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Abstract

Contributions of individual components in GraphRAG pipelines remain poorly
understood. We investigate the impact of text encoder scale on downstream ac-
curacy in the G-Retriever framework [[1], evaluating 6 encoders spanning 23M to
8B parameters on the STaRK-Prime biomedical benchmark [2]. Using a modu-
lar pipeline that decouples retrieval from GNN training, we run 36 experiments
across 3 random seeds. Encoder-only (mean-pooled) models consistently outper-
form decoder-only (last-token-pooled) models of comparable or larger size, while
within-family scaling trends are inconclusive. An ablation isolating the GNN
feature encoder from retrieval shows no clear effect of encoder scale on message
passing, and the graph token provides only marginal improvement over a no-GNN
baseline.
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2 Introduction

Graph-based retrieval-augmented generation (GraphRAG) has emerged as a promising approach for
grounding LLM responses in structured knowledge, enabling more accurate and interpretable question
answering over graph-structured data. Unlike standard RAG over unstructured text, GraphRAG must
contend with rich relational structure, variable-length textual attributes, and multi-hop reasoning, all
of which place particular demands on the text encoder used to represent nodes and edges. The design
space for each component is large, and controlled studies that isolate the effect of a single component
remain valuable for understanding what drives end-to-end performance.

In this work, we systematically vary the text encoder in the G-Retriever framework [[1] while holding
all other components fixed, evaluating 6 encoders from 23M to 8B parameters on the STaRK-Prime
biomedical dataset [2]]. Using a custom modular pipeline, we isolate the encoder’s effect on both
subgraph retrieval and GNN message passing. To our knowledge, no prior work has performed
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this kind of controlled encoder scaling study within a GraphRAG framework. Our main finding
is that encoder architecture family (encoder-only vs. decoder-only) matters more than parameter
count: the three encoder-only models consistently outperform the three decoder-only models, while
within-family scaling shows no clear trend.

3 Related Work

The G-Retriever method [[1] enables retrieval-augmented generation over textual graphs by combining
Prize-Collecting Steiner Tree (PCST) subgraph retrieval with a GNN and an LLM. The original
paper evaluates on SceneGraphs, ExplaGraphs, and WebQSP, settings where benchmark answers
may overlap with LLM pretraining data.

A collaboration between NVIDIA and Neo4;j [3] evaluated a modified G-Retriever pipeline on the
STaRK-Prime biomedical knowledge base [2], a more challenging setting with 129K entities and
8.1M relations across heterogeneous biomedical types. Using OpenAl’s text-embedding-ada-002
and Llama-3.1-8B-Instruct [4], they achieved 32% Hit@1. Building on a reproduction of those
experimentﬂ this work investigates how replacing the text encoder with models of varying scale
affects end-to-end accuracy.

4 Approach

We adapt the PyG [5] G-Retriever pipeline into a four-phase workflow (Figure [I]) for systematic
encoder scaling studies. Our implementation uses PyG’s GRetriever model class and PCST retrieval
utilities; the pipeline orchestration, parallelized subgraph construction, and experiment configuration
were developed for this project and deployed on Modal, enabling full reproducibility of all 36 runs.

The key design choice is decoupling subgraph retrieval from GNN training. Pre-encoding all node
and edge texts per encoder allows independent variation of the retrieval encoder and the feature
encoder used for GNN message passing, and enables parallelized PCST subgraph construction across
CPU-only containers. Following [3]], we fully fine-tune the LLM decoder rather than freezing it as in
the original G-Retriever formulation. PyG’s default subgraph textualization uses a CSV-style format
that repeats the full text of each node and relation in every edge triple, which caused out-of-memory
failures when encoded by the LLM on a single GPU. We instead use a compact ID-based format
where node and relation texts each appear once in lookup tables and edges reference them by index
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Figure 1: Four-phase pipeline. Phase 1 (top) loads and deduplicates the graph. Phase 2 encodes texts
and runs parallelized PCST retrieval. Phase 3 optionally re-encodes with a different feature encoder.
Phase 4 trains and evaluates.

Figure [2]illustrates the G-Retriever architecture. Given PCST-pruned subgraphs, a Graph Attention
Network (GAT) [6] processes node features to produce graph-level representations, which are
projected into the LLM embedding space via an MLP. The projected graph tokens are concatenated
with the query embedding and passed to the LLM decoder.

"https://github.com/puririshi98/gretriever-stark-prime/
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Figure 2: G-Retriever architecture (figure from [1]]). In the original formulation, the LLM is frozen
and only the GNN and projection MLP are trained. In our experiments, we fully fine-tune all
components including the LLM decoder.

The model is trained with cross-entropy loss over the LLM decoder’s generated tokens, where the
target is “I”-separated ground-truth entity names:

T
L=— 108 Po.gu.¢o(Ui | Y<is hg, hi), g = MLP,,(POOL(GNNy, (S*))) (1)

i=1

where S* is the PCST-pruned subgraph, h; = TextEmbed([z4]), and 0, ¢1, $2 parameterize the LLM,
GNN, and projection MLP respectively.

During training, passing graph embeddings concatenated with the query into the LLM decoder
introduces padding mask instabilities for specific sequence lengths. The doubly-masked attention
computes softmax(QK " /v/di, + Meausal + M)V, where entirely masked rows produce NaN under
standard softmax. We resolved this by enforcing the flash_attention_2 backend in HuggingFace,
which handles fully-masked rows gracefully.

5 Experiments

5.1 Data

We use STaRK-Prime [2], a large-scale semi-structured knowledge base for precision medicine. It
contains 129,375 entities across 10 types (disease, gene/protein, drug, pathway, etc.), 8,100,498
relations across 18 types, and 31.8M tokens of textual attributes. The QA dataset comprises 11,204
synthesized queries and 109 human-generated queries. The input is a question paired with a retrieved
subgraph, and the output is a string of entity names.

5.2 Evaluation method

The primary metric is Hit@#k:

QI
Hit@k:ﬁZl[Yi(k)ﬁYi#@] @
i=1

where )A’i(k) is the set of the first k predicted entities and Y is the ground-truth set. We report Hit@1
as the primary metric.

Our reference point is 32% Hit@1, reported by [3] for G-Retriever on STaRK-Prime using OpenAlI’s
text-embedding-ada-002 and Llama-3.1-8B-Instruct [4]. We note that our experiments use Llama-
3.2-1B-Instruct, an 8x smaller decoder, so the comparison is not direct; our focus is on relative
differences across encoders rather than matching absolute performance.



5.3 Experimental details

We evaluate 6 text encoders spanning two architectural families: three encoder-only models from
the sentence-transformers library [7] (al1-MiniLM-L6-v2 [8], all-distilroberta-v1 [9], and
all-roberta-large-v1 [[10]; 23M-355M parameters, mean-pooled; hereafter MiniLM-L6, Distil-
RoBERTa, and RoBERTa-L), all contrastively fine-tuned for semantic similarity; and three decoder-
only models from the Qwen3-Embedding family [[11] (0.6B, 4B, 8B parameters; last-token-pooled;
hereafter Qwen3-0.6B, Qwen3-4B, and Qwen3-8B), trained for text embedding and retrieval tasks.

In the main experiments, both retrieval and feature encoders use the same model. In the ablation
experiments, the retrieval encoder is fixed to MiniLM-L6 while only the GNN feature encoder
varies, isolating the encoder’s effect on message passing from its effect on retrieval. We also include
a no-GNN baseline where graph tokens are omitted entirely. Each configuration is run across 3
random seeds (0, 1, 2), totaling 36 runs. All other hyperparameters are held fixed (Table I)).

Because the textualized subgraph must fit in the LLM’s context, larger subgraphs or larger decoders
increase the risk of out-of-memory errors. Since different encoders produce different subgraph
sizes (Table [3), OOM failures that occur only for certain encoders would confound cross-encoder
comparisons. To eliminate this, we both reduced the LLM decoder to 1B parameters (from the 8B
model used by [3]]) and tuned PCST hyperparameters to produce smaller subgraphs, ensuring no
configuration triggers OOM errors. All training runs used a single NVIDIA H200 GPU, with each
run completing in approximately 22 minutes. Including encoding and subgraph retrieval, each full
configuration took 25-30 minutes.

Table 1: Hyperparameter configuration (fixed across all 36 runs).

Subgraph (PCST)
Top-k nodes 3 GNN (GAT)
E(()lp-ekcc(t)(:iges (5) S Hidden dim 512 LLM Decoder
& ’ Layers 3 Model Llama-3.2-1B-Instruct
Num. clusters 1 . . .
Attention heads 4 Fine-tuning  Full
Seed nodes 4 Dropout 05
Neighbor hops 1 P .
Fanout 10
Training
Optimizer AdamW [12] (8 = (0.9,0.95))
Learning rate 1x107°

Min learning rate 5 x 1075
‘Warmup epochs 1

Total epochs 3

Batch size 4

Weight decay 0.05
Gradient clipping 0.1

Data split 70/20/10

5.4 Results

Because absolute Hit@ 1 varies across random seeds due to initialization, we report A Hit@1: for
each seed, we subtract the mean Hit@1 across all 6 encoders, isolating encoder effects from seed-level
variance. Figures show the median and min—max range of these deviations across 3 seeds. Table 2]
reports the absolute median Hit@]1 for reference.

6 Analysis

The dominant pattern in Figure[3|is a gap between encoder families: all three encoder-only models
score above the per-seed mean, while all three decoder-only models score below it. Although the
aggregate plot suggests a negative trend with encoder scale, this is an artifact of the family-level gap.
When examining each family separately (Figures [5]and[6), no conclusive within-family scaling trend
emerges, with min-max bars overlapping across models.



Table 2: Median Hit@1 (%) per encoder in the main experiments (3 seeds).

Encoder Hit@1 (%)
MiniLM-L6 (23M) 19.5
DistilRoBERTa (82M) 19.4
RoBERTa-L (355M) 18.8
Qwen3-0.6B (600M) 17.0
Qwen3-4B (4B) 16.6
Qwen3-8B (8B) 16.2
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Figure 3: Main experiments: Hit@1 deviation from per-seed mean vs. encoder scale. Dots show
median deviation; bars show min—max range across 3 seeds.

This family-level gap likely reflects architectural differences rather than scale. The encoder-only
models use mean pooling over all token representations and are trained with contrastive objectives
for semantic similarity. The decoder-only Qwen models use last-token pooling, a strategy that may
be less suited to the short, attribute-heavy textual descriptions in STaRK-Prime. These encoder-only
models are also specifically fine-tuned for sentence similarity, which aligns well with the KNN
retrieval step in the pipeline.

Table 3| reveals that encoder choice also affects retrieved subgraph structure: encoder-only models
produce smaller, tighter subgraphs (8-9 nodes) compared to decoder-only models (10-12 nodes
for Qwen3-0.6B and Qwen3-4B, though Qwen3-8B produces subgraphs comparable in size to the
encoder-only models). This suggests that the decoder-only embeddings yield less precise nearest-
neighbor retrieval, pulling in more loosely related nodes that may dilute the signal for downstream
reasoning.

The ablation experiment (Figure ), which fixes the retrieval encoder to MiniLM-L6 and varies
only the GNN feature encoder, shows no clear trend across encoder scales. This suggests that the
encoder’s primary impact on performance is through retrieval quality rather than GNN message-
passing representations. The no-GNN baseline (red dashed line at —0.5pp) sits slightly below most
GNN-equipped configurations, indicating that the graph token provides a small but not definitive
benefit. Given the small margin and variance across seeds, we cannot conclusively confirm that GNN
message passing meaningfully contributes beyond what the textualized subgraph alone provides.
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Figure 4: Ablation: Hit@1 vs. GNN feature encoder scale with retrieval fixed to MiniLM-L6. Dashed
red line shows the no-GNN baseline (median and min—max).
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Figure 5: Encoder-only (sentence-transformers) family: Hit@1 vs. embedding dimension. All three
models score above the per-seed mean.

7 Conclusion

We presented a systematic study of text encoder scale in the G-Retriever GraphRAG framework,
evaluating 6 encoders from 23M to 8B parameters on STaRK-Prime. Our main finding is that the
apparent negative scaling trend is driven by a family-level gap: encoder-only (mean-pooled) models
consistently outperform decoder-only (last-token-pooled) models, while within-family scaling is
inconclusive. The encoder’s impact operates primarily through retrieval quality, with GNN message
passing showing no clear dependence on encoder scale.
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Figure 6: Decoder-only (Qwen) family: Hit@1 vs. embedding dimension. All three models score
below the per-seed mean.

Table 3: Median subgraph size per encoder (£ max deviation, 3 seeds).

Encoder Nodes Edges

MiniLM-L6 (23M) 9.4+0.1 16.6+0.3
DistilRoBERTa (82M)  9.2+0.1 16.440.2
RoBERTa-L (355M) 81+03 14.240.7
Qwen3-0.6B (600M)  11.8+0.3 21.6+0.6
Qwen3-4B (4B) 11.0+£0.6 20.041.2
Qwen3-8B (8B) 97401 17.4+0.1

Several limitations constrain our conclusions. Memory requirements for encoding textualized sub-
graphs restricted the LLM decoder to 1B parameters, well below the 8B model used in the reference
configuration [3]. PCST hyperparameters were similarly constrained to produce smaller subgraphs,
limiting the graph context available to the model. The large hyperparameter space for subgraph
retrieval (top-k, edge cost, hops, fanout) remains underexplored and may interact with encoder choice
in ways our fixed configuration does not capture. Finally, the marginal contribution of the graph
token suggests that either the subgraphs are too small to provide useful structural information, or the
GNN and projection layers require further tuning.

Future work could address these limitations by scaling to additional hardware to support larger LLM
decoders and richer PCST subgraph configurations, and by using a GNN architecture that incorporates
relation embeddings during message passing.
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