-
ments from neighborhood information can be explained away as coming solely from label- and
text-homogeneous neighbors, rather than from any genuine reasoning over graph structure. Under
these settings, ablation experiments based on structural perturbations are unlikely to eliminate this
misconception, because the effect of homophilous semantic redundancy (similar texts with similar la-
bels) with the effect of graph connectivity can be conflated, making it difficult to determine whether
LLMs are actually leveraging edges as relational signals.

e Lack of a dedicated mechanism addressing lengthy high-order neighborhood contexts:
Existing ICL prompts typically linearize large ego-networks by listing first- and second-order neigh-
bors verbatim. This leads to long, noisy contexts in which fine-grained structural cues (e.g., which
neighbor is connected through which relation, or how multiple neighbors form a motif) are diluted.
Long-context studies show that LLMs tend to attend most strongly to information at the beginning
and end of the context, while information in the middle is disproportionately ignored, a phenomenon
known as “lost in the middle” (Das et al.l |2023; |Liu et al., [2024). As a result, subtle structural
patterns encoded in the interior of long neighborhood descriptions are unlikely to be consistently
exploited, even if they are present.

e Lack of a dedicated mechanism for structural reasoning: Existing ICL-based TAG methods
rely on prompt templates that treat neighbors as additional textual evidence or as labeled examples,
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but do not provide an explicit mechanism for representing and propagating edge information or
multi-hop structure. Under this setting, as we found in Section [2] although LLMs can utilize graph
structure information, some of this information is discarded or even misinterpreted, leading to the
appearance that structural information is unhelpful or even detrimental to performance. Therefore,
the correct way to utilize graph structure information should be to extract it from the LLM’s
parameter knowledge base and explicitly provide it to guide the LLM to consistently follow it.

In this work, we revisit the central question: Can general-purpose LLMs genuinely leverage graph
structural information in text-attributed graphs via ICL, once we remove these confounding
factors and endow them with an architecture explicitly designed for structural reasoning?

Our answer proceeds in three stages:

First, in Section [2] we re-examine the conclusion that “LLMs cannot effectively leverage graph structure via
ICL” by revisiting the experimental setup that led to it. Rather than relying on high-homophily citation
graphs with verbose second-order neighbor descriptions, we use directed, low-homophily datasets and design
rewiring schemes that perturb first-order neighborhoods while keeping node texts fixed. This setting prevents
good performance from being explained purely by treating neighbors as a bag of similar texts. Evaluating
seven modern LLMs (including GPT-3.5, Phi, Gemma, Llama-3 family, and Qwen) on four heterophilic
datasets, we find that all models exhibit systematic accuracy drops (—2.06 ~ —23.15% average relatively
drop), providing direct evidence that LLMs are capable, in principle, of using graph structure information
when prompts do not conflate structure with homophily. Experimental results also show that the sensitivity
of LLMs to graph structure perturbations is positively correlated with their capabilities, and that better
utilization of graph structures is the main source of their performance gains.

Second, in Section [3] motivated by the above diagnosis, we propose the Text Attributes Passing Thoughts
Network (TAPTN), an ICL architecture explicitly designed to expose and exploit graph structure for node
classification. TAPTN is inspired by Message Passing Neural Networks (MPNN) (Gilmer et al., |2017)): it
iteratively extracts and aggregates neighborhood information in textual form, guided by LLM-generated
step-by-step instructions, but processes only first-order neighborhoods at each iteration. Instead of simply
concatenating all neighbor texts, TAPTN constructs structured, layer-wise summaries of a node’s multi-hop
neighborhood, which simultaneously incorporates the text attributes of neighboring nodes, edge semantics,
and the semantics of specific topological structures. This design addresses the two major shortcomings
of existing ICL-based node classification methods: it decouples multi-hop reasoning into a sequence of
shorter, structurally grounded steps (mitigating long-context issues) and provides a dedicated mechanism
for reasoning over edges and connectivity. TAPTN thus provides, to the best of our knowledge, the first
ICL-based LLM-as-Predictor architecture for TAG node classification that is explicitly engineered to leverage
graph structure, not just treating neighbors as undifferentiated extra text.

Third, in Section [d] we revisit the comparison between LLM-based architectures and GNNs from a struc-
tural perspective. We fine-tune a small pre-trained language model on TAPTN-enhanced text attributes and
compare its node classification performance to state-of-the-art GNN baselines on both homophilic and het-
erophilic TAGs. Rather than asking whether a naive zero-shot prompt can match a fully supervised GNN,
we ask whether, once equipped with a reasonably designed ICL architecture that foregrounds structural
information, LLMs’ structural utilization capability is still inferior to that of GNNs.

Our contributions are summarized as follows:

First, we show that prior negative or homophily-centric conclusions are largely artifacts of high-homophily
datasets and verbose, poorly structured prompts. Under low-homophily, structurally perturbed settings,
LLMs exhibit clear sensitivity to graph structure, even when node texts attributes are held fixed, revealing
LLMs’ graph structure exploiting ability. Under flipping rewiring settings, structural sensitivity is strongly
and significantly correlated with model capability, indicating that stronger models derive more of their gains
from edge-based reasoning rather than from homophilic neighbor texts.

Second, we introduce TAPTN, a structure-aware ICL architecture for TAG node classification addressing
lengthy high-order neighborhood contexts and enabling dedicated structural information leveraging mech-
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anism. Considering both homophilic and heterophilic TAG benchmarks, TAPTN consistently outperforms
zero-hop chain-of-thought and GraphICL-style baselines by at least +13.98%. Ablation studies show that
these gains persist after controlling for self-reflection and are amplified by explicit step-by-step instructions.
This result indicate that with appropriate framework like TAPTN, LLMs can indeed exploit graph structure
information effectively.

Third, we show that a modest LM trained on TAPTN-generated textual representations achieves node
classification performance competitive with state-of-the-art GNNs on both homophilic and heterophilic TAG
benchmarks. This indicates that, when supported by an appropriate ICL architecture, LLMs’ ability to
exploit graph structure, including edges and local topology, matches or surpasses that of specialized graph
neural networks rather than inherently weaker.

2 Are LLMs Really Unable to Leverage Graph Structural Information through ICL?

n this section, we revisit the claim that LLMs “cannot effectively leverage graph structural information
through ICL and only treat neighbors as linear text,” originally drawn from experiments on high-homophily
citation graphs with long, verbose neighborhood descriptions. As discussed in the introduction, such settings
make it difficult to distinguish whether performance gains come from (i) genuine use of graph structure
(edges and their patterns), or (i) graph homophily and textual similarity between neighbors. Moreover,
long concatenated neighborhood descriptions are precisely the regime where LLMs tend to be “lost in the
middle” and under-utilize information buried in the middle of the context.

Our goal here is to design an evaluation that removes these confounding factors and asks a sharper question:

When we keep node texts fixed and modify only edges in low-homophily graphs, do LLM
predictions change in a systematic way?

A positive answer would provide direct evidence that LLMs interpret neighborhood information as graph
structural data rather than as an unordered bag of texts, because any change in accuracy must arise from
how the LLM interprets edge patterns.

2.1 Preliminary: homophily and the role of graph structure

To measure homophily for a graph G = {V,E}, we define it as:
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where e;; is the edge between node i, j, E,V are the edges, nodes set of G respectively, y; is the label
of node 4. This formula measures the average proportion of a node’s neighbors sharing its label. Table [I]
presents the homophily values for each dataset. The citation datasets used by Huang et al.| (2024)) exhibit
high homophily (H > 0.63), whereas the WebKB datasets we use (Cornell, Texas, Washington, Wisconsin)
have substantially lower homophily (H < 0.19).

On high-homophily graphs, an LLM can achieve good node classification accuracy by effectively treating
neighbors as extra similar texts and ignoring graph structure. This is exactly the mechanism highlighted
in previous ablation studies (Huang et al. 2024; [Sun et al., [2025), where performance gains are largely
attributed to carefully selecting homogeneous neighbors and demonstrations rather than to sensitivity to
edge patterns or multi-hop topology.

However, in heterophilic graphs, as neighbors often have different labels and graph structure carry semantics
and determine how neighbor information should be interpreted, what matters is which node links to which
through which relationship, not merely that a neighbor exists. For example, in WebKB, hyperlink patterns
between student, faculty, department, and course pages encode roles and authority relationships that are
not recoverable from page texts alone.
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Figure 1: Illustration of “extreme” and “flipping” rewiring methods applied to a webpage neighborhood
structure, with node 1 as the target node. Sub-figures (a) and (b) show “extreme” rewiring effects, while (c)
and (d) depict “fipping” rewiring effects. Bold text highlights basic description components, and red text
indicates changes post-rewiring. The target node’s label is excluded from the second-order neighborhood
description.

Table 1: Homophily of datasets used to evaluate the impact of neighborhood rewiring in this paper (upper
half) and [Huang et al|(2024) (lower half).

Dataset

Cornell Texas Washington Wisconsin OGBN-Arxiv. Pubmed Cora

Homophily 0.1308 0.1448 0.1599 0.1869 0.6358 0.7924 0.8252

2.2 Experiments

To remove the confounding factors and reassess the core claim of previous researches that LLMs “simply
treat neighborhood descriptions as linear text” and cannot effectively leverage graph structural information
through ICL. We design experiments with the following features:

e Use low-homophily graphs, where simple homophily-based majority voting is not sufficient.

e Manipulate edge patterns while holding node texts fixed, so any accuracy changes must come from
how the LLM interprets changed connectivity (i.e., structure and relations), not from changed textual
attributes.

e Avoid extremely long neighborhood prompts that bury structural cues in the middle of the context,
which is known to reduce their impact due to “lost in the middle” behavior of LLMs on long inputs.

2.2.1 Datasets and Settings

We select four low-homophily WebKB (Ghani et al. 2001) graphs—Cornell, Texas, Washington, Wiscon-
sin—with homophily between 0.13 and 0.19. These datasets consist of webpages from university CS depart-
ments, with nodes labeled as student, faculty, staff, department, course, or project. We exclude the “other”
category from evaluation to avoid diluting accuracy with pages whose hyperlink and content patterns are
highly heterogeneous.
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To reduce context length and avoid the “lost in the middle” effect on long prompts, we construct a GraphICL-
style prompt template that include: (i) first-order neighbor (linked webpages) descriptions, including hy-
perlink direction, their URLSs, content abstracts and labels; (i) the number of second-order neighbors by
category; (iii) link-count statistics (in/out degree). This template emphasizes graph structure (who links to
whom by which relationship type in what pattern) rather than extra textual content.

To make it possible for the LLM to notice and process all relevant graph structural cues within a manageable
context window while keeping node texts fixed across original and rewired graphs, we adopt and adapt the
“extreme” rewiring from |Huang et al.| (2024) and introduce a new “flipping” rewiring that directly perturbs
first-order link directions. Figure[l]illustrates these rewiring schemes and how they modify the neighborhood
description in the prompt. Specifically:

e Flipping: We introduce a new method that reverses link directions of all first-order edges touching
the target node. For example, if a student page originally links to a course page (outgoing), after
flipping the course page has an incoming edge from the student page. This changes the incom-
ing/outgoing pattern and role interpretation of each neighbor (who links to whom), while keeping
the set of neighbors, their text descriptions and labels unchanged.

o Extreme: For each target node, we keep its original first-order neighbors fixed, but reconnect all its
second-order neighbors to a single randomly chosen first-order neighbor. This rewiring dramatically
changes the local 2-hop topology (e.g., funnels all paths through one neighbor) while preserving which
nodes are in the 2-hop neighborhood and their labels. We represent second-order information only
by category counts, not by verbose textual descriptions, to emphasize the change in path structure
rather than added text.

These settings directly targets graph structure as relational evidence: if the LLM were using neighbors
only as an unordered bag of texts (homophily-driven), both extreme and flipping should have little impact,
especially given that category counts and node texts remain fixed. Substantial performance changes would
therefore indicate that the model is sensitive to how neighbors are connected and what role they play in the
hyperlink structure.

To assess whether this structural sensitivity is model-specific or holds more generally, we conduct our exper-
iments on a panel of seven widely-used LLMs spanning a wide range of capabilities (with their text Arena
scores in LMArena leader board from 1224-1319), parameter scale (from 9B-72B), and providers: GPT-3.5-
Turbo-0125, Phi-4, Gemma-2-9B, Llama-3-70B-Instruct, Llama-3.1-70B-Instruct, Llama-3.3-70B-instruct,
Qwen2.5-VL-72B-Instruct.

2.2.2 Results

Table [2] shows the effects of the two rewiring methods on ICL-based node classification accuracy across 4
datasets and 7 models.

For flipping rewiring, all models show consistent performance degradation across the all WebKB datasets.
Averaged over all models and datasets, the relative performance change is —10.67% (p < 0.01 with t-test).
The strongest sensitivity is observed for Qwen-2.5-VL-72B, whose average accuracy decreases from 71.28%
to 54.62%, a —23.15% relative drop, while the weakest sensitivity is observed for GPT-3.5-turbo-0125,
where accuracy changes from 46.67% to 45.89% on average, i.e., —2.06% relatively. These drops cannot be
attributed to losing homophilic neighbors or to changing the textual attributes of the context. Instead, they
show that all tested models rely on directional structure (whether a node mostly points to certain page types
or is referenced by them) as a useful signal for classification. When we invert this signal, performance suffers.
The sensitivity to flipping rewiring significantly strengthens for more capable LLMs.

For extreme rewiring, we again observe universal degradation, but with a different profile. The average rela-
tive performance change over models and datasets is —4.40%. Although it’s noticeably smaller in magnitude
than under flipping, average accuracies of all models still drop across all datasets. The strongest sensitivity is
seen for Gemma-2-9B (with —11.66% relative drop) while the weakest sensitivity appears for Llama-3.3-70B-
instruct (—3.09% relative drop) . Thus, perturbing 2-hop topology while keeping 1-hop neighbors fixed still
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Table 2: Impact of neighborhood rewiring on node classification accuracy (%), where O, Ry, Og, Rg are
accuracy before and after flipping and extreme rewiring respectively. With 54 of total 56 settings, rewiring
significantly decreases accuracy, indicating LLMs incorporate graph structural information despite their
intelligences, parameter scales or providers.

Arena #Para

Model Score  meters Dataset Of Rr Ogr Rg Ap Ag
Cornell 49.39 55.06 80.57 78.95 +6.67 —1.62
GPT-3.5- 1994 20B Texas 43.87 39.53 69.57 64.82 —4.34 —4.75
Turbo-0125 Washington 51.36 49.81 69.65 67.70 —1.55 —1.95
Wisconsin 42.04 39.17 67.52 63.38 —2.87 —4.14
Cornell 51.52 43.15 63.31 58.07 —8.37 —5.24
Phid 1255 14B Texas 41.01 39.45 60.94 55.08 —1.56 —5.86

Washington 53.01 52.63 69.17 60.53 —0.38 —8.68
Wisconsin 49.84 48.60 65.73 60.75 —1.24 —4.98

Cornell 49.39 43.95 T71.77 63.71 —5.44 —8.06
Texas 44.53 35.94 67.58 55.86 —8.59 —11.72
Washington 54.51 50.38 72.56 63.91 —4.13 —8.65
Wisconsin 60.44 5141 76.01 71.34 —-9.03 —4.67

Gemma-2-9B 1265 9B

Cornell 73.79 52.02 82.66 83.06 —21.77 +40.40
Llama-3- 1276 70B Texas 64.06 50.00 &83.21 78.52 —14.06 —4.69
70B-Instruct Washington 67.67 58.27 84.96 77.82 —9.40 —7.14
Wisconsin 71.65 59.81 84.42 83.80 —11.84 —0.62
Cornell 77.02 55.24 83.87 83.06 —21.78 —0.81
Llama-3.1- 1293 70B Texas 69.53 52.73 84.38 80.47 —16.80 —3.91
70B-Instruct Washington 70.68 60.53 81.96 77.82 —10.15 —4.14
Wisconsin 74.45 57.94 85.05 83.80 —16.51 —1.25
Cornell 73.39 55.65 81.04 7298 —17.74 —-8.06
Qwen2.5-VL- 1302 798 Texas 69.92 48.44 76.95 73.04 —21.48 —-3.91
72B-Instruct Washington 63.91 54.89 68.80 62.78 —9.02 —6.02
Wisconsin 77.88 59.50 83.49 80.69 —18.38 —2.80
Cornell 75.40 51.61 78.63 77.02 —23.79 —1.61
Llama-3.3- 1319 70B Texas 70.70 52.73 85.54 83.98 —17.97 —1.56
70B-Instruct Washington 69.55 62.03 77.07 74.06 -7.52 —3.01

Wisconsin 74.45 6044 8193 7819 -—-14.01 -3.74

harms performance for every model, but the effect is more uniform and generally weaker than for first-order
flipping. Crucially, in both cases, node texts and label distributions are held constant. Performance differ-
ences between original and rewired graphs must therefore be attributed to graph structural information, not
to different collections of homophilic neighbor texts.

Exceptionally, GPT-3.5-Turbo-0125 and Llama-3-70B-Instruct show modest improvements (+6.67% and
+0.40%) with flipping and extreme rewirings on Cornell dataset respectively. These anomalous improvements
suggests that LLMs sometimes misapplies structural knowledge: they appear to use link patterns, but not
always in the correct way.

2.2.3 Is Structure Misapplication Caused by Knowledge Shortage or Inconsistent Adherence?

LLMs’ occasional misapplication of graph structural information may result from prior knowledge errors or
inconsistent correct method adherence due to lack of explicit instructions. To evaluate this, we appended
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Table 3: Impact of flipping rewiring with step-by-step instructions on node classification accuracy of GPT-
3.5-Turbo-0125. Rewiring consistently decreased accuracy across all datasets.

Dataset  Original Rewired A(Acc.)

Cornell 52.14 50.97 -1.17
Washington 61.54 59.92 -1.62
Wisconsin 50.96 49.04 -1.92
Texas 54.55 50.20 -4.35

LLM-generated step-by-step instructions to the prompts and re-evaluated performance after flipping rewiring
with GPT-3.5-Turbo-0125.

As shown in Table [3] with explicit step-by-step instructions, structural rewiring decreased performance by
over —1.17% on all datasets, averaging a —2.27% decrease. This demonstrates that LLMs, even weak LLMs
such as GPT-3.5-Turbo-0125, possess correct methods for using graph structural information (it knows that
who links to whom and how many neighbors of each type matter), but without explicit guidance, it does not
consistently adhere to this method in its chain-of-thought, sometimes applying it in the wrong direction.

2.2.4 Structural Sensitivity and Model Capability

We now relate structural sensitivity under rewiring to model capability, as measured by LMArena scores.
For a model M, we define its sensitivity S¥ to a rewiring operation r as:

where OM RM are average accuracy over 4 datasets before and after rewiring r of M. Larger sensitivity
indicates larger performance loss when structure is perturbed.

We examine how OM RM and SM vary with the LMArena score CM of each model M through linear
regression, as shown in Table [4] Figure. For flipping rewiring, we observe taht the model’s sensitivity to
rewiring is strongly and linearly correlated with its LM Arena score (Pearson r = 0.916, p = 0.0038; Spearman
p = 0.893,p = 0.0068), with a 100-point increase in the score corresponding to a +19.43% increase in
sensitivity. The LMArena score also strongly explains the variance in sensitivity: a linear regression of
sensitivity Sp on the LMArena score yields R? = 0.8391, meaning that within our group’s score range
(1224-1319), this regression can explain over 80% of the variance in Sp. This finding suggests that the
ability of LLMs to utilize graph structures is highly correlated with intelligence, and more intelligent models
possess a stronger ability in this regard. O and Rp also show credible linear positive correlations with the
LMArena score (Pearson p < 0.01, R? > 0.7), with slopes of 3.369¢-3 and 1.426e-3 respectively, demonstrating
that more powerful models have a significantly greater advantage on graph tasks with reliable structural
information than when such information is unavailable. However, for extreme rewiring, although all LLMs
remain sensitive, the sensitivity lacks a statistically significant correlation with model capabilities.

Flipping directly changes the direction of first-order edges, which significantly impacts how node roles are
interpreted (e.g., “student page points to multiple course pages” vs. “course page is referenced by multiple
student pages”). This type of rewiring is highly informative for heterophilic hyperlink graphs, and power-
ful LLMs can easily read it when presented in the form of concise neighborhood descriptions. As model
capabilities improve, LLMs can gain a deeper understanding and utilization of the graph structure, and
the accuracy of this process highly depends on these directional cues. Therefore, when the graph structure
is flipping rewired, more powerful models suffer greater performance losses. In contrast, extreme rewiring
preserves all first-order edges and only perturbs two-hop connections, which we expose to the model through
coarse category counts (e.g., counts of two-hop student/teacher/course neighbors). This representation is
too coarse, and its compression method results in information loss. Even high-capacity models may only
be able to use these descriptions in a relatively simple way, unable to translate their additional intelligence
into more complex two-hop reasoning. Therefore, the sensitivity of models with different capabilities to this
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Table 4: Correlation and regression between model capability (LMArena score) and performance under
rewiring on WebKB. Regression slopes are reported per 100 LM Arena points.

Target Statistic Flipping Extreme
Pearson r +0.9160 —0.2521

Pearson p 0.0038 0.5855

Spearman p +0.8928 —0.5714

gM Spearman p 0.0068 0.1802
" R? 0.8391 0.0635
Intercept —2.3737 0.2685

Slope +0.1943 —0.0176

RMSE 0.0251 0.0199

Pearson r +0.8999 +0.6422

Pearson p 0.0058 0.1199

Spearman p +0.8929 +0.6429

. Spearman p 0.0068 0.1194
Orig Acc R? 0.8099 0.4124
Intercept —3.6786 —1.0747

Slope +0.3369 +0.1440

RMSE 0.0481 0.0507

Pearson r +0.8414 +0.5858

Pearson p 0.0176 0.1669

Spearman p +0.7857 +0.6071

. Spearman p 0.0362 0.1482
Rewired Acc po 0.7080 0.3432
Intercept —1.3049 —1.3433

Slope +0.1426 +0.1616

RMSE 0.0270 0.0659

type of rewiring is relatively uniform. Additionally, when utilizing two-hop neighborhood information, the
average accuracy of all models across 4 datasets is still higher than when only using one-hop neighborhoods,
even when the second-hop graph structure is extreme rewired. The additional performance gain may come
from utilizing the overall category distribution patterns of all second-order neighbors, which does not require
high intelligence.

In summary, the results of the statistical analysis support the following two conclusions:

e Structural sensitivity is an intelligence-dependent behavior. Stronger models benefit more
from having the correct edge directions and lose more when those directions are corrupted. That
is, their performance improvement is not just “better text understanding” but better structural
utilization.

e Most of the extra gain of strong models comes from exploiting structure. Because Op
rises significantly faster than Rp with model capability, the additional headroom of frontier LLMs
manifests primarily on the true graph, not on the structurally corrupted one. This indicates that,
on low-homophily WebKB graphs, a substantial portion of their improvement over weaker models
comes from using edges and edge directions as predictive signals, rather than from reading neighbor
texts alone.

2.2.5 Case Study

As shown in Figure [ flipping rewiring alters the LLM’s prediction of a student page to a staff page from
Cornell dataset by reversing the causal logic of the graph structure, even when textual attributes remain
identical.
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Figure 2: Correlation analysis between model capability and its sensitivity to flipping rewiring. (a) Stronger
models show greater structural sensitivity (r=-0.92, p<0.01). (b-c¢) Unified y-axis scales reveal stronger
models gain more from original structure than from rewired structure. (d) Relative sensitivity by percentage.
All panels include regression lines (red dashed).

In the original graph, the target node receives an inbound link from a “Student Directory” page (“../stu-
dents.html”) and has outbound links to various “Staff” and “Project” pages. The model correctly interprets
the inbound link from a directory as a membership signal (“The webpage has an incoming link from... a
directory of students... This suggests that the webpage is related to a student”). In this reasoning pro-
cess, LLMs correctly extracted the most informative clues for downstream tasks from the local topological
structure, accurately understood and utilized the actual semantics implied by these clues, thereby achieving
correct predictions, rather than relying on homophily.

After flipping rewiring, all edge directions are reversed. The target node now points outward to the “Student
Directory” and receives inbound links from “Staff” and “Project” pages. The model re-interprets the target’s
role. It views the target as a hub or authority that is referenced by staff members and provides resources
(links) to the student directory ("Outgoing link to a directory... suggests a connection to the academic com-
munity... possibly a staff member’s profile"). The model still attempts to extract clues from the topological
structure and understand its semantics, but misinterpreting the structural role due to the reversed edges
thus changes its prediction to Staff (with 0.8 confidence).

This failure mode confirms that LLMs do not merely treat neighbors as a “bag of words” or rely on homophilic
heuristics that neighboring nodes sharing the same label. If they did, the prediction would remain unchanged
because the neighbor texts were identical in both scenarios. Instead, the specific direction of the edges
(Inbound vs. Outbound) acted as a critical semantic signal for defining the node’s role.
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Figure 3: Correlation analysis between model capability and its sensitivity to extreme rewiring. (a) No
correlation between capability and structural sensitivity (r=-0.25, n.s.), indicating uniform dependence. (b-
¢) Unified y-axis scales show nearly identical slopes for original and rewired performance, contrasting with
Hop=1. (d) Relative sensitivity shows no capability-based pattern.

3 How to Leverage Graph Structural Information More Effectively through ICL?

3.1 Text Attribute Passing Thoughts Network

In this section, we aim to propose a novel ICL framework that eliminates the key shortcomings that led
previous studies to conclude that LLMs cannot utilize graph structures, and demonstrate that this framework
achieves additional performance gains from graph structures compared to traditional ICL methods that only
utilize homogeneity and neighbor attributes, Furthermore, and it’s also effective for heterophilic graphs. An
affirmative answer will further support the core argument of this paper: LLMs genuinely leverage graph
structural information in text-attributed graphs via ICL, once we remove these confounding factors and
endow them with an architecture explicitly designed for structural reasoning.

In node classification tasks, ICL faces two key limitations:

Lack of an explicit structural reasoning mechanism:

e Template without structure: Prior ICL-based TAG methods tend to treat neighbors either as
extra textual evidence or as labeled exemplars, without an explicit representation of edge semantics
or multi-hop topology.

e Inconsistent reasoning: Flipping-rewiring experiments showed that LLMs already possess a cor-
rect method for using structural information (e.g., interpreting hyperlink direction and local link
patterns). However, without explicit guidance, LLMs, especially low-capability model, sometimes
fail to apply this method consistently (e.g. GPT-3.5-Turbo-0125 uses structural cues in the wrong
direction on the Cornell dataset anomaly before adding instructions), leading to unstable perfor-
mance.

11
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(a). Original Structure (Correct Prediction) (b). Flipping Rewired (Incorrect Prediction)

Subgraph Topology: Subgraph Topology:
Inbound Membership Flow Outbound Curatorial Flow
Student Stanley’s Staff/Project| Student Stanley’s Staff/Project
: # @ Page —> ; @ Page
Directory Text Unchanged Fages Directory Text Unchanged Pages
Listed In 8% References Lmks To 5% Referenced By
N
Inbound link implies Outbound link implies Qutbound link 1mp11es the node Inbound citations
the node is a Member normal citation Manages/Provides the list imply Authority
Model Prediction Model Prediction
STUDENT (0.8) STAFF (0.8)
Logic: Directory -> Node = Membership Logic: Node -> Directory = Curator/Admin

Figure 4: Case Study of flipping rewiring from Cornell dataset. This comparison illustrates how reversing
edge directions alters the LLMs’ interpretation of social roles, despite identical node text. (a) In the original
graph, an inbound link from the "Student Directory" correctly signals membership (Prediction: Student).
(b) After flipping rewiring, the edge is reversed; the node now links out to the directory, which the LLM
re-interprets as a curatorial or administrative role (Prediction: Staff). This demonstrates that the model
relies on structural directionality, not just textual homophily, for classification.

Lack of a dedicated mechanism addressing lengthy high-order neighborhood contexts: Existing
ICL-based methods typically linearize large K-hop neighborhoods as long, noisy lists of raw node descriptions.
In such settings, subtle structural cues (who links to whom, directionality, etc.), even it exist in template,
are easily drowned out because of “lost in the middle” effect (information near the center of long prompts is
used much less effectively than information at the beginning or the end). Conversely, as revealed by extreme
rewiring experiments, if we attempt to compress high-order neighborhood information into a length that
can be efficiently utilized, but with significant information loss, the benefits the model can gain are limited.
This dilemma makes it difficult for the model to reliably utilize high-order structural signals unless we can
summarize high-order neighborhood information, including neighbor node attributes and graph structure,
with low information loss.

To integrate the structural information into template, when construct a structured textual description of
a node’s 1-hop neighborhood, we designing a Structure-Aware Template (SAT) containing the node’s own
attributes, neighbor attributes, edge directions and semantics (and node/edge types as an optional compo-
nent), with its details in Appendix Compared to GraphlCL-style template, our SAT emphasizes edges
and topological structure as relational evidence: we explicitly describe which nodes link to which others and
in what role, rather than simply listing neighbor texts as an unordered bag. To address the verbose, noisy
context, we design a MPNN-like approach to extract effective information from K-order neighbors and aggre-
gate it into (K-1)-order neighbors iteratively, generating enhanced text attributes. Over K iterations, LLMs
can utilize K-order neighborhood information by processing only first-order neighborhood text descriptions
in each iteration. This mechanism also allows task-relevant multi-hop topological patterns (such as motifs,
directed flows) to be detected, extracted, and emphasized in the descriptions during the aggregation process.
To avoid inconsistency, we introduce self-generated step-by-step instructions to guide LLM consistent adhere
to correct graph structures usage in each iteration.

We propose the Text Attributes Passing Thoughts Network (TAPTN), a new ICL method for node classi-
fication, as illustrated in Figure [5] Like MPNNs, TAPTN consists of message-passing and readout phases.
During the message-passing phase, K iterations extract and summarize information from the first-order
neighborhood to enhance the node’s text attributes. This increase enhanced text attributes’ abstraction
level, making them more relevant to the downstream task, and encapsulates K-order neighborhood infor-
mation pertinent to the task, including structural features (such as anomalous trading patterns in financial

12
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Figure 5: Subgraph (a) shows the iteration process of TAPTN. Subgraph (b) shows how the LLM-generated
step-by-step instructions are attached to the prompt.

graphs), into an abstract. Unlike MPNNs, TAPTN passes text attributes instead of numerical tensors and
relies on self-generated instructions based on LLMs’ prior knowledge rather than minimizing a loss function
on a training set, making it essentially a zero-shot learning method.

Specifically, the message-passing phase of the TAPTN framework is represented by:

T} = LLM (T}7', D! 1L, Sagg) s (3)

s taggr
where T! is the enhanced text attribute of node i after [ iterations, starting with 7, the node’s original
text attribute. I ég o is the LLM-generated instruction for the [-th aggregation that explicitly tells the model
how to use neighbors and edges, and Sg44 is the task description for the downstream task. Dé is the text
description of node ¢’s first-order neighborhood after [ iterations, generated as:

l SAT l
D; = FjeN(i) (Gi7mij) ) (4)

where N (i) is the neighborhood of node ¢, FJ.SG“}VTm represents generating text description of N (i) according
to template SAT. Our designed SAT preserves the semantics of the edges, makes the utilization of edge
information and the effectiveness on heterophilic graphs possible. For instance, in citation graphs it separates
references and citations into distinct blocks; in e-commerce graphs it distinguishes co-purchased from also
viewed edges; and in transaction graphs it can encode sender/receiver roles. G; represents the topology
structure of N (i), and méj is the message sent from neighbor j to target node i during the [-th iteration of

aggregation, generated as:
my; = FMIC(T5), (5)

where FMSC ig the message generation function. In our experiments, similar to most MPNN variants, FM5¢
is simply the identical function, but it can be adapted to different downstream tasks. For instance, if T} is
too lengthy, a summarization approach can be used, i.e.,

FMSC(T}) = LLM (T}, Iy, Ssum), (6)
where I.,, is an instruction guiding LLMs to extract effective information, and Sg., is a task description

for summarizing text attributes.

For the node classification task, the readout phase of TAPTN is defined by:
fgi = FPAR(TiK)7 (7)
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where FPAR ig g parser function extracting the predicted label §; for node i from enhanced text attributes

TiK after K iterations. While methods like regular expressions can implement FFA%  due to their limited
instruction-following capability, labels produced by LLMs may somtimes fall outside the candidate range or
not be sorted by relevance even the reasoning process is correct. Therefore, we use the following FFA%R:

FPAR(TEY = LLM(TK, Spar), (8)

where Spqr is the task description used to extract the node label. Step-by-step instructions, task descriptions,
graph description generation templates and prompts templates in our experiments are detailed in Appendix

Bl

As a flexible framework, TAPTN can also be easily enhanced with an attention mechanism, implemented as
follows:
Wilj = LLM(Til_lyT}_l, iy Satt), (9)

©5

D = Ff (Gomly, W), (10

where Wilj indicates the importance of neighbor j to node i in the I-th iteration. I',, is the instruction
guiding the LLM to calculate the importance of each neighbor, and S, is the task description for this
calculation. However, the attention mechanism is optional. As previous research has shown its effectiveness

for ICL-based node classification, we did not use it in our experiments.

By incorporating these methods, TAPTN effectively addresses LLMs’ challenges with overly verbose contexts
and reasoning inconsistency through iterative extraction and aggregation guided by step-by-step instructions,
improving performance in node classification tasks within a zero-shot ICL setting.

3.2 Experiments

To verify the effectiveness of TAPTN in addressing the shortcomings of existing ICL-based graph classification
methods, and to demonstrate that graph structure can indeed be effectively understood and utilized by
LLMs with these shortcomings mitigated by TAPTN framework, rather than just benefit from homophily
and neighbor attributes, we tested two hypotheses:

H1: Stable performance gain: TAPTN consistently delivers performance gains exceeding the GraphICL-
style baselines.

H2: Stable gain from structure on heterophilic graph: TAPTN consistently obtains performance
improvements on heterophilic graphs after integrating neighborhood information, with larger neigh-
borhood hops leading to greater gains.

If these two Hypotheses hold, TAPTN will necessarily be an effective framework with which LLMs can
correctly understand and utilize graph structure information. Otherwise, TAPTN will fail to achieve sta-
ble performance superior to Naive Zero-Shot CoT which simply uses the target node’s text attributes on
heterophilic graphs lacking homophily.

We evaluate on five text-attributed graphs spanning two regimes from LLMNodeBed (Wu et al., [2025)
benchmark:

e Homophilic citation graphs: Cora (Yang et al., [2016) and Arxiv-2023 (Huang et al., 2024). Due
to the large number of nodes in Arxiv-2023, we selected subgraphs consisting of seven categories of
nodes for the experiments.

o Heterophilic webpage graphs: Texas, Wisconsin, Cornell from WebKB (Ghani et al., [2001)
dataset. These datasets fall in (or close to) the mid-homophily pitfall range (0.1,0.3) (Luan et al.
2024b)) and are lassified as malignant heterophilic graphs considered particularly challenging for node
classification (Luan et al.| [2024a)).
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Table 5: Node classification accuracy (%) across five text-attributed graphs. GraphICL denotes the
GraphICL-style baseline that concatenates neighborhood text without a dedicated mechanism for leveraging
graph structure or addressing verbose high-order neighborhood context.

Method Cora Arxiv-2023 Texas Wisconsin Cornell
0-hop (zero-shot CoT) 59.40 76.19 66.93 68.85 72.58
GraphICL 1-hop 62.55 83.49 65.23 76.01 76.21
GraphICL 2-hop 63.47 85.40 66.41 70.72 72.18
TAPTN 1-hop 72.69 87.30 89.84 85.67 85.08
TAPTN 2-hop 73.80 88.57 91.80 87.23 86.69

For each dataset, we compare:

e 0-Hop (Zero-shot CoT). A graph-agnostic ICL baseline that uses only the target node’s own text
with chain-of-thought prompting, without any neighbors.

o 1-Hop / 2-hop GraphICL. The original GraphICL-style prompt that linearizes one-hop or two-
hop neighborhoods into a single context, without TAPTN-style iterative aggregation. For a clear
comparison between the structure information leveraging, the GraphICL baseline in this paper is
an enhanced version with the same explicit structure-aware templates as TAPTN. To ensure a fair
comparison, GraphICL employs a random neighbor sampling strategy, allowing it to access the same
set of neighbors as TAPTN.

e 1-Hop / 2-hop TAPTN. Our full method with structure-aware template, K = 1 or K = 2
message-passing iterations and LLM-generated step-by-step instructions for each aggregation step
and for the final classification.

We select GPT-3.5-Turbo-0125 as the backbone model for citation graphs and Llama-3.3-70B-Instruct for
WebKB graphs. More details of our experiment settings are provided in Appendix [C] and

Table [p| shows that TAPTN’s advantage persists and becomes substantially larger on malignant heterophilic
graphs. Across all five datasets, 2-hop TAPTN is the top-performing zero-shot ICL method. Averaged over
datasets, 2-hop TAPTN reaches 85.62% accuracy, compared to 68.79% for 0-hop CoT, 72.70% for 1-hop
GraphICL, 71.64% for 2-hop GraphICL and 84.12% for 1-hop TAPTN. These results correspond to 2-hop
TAPTN improves by +16.83% on average over 0-hop CoT, by +12.92% on average over 1-hop GraphICL, by
+13.98% over 2-hop GraphICL and by +1.50% over 1-hop TAPTN. On Texas/Wisconsin/Cornell datasets,
2-hop TAPTN improves over 2-hop GraphICL by +25.39%, +16.5%, and +14.51% respectively, and by
+24.87%, +18.38%, and +14.11% over 0-hop CoT. Notably, on these datasets, GraphICL exhibits little
benefit from expanding to 2-hop neighborhoods (and can even degrade relative to 1-hop), and on Texas
dataset 1-hop and 2-hop GraphICL even degrade from 0-hop zero-shot CoT, while TAPTN gains consistently
from neighborhood information, and its gain consistently rises when considered neighborhood expands to
2-hop.

The WebKB dataset exhibits low homogeneity and is near the mid-homophily pitfall, meaning that simple
heuristics relying on “neighboring nodes sharing the same label” or “neighboring nodes having different la-
bels” are not feasible. In this case, the gains of TAPTN compared to GraphICL cannot be simply explained
by “reading similar neighbors”; they must reflect a better utilization of the graph structure (e.g., specific
hyperlink patterns). This gain becomes even more significant with the introduction of multi-hop neigh-
borhood information, which is sometimes detrimental to GraphICL, further demonstrating that TAPTN’s
performance advantage over GraphICL stems from its unique mechanism for utilizing structural information.

In summary, both hypotheses H1 and H2 are valid, and with TAPTN, our effective ICL framework mitigating
shortcomings of traditional ICL for graph tasks, LLMs can indeed understand and utilize graph structure
information. Previous research suggested that LLMs lacked this ability due to limitations of traditional ICL
frameworks, rather than an inherent limitation of LLMs themselves.
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3.3 Ablation Study

To demonstrate that TAPTN successfully mitigates the shortcomings of traditional ICL frameworks and
achieves performance gains through its dedicated multi-hop neighborhood information processing mechanism
and structural information reasoning mechanism, rather than just improves performance simply by providing
LLMs with more opportunities for “self-reflection” through iterative neighborhood processing, we evaluate
two hypotheses:

H3: Enhanced utilization of K-hop neighborhoods through MPNN-like processing: The reason
of TAPTN improves classification accuracy by leveraging multi-hop neighborhood information more
effectively than GraphICL-style baselines, which directly concatenate neighborhood text, is iterative
information extraction and aggregation (MPNN-like) dedicatedly designed for verbose multi-hop
neighborhood context addressing rather than mere self-reflection.

H4: Improved adherence through instructions: LLM-generated step-by-step instructions increase the
consistency with which LLMs apply correct, structure-aware reasoning procedures, thereby con-
tributing additional gains.

To prove H3, we compared the accuracy of the following approaches on Cora and Arxiv-2023 datasets with
GPT-3.5-Turbo-0125:

e TAPTN incorporating first-order and second-order neighborhood information;

e GraphlICL incorporating first-order and second-order neighborhood information after 1-2 iterations
of self-reflection. That is, the model first produces a preliminary label and explanation, then is asked
to reflect on and revise its answer.

For H4, we evaluated the performance gains from adding step-by-step instructions across 1-hop and 2-hop
settings. This experiment is conducted with the same settings as Section

As shown in Table [6] For Cora and Arxiv-2023, adding self-reflection to naive GraphICL sometimes helps
slightly but also frequently harms. For example, on Cora, 1-hop GraphICL improves from 62.55% (no
self-reflection) to 69.19% (with 1 iteration of self-reflection), but 2-hop GraphICL with self-reflection can
underperform its non-reflective counterpart on Arxiv-2023, and the second iteration of self-reflection harms 1-
hop GraphICL on both datasets. There is no consistent trend that “more reflection” yields monotonic gains.
This comparison indicate that self-reflection alone is insufficient and inconsistent. TAPTN still dominates
even after reflection. Even when naive GraphICL is given its best-performing RI configuration, TAPTN’s 2-
hop variant remains substantially better. Aggregating across datasets and configurations, TAPTN improves
node classification accuracy by about +6.6% over the strongest self-reflective baseline. This confirms that
TAPTN’s advantages on multi-hop neighborhood information utilization stem from MPNN-like structured
aggregation, not from merely allowing the LLM to re-think its answers more times.

Table [7] reports the impact of LLM-generated step-by-step instructions on TAPTN across five datasets and
two neighborhood orders. Several consistent patterns emerge.

e Instructions help on all datasets and all orders. For every dataset and for both 1-hop and
2-hop TAPTN, adding instructions strictly improves accuracy; there is no case where instructions
hurt performance. Averaged over all five datasets, instructions increase accuracy by +11.42% for
1-hop TAPTN and by +10.42% for 2-hop TAPTN.

e« On homophilic citation graphs, instructions are most beneficial at 1 hop. On Cora and
Arxiv-2023, instructions give sizable gains at 1 hop (4+10.14% and +3.81%) but more modest gains at
2 hops (+2.95% and +1.27%). This aligns with our intuition that, when the first-order neighborhood
already captures most of the useful homophilic signal, explicit procedural guidance mainly helps the
model decide which immediate neighbors and edge roles to attend to, while additional guidance at
2 hops yields diminishing returns once a good 1-hop abstraction is formed.
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Table 6: Comparison between TAPTN and GraphICL with self-reflection reported in percentage. “RI”
denotes the number of self-revision iterations. TAPTN consistently outperforms naive GraphICL with self-
reflection, with an average improvement of +6.59%, confirming the superiority of its framework in utilization
of graph structural information.

Method Order RI Cora Arxiv-2023

0 62.55 83.49

1 1 69.19 74.92

GraphICL 2 68.45 73.65
0 63.47 85.40

2 1 69.18 75.87

2 68.45 80.00

1 / 72.69 87.30

TAPTN 2 / 73.80 88.57

Table 7: Impact of LLM-generated step-by-step instructions on node classification accuracy (%) for first and
second-order neighborhoods on Cora and Arxiv-2023 datasets. Instructions significantly improved accuracy,
especially for first-order neighborhoods.

w/o instr- w/ instru-

Dataset  Order . . A(Acc.)
uction ction

Cor 1 62.55 72.69 +10.14
ora 2 70.85 73.80 12.95
. 1 83.49 87.30 +3.81
Arxiv-2023 87.30 88.57 +1.27
Texas 1 65.23 89.84 124.61
oxas 2 66.79 91.80 125.01
Wisconsin L 76.01 85.67 +9.66
2 73.21 87.23 114.02
Cornell 1 76.21 85.08 18.87
2 77.82 86.69 +8.87

¢ On malignant heterophilic graphs, instructions are critical for both 1-hop and 2-hop
reasoning. For Texas, Wisconsin, and Cornell, instructions yield very large improvements, espe-
cially at 2 hops: Texas (+24.61 at 1 hop, +25.01 at 2 hops), Wisconsin (49.66, +14.02), and Cornell
(+8.87, +8.87). On these graphs, homophily is weak or misleading, so the model must rely on more
subtle structural patterns spanning one and two hops. Without explicit instructions, TAPTN’s iter-
ative aggregation is not sufficient to consistently extract these patterns; with instructions, the model
is guided to interpret edge roles and neighborhood composition in a task-specific way, turning latent
structural sensitivity into substantial accuracy gains.

e Instructions and the TAPTN architecture are complementary. The fact that instructions
are uniformly beneficial, and especially powerful on heterophilic datasets, reinforces our interpreta-
tion from Section [2} LLMs possess useful structural knowledge but often fail to apply it reliably.
TAPTN’s iterative, edge-aware message passing exposes the relevant structural cues, while the step-
by-step instructions stabilize how the model uses these cues across iterations.
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Table 8: Accuracy of TAPTN and GraphICL considering 1 or 2 order neighborhood on Amazon dataset.
Even with Llama-3.1-instruct 7B for first iteration, 2-order TAPTN outperformed other methods, showing
scalability of TAPTN’s iterative aggregation and explicit guiding mechanisms.

w/o instr- w/ instru-

Method ~ Order uction(%)  ction(%)

Naive 1 74.75 /
2 75.00 /
TAPTN 1 74.75 74.75
2 74.00 76.75

TAPTN showed more significant improvements on the Cora dataset, where baseline accuracy was lower,
indicating its particular effectiveness in tasks with ambiguous classification standards and overlapping node
categories. Although there are concerns about reliance on instructions and potential error propagation,
TAPTN’s iterative process demonstrated resilience against cumulative errors. Since instructions are self-
generated by LLMs, TAPTN remains scalable and practical without requiring manual intervention. A small
annotated subgraph could further refine instructions if needed, enhancing accuracy and reducing risks. The
specifically designed guidance mechanism is a core innovation overcoming LLMs’ inconsistent adherence to
correct graph structural methods.

In conclusion, the experiments confirm both hypotheses. TAPTN’s iterative extraction and aggregation ef-
fectively utilize K-order neighborhood information, achieving higher accuracy than naive methods, even after
self-reflection. Performance gains result from better utilization of high-order neighborhood structural infor-
mation. Additionally, LLM-generated step-by-step instructions significantly enhance accuracy, particularly
with first-order information, ensuring consistent adherence to correct graph structural usage. TAPTN over-
comes LLMs’ limitations with verbose contexts and inconsistent method application through ICL, broadening
LLMs’ applicability in node classification tasks by leveraging zero-shot learning and interpretability.

3.4 Scalability and Portability

As Cora and Arxiv-2023 are both graphs below 1000 nodes of citation network, concerns about TAPTN’s
scalability on large graphs and portability on different scenarios may arise. To demonstrate TAPTN’s
scalability and portability, we tested it on Amazon which is a e-commercial co-purchase network with 13482
nodes. Using large LLMs such as GPT-5 for large graphs may consume excessive computing resources, so
we use Llama-3.1-instruct 8B for the first iteration of 2-order TAPTN while Llama-3.3-instruct 70B is used
for the second iteration. As shown in table 8] 2-order TAPTN outperformed GraphICL, 1-order TAPTN
(both with Llama-3.3-instruct 70B) and 2-order TAPTN without instructions by +1.75%, +2.00%, +2.75%
respectively, showing TAPTN'’s iterative aggregation and explicit guiding mechanisms are scalable on large
graphs and portable on different scenarios. Availability of small LLMs for the first iteration makes TAPTN
a economy and environment friendly method for large graphs.

The guidance mechanism is only effective for the second iteration of TAPTN on this dataset, probably
because LLMs only show obvious inconsistency when it use 2-order neighborhood, and reasoning process of
small LLMSs can’t be used as good examplars. However, without two improvements of TAPTN, incorporating
2-order neighborhood can’t bring any benefit. See Appendix [A] for detailed time complexity analysis.

4 Are LLMs’ Ability of Leveraging Graph Structure Information on Par with GNNs?

Sections 2 and 3 have shown that general-purpose LLMs are structurally sensitive: when we perturb edges
while keeping node texts fixed on low-homophily graphs, accuracy drops systematically, especially for stronger
models. Moreover, TAPTN converts this latent sensitivity into reliable gains by performing edge-aware,
iterative aggregation in text space. We now ask a more stringent question:
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Figure 6: Subgraph (a) shows the pipeline of training GNNs on text embeddings of original text attributes.
Subgraph (b) shows the pipeline of fine-tuning LMs on Enhanced Text Attributes generated by TAPTN.

When provided with a reasonably designed ICL architecture such as TAPTN, is the structural
utilization capability of LLMs still inferior to state-of-the-art GNNs on text-attributed graphs?

The performance gap likely arises from systematic biases between the LLMs’ pre-training data and down-
stream dataset labeling standards, rather than TAPTN’s capacity to utilize graph structural information or
unreasonable classification. Therefore, TAPTN remains a viable alternative to GNNs.

Answering this requires a comparison where (i) both sides have access to the same node text encoder, (ii)
both operate over the same edge structure, and (iii) any remaining performance gap can be attributed to
differences in how they use graph structure, not to differences in raw textual capacity or training data.

To support this, we fine-tuned a small-scale language model (LM) using TAPTN-generated enhanced text
attributes to mitigate potential biases. In the control group, we fine-tuned the LM using only the nodes’
original text attributes (TA) and then used the LM-generated embeddings to train various GNNs. Detailed
pipelines for both methods are shown in Figure [6]

4.1 Experiment Setup: Aligning TAPTN and GNN

We consider two moderately homophilic citation graphs with standardized GNN baselines: Cora and Arxiv-
2023. For both datasets, we align the LLM and GNN pipelines around a shared text encoder:

e TAPTN+LM. As shown in Figure @(a), we first run 2-hop TAPTN with DeBERTa as the backend

LLM to generate an enhanced text attribute Ti(2) for each node, using the edge-aware templates
and instructions from Section 8l We then fine-tune DeBERTa as a standard text classifier on these
enhanced texts, using the node labels as supervision. Importantly, during fine-tuning the LM sees
no neighborhood structure—all structural information must be encoded into Ti(Z) by TAPTN’s ICL

stage.

« TA+GNN+LM (control). As shown in Figure [6[b), in the control pipeline, we fine-tune the
same DeBERTa-base LM using only the original text attributes (TA) of nodes, again without any
graph structure. We then freeze this LM and use it to generate node embeddings, which feed into
various GNNs trained on the original graph. Thus, structural information is exploited only by the
GNN (via the adjacency matrix), not by the LM.

o TA+LM and GraphICL+LM. We also include TA+LM (LM classifier on original texts only, no
graph) and GraphICL+LM (GraphICL-style neighborhood descriptions fed directly to the LM, then
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Table 9: Node classification accuracy of TAPTN+LM versus various GNNs trained on TA embeddings across
Cora and Arxiv-2023 datasets. All methods include “+LM” by default. The p-value is from a paired t-test.
TAPTN+LM significantly outperforms TA4+LM by +5.37% (p < 0.01), GraphICL+LM by +1.66% (p <
0.1), and rivals SOTA GNNs, even surpassing many widely used GNNs.

Method Cora Arxiv-2023 p-value

Deberta trained on raw TA embeddings

TA 77.544+2.38 89.5940.62 2.314e-4
Normal GNNs (trained on TA embeddings)

TA+GAT 84.92+1.82 90.56+1.20 2.426e-1
TA+SAGE 84.73+1.44 90.66+0.88 1.630e-1
TA+GATv2 83.95+1.48 90.94+0.26 6.863e-2
TA+GCNII 78.601+2.16 90.94+1.59 4.189¢-3

SOTA GNNs (trained on TA embeddings)

TA+ASDGN 78.23£2.52 90.94£2.17 4.708e-3
TA+RevGAT 84.87£1.54 91.91+£1.45 6.113e-1
TA+DirGNN 85.61+1.81 91.52+1.37 8.669e-1
TA+ACMGNN  81.24+2.30 91.62+0.47 2.087e-2

TA+DMP 33.35+2.48 92.3940.76 2.603e-2
TA+FSGNN 85.98+1.68 92.10£0.72 8.371e-1
TA+GraphSaint 84.82+1.81 89.88+0.47 1.303e-1
TA+DGI 85.10+1.06 93.35+0.24 7.846e-1

TA+APPNP 88.89+1.11 92.00+£1.06 2.681e-1
TA+ChebNet 84.82£1.85 89.60£1.59 1.042e-1

GraphlCL+LM (DeBERTu fine-tuned on GraphlCL-enhanced text)

GraphICL 83.21+£1.96 92.29+1.60 6.550e-2
TAPTN+LM (DeBERTu fine-tuned on TAPTN-enhanced text)
TAPTN 85.15£0.70 93.64+1.25 /

fine-tuned) as baselines, to isolate the contribution of TAPTN’s structured utilization from both “no
structure” and “unstructured structure” controls.

To ensure that TAPTN+LM and TA+GNN-+LM see neighborhoods of comparable depth, we use 2-hop
TAPTN and set the number of graph convolution layers in each GNN to 2. We conducted experiments
on the Cora (Yang et al., [2016) and Arxiv-2023 (Huang et al., |2024) datasets using Deberta-base as the
LM. We evaluated 4 widely used GNN architectures (GAT (Velickovic et all[2017), GraphSAGE (Hamilton
et al., 2017)), ChebNet (Defferrard et al., 2016)), and DGI (Velickovic et al., [2019)) and 10 SOTA GNNs
(GATv2 (Brody et al., |2022), GCNII (Chen et al., [2020), RevGAT (Li et all 2021), ASDGN (Gravina
et al., 2023), DirGNN (Rossi et al} |2024)), ACM-GNN (Luan et al |2022)), DMP (Yang et al., [2021), Graph-
saint (Zeng et al., 2019), FSGNN (Maurya et al.; 2022)), and APPNP (Gasteiger et al.| [2018)).

During LM fine-tuning, no structural information from the neighborhood was provided. Thus, TAPTN+LM
can match the classification performance of TA+GNN+LM only if TAPTN’s ability to leverage neighborhood
structural information is comparable to that of GNNs.

4.2 Results

Table |§| shows that TAPTN+LM significantly outperformed TA4+LM by an average of +5.37% (p < 0.01)
and GraphICL4+LM by +1.66% (p < 0.1) across both datasets. Additionallyy, TAPTN+LM achieved
accuracy comparable to SOTA GNN models like RevGAT, DirGNN, DGI, APPNP, and FSGNN (p
> 0.1). It also significantly outperformed GAT, GCNII, GATv2, ASDGN, ACM-GNN, and DMP by
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+1.25%, +4.07%, +1.54%, +4.40%, +2.88%, and +30.13%, respectively (p < 0.1). TAPTN+LM also out-
performed SAGE, Graphsaint, and ChebNet by +1.29%, +1.80%, and +1.80%, respectively, though not
significantly. These results indicate that TAPTN’s ability to utilize graph structural information is on par
with SOTA GNNs and superior to some widely used GNN architectures and GraphICL.

Because all GNN baselines and TAPTN+LM: (i) use the same DeBERTa-base TA encoder, (ii) train on
the same labels and graph splits, and (iii) have access to the same edge structure, These gains cannot be
explained by more LM parameters or more supervision—both pipelines fine-tune the same LM on the same
label sets. The only difference is that TAPTN+LM fine-tunes on structurally enriched texts produced by
an explicit structure-aware ICL architecture, whereas TA+LM and GraphICL+LM fine-tune on structure-
agnostic or unstructured neighborhood text. In other words, TAPTN’s ICL phase successfully converts edge
structure (including edge directions and local motifs) into textual representations that make downstream
supervised learning easier, even for a relatively small LM. Once equipped with TAPTN-generated structural
representations, the LLM’s ability to exploit graph structure is on par with that of SOTA GNNs. The per-
formance gap is no longer about “LLMs cannot use edges,” but about differences at the level of optimization,
parameterization, and inductive bias—all of which TAPTN-+LM handles surprisingly well despite being built
on an ICL-style textual interface.

4.3 Complementary Evidence from Heterophilic graphs

The comparisons in Table [9] are conducted on homophilic citation graphs. To test whether TAPTN-based
LLMs remain structurally competitive when homophily is low and potentially misleading, we further evaluate
on three malignant heterophilic WebKB datasets (Texas, Wisconsin, Cornell), whose homophily falls in or
near the “mid-homophily pitfall” regime (roughly (0.1,0.3)) where many standard GNNs either fail to benefit
from neighborhood aggregation or degrade due to heterophilic mixing.

We selected 3 SOTA models designed to addressing heterophilic graphs (ACM-GNN (Luan et al., 2022,
DMP (Yang et all [2021) and FSGNN (Maurya et all |2022) as baselines. For normal GNNs, we selected 5
widely used or SOTA models (GAT (Velickovic et al.;,|2017)), ChebNet (Defferrard et al.l|2016), GATv2 (Brody
et al. [2022)), Graphsaint (Zeng et all |2019)), APPNP (Gasteiger et al.l [2018])).

Table [10| reports performance on the three malignant heterophilic datasets. TAPTN+LM achieves 96.13%
average accuracy, exceeding both FSGNN and ACM-GNN by +2.74% on average and outperforming DMP by
+49.87%. This supports our thesis: once equipped with a reasonably designed ICL architecture, LLM-based
predictors can match or surpass specialized GNNs even in the most challenging heterophilic regime.

5 Related Works

ICL-based methods have proven effective in tasks such as Knowledge Graph Question Answering (KGQA)
and topological structure understanding. For example, |(Guo et al.| (2023)) demonstrated that LLMs can
extract basic structural information from adjacency lists, but not whether LLMs can exploit it. [Sun et al.
(2023) showed LLMs performing beam search on knowledge graphs to achieve SOTA KGQA, yet this involved
selecting relevant triplets rather than applying graph structure.

Node classification tasks demand effective extraction and utilization of graph structural information through
ICL. While |Guo et al| (2023 introduced ICL to node classification and found neighborhood information
enhancing performance, their accuracy did not exceed 60%. Similarly, [Hu et al.[ (2023) reported only slight
enhancements or even negative effects when incorporating neighborhood information, with GPT-3.5’s accu-
racy on OGBN-Arxiv and Cora not exceeding 65%.

Research on ICL-based node classification has primarily focused on prompt construction, with limited in-
vestigation into effectively leveraging graph structural information. Existing methods often depend on high-
quality labeling or underperform compared to GNNs. Notably, there are no practical zero-shot ICL-based
node classification methods. [Chen et al.| (2024)) found that adding neighborhood information improves ac-
curacy due to homophily but did not clarify whether it was interpreted as graph structure or linear text.
Das et al| (2023)) compared different modalities, finding text to be most effective, yet the study relied on

21



Under review as submission to TMLR

Table 10: Node classification accuracy (%) on malignant heterophilic WebKB graphs (Texas, Wisconsin, Cor-
nell). We report representative normal GNNs+LM, heterophily-specialized GNNs+LM, and TAPTN+LM.
Avg is the mean over the three datasets.

Method Texas Wisconsin Cornell Avg.

Normal GNNs (trained on TA embeddings)

GAT 71.15 61.54 58.00 63.56
GATv2 73.08 80.00 82.00 78.36
APPNP 80.77 72.31 80.00 77.69
GraphSaint 88.46 78.64 80.00 82.37
ChebNet 78.85 95.38 88.00 87.41
Heterophily-specialized GNNs (trained on TA embeddings)
DMP 38.46 52.31 48.00 46.26
FSGNN 92.31 93.85 94.00 93.39
ACM-GNN 92.31 93.85 94.00 93.39
TAPTN+LM (DeBERTu fine-tuned on TAPTN-enhanced text)
TAPTN+LM  98.08 92.31 98.00 96.13

high-quality labels and did not assess additional benefits from graph structure narratives. \Wang et al.| (2023))
proposed a Retrieval-Augmented Generation (RAG) strategy that outperformed GNNs by creating few-shot
exemplars from similar training samples, but it heavily depended on high-quality annotations, lacking zero-
shot learning capabilities.

As for exploration of LLMs’ ability to leverage graph structural information through ICL, [Huang et al.
(2024) concluding that LLMs treat neighborhood information merely as linear text through rewiring exper-
iments. GraphICL (Sun et al., [2025) systematizes this direction by proposing a unified ICL benchmark and
prompt template for graph reasoning tasks, combining anchor-node text, task description, structure-aware
neighbor texts, and labeled demonstrations. Importantly, its ablations highlight that selecting homogeneous
neighbors/demonstrations (e.g., most similar or class-aligned) often contributes the largest portion of per-
formance gains, which can reinforce the interpretation that “structure helps mainly as a retrieval mechanism
for homophilic texts”. However, their methodology was flawed: the absence of performance changes after
removing structural descriptions might reflect high homophily rather than an inability to leverage graph
structure. The prompt templates they use do not encode edge semantics, and the ICL framework they
employ lacks a dedicated mechanism for handling lengthy multi-hop neighborhood contexts and performing
graph-structure reasoning. |Xu et al.| (2025|) points out that when LLMs are used as the backbone network,
the structural signals encoded by GNNs do not provide any benefit and may even be detrimental. How-
ever, they overlooked exploring whether LLMs can understand and utilize the structural information of text
attribute graphs within the text space through a specific ICL framework.

6 Conclusion

This work revisits the central question: Can general-purpose LLMs genuinely leverage graph struc-
tural information in text-attributed graphs via ICL, once we remove confounding factors and
endow them with an architecture explicitly designed for structural reasoning? Our answer is
affirmative.

First, by moving away from high-homophily citation graphs and instead operating on low-homophily WebKB
datasets with carefully controlled rewiring, we demonstrate that LLMs are inherently sensitive to graph
structure. Flipping first-order edge directions produces consistent and often substantial accuracy drops
across seven diverse LLMs, with structural sensitivity strongly correlated with model capability. Extreme
two-hop rewiring yields smaller but still universal degradation, with sensitivity more uniform across models
due to the coarse, count-based representation of second-order neighborhoods. In all cases, node texts and
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label distributions are held fixed, so performance differences can only be explained by changes in how the
models interpret connectivity patterns, not by differences in homophilic neighbor texts. The main barriers
to harnessing this latent structural ability are architectural rather than inherent: traditional GraphICL
prompts linearize large ego-networks, lacking a dedicated mechanism for graph structure reasoning and
handling lengthy multi-hop neighborhood contexts, and suffering from inconsistent adherence to correct
graph structure utilization method.

Second, we show that TAPTN addresses these issues by (i) encoding first-order neighborhoods with a
structure-aware template that foregrounds edge directions and roles, (ii) iteratively passing and summariz-
ing textual “messages” to build multi-hop representations, and (iii) stabilizing reasoning with self-generated
step-by-step instructions at each aggregation and classification step. Experiments on five TAG benchmarks
confirm that TAPTN consistently and substantially improves over zero-hop CoT and GraphICL-style base-
lines, with gains growing when moving from 1-hop to 2-hop neighborhoods and being especially pronounced
on malignant heterophilic graphs, where homophily-based heuristics are ineffective. Ablation studies further
show that naive self-reflection cannot reproduce these gains, whereas structured aggregation and instructions
together provide stable benefits and convert structural sensitivity into reliable accuracy improvements.

Third, by aligning LLM and GNN pipelines around the same DeBERTa text encoder, we show that TAPTN’s
structural utilization capability is competitive with state-of-the-art GNNs. Fine-tuning an LM on TAPTN-
enhanced texts (TAPTN+LM) yields performance that matches or exceeds many widely used architectures
(e.g., GAT, SAGE, ChebNet) and is statistically indistinguishable from several strong SOTA models on
homophilic citation graphs, while clearly outperforming both normal and heterophily-specialized GNNs
on malignant WebKB datasets. Since all methods share the same encoder, labels, and edge structure,
the remaining gap cannot be attributed to lacking access to structural information; instead, TAPTN+LM
demonstrates that an ICL-style textual interface is sufficient to exploit graph structure information, including
edge semantics and local topology as effectively as dedicated graph neural networks.

Taken together, these results overturn the view that LLMs “cannot use graph structure” in TAG node
classification. Rather, prior negative findings largely stem from homophily-centric datasets and prompt
designs that obscure structural cues. Once these confounders are removed and an architecture like TAPTN is
introduced to expose and guide structural reasoning, general-purpose LLMs not only exhibit clear structural
sensitivity but also translate it into competitive downstream performance. This suggests a practical path
forward: instead of replacing graph models outright, we can embed graph structural reasoning into LLM-
centric workflows, using TAPTN-style ICL as a zero-shot or low-supervision alternative when labels are
scarce, and as a complementary structural encoder when integrating with traditional GNNs. Future work
includes extending TAPTN beyond node classification to link prediction and subgraph-level tasks, learning
or optimizing instruction policies, and further reducing computational cost for very large graphs, thereby
broadening the range of applications where LLMs can serve as structure-aware graph learners.
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A Time Complexity Analysis and Experiments

TAPTN’s complexity depends on LLM operations, where output sequence of a node includes LLM-generated
categorization and reasons for it while input sequence of a node in the (14-1)-th iteration consists of enhanced
text attributes of its first-order neighbors (including original attributes and LLM-outputs of the I-th itera-
tion). For a specific graph, the enhanced text attributes and outputs length of a node float around fixed
values p, g respectively. According to Keles et al.|(2023), time complexity for a self-attention based model
to output a sequence of m tokens is:

Ty, = O(d-m - n?), (11)

where d is the number of self-attention layers, which is a constant for a specific model.

Thus, for a graph G = (V,E), where V,E is nodes and edges set of G respectively, TAPTN’s per-node
complexity is:

O(m -n?) = 0(q- <|'5'p+ 2. (12)

As there are |V| nodes in G, the time complexity for a single iteration is:

o(v Bl 2y (Bl | 13
(V-4 (p+0)") = O + [B), (13
For L iterations, it becomes O((% + |E|) - L). For dense graphs, this scales as O(|V|? - L), manageable for

small-to-medium graphs, and for large sparse graphs which more common in real applications, it simplifies
to O(|V| - L). Additionally, as the context window of a specific LLM is limited, when a graph is become so
dense that first-order neighborhood descriptions of an average node exceed context window, only a constant
number C' neighbors will be chosen. In this case, |E| = C|V|, so its time complexity also simplifies to
O(|V|- L). In conclusion, the time complexity of TAPTN is O(|V|- L), making TAPTN a efficient zero-shot
learning algorithm.
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B Prompts Templates, Neighborhood Description Templates, Task Descriptions and
Step-by-step Instruction

B.1 Prompts Templates

Prompts Templates

Task Description Head)]
Step-by-step Instruction]
Neighborhood Description]
Task Description Ending].

[
[
[
[

B.2 Neighborhood Description Templates

The structure-aware neighborhood description template for Cora and Arxiv-2023 is listed as below:

Structure-Aware Template for Citation Graphs

#### Paper #4f4t7#

[content description of the target paper]

H#H#H#H# Citations H#HH#FH

The paper has following citations:

[content description of each citation]

H#### References #H#HH

The paper has following refernces:

[content description of each reference]

, where the content of a paper is described as below:
#4444 [paper Number] ##-4

#4 Abstract ##

[Jabstract)

## Title ##

[title]

Citations Number: [citations number]

References Number: [references number]

## Initial categorization ##

[initial categorization]

#+4 Reasons for initial categorization ##

[reasons for initial categorization]

, where paper number describes the relation between the described paper and the target paper (for
example, Citation 1). For the first iteration, there won’t be the "initial categorization" and "reasons
for initial categorization" parts.

The neighborhood description template for Texas, Wisconsin, Washington and Cornell for rewiring experi-
ment in Section [2]is listed as below:

Neighborhood Description Template for WebKB Graphs (Rewiring Experiments)

##4+4 Webpage ###

#+# Incoming links number #+#
[Jincoming links number]

## Outgoing links number ##
[outgoing links number]

URL: [URL)
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#+4#+4 It has inbound links from following webpages: ####

[description of inbound link]

#+#4#4# It has outbound links to following webpages: #HHHH

where a linked webpage is described as below:

### [Webpage Number| ###

It has outbound link to webpage [URL], which is a [|category] page with content abstract as below:
[content abstract], with link pattern as belows: [link pattern]

, where the content abstract part is only added when its category is "other", and the link pattern
part is described as below:

Inbound links by category:

[category]: [number of second-order neighbors linking to this webpage belonging to each category]
Outbound links by category:

[category]: [mumber of second-order neighbors linked from this webpage belonging to each category].

The target page itself is not involved in these link pattern. If a first-order page has no hyperlinks except the
target page, its link pattern is recorded as "private resource'.

The structure-aware neighborhood description template for Texas, Wisconsin, Washington and Cornell for
TAPTN in Section [l is listed as below:

Structure-Aware Template for Citation Graphs (TAPTN)

## Incoming links number ##

[Jincoming links number]

#+4 Outgoing links number ##

[outgoing links number]

URL: [URL]

Content Abstract: [content abstract of the target webpage]
## Initial categorization ##

[initial categorization]

#+ Reasons for initial categorization #+#

[reasons for initial categorization)]

#4#4#4# It has inbound links from following webpages: ####
[description of inbound link]

#44#4 1t has outbound links to following webpages: #HHHH
The paper has following refernces:

[description of each outbound link]

where a linked webpage is described as below:

It has inbound/outbound link from/to webpage [URL] with content abstract as below: [content
abstract].

#+# Initial categorization ##

[initial categorization]

#+# Reasons for initial categorization #+#

[reasons for initial categorization)].

For the first iteration, there won’t be the "initial categorization" and "reasons for initial categorization" parts.

B.3 Task descriptions

Task descriptions used for Cora are listed as below:
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Task Description Head for the First Iteration (Cora)

Please predict the 2 most appropriate categories for the paper based on the titles and abstracts of the
paper itself as well as its references and citations. Choose from the following categories: [candidate
options]

Task Description Head for Other Iteration (Cora)

Further revise the initial categorization for the paper. Choose the most appropriate category for
the paper from the following categories:[candidate options|Now, apply this method to the following
paper. If multiple options apply, ensure these options are sorted from the most relevant to the least
relevant.

Task description ending (Cora)

H#H#H#H#Question#H##HH##: Predict the 2 most appropriate category for the paper. For each category
you predict, give a relevance score from 0 and 1. Make double choices from the given list of categories:
[candidate options]. Answer: Let’s think step by step.

Task Description for Parser (Cora)

Please extract the most appropriate category for the paper. Make single choise from the following
categories: [candidate options]. Answer:

Task descriptions used for Arxiv-2023 are listed as below:

Task Description Head for the First Iteration (Arxiv-2023)

Predict the 2 most appropriate arXiv Computer Science (CS) sub-category for the paper based on
the titles and abstracts of the paper itself as well as its references and citations. Choose from the
following categories: [candidate options]. The predicted sub-category should be in the format ’cs. XX".

Task Description Head for Other Iteration (Arxiv-2023)

Further revise the initial categorization for the paper. Predict the 2 most appropriate arXiv Computer
Science (CS) sub-category for the paper. The predicted sub-category should be in the format ’cs. XX".
Now, apply this method to the following paper. The predicted sub-category should be in the format
’cs. XX If multiple options apply, ensure these options are sorted from the most relevant to the least
relevant.

Task description ending (Arxiv-2023)

H#H#H#H#QuestionFH#H##: Predict the 2 most appropriate category for the paper. For each category
you predict, give a relevance score from 0 and 1. Make double choices from the given list of categories:
[candidate options]. Answer: Let’s think step by step.

Task Description for Parser (Arxiv-2023)

Please extract the refined most appropriate category for the paper. Choose from the following cate-
gories: [candidate options]. Answer:

Task descriptions used for Texas, Wisconsin, Washington and Cornell are listed as below:
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Please predict the 2 most appropriate categories for the webpage based on the URL and category
of the webpages which the target page has outbound links to or has inbound linked from (for the
non-main-page or resource pages labeled as ’other’ within these webpages, their content abstract will
be attached in addition) as well as the link pattern (inbound and outbound hyperlinks) of the target
webpage. Choose from the following categories: [candidate options].

Please predict the 2 most appropriate categories for the webpage based on the URL and content
abstract of the webpage as well as its linked pages which the target page has outbound links to or
has inbound links from. Choose from the following categories: [candidate options].

H#H#H#H#Question#H###: Predict the 2 most appropriate categories for the webpage with URL: . For
each category you predict, give a relevance score from 0 and 1. Make double choices from the given
list of categories: [candidate options|. Answer: Let’s think step by step.

Please extract the category with highest relevance score for the webpage. Make single choise from
the following categories: [candidate options]. Answer:

B.4 Step-by-step instructions

The step-by-step instruction used for Cora and Arxiv-2023 in the first iteration is listed as below:

Step-by-step Instruction for the First Iteration (Citation Graphs)

Choosing the most appropriate category for a paper based on the titles and abstracts of the paper
and its references and citations involves a process of identifying key themes, methods, and subject
areas. Here is a structured approach to help you categorize a paper:

1. **Understand the Categories™*: First, familiarize yourself with the predefined list of categories
available. Understand what each category entails, including the typical methodologies, subject areas,
and scopes covered by each.

2. **Analyze the Paper’s Abstract and Title**:

- **Keywords and Phrases™*: Identify key terms and phrases in the title and abstract. These often
indicate the central themes and the discipline.

- **Objective and Approach**: Look for statements about the paper’s main objectives and the meth-
ods used. This can give clues about whether the paper is theoretical, empirical, review-based, etc.

- **Subject Area**: Determine which area of study the paper belongs to based on the problems
addressed and the context provided.

3. **Examine References™*:

- **Reference Sources™: Review the titles and abstracts of the cited papers. Papers often cite sources
within the same or a closely related field.

- **Patterns in Citations®*: Note any recurring themes or predominant disciplines in the citations.
This can indicate the community and academic discourse the paper is engaging with.

4. **Check Citations to the Paper**:

- *¥*Citing Papers’ Focus**: Look at what aspects of the paper are being cited by other authors and
in what context. This might provide insights into the paper’s contributions and relevance in specific
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fields.

5. **Synthesize the Information™*:

- ¥*Majority Rule**: If the majority of references and citations belong to a particular category, there’s
a good chance the paper fits there too.

- **Consistency Check**: Ensure the identified category aligns with the paper’s objectives and meth-
ods.

- **Broader Context**: Consider if the paper might be interdisciplinary and whether it should be
categorized under a more general or specific field based on its breadth and focus.

6. **Make a Decision**:

- **Best Fit**: Choose the category that best captures the essence of the paper based on the synthesis
of the above steps.

- **Fallback Option**: If unsure, lean towards a broader category that encompasses multiple aspects
of the paper.

7. *Document the Reasoning**: It’s useful to keep notes on why you categorized the paper in a
certain way, especially if the decision was not straightforward. This helps in maintaining consistency
when categorizing other papers.

8. **Final Check**: After final decision, review the reasoning process and final categorization care-
fully and identify any factual errors, inconsistencies, or missing important information. If you find
any issue, please fix it accordingly to ensure it logically fits with its content and its scholarly context.
This final check ensures that the category reflects the paper’s contributions and themes accurately.
This method relies heavily on critical thinking and a good grasp of the subject areas represented in
your category list. It requires an analytical approach to text and the ability to discern patterns and
themes from limited information.

The step-by-step instruction used for Cora and Arxiv-2023 in other iterations is listed as below:

Step-by-step Instruction for Other Iteration (Citation Graphs)

To further revise the categorization of a paper based on the citation network and the initial catego-
rizations, follow this structured method:

1. **Examine the Citation Network™*:

- ** Analyze Connections**: Look at how the paper is connected within the citation network. Identify
whether it is primarily citing or being cited by papers within specific categories.

- **Identify Influential Papers**: Determine which papers in the citation network are highly influen-
tial or frequently cited. These papers can often guide you towards the core category of the subject
matter.

2. **Compare Initial Categorizations**:

- **Consistency Check**: Check if the initial categorizations of the papers within the citation net-
work align with the initial categorization of the target paper. A strong alignment suggests a correct
initial categorization.

- M*Majority Rule**: If the majority of the papers in the citation network belong to a particular
category, this might indicate the central focus area for the target paper.

3. **Review Reasoning for Categorizations™*:

- **Justifications**: Evaluate the reasons given for the initial categorizations of the papers in the
citation network. Strong, well-articulated justifications can help validate the categories.

- **Identify Common Themes**: Look for common themes in the reasoning provided. If similar
reasons are repeatedly used for categorizing papers into a specific category, this strengthens the case
for that category.

4. **Cross-Referencing Themes**:

- **Abstract and Title Analysis®*: Re-examine the abstracts and titles of the target paper and the
papers in its citation network. Look for shared keywords, phrases, and thematic overlaps.

- **Methodologies and Approaches**: Compare the methodologies and approaches described in the
abstracts. Similar methods often indicate similar categorical alignment.
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5. **Consider the Influence of Interdisciplinary Connections™*:

- **Broader Context**: Determine if the paper spans multiple disciplines. If it does, consider which
categories are most relevant based on the depth and focus of the interdisciplinary connections.

- **Primary vs. Secondary Categories**: If the paper is highly interdisciplinary, you might need to
choose a primary category that best represents the core contribution and a secondary category for
the supporting discipline.

6. **Iterative Adjustment**:

- **Re-Evaluate Initial Judgment**: Based on the analysis of the citation network and the compar-
isons made, re-evaluate the initial categorization.

- **Revise if Necessary**: Adjust the category if the evidence from the citation network strongly
supports a different categorization.

7. **Final Decision**:

- **Best Fit Category™*: Choose the category that now seems to best capture the essence of the
paper, considering the additional information from the citation network.

- **Document the Revision™*: Make notes on why the revision was made, including the influence of
the citation network and any key papers that led to the change in categorization.

8. **Final Review**:

- **Self-Check™*: Review the analysis process and the final categorization decision carefully and
identify any factual errors, inconsistencies, or missing important information. If you find any issue,
please fix it accordingly to ensure that the analysis process is logically correct and fitting with the
paper itself as well as its citation network, the final categorization decision aligns with the overall
analysis and that the paper is placed where it best fits within the academic landscape.

By systematically analyzing the citation network and considering the broader context provided by the
initial categorizations and reasons, you can refine and improve the judgment of the most appropriate
categories for the paper. This approach ensures that the categorization is robust, well-justified, and
reflective of the paper’s true academic context.

The step-by-step instruction used for Texas, Wisconsin, Washington and Cornell is listed as below:

Step-by-step Instruction (WebKB Graphs)

To classify these pages manually without the aid of a machine learning model, you can follow a
systematic approach by analyzing the available data (link patterns and content abstracts for "other"
pages). Here’s a step-by-step guide to help you with the classification process:

##4# Step 1: Analyze Link Patterns

Link patterns can provide significant clues about the category of a webpage. Consider both the in-
bound and outbound links:

1. **Inbound Links:**

- **From Faculty Pages:** Indicates the target page may be important for faculty members, possibly
related to faculty, projects, or research. Somtimes students also have single inbound link from faculty.
- **From Student Pages:** Indicates relevance to students, potentially a course, faculty, department,
or project page.

- **From Course Pages:** Likely indicates a relationship with academic courses for example, faculty,
student or course materials. - **From Department Pages:** May suggest the page is important for
the entire department, possibly an administrative or project page.

- ¥*From Staff Pages:** Could imply relevance to staff-related activities.

- **From Project Pages:** Suggests involvement in specific projects, may be faculty or students.

- **From Other Pages:** Determine according to the content of this "other" page. For example,
inbound links from webpages that list information of graduate students (such as student directories)
indicate it’s a student page, inbound links from course list indicate it’s a course page, etc.

2. **Qutbound Links:**

- **To Faculty Pages:** The target page could be related to faculty activities or information, for
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example, it may be a student page the faculty is supervising, the project page the faculty is leading,
or the course page the faculty is teaching, etc.

- **To Student Pages:** The target page might be course, faculty pages, or it providing resources or
information useful/related to students such as students directories.

- ¥*To Course Pages:** Likely to be faculty /student pages as teacher/TA, or it is related to academic
content or course information.

- **To Department Pages:** The personal mainpages (staff/faculty/student) has outbound links back
to department mainpage. It indicates a broader departmental focus if it’s an "other" page.

- **To Staff Pages:** Might be providing staff-related resources or information.

- **To Project Pages:** Suggests the target page is project-related, for example, it’s a faculty page
or student page as a participant.

- **To Other Pages:** Consider the content of the "other" page to infer the target page’s category. For
example, outbound links to research publications indicate a faculty/student page, outbound links to
miscellaneous personal content indicate a student page, outbound links to administrative documents
indicate a staff page, outbound to course materials indicate a course page, etc.

#4# Step 2: Content Abstract Analysis (for "Other" Pages)

For pages labeled as "other" with attached content abstracts, examine the abstracts closely to under-
stand the primary focus of the page. Look for keywords and phrases that indicate:

- **Academic Terminology:** Course names, academic terms, syllabus details, etc., indicate course
pages.

- **Research Terminology:** Research interests, publications, projects, etc., suggest faculty or project
pages.

- **Administrative Language:** Departmental policies, staff roles, administrative announcements,
etc., indicate department or staff pages.

##+# Step 3: Contextual Linking and Category Inference

Integrate the insights from link patterns and content abstracts to infer the category:

1. **Faculty Pages:**

- High number of inbound links from course, project, students or other faculty pages.

- Outbound links to research interests, publications, projects related content, courses related content
or departmental resources. Sometimes to student pages.

2. **Student Pages:**

- Inbound links from course, project or other student pages. Often with an inbound link from web-
pages that list information of graduate students (such as student directories). Sometimes a single
inbound link from faculty page.

- Outbound links to course-related content, project related content, faculty members or miscellaneous
personal content. Sometimes with a single outbound link to department mainpage.

3. **Course Pages:**

- Inbound links from student pages or faculty pages.

- Outbound links to faculty members, students, syllabi, and academic resources.

4. **Department Pages:**

- High number of inbound links from all categories (faculty, student, staff, etc.).

- Outbound links to department-wide resources (including content related to research, students, fac-
ulty, course, administrative, etc.).

5. **Staff Pages:**

- Inbound links from departmental or faculty pages.

- Outbound links to administrative documents, departmental resources.

6. **Project Pages:**

- Inbound links from faculty and student pages.

- Outbound links to research-related content, publications, participants (faculty/student) and exter-
nal resources.

7. **Other Pages:**

- Typically have content abstracts attached.
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Table 11: The detailed statistics of the datasets used in experiments. Train/Eval/Test splitting is not appli-
cable for Washington and Amazon datasets, as they are not used for LM fine-tuning. For Texas, Wisconsin
and Cornell datasets, the three parts splitted by slashes are number of nodes for rewiring experiments in
Section [2] ICL-based methods in Section [3|and finetuned LMs in Section [ respectively.

Datasets #Nodes F#Edges #Train Nodes #Eval Node F#Test Node

Cornell 800 1625 0/0/149 0/0/50 247/248 /49
Texas 788 1731 0/0/154 0/0/51 953,/256/51
Washington 1119 2372 / / 257
Wisconsin 1208 3464 0/0/193 0/0/64 314/321/64
Cora 2708 5429 270 542 542
Arxiv-2023 2389 5153 1124 287 315
Amazon 13482 37522 / / 400

- Serve as auxiliary pages linked primarily to a main category page (faculty, student, etc.).

### Step 4: Cross-Verification

Verify your initial classification by cross-referencing with multiple link patterns and content abstracts.
If a page seems ambiguous, check the link patterns again and reassess based on the most frequent
category of linking pages.

#4444+ Step 5: **Final Review**:

Review the analysis process and the final category carefully and identify any factual errors, inconsis-
tencies, or missing important information. If you find any issue, please fix it accordingly to ensure
that the analysis process and the final category of target page are logically correct and fitting with
its context.

By carefully analyzing the link patterns and content abstracts, you can systematically classify the
webpages into their respective categories.

C Detailed Description of Datasets Used in Our Research

The detailed descriptions of the datasets used in this paper are as below:

e WebKB dataset: Consisting of Cornell, Texas, Washington and Wisconsin. This data set contains
WWW-pages collected from computer science departments of various universities in January 1997 by
the World Wide Knowledge Base project of the CMU text learning group. The pages were manually
classified into the 7 categories: student, faculty, staff, department, course, project and other. The
class other is a collection of pages that were not deemed the "main page" representing an instance
of the previous six classes. For example, a particular faculty member may be represented by home
page, a publications list, a vitae and several research interests pages. Only the faculty member’s
home page was placed in the faculty class. The publications list, vitae and research interests pages
were all placed in the other category. We just evaluate different methods on the first 6 categories
as the intra-class similarities of both hyperlink pattern and content of pages in "other" category are
weak, thus they can be categorized as pages in the first 6 categories reasonably. What’s more, since
most of the pages are labeled as "other", Differences in the classification performance of pages in
the first 6 categories will have almost no impact on total accuracy if pages in "other" category are
evaluated.

e Cora dataset: The Cora dataset consists of scientific papers categorized into different classes. The
primary data structure includes a citation graph where each node represents a paper, and each
directed edge represents a citation from one paper to another. The dataset includes both the text
content of the papers (which is typically represented as a bag-of-words) and the citation relationships
between them. The Cora dataset was originally constructed by McCallum et al.| (2000) as part of
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Table 12: The detailed architectures of each GNNs. The hidden dims of SAGE and GAT are set to 1024 as
their fitting abilities are not as powerful as SOTA GNNs. Number of convolutional layers of all GNNs are
set to 2, ensuring the order of neighborhood they consider are the same as TAPTN. "/" means this item is
not applicable.

GNN Hidden Dim #Layers Special Architecture

GAT 1024 2 Number of heads is set
to 8.

SAGE 1024 2 /

GATv2 128 2 /

GCNII 128 2 /

ASDGN 128 2 We select GAT as its
aggregation  function.
In ASDGN, the hidden
dim are the same as
input dim, so we first
map the inputs to the
hidden dim using MLP.

RevGAT 128 2 /

DirGNN 128 2 The basic covolutional
layer we select are GCN.

APPNP 128 2 The teleport probability
is set to 0.1.

DGI 128 2 We select GCN with
hidden dim 128 as the
encoder, and mean func-
tion as readout function.

ChebNet 128 2 Chebyshev filter size is
set to 3.

Graphsaint 128 2 Implemented by GATv2
combining a Graphsaint
random walk sampler.

DMP 128 2 /

FSGNN 128 2 /

ACM-GNN 128 2 /

their work on citation indexing and clustering. The papers were collected from the research literature
on topics like machine learning, data mining, and other related fields. The papers were manually
categorized into 7 classes based on their research topics, specifically Case-Based, Genetic Algorithms,
Neural Networks, Probabilistic Methods, Reinforcement Learning and Theory.

e Amazon dataset: This dataset is a node classification dataset that originates from a large Amazon
product co-purchasing network. Each node in the graph represents a product, and an edge between
two nodes signifies that the two products are frequently purchased together. The dataset includes
products categorized into 47 top-level categories on Amazon platform. This dataset was initially
introduced by [Yang & Leskovec| (2012) with primary goal of developing a heuristic parameter-free
community detection method that easily scales to networks with more than hundred million nodes.
The dataset used in our work is a connected component consist of 13482 nodes.

o Arxiv-2023 dataset: This dataset was constructed by Huang et al.| (2024]). They sampled 668 test
nodes from about 46,000 arXiv CS papers published between January 1 and August 22, 2023,
and extracted references to identify one-hop and two-hop neighbors by searching for valid arXiv
IDs and titles via the arXiv API. To comply with API rate limits, each paper was limited to
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Table 13: Hyper-parameters for training GNNs and fine-tuning LMs. The values in the brackets in the third
column are the special setting for training RevGAT on the Cora dataset, where normal hyper-parameters
didn’t perform well. "/" means this item is not applicable.

Parameter LM GNN
Learning Rate 2.02e-5 0.01 (0.002)
Weight Decay 0.0 0.0
Dropout 0.3 0.0 (0.5)
#Training Epochs 15 200
Batch Size 4 /

Early Stop Patience / 50
Attention Dropout 0.1 /
Classifier Dropout 0.4 /

30 searches, and unmatched pre-2019 papers were excluded. Using this data, they constructed a
citation network, where one-hop references were identified through both arXiv ID matching and
title searching, and two-hop references were determined solely by arXiv ID matching. Dataset
statistics reveal similar test node degrees between ogbn-arxiv and arxiv-2023. We selected a subgraph
consisting of 7 categories for evaluation (specifically, "cs.GT", "cs.MA", "cs.RO", "cs.NE", "cs.IR",
"cs.SI", "cs.CY"), then edges that contains nodes that not belong to these categories were deleted,
finally we removed nodes with no neighbors. The consideration for the categories selection include
that nodes number of these categories are close to each other, and their connotation partially overlap,
ensuring a classification method must understand the semantic of every category precisely to achieve
a good performance.

The detailed statistics of the datasets we used are presented in Table

D Detailed Setting of Experiments in Section [4]

We evaluated LMs fine-tuned on enhanced text attributes generated by TAPTN and other GNN-based
models trained on original text attributes for multiple runs (4 runs for Cora and 3 runs for Arxiv-2023). The
details of the GNNs’ architectures are shown in Table

The hyper-parameters for training GNNs and fine-tuning LMs are shown in Table As our training
pipelines are modified based on the programs provided by He et al.| (2023), their training hyper-parameters
are also adopted by us.

E Details of Rewiring Methods Used in Former Researches

“Random” keeps 1-hop neighbors and randomly connects 2-hop neighbors to 1-hop neighbors; “extreme”
retains 1-hop neighbors and connects all 2-hop neighbors to a random 1-hop neighbor; “Path” randomly
connects all 1-hop neighbors into a path, as shown in figure [7]

F Discussion about Over-smoothing

TAPTN should suffer much less than MPNNs, but we can’t prove that. According to (Rusch et al.l 2023),
the over-smoothing at the n-th layer are measured by the Dirichlet energy, i.e. average Euclidean distance
between embeddings of the central nodes and its 1-order neighbors. As TAPTN doesn’t follow homophilic
hypothesis (similar to ACM-GNN (Luan et all [2022), which can possibly extract dissimilar neighborhood
information), it won’t make Dirichlet energy approach 0, meaning it won’t over-smoothing frequently. And
Transformer has residual connections and normalization layers, which can alleviating over-smoothing (Rusch
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Figure 7: Example of rewiring 2-hop neighborhood for node 1 on texas dataset. “Random” keeps 1-hop
neighbors and randomly connect 2-hop neighbors to 1-hop neighbors; “extreme” keeps 1-hop neighbors and
connects all 2-hop neighbors connect to a random 1-hop neighbor; “Path” randomly connects 1-hop neighbors
as a path.

2023). However, as a method designed mainly for closed-source LLMs, we can’t access the embeddings
to evaluate it.
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