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Abstract

Textual graph-based retrieval-augmented generation (GraphRAG)
has emerged as a powerful paradigm for enhancing large language
models (LLMs) in domain-specific question answering. While exist-
ing approaches primarily focus on zero-shot GraphRAG, selecting
high-quality demonstrations is crucial for improving reasoning
and answer accuracy. Furthermore, recent studies have shown that
retrieved subgraphs often contain irrelevant information, which
can degrade reasoning performance. In this paper, we propose
MixDemo, a novel GraphRAG framework enhanced with a Mixture-
of-Experts (MoE) mechanism for selecting the most informative
demonstrations under diverse question contexts. To further reduce
noise in the retrieved subgraphs, we introduce a query-specific
graph encoder that selectively attends to information most rele-
vant to the query. Extensive experiments across multiple textual
graph benchmarks show that MixDemo significantly outperforms
existing methods.

CCS Concepts

• Computing methodologies→ Reasoning about belief and

knowledge; • Information systems→ Data mining.

Keywords

Knowledge graph question answering
ACM Reference Format:

Yukun Wu, Lihui Liu. 2023. Mixture of Demonstrations for Textual Graph
Understanding and Question Answering. In Proceedings of the ACM Web
Conference 2023 (WWW ’23), May 1–5, 2023, Austin, TX, USA. ACM, New
York, NY, USA, 5 pages. https://doi.org/10.1145/3543507.3583316

1 Introduction

Large language models (LLMs) have achieved remarkable success
in recent years. Yet, most LLMs are trained on open-domain data
before fixed cut-off dates [41], which inevitably limits their per-
formance when facing domain-specific questions due to outdated
or missing knowledge. To address this issue, Retrieval-Augmented
Generation (RAG) [4, 43] has emerged as a promising solution,
where relevant knowledge is retrieved and incorporated to help
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LLMs generate accurate responses. Most existing GraphRAG meth-
ods [4, 6] rely on a simple yet strong assumption, that the gener-
ated response should include all relevant facts retrieved from the
graph. However, this assumption overlooks a critical problem: the
retrieved textual graph might contain unnecessary noise or irrele-
vant information. Consider Figure 1(a), where a user asks “What is a
good source of nutrients for a mushroom?” While the textual graph
contains correct ’a cut peony’, it also contains useless information
’a flying eagle’ which may mislead the model. How to mitigate
low-quality information from the retrieved textual graph to effec-
tively guide answer generation is a problem. Furthermore, existing
GraphRAG methods mainly utilize zero shot learning. Selecting
high-quality demonstrations is crucial for improving reasoning and
answer accuracy.

In this paper, we propose a GraphRAG framework that focuses on
enhancing both textual graph understanding and QA performance
by learning to select high-quality demonstrations and query specific
information learning. Instead of assuming all retrieved subgraph
content is useful, our approach adaptively identifies the most in-
formative and context-relevant node-level and edge-level evidence.
Specifically, we design a specialized, query-specific GraphEncoder
to model the complex interactions between nodes within the re-
trieved subgraphs. This encoder generates a dense graph prompt
embedding that captures relational patterns and serves as a bridge
between structured knowledge and the LLM’s input space. Addition-
ally, we incorporate a Mixture-of-Experts (MoE) [3] paradigm to
select the most informative demonstrations to enhance in-context
learning. We evaluate our method on the GraphQA benchmark. Ex-
tensive experiments show that our model significantly outperforms
existing baselines.

2 Problem Definition

We study the task of answering queries over a textual graph using
large language models (LLMs). A textual graph𝐺 = (𝑉 , 𝐸) contains
natural-language content on both nodes and edges. Given a query
𝑞, the goal is to generate an answer 𝑎gen by retrieving a relevant
subgraph 𝑆 ⊆ 𝐺 and using it to guide LLM-based reasoning.

We adopt in-context learning (ICL), where a set of demonstration
examples D = {(𝑞𝑖 , 𝑎𝑖 )} is prepended to the query to prompt the
LLM. At test time, a subset Sub(𝐷) is selected from D to construct
the prompt. The LLM then predicts:

𝑎 = argmax
𝑎

𝑃LM (𝑎 | Sub(𝐷), 𝑞) .

Final Problem Definition. Our goal is to answer a query 𝑞 on
a textual graph 𝐺 by: (1) retrieving a relevant subgraph 𝑆 , and
(2) prompting an LLM via ICL with demonstrations (𝑆𝑖 , 𝑞𝑖 , 𝑎𝑖 ) to
generate an accurate answer.
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3 Proposed Method

Our method tackles two key challenges in textual graph question
answering: noisy subgraphs and limited examples. Given a query
𝑞 and textual graph 𝐺 = (𝑉 , 𝐸), we retrieve a subgraph 𝑆 using
GRetriever [6]. To reduce noise in 𝑆 , we apply a query-aware graph
attention network that emphasizes relevant nodes and edges. To
further enhance reasoning, we use few-shot in-context learning
with selected (𝑞𝑖 , 𝑆𝑖 , 𝑎𝑖 ) examples, enabling the model to learn from
both textual and structural patterns. The framework is shown in
Figure 1.

3.1 Subgraph Retrieval

Given a query 𝑞, we use a pretrained language model (Sentence-
BERT [42]) LM(·) to encode 𝑞, nodes, and edges in the textual graph
𝐺 = (𝑉 , 𝐸):

z𝑞 = LM(𝑞), z𝑣𝑖 = LM(𝑣𝑖 ), z𝑒𝑖,𝑗 = LM(𝑒𝑖,𝑗 ) (1)

We compute cosine similarities between z𝑞 and all node/edge
embeddings and retrieve the top-𝑘 nodes 𝑉𝑘 and edges 𝐸𝑘 with
highest similarity. A connected subgraph is then constructed using
the Prize-Collecting Steiner Tree (PCST) algorithm [6]. Each re-
trieved item is assigned a prize based on its rank, and PCST selects
a subgraph 𝑆 that maximizes total prize while minimizing edge
cost:

𝑆 = argmax
𝑆⊆𝐺

(
∑︁

𝑣𝑖 ∈𝑉𝑘

prize(𝑣𝑖 ) +
∑︁

𝑒𝑖,𝑗 ∈𝐸𝑘

prize(𝑒𝑖,𝑗 ) − 𝑐 · |𝐸𝑆 | ) .

3.2 Demonstration Retrieval

Building on our subgraph retrieval method, we introduce an ap-
proach to select informative few-shot examples for improved lan-
guage model reasoning. Given a query 𝑞, we convert its retrieved
subgraph 𝑆 into text using textualize(·), which flattens all node and
edge attributes. The textualized graph is concatenated with 𝑞 to
form the prompt 𝑥 : 𝑥 = textualize(𝑆) | |𝑞.

While nearest-neighbor retrieval in embedding space is com-
mon, it may miss globally relevant examples. Inspired by recent
work [46], we instead cluster demonstrations by semantic similarity
and select a representative from each cluster for more diverse and
complementary examples. Specifically, We apply K-means cluster-
ing to partition the example pool D = (𝑆𝑖 , 𝑞𝑖 , 𝑎𝑖 )𝑛𝑖=1 into 𝐶 clus-
ters 𝐶1,𝐶2, . . . ,𝐶𝐶 , treating each cluster as an expert. Clustering is
performed on the Sentence-BERT embeddings of the augmented
prompts 𝑥𝑖 = textualize(𝑆𝑖 ) | |𝑞𝑖 , following prior work [6].

To adaptively determine the optimal number of clusters 𝐶 , we
minimize a regularized objective that balances within-cluster vari-
ance and model complexity:

𝐶∗ =min
𝐶

𝐶∑︁
𝑘=1

∑︁
𝑥𝑖 ∈𝐶𝑘

|𝑓 (𝑥𝑖 ) − 𝝁𝑘 |22 + 𝜆𝐶, (2)

where 𝑓 (·) denotes the embedding function, 𝝁𝑘 is the centroid of
cluster 𝐶𝑘 , and 𝜆 controls the regularization strength.

At inference time, a test query𝑞 is augmented into𝑥𝑞 = textualize(𝑆𝑞) | |𝑞,
embedded via 𝑓 (𝑥𝑞), and assigned to its closest expert based on

cosine similarity with cluster centroids:

𝑐 (𝑞) = arg max
𝑖=1,...,𝐶∗

cos(𝑓 (𝑥𝑞), 𝝁𝑖 ) . (3)

The selected expert then provides a set of representative demonstra-
tions, which are combined with the input to generate the model’s
final prediction.

3.3 Noise Mitigation

Building on our retrieval and demonstration selection framework
(Section 3.2), we now describe how the final answer is generated
using the retrieved subgraphs. Specifically, we encode each sub-
graph 𝑆 with a GraphEncoder that transforms its structural and
semantic information into a graph-prompt representation. This
encoding serves two purposes: (1) preserving relational patterns
critical to the query, and (2) filtering irrelevant information through
query-sensitive attention, thereby constructing an optimized input
for the language model.

Prior methods like G-Retriever use GCNs [10] or GATs [44], but
these suffer from over-smoothing [2], making node embeddings
indistinguishable, an issue in our setting where retrieved subgraphs
mix relevant and noisy content. Effective encoding thus requires
query-aware representations that selectively highlight important
nodes. For instance, given a query, the encoder should emphasize a
cut peony and ignore irrelevant nodes like a flying eagle, even if
structurally nearby. To achieve this, we design a query-conditioned
GNN where both message passing and node interactions are modu-
lated by the input query 𝑞. Specifically, we redefine the edge weight
𝜁
(𝑙 )
𝑒𝑖,𝑗 using a query-aware attention mechanism, allowing the model
to focus on themost informative edges. At each layer 𝑙 , the attention
weight 𝜁 (𝑙 )

𝑒𝑖,𝑗 is computed by:

𝛼
(𝑙 )
𝑣𝑖 = LINEAR

(
CONCAT(𝑧 (𝑙 )𝑣𝑖 , 𝑞)

)
(4)

𝛽
(𝑙 )
𝑣𝑗 = LINEAR

(
CONCAT(𝑧 (𝑙 )𝑣𝑗 , 𝑞)

)
(5)

𝛾𝑒𝑖,𝑗 = LINEAR
(
CONCAT(𝑧𝑒𝑖,𝑗 , 𝑞)

)
(6)

𝜁
(𝑙 )
𝑒𝑖,𝑗 = tanh

(
𝛼
(𝑙 )
𝑣𝑖 + 𝛾𝑒𝑖,𝑗 − 𝛽

(𝑙 )
𝑣𝑗

)
(7)

where 𝛼 (𝑙 )
𝑣𝑖 , 𝛽 (𝑙 )

𝑣𝑗 , and 𝛾𝑒𝑖,𝑗 are learned query-conditioned node/edge
embeddings. 𝜁 (𝑙 )

𝑒𝑖,𝑗 serves as the attention weight for message passing
along edge 𝑒𝑖, 𝑗 . Similarly, messages are generated using query-
conditioned features:

msg(𝑙 )𝑒𝑖,𝑗 = LINEAR
(
CONCAT(𝑧 (𝑙 )𝑣𝑖 , 𝑧

(𝑙 )
𝑣𝑗 , 𝑧𝑒𝑖,𝑗 , 𝑞)

)
(8)

and aggregated via attention weights:

𝑧
(𝑙+1)
𝑣𝑗 =

1
𝑑𝑣𝑗

∑︁
𝑣𝑖 ∈N(𝑣𝑗 )

𝜁
(𝑙 )
𝑒𝑖,𝑗 ·msg(𝑙 )𝑒𝑖,𝑗 (9)

Unlike standard GCNs that apply static, query-agnostic filters,
our GNN conditions node interactions and message passing on the
query 𝑞. Specifically, we redefine edge weights 𝜁 (𝑙 )

𝑒𝑖,𝑗 using a query-
aware attention mechanism, allowing the model to emphasize task-
relevant nodes and edges.

After 𝐿 layers, each node 𝑣 𝑗 ∈ 𝑆 has an embedding 𝑧 (𝐿)𝑣𝑗 , whichwe
mean-pool to obtain the subgraph representation: 𝑧𝑆 = POOL(𝑧 (𝐿)𝑣𝑗 ).
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Figure 1: (a) An example of a retrieved subgraph. (b) Overview of MixDemo.

This is projected into the LLM embedding space using an MLP:
𝑝graph = MLP(𝑧𝑆 ), serving as the graph prompt.

To incorporate multiple demonstration subgraphs {𝑧𝑑 }𝑑∈𝐷𝑅
, we

use query-based relevance weighting:

𝜆 (𝑞, 𝑧𝑑 ) =
𝑒𝑠 (𝑞,𝑧𝑑 )∑
𝑑′ 𝑒𝑠 (𝑞,𝑧𝑑′ )

, 𝑧final =
𝑁∑︁
𝑑=0

𝜆 (𝑞, 𝑧𝑑 )𝑧𝑑 , (10)

where 𝑧0 ≡ 𝑧current.
Generating responses.We prepend task-specific instructions

and tokenize all inputs:𝑞 = tokenize(𝑞), 𝑝demo = tokenize(𝑝demo),
𝑝text-graph = tokenize(𝑝text-graph), then feed the combined sequence
into the frozen LLM:

𝑎gen = LLM(CONCAT(𝑝demo, 𝑝graph, 𝑝text-graph, 𝑞)), (11)

yielding the final answer 𝑎gen.

4 Experiments

Table 1: Statistics of datasets. FB means FreeBase.

Dataset ExplaGraphs SceneGraphs WebQSP

#Graphs 2,766 100,000 4,737
Average #Nodes 5.17 19.13 1370.89
Average #Edges 4.25 68.44 4252.37
Node Attribute concepts Object attributes Entities in FB
Edge Attribute relations Spatial relations Relations in FB

Task reasoning Scene graph QA KGQA
Evaluation metrics Accuracy Accuracy Hit@1

Datasets. We evaluate on the GraphQA benchmark [6], which
includes ExplaGraphs, SceneGraphs, and WebQSP. Dataset stats
are in Table 1 in the Appendix. Metrics. Following GRetriever, we
use accuracy for ExplaGraphs and SceneGraphs, and Hit@1 for
WebQSP, which allows multiple correct answers. Baselines. We
compare against inference-only methods (e.g., Zero-shot [11], CoT-
BAG [45], KAPING [1]) and prompt-tuning methods (e.g., Prompt
Tuning, GraphToken [39], G-Retriever [6]).

4.1 Effectiveness of MixDemo

The results are summarized in Table 2, which compares MixDemo
against all baselinemethods. Overall, MixDemo consistently achieves
superior performance across all datasets. For example, it outper-
forms the strongest baseline, G-Retriever, by approximately 1.1% on

ExplaGraphs and 1.5% on SceneGraphs. These improvements high-
light the effectiveness of the proposed approach. Additionally, we
note that naively textizing the retrieved subgraph information and
using it as direct input for LLMs often yields poor results, in most
cases, performance is significantly degraded. This demonstrates the
importance of properly encoding subgraph structural information
and integrating it into LLMs.

4.2 Ablation Study

(a) Study on Demo Number (b) Study on GNN’s Layers

Figure 2: Ablation study.

We first evaluate how the number of few-shot examples affects
MixDemo’s performance under zero-shot, 1-shot, 2-shot, and 3-shot
settings. Since subgraphs in SceneGraphs and WebQSP exceed the
LLM’s input limit, we perform this study only on ExplaGraphs. As
shown in Figure 2a, 2-shot learning yields the best performance,
with 2-shot and 3-shot results being nearly identical.

In the hyperparameter study, we assess how the number of
GraphEncoder layers impacts performance. As shown in Figure 2b,
using three layers achieves the highest accuracy. Adding more
layers offers no further improvement and can cause overfitting.
These results highlight the importance of tuning encoder depth for
optimal reasoning in MixDemo.

5 Related work

Recentwork has highlighted Retrieval-AugmentedGeneration (RAG) [5]
as a powerful solution to mitigate key limitations of large language
models (LLMs), particularly their tendency toward hallucinations
in domain-specific or knowledge-intensive tasks. Current RAG
methodologies can be broadly grouped into three paradigms. The
simplest form, naive RAG [37], operates through a basic pipeline
of indexing, retrieval, and generation. Building upon this foun-
dation, advanced RAG systems incorporate optimizations during
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Table 2: Performance comparison for different methods (%).

Dataset (Metrics) ExplaGraphs (ACC) SceneGraphs (ACC) WebQSP (Hit@1)

Zero-shot 56.50 39.74 41.06
Zero-CoT (Kojima et al., 2022) 57.04 52.60 51.30
CoT-BAG (Wang et al., 2024) 57.94 56.80 39.60
KAPING (Baek et al., 2023) 62.27 43.75 52.64
Graph-based Inference 33.93 42.17 47.22

Frozen LLM + Prompt Tuning (PT) 58.98 63.72 54.11
GraphToken (Perozzi et al., 2024) 85.08 49.03 57.05

G-Retriever 86.19 80.86 70.02
MixDemo 87.31 82.32 71.36

pre-retrieval, leveraging techniques like query transformation, ex-
pansion, and rewriting [38, 48], while post-retrieval enhancements
often involve reranking strategies [40].

The Mixture of Experts (MoE) framework [8] has established it-
self as a fundamental paradigm in machine learning for developing
adaptive systems and knowledge graph reasoning [7, 12–16, 16–
27, 27, 27, 28, 28–36, 47]. Initial work focused on traditional ma-
chine learning implementations [9], with subsequent breakthroughs
emerging through its integration with deep neural networks [10].
More recently, researchers have explored applying MoE approaches
to in-context learning scenarios [46], demonstrating their potential
to enhance large language model (LLM) performance.

6 Conclusion

We present MixDemo, a GraphRAG framework which leverages
a Mixture-of-Experts demonstration selector and a query-aware
graph encoder. By dynamically selecting contextually relevant
demonstrations and filtering noisy subgraph information, our ap-
proach significantly improves answer accuracy and reasoning ro-
bustness across textual graph benchmarks. Experimental results val-
idate that MixDemo outperforms state-of-the-art baselines, demon-
strating the importance of adaptive retrieval and noise reduction
in GraphRAG systems.
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