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Abstract
The integration of Graph Neural Networks (GNNs) with Large Language Models (LLMs) has emerged as a
promising paradigm for Graph Question Answering (GraphQA). However, effective methods for encoding complex
structural information into the LLM’s latent space remain an open challenge. Current state-of-the-art architectures,
such as G-Retriever, typically rely on standard GNNs and aggressive mean pooling to compress entire graph
substructures into a single token, creating a severe information bottleneck. This work mitigates this bottleneck by
investigating two orthogonal strategies: (1) increasing the bandwidth of the graph-to-LLM interface via multi-token
pooling, and (2) enhancing the semantic quality of the graph encoder via global attention mechanisms. We
evaluate a suite of hierarchical pruning and clustering-based pooling operators—including Top-k, SAGPool,
DiffPool, MinCutPool, and Virtual Node Pooling (VNPool) to project graph data into multiple learnable tokens.
Empirically, we demonstrate that while pooling introduces significant instability during soft prompt tuning, the
application of Low-Rank Adaptation (LoRA) effectively stabilizes specific hierarchical projections (notably VNPool and
pruning methods), though dense clustering operators remain challenging. This stabilization allows compressed
representations to rival full-graph baselines (achieving ∼73% Hit@1 on WebQSP). Conceptually, we demonstrate
that a Graph Transformer with VNPool implementation functions structurally as a single-layer Perceiver IO encoder.
Finally, we adapt the FandE (Features and Edges) Score to the generative GraphQA domain. Our analysis
reveals that current the GraphQA benchmark suffer from representational saturation, where the target answers
are often highly correlated with isolated node features. The implementation of our experiments is available at
https://github.com/Agrover112/G-Retriever/tree/all_good/.

Keywords: Knowledge Graphs, Large Language Models, GraphRAG, Graph Neural Networks, Graph Pool-
ing, LoRA

1. Introduction

The integration of structured knowledge graphs with
the reasoning capabilities of Large Language Mod-
els (LLMs) represents a critical frontier in modern
Artificial Intelligence. By grounding generative mod-
els in factual, relational data, researchers aim to
mitigate hallucinations and enable complex reason-
ing over domain-specific knowledge. However, as
graph-based data scales in both size and complex-
ity, the interface between graph-structured data and
the sequential nature of LLMs remains a fundamen-
tal challenge that dictates the quality of downstream
reasoning.

Current Graph Retrieval-Augmented Generation
(GraphRAG) systems, exemplified by G-Retriever
(He et al., 2024), typically employ a retrieve-and-
project paradigm. In this setup, relevant subgraphs
are encoded by a Graph Neural Network (GNN)
and compressed into a single latent token via mean
pooling to prompt the LLM. While computationally
efficient, this aggressive compression creates a se-
vere information bottleneck. By collapsing an entire
graph topology into a single vector, these systems
frequently discard the fine-grained structural nu-
ances and multi-hop relationships necessary for
complex Graph Question Answering (GraphQA). To

bypass this bottleneck, alternative approaches at-
tempt to textualize the entire graph structure into the
LLM’s context window (e.g., as edge-lists). While
this preserves raw data, it introduces a new set
of failures: excessive token consumption, "context
rot" where structural noise overshadows relevant
data, and a failure to recall global topology, leading
to hallucinated relationships. This tension defines
a clear gap in the state-of-the-art: we lack an ex-
pressive yet concise interface that bridges the gap
between single-token over-compression and full-
graph over-textualization.

In this paper, we propose a novel middle ground:
multi-token hierarchical graph pooling. We investi-
gate whether projecting graph data into a sequence
of K learnable tokens can preserve the structural
fidelity required for reasoning without the overhead
of full textualization. We specifically address the
optimization challenges inherent in this approach,
demonstrating that while complex pooling operators
are unstable under standard Soft Prompt Tuning,
they can be effectively stabilized using parameter-
efficient adapters.

Finally, we validate our approach on competitive
benchmarks, showing that our method allows com-
pressed representations to rival full-graph base-
lines achieving ∼73% Hit@1 on WebQSP). To en-

https://github.com/Agrover112/G-Retriever/tree/all_good/
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Figure 1: The proposed Multi-Token Graph Pooling Framework. Dotted lines indicate alternate pooling
methods for generating tokens.Current GraphRAG systems compress subgraphs into a single token by
mean pooling or use node-level positional embeddings as tokens. Using hierarchical Clustering and
Pruning operators to project the graph into a rich sequence of k soft tokens (yellow squares with colored
borders) preserve structural fidelity better than simple linearization while remaining more efficient than full
textualization.

sure the soundness of our evaluation, we adapt
the FandE (Features and Edges) score to reveal
representational saturation in current benchmarks.
Our main contributions are:

• Taxonomy of Pooling Operators: We sys-
tematically evaluate Top-k, SAGPool, DiffPool,
MinCutPool, and Virtual Node Pooling (VN-
Pool) for GraphQA, characterizing the stability-
performance trade-off.

• Stabilized Training Recipe: We demonstrate
that LoRA adapters provide the necessary flexibil-
ity to map specific hierarchical graph signals (e.g.,
VNPool) into the LLM’s semantic space, largely
resolving the convergence issues of frozen back-
bones, though dense clustering operators remain
unstable.

• Diagnostic Metric (FandE): We quantify bench-
mark saturation on our evaluated datasets, re-
vealing that they often suffer from high redun-
dancy between node features and structural sig-
nals.

2. Related Work

Graph Encoding Paradigms. The integration
of structured knowledge into LLMs has evolved
through two primary lineages. The first, estab-
lished by Fatemi et al. (2024), focuses on textual
prompting, where graph topology is linearized into
edge lists. While interpretable, this approach faces

severe scalability bottlenecks due to the context
window limits of LLMs.

The second lineage, pioneered by Perozzi et al.
(2024) and optimized by the G-Retriever frame-
work (He et al., 2024), introduced soft-prompting
via Graph Tokens. In these architectures, a GNN
encoder projects graph substructures into contin-
uous vectors that bypass the tokenizer. However,
current state-of-the-art methods typically rely on
aggressive mean pooling to compress entire sub-
graphs into a single token, creating an information
bottleneck. While node-level alignment models like
LLaGA (Chen et al., 2024) retain full granularity,
they result in long prompt sequences. Our work tar-
gets the middle ground: hierarchical compression
that projects subgraphs into a compact sequence
of k tokens. Crucially, we also address recent cri-
tiques by Petkar et al. (2025), who argue that many
Graph-LLMs ignore these structural tokens in favor
of textual shortcuts.

Graph Pooling in RAG. Differentiable pooling
is a staple of geometric deep learning, with meth-
ods ranging from sparse selection (SAGPool (Lee
et al., 2019)) to dense clustering (DiffPool (Ying
et al., 2018)). Recently, these mechanisms have
been adapted for Retrieval-Augmented Genera-
tion (RAG). Notably, Agrawal et al. (2025) utilized
global pooling to weigh graph segments dynam-
ically. However, their approach employs pooling
strictly during the retrieval stage to compute scalar
relevance scores. In contrast, our work investigates
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pooling during the generation stage, utilizing opera-
tors to project topology into a rich sequence of soft
prompts that guide the LLM’s reasoning process.

Parameter-Efficient Adaptation for Graphs.
Fine-tuning the entire LLM for graph tasks is of-
ten computationally prohibitive. Consequently,
Parameter-Efficient Fine-Tuning (PEFT) has be-
come the standard. Approaches like KG-Adapter
(Tian et al., 2024) utilize adapter modules to inject
factual knowledge from Knowledge Graphs into the
model. Our work diverges from this knowledge in-
jection paradigm. Instead, we employ Low-Rank
Adaptation (LoRA) as a stabilization mechanism.
We demonstrate that while complex pooling opera-
tors (e.g., VNPool) fail to converge under standard
soft prompt tuning, the gradient flow provided by
LoRA adapters is essential for aligning these hier-
archical graph projections with the LLM’s semantic
space.

3. Methodology

We adopt the G-Retriever framework by He et al.
(2024) as our foundation. We utilize the Prize Col-
lecting Steiner Tree (PCST) retriever to extract rel-
evant subgraphs from the datasets. The determin-
istic nature of PCST ensures consistent inputs for
comparing pooling strategies.

3.1. Textualization of Graph Structure

Consistent with prior work by He et al. (2024) and
Fatemi et al. (2024), we employ textualization to
transform the graph data into a text prompt. In our
architecture, this textualized graph is provided to
the LLM alongside the learned soft graph tokens.
Preliminary experiments revealed that while remov-
ing textualization improves performance on sparse
graphs (ExplaGraphs), it degrades performance on
dense graphs (WebQSP). Thus, to ensure a unified
architecture, we retain the textualized scaffold.

3.2. Graph Pooling Strategies

We investigate trainable, hierarchical pooling meth-
ods to project graph data into a fixed number of to-
kens K. We categorize these operators according
to the Select-Reduce-Connect (SRC) framework
proposed by Grattarola et al. (2024).

Crucially, we deploy these strategies in a query-
blind manner. Unlike prior works by Kim et al.
(2025) that utilize query fusion to guide node selec-
tion, our controlled setting isolates the pooling oper-
ator’s intrinsic structural compression ability without
the confounding effects of task-specific guidance.
Consequently, our results provide a principled eval-
uation of how the pooling operators harvest global

semantics from the graph topology alone, a dis-
tinction often obscured by the common practice of
query-aware conditioning.

3.2.1. Sparse Selection (Pruning)

Sparse selection methods compute a scoring vector
(Selection) to identify and retain a subset of the top-
k nodes, effectively masking the remainder of the
graph (Reduction). This approach preserves the
original feature space of the selected nodes while
pruning less relevant structural information.

• Top-k Pooling (Gao and Ji, 2019): This
method serves as a fundamental pruning strat-
egy by learning a projection vector that maps
high-dimensional node features into a one-
dimensional importance score. The nodes are
ranked based on these scores, and only the
indices of the k highest-ranked nodes are re-
tained. Crucially, to ensure that the selection
process remains differentiable and to empha-
size the most relevant features, the scores are
passed through a non-linear activation (typi-
cally a hyperbolic tangent) and used as a mask.
This gating mechanism scales the features
of the retained nodes, effectively filtering out
noise and ensuring that only the most signifi-
cant signals are projected into the LLM’s con-
text window.

• Self-Attention Graph Pooling (SAGPool)
(Lee et al., 2019): While basic Top-k pool-
ing determines node importance based on
isolated features, SAGPool utilizes a Graph
Neural Network (GNN) to calculate attention
scores. By incorporating both node features
and the local neighborhood topology into the
scoring mechanism, SAGPool ensures that
structurally significant nodes such as those
acting as bridges between clusters are pre-
served.

3.2.2. Dense Aggregation (Clustering)

These methods aggregate N nodes into K supern-
odes.

• DiffPool (Ying et al., 2018): This hierarchical
clustering method utilizes two distinct GNNs
to simultaneously learn node embeddings and
a soft cluster assignment matrix S ∈ RN×C ,
where N is the number of nodes and C is the
number of clusters. The matrix S maps each
node to a set of super-nodes in a coarser repre-
sentation. It incorporates two auxiliary losses:
a link prediction loss (LLP ) and an entropy loss
(LE).

• MinCutPool(Bianchi et al., 2020): This ap-
proach utilizes a Multi-Layer Perceptron (MLP)
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(a) Frozen LLM (Soft Prompt Tuning): Only the
Graph encoder with its graph pooling layer and the
projection layer are trained. The pooling layer emits
k tokens and allows gradient flow.

(b) Adapted LLM (LoRA): The LLM is fine-tuned via
parameter-efficient LoRA adapters. The gradient flow
(red arrows) stabilizes the learnable pooling parame-
ters.

Figure 2: System Architecture Comparison. We contrast two training paradigms: (a) keeping the LLM
frozen using Soft Prompt Tuning versus (b) adapting the LLM using LoRA. Our results show that dense
pooling methods (VNPool) fail to converge under (a) due to optimization difficulties when using a frozen
backbone, but achieve high performance and stability under (b).

to predict the node-to-cluster assignment ma-
trix S. The training is supervised by a con-
tinuous Minimum Cut objective (Lc), which is
designed to minimize the edges between dif-
ferent clusters while maximizing the internal
edge density within each cluster, thereby pre-
serving the community structure of the original
graph in the pooled representation.

• Virtual Node Pooling (VNPool): This method
implements a Graph Transformer (GT) aug-
mented with K learnable virtual nodes that
are globally connected to every node in the
graph. Following the analysis of Southern et al.
(2024), we view the smoothing induced by
these virtual nodes as a mechanism for global
representation learning. By introducing glob-
ally connected virtual nodes, message passing
promotes stronger feature mixing across the
graph. While this leads to smoothing at the
node level, it enables the model to efficiently
capture the global graph structure required for
question answering. Unlike Kim et al. (2025),
we do not include query fusion along with vir-
tual node pooling.

3.3. From Pooling to Perception: The
Perceiver IO Connection

We observe that the Graph Transformer with Virtual
Node Pooling (VNPool) shares a strict structural
equivalence with the Perceiver IO (Jaegle et al.,
2022) encoder. By re-framing global pooling as
a cross-attention operation, we demonstrate that

both architectures function as a specialized Graph-
to-Latent interface. This interface bridges variable-
size topologies to the fixed-size prompt space of
the LLM.

This equivalence holds strictly under the condi-
tion of a single-layer projection where message
passing between original graph nodes is sup-
pressed. In this regime, the interface operates as
a pure information bottleneck.

To visualize this, we align the notation: let the
set of learnable virtual nodes Hvn ∈ RK×d serve
as the Latent Queries (Q), and the original graph
nodes Hgraph ∈ RN×d serve as the Input Keys
(K) and Values (V ). The update rules become
mathematically identical:

VNPool: H ′
vn = softmax

(
(HvnWQ)(HgraphWK)⊤√

d

)
(HgraphWV )

Perceiver IO: X ′
lat = softmax

(
(XlatWQ)(XinpWK)⊤√

d

)
(XinpWV )

(1)
where WQ,WK ,WV are learnable projection ma-

trices. By treating the graph as a permutation-
invariant set of feature vectors, VNPool emphasizes
global feature aggregation exactly as Perceiver IO
maps high-dimensional byte arrays (Xinp) to a fixed
latent bottleneck (Xlat).

3.4. The FandE Score for GraphQA

To quantify the reliance of the model on node fea-
tures versus graph topology, we adapt the FandE
(Features and Edges) Score proposed by Faber
et al. (2021). Crucially, we compute this score
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within the end-to-end Graph-LLM framework un-
der a single-token Soft Prompt Tuning regime. By
freezing the LLM and restricting the interface to a
single latent token (k = 1), we isolate the funda-
mental predictive power of the input sources. We
compare a Feature-Only (SF ) architecture, which
processes nodes without adjacency information,
and a Edge-Only (SE) architecture, which incorpo-
rates the full graph topology.

We define a test example (x, y) as “solvable” by
a model only if it predicts the correct label y across
all experimental seeds. Let M (i) denote the model
trained with seed i. The solvable sets are defined
as:

SF = {(x, y) ∈ Dtest | ∀i ∈ {1..4} : M
(i)
F (x) = y}

(2)
SE = {(x, y) ∈ Dtest | ∀i ∈ {1..4} : M

(i)
E (x) = y}

(3)
The FandE score is calculated as the intersec-

tion of these solvable sets, normalized by the total
cardinality of the test set |P | = |Dtest|:

FandE =
|SF ∩ SE |

|P |
(4)

A high FandE score indicates that for a majority of
the dataset, isolated node features and topologi-
cal edges provide redundant information, allowing
the model to solve the task using non-structural
heuristics.

4. Experimental Setup

Configuration. Our training pipeline adheres to
the G-Retriever framework (He et al., 2024), using
the AdamW optimizer with a batch size of 16 for
10 epochs. To ensure statistical robustness and
account for training variability, each experiment is
replicated across 4 seeds, and we report the mean
performance alongside standard deviations.

Model Details. We utilize Llama-2-7b (Touvron
et al., 2023) as our LLM backbone. For fine-tuning,
we inject LoRA adapters (Hu et al., 2022) into the
q_proj and v_proj modules of the attention lay-
ers, using a dropout rate of 0.05. Experiments were
conducted on 2 NVIDIA A100 (64GB) GPUs. We
used the default AutoTokenizer with padding
from the left side and padding token ID of 0. En-
coder Specifications. To ground the graph in a se-
mantic space compatible with natural language rea-
soning, we initialize all node and edge attributes us-
ing a frozen Sentence-BERT LLM encoder model of
all-mpnet-v2. The resulting high-dimensional
embeddings serve as the input features for our
GNN backbones. While we evaluate various GNN
backbones for the initial structural redundancy anal-
ysis (including GCN and Graph Transformer), we
utilize TransformerConv exclusively as the graph

encoder for all subsequent comparative pooling
experiments. This ensures that observed perfor-
mance deltas are attributable to the hierarchical
pooling operators rather than variations in local
message-passing. We standardize all encoders
(MLP, GCN, GAT, TransformerConv, Transformer)
to a 4-layer architecture with a hidden dimension
of d = 1024. For SGFormer, we utilize 4 GNN lay-
ers and 3 Transformer layers to balance local and
global feature extraction.

Projector Configuration. The projection mod-
ule is responsible for mapping the GNN-generated
graph embeddings into the LLM’s latent space,
which has a hidden dimension of dLLM = 4096. We
employ two distinct Multi-Layer Perceptron (MLP)
architectures depending on the specific pooling
strategy. For VNPool, we adopt the configuration
proposed by Kim et al. (2025), which consists of a
linear layer transforming the GNN hidden dimen-
sion (Hgnn) to 4096, followed by a ReLU activation
and a final linear layer that maintains the 4096-
dimensional output. For all other pooling methods,
we utilize a bottleneck architecture that first projects
the input to a 2048-dimensional hidden layer, ap-
plies a Sigmoid activation, and subsequently maps
the result to the final 4096-dimensional LLM space.

Pooling Hyperparameters. All pooling opera-
tors are configured to project the graph into a fixed
target sequence of k = 8 tokens; this value was
chosen as it was found by Kim et al. (2025) to be
an effective bottleneck for a variety of GraphQA
tasks. For clustering-based methods, we set the
number of output clusters to C = 8. For pruning-
based methods (SAGPool, Top-k), we calibrate the
retention ratio ρ based on the dataset’s average
graph size Navg to approximate the target count
(ρ ≈ k/Navg), resulting in ρ = 1.0 for ExplaGraphs
and ρ = 0.44 for WebQSP. To isolate the pooling
operator’s performance, we fix the graph-weight α
of the SGFormer encoder as 0 for only Transformer
and 0.5 for using a sum of both GCN and Trans-
former representations. We conduct a grid search
over Low-Rank Adaptation (LoRA) parameters rank
r ∈ {2, 4, 8, 16} and scaling factor a ∈ {4, 8, 16, 32}
to identify the optimal adaptation capacity. Note
that alpha a is a LoRA-specific hyperparameter
and is distinct from the architectural α referred to
as graph-weight used in the SGFormer encoder.
Baselines.

• Mean Pooling: Following the standard G-
Retriever protocol (He et al., 2024), we com-
press the entire graph into a single soft token,
serving as a token-count lower bound.

• Rand-k: Randomly selects k nodes from the
graph to project as soft tokens. This serves
as a control to determine if learnable pooling
provides structural advantages beyond simply
increasing the token budget.
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• All Tokens: We define “All Tokens” as pro-
jecting every node embedding from the GNN
output into a soft graph token, retaining the full
sequence without compression to act as an
information upper bound.

5. Results

5.1. Insufficiency of Pooling Tokens to
Replace Textualization

Table 1: Impact of Textualization on GraphQA Per-
formance. Removing textual scaffolding improves
performance on the reasoning-heavy ExplaGraphs
but causes a catastrophic collapse on the entity-
dense WebQSP.

Method ExplaGraphs WebQSP
All Tokens 88.3% 56.7%
All Tokens + Textualization 87.3% 71.4%

We investigated whether increasing the band-
width of the graph-to-LLM interface via multi-token
projections could entirely substitute the need for
explicit subgraph textualization. As shown in Ta-
ble 1, this hypothesis did not hold true across dis-
parate graph densities. While the absence of tex-
tualization allows the model to achieve peak per-
formance on the sparse, reasoning-heavy Expla-
Graphs (Saha, Swarnadeep and Yadav, Prateek
and Bauer, Lisa and Bansal, Mohit, 2021) dataset
(88.27% accuracy), it results in a substantial accu-
racy collapse on the entity-dense WebQSP dataset
(Yih, Wen-tau and Richardson, Matthew and Meek,
Christopher and Chang, Ming-Wei and Suh, Jina,
2016), where performance drops from 71.36% to
56.72%. These results indicate that while learn-
able pooling effectively captures high-level struc-
tural semantics, explicit textual information remain
essential for grounding reasoning and maintaining
entity-level fidelity in larger, dense graphs.

5.2. The Instability of Soft Prompt Tuning
We first evaluate graph pooling under Soft Prompt
Tuning (PT). As shown in Table 2, we observe sig-
nificant instability across complex pooling methods.
While static methods like Mean Pooling and SAG-
Pool achieve reasonable performance, notably out-
performing the exhaustive All Tokens and Rand-k
baselines while dense methods like DiffPool and
VNPool suffer massive degradation (e.g., DiffPool
drops to 62.82 on ExplaGraphs). The frozen LLM
acts as a rigid semantic evaluator; complex pooling
operators, which drastically alter feature topology
to create super-nodes, struggle to align their latent
outputs with this fixed embedding space using only

Table 2: Prompt Tuning (PT) Performance. Mean
± STD. High-variance and lower performance in
complex operators (VNPool, DiffPool) demonstrate
the optimization challenges of PT compared to sim-
pler baselines.

Method ExplaGraphs WebQSP
Baselines
All Tokens 80.6± 9.6 71.3± 1.1
Mean Pooling 86.0± 2.0 70.7± 0.7
Rand-k 63.1± 3.1 71.6± 0.5

Pooling Operators
Top-k 80.1± 13.1 71.8± 1.5
SAGPool 85.6± 1.5 71.1± 3.2
MinCutPool 73.5± 14.8 70.8± 2.9
DiffPool 62.8± 3.5 69.2± 4.0
VNPool 69.5± 13.0 71.6± 1.3

the gradients backpropagated through the frozen
backbone.

5.3. LoRA Improves Stability
Integrating Low-Rank Adaptation (LoRA) into the
LLM dramatically stabilizes the training of several
graph-to-latent interfaces, though this stabilization
is not uniform across all operators. Rather than
unfreezing the base parameters of the LLM, we
inject trainable adapter modules into the query and
value projection matrices of the self-attention lay-
ers. This approach allows the model to learn the
necessary cross-modal mapping while keeping the
backbone of the language model intact. Table 3
presents a comprehensive comparison on both
datasets across varying LoRA ranks (r) and alphas
(a).

We observe that specific methods which failed
under standard Prompt Tuning (PT) become highly
competitive with the addition of adapters. On Ex-
plaGraphs, VNPool achieves 87.27% accuracy
(r = 16), effectively matching the uncompressed
All Tokens baseline while using significantly fewer
tokens (k = 8). Conversely, dense clustering opera-
tors like DiffPool and MinCutPool remain highly un-
stable and well below baseline performance even
under LoRA. This partial result indicates that while
LoRA effectively bridges the latent gap for global
virtual nodes and pruning methods, complex soft-
assignments may require deeper architectural inter-
ventions. On WebQSP, VNPool achieves 73.42%
Hit@1, validating that LoRA enables the adapter
layers to successfully map compressed graph sig-
nals to the LLM’s semantic space.

A notable anomaly in our LoRA experiments is
the high performance of the simple Rand-k base-
line on WebQSP. We identify that this is driven by
the dataset’s reliance on Freebase Machine Identi-
fiers (MIDs, e.g., m.02mjr) (Bollacker et al., 2008).
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Table 3: LoRA fine-tuning across varying ranks (r) and alphas (a). The use of LoRA adapters provides
the necessary interface flexibility to map hierarchical graph signals which otherwise fail to converge into
the LLM’s latent space.

ExplaGraphs WebQSP
Method r=2, a=4 r=4, a=8 r=8, a=16 r=16, a=32 r=2, a=4 r=4, a=8 r=8, a=16 r=16, a=32
Baselines
All Tokens 70.2± 21.2 73.8± 18.5 84.7± 7.5 72.6± 16.9 72.8± 1.3 73.6± 0.6 73.8± 0.8 73.0± 0.7
Mean Pooling 87.2± 2.6 86.2± 2.7 87.5± 1.8 87.5± 1.8 71.9± 0.7 71.1± 0.8 71.5± 2.8 71.9± 2.4
Rand-k 53.4± 1.2 52.1± 3.7 66.1± 16.0 52.9± 1.9 73.2± 0.6 72.9± 0.8 72.8± 1.0 74.8± 1.0

Pooling Strategies
Top-k 85.0± 2.8 84.6± 1.8 85.0± 1.5 86.9± 1.1 72.4± 0.0 72.6± 1.3 73.5± 0.6 72.5± 1.5
SAGPool 80.4± 12.2 86.2± 0.2 85.0± 4.1 86.3± 1.2 71.7± 1.4 73.4± 0.9 73.0± 0.9 71.8± 0.3
MinCutPool 53.2± 2.9 54.6± 2.7 61.2± 10.8 62.3± 8.6 72.6± 1.9 73.5± 2.0 73.1± 2.0 73.1± 0.3
DiffPool 51.4± 1.6 56.7± 8.1 53.2± 1.9 56.8± 7.5 72.6± 1.2 72.6± 1.0 72.8± 0.9 73.1± 0.8
VNPool 86.5± 2.0 85.3± 2.3 85.7± 1.8 87.3± 2.0 72.1± 0.9 72.3± 1.3 72.9± 0.3 73.4± 0.8

Unlike natural language labels, these opaque MIDs
act as a leakage channel where the answer of-
ten correlates with the distribution of entity types
rather than specific topological connections. Con-
sequently, Rand-k performs well not because it
captures structure, but because it provides a di-
verse feature distribution that allows the LLM to
statistically interpolate the correct entity type. This
effectively allows the model to bypass structural rea-
soning in favor of distributional guessing. This also
explains why removing textualized graphs causes
a collapse, without the grounding provided by text
the soft tokens alone lack the bandwidth to resolve
the ambiguity of these opaque IDs.

Table 4: Performance of single-token baselines
under soft Prompt Tuning. Note the high parity
between the Feature-Only and Structure-Aware en-
coders.

Encoder ExplaGraphs WebQSP
Feature-Only (SF )

Transformer 86.2± 2.2 71.2± 0.6
MLP 83.5± 4.2 70.3± 0.3

Edge-Only (SE)
Graph Transformer 86.0± 2.0 70.7± 0.7
GCN 85.2± 1.9 71.7± 0.6

Table 5: FandE Scores for the models in 6 Higher
scores indicate greater redundancy.

Model Pair (SF and SE) ExplaGraphs WebQSP
MLP and GCN 0.57 0.49
Transformer and GT 0.64 0.50

5.4. Feature and Structural
Redundancies in GraphQA
Benchmark

We analyze the intersection of solvable examples
between feature-only and edge-only models to
quantify the dataset-specific reliance on topological
structure versus node features. Regarding raw per-
formance, we observe a remarkable parity between
feature-only and edge-only baselines. On Expla-
Graphs, the node-feature-only Transformer (SF )
and the full Graph Transformer (SE) both converge
around 86% accuracy (Table 4).

In Table 6, we notice a significant density in the
intersection quadrant SF ∩ SE . For ExplaGraphs,
315 examples are solvable by both MLP and GCN.
This high overlap confirms that the vast majority
of questions are easy enough to be answered by
either feature or edges alone.

Finally, we condense these intersections into the
unified FandE Score (Table 5). The scores vary
generally between 0.48 and 0.64. Specifically, Ex-
plaGraphs yields higher scores (≈ 0.64) compared
to WebQSP (≈ 0.49), confirming a higher degree
of redundancy.

6. Conclusion

In this work, we motivated the use of graph pool-
ing as a strategic alternative to full-graph textual-
ization, specifically as a means to achieve signif-
icant information compression without destroying
essential topological signals. By projecting sub-
graphs into a concise set of learned tokens, we
effectively mitigate the context-window bottlenecks
and context rot associated with long-form graph
textualization. Our findings demonstrate that this
pooling strategy is a viable and efficient paradigm
for GraphQA, provided that the LLM is adapted via
parameter-efficient fine-tuning (LoRA) to bridge the
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Table 6: We explicitly compare Feature-Only (SF ) vs. Structure-Aware (SE) models. The high values in
the top-left quadrants (SF ∩ SE) confirm high redundancy.

ExplaGraphs WebQSP
Simple Models SF(MLP) ¬SF(MLP) SF(MLP) ¬SF(MLP)
SE(GCN) 315 85 793 97
¬SE(GCN) 30 124 118 620

Complex Models SF(Transformer) ¬SF(Transformer) SF(Transformer) ¬SF(Transformer)
SE(GT) 352 33 807 83
¬SE(GT) 56 113 129 609

latent gap. Furthermore, our conceptual framing of
Virtual Node Pooling as a Graph-to-Latent cross-
attention interface provides a robust architectural
explanation for its stability. Finally, our adaptation of
the FandE Score reveals a high degree of represen-
tational saturation in the evaluated benchmarks.

7. Limitations

We acknowledge several limitations in our current
study. Our FandE analysis is restricted to two
datasets, meaning broader generalization claims
regarding dataset saturation requires further val-
idation on strict multi-hop datasets. Additionally,
as our experiments rely exclusively on Llama-2-7b,
the claim of LoRA as a stabilization mechanism re-
quires verification across newer LLM architectures,
which might perform differently to pooled graph
representations. Finally, training mechanisms that
stabilize LLMs with graph pooling tokens also re-
mains an open question. We conclude that to drive
progress in graph reasoning, the community must
move beyond these current datasets. The next
generation of GraphQA benchmarks must enforce
complex reasoning that cannot be shortcut by en-
tity feature correlations, ensuring that models are
tested on genuine topological understanding.
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