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Can Inherent Graph Structure Enhance In-Context Learning?
Anonymous Author(s)

Abstract
In-context learning (ICL) is one of the key capabilities of large lan-
guage models (LLMs), allowing them to generate accurate outputs
given a set of input-output examples and a test query. In fact, the
effectiveness of ICL heavily depends on the quality and modeling
of selected examples. Existing methods typically focus on simple
heuristic strategies or learnable models to select and sort the ex-
amples for improving ICL. However, they overlook the inherent
structural relationships among examples and the reasoning in-
formation embedded within these relationships. Moreover, as the
number of examples increases, the computational overhead of LLMs
grows quadratically, reducing the efficiency of ICL. To address these
challenges, we propose ContextG, a framework that mines and
encodes the inherent structure among the examples and test query
to boost the ICL. By explicitly introducing structure, our method
enables the LLM with a deeper understanding of the relationships
among examples, potentially enhancing its reasoning ability. Specif-
ically, we first select examples based on similarity and construct
graph structures consisting of examples and the test query. Then,
we filter the examples again based on their structural importance. Fi-
nally, we hierarchically encode the structure and align with textual
data to enrich the contextual information. Extensive experiments
show the effectiveness and efficiency of our model. On commonly
used benchmark datasets, our method outperforms the SOTA by
an average of 2.74%. In task transfer settings, we also achieve the
highest average performance. As the first work to introduce graph
structures into ICL, ContextG provides deeper insights into the
in-context modeling of LLMs.
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1 Introduction
In-context learning (ICL) has emerged as a powerful capability of
large language models (LLMs) [3]. By providing LLMs with a few
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Figure 1: Illustration of the meaning of mining the graph
structure representing the relationships between examples
and the test query.

input-output pairs, termed demonstrations, ICL allows models to
infer the desired task and generalize effectively to unseen inputs [8].
Due to the large parameter size of LLMs, training them is often
infeasible or costly. As a result, ICL, which allows LLMs to adapt
to different data and tasks without parameter updates, has gained
significant attention as an efficient alternative [33].

Numerous experimental [59] and theoretical [6, 54] studies have
shown that the quality of demonstrations significantly impacts the
performance of LLMs on the target tasks. Moreover, due to the lim-
ited length of the input context window in LLMs, and the quadratic
growth in both computation time and memory usage caused by the
self-attention mechanism as the input size increases [24], handling
large numbers of examples becomes increasingly challenging. This
presents a key limitation in real-world scenarios, where both the
quality and efficiency of ICL must be carefully managed.

To address the quality issue, existing methods primarily focus
on selection and ordering of demonstrations, employing various
heuristic [43] or learnable approaches [55] to obtain higher-quality
example sets. For the efficiency issue, current solutions mainly rely
on compressing the length of example text [12] or distilling the text
into vectors [28].

However, these methods overlook the inherent graph struc-
ture among the examples and the test query. Specifically, while
many approaches provide high-quality examples, they fail to cap-
ture the high-order relationships among them and the reasoning
potential within these relationships. It is well known that graph
structures are often used as carriers for storing knowledge and
reasoning logic [32, 42]. As shown in Fig. 1, incorporating struc-
ture among examples (demos) provides LLMs with more than just
individual examples, enabling progressive reasoning in path struc-
tures, joint reference in triangle structures, etc. Furthermore, when
compressing examples into vectors, existing methods focus on pre-
serving the semantic information of the samples themselves, while
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neglecting the high-order contextual correlation that can be incor-
porated by encoding the relationships among examples.

Therefore, we propose to capture such informative inherent
graph structure, which allows us to simultaneously capture the
relationships among the test query and the examples, as well as
provide an additional reasoning structure for the LLMs. Moreover,
since the nodes in the graph structure have no order, we can jointly
encode the structure and text of the examples, efficiently and effec-
tively eliminating the impact of order.

Note that the method for constructing the graph structure should
both reflect the textual relationships between examples and enable
effective example selection. Thus, how to construct informative
graph structure among both examples and the test query is the
first challenge. Moreover, the constructed graph structure cannot
be directly utilized or understood by the LLM. Thus, the second
challenge is how to jointly encode the graph structure and the
examples in away that not only preserves the relational information
among examples but also aligns with the textual information.

In this work, we introduce ContextG to efficiently and effec-
tively enhance the performance of ICL. Specifically, we first retrieve
a set of candidate examples and construct learnable graph struc-
ture among them and the test query. Based on this structure, we
calculate the importance of each node and select the most crucial
examples as representatives. This addresses the first challenge of
mining structural relationships and selecting the examples. On the
other hand, the graph structure requires comprehensive encoding,
as well as the different modalities of the graph and the text requires
fusion. We propose hierarchical structural information modeling
at three levels—node positional, path, and subgraph. Moreover, we
align this with the textual content to form the final embedding
vectors. This resolves the second challenge of enabling LLMs to
grasp the reasoning logic within the structure.

Empirically, we show that our approach outperforms SOTA base-
lines on multiple datasets by an average of 2.74%. Additionally, task
transfer experiments demonstrate that the learnable components
can transfer across different task contexts, providing evidence that
our method efficiently and effectively enhances ICL performance.

The contributions of this paper are summarized as follows:
• We propose extracting inherent graph structures to intro-

duce structural information among in-context examples
and query that can be utilized for reasoning.

• We introduce an in-context learning framework, ContextG,
that integrates graph structure and text, injecting relational
information from in-context examples into the LLMs.

• Extensive experiments on both single task and task transfer
settings demonstrate the effectiveness and efficiency of
ContextG, surpassing SOTA ICL methods.

2 Related Work
2.1 In context learning
As defined by [9], ICL is a paradigm that allows language models
to learn tasks given only a few examples in the form of demon-
stration. To enhance the effectiveness of ICL, existing works have
explored ways of selecting [22, 27, 37, 52, 62], ordering [29, 31], and
compression [10, 24, 39] related in-context examples to produce
exemplars with rich semantic information for target input. To retain

the stability of the ICL method, researchers have made notable ef-
forts in in-context example selection. As for unsupervised methods,
KATE [27] captures the semantic similarities between text input
and in-context examples, and vote-k [46] combines graphs and con-
fidence scores to sample representative demonstrations. In terms of
supervised methods such as EPR [44], it proposes to train a dense re-
triever using contrastive learning with prediction signals from LM
inferencer. Following EPR, CEIL [55] further formulates in-context
example selection as a subset selection problem to consider the
diversity within the selected examples. On the other hand, even as-
sisted with different selection strategies, ICL methods are restrained
by the context length in LLMs[24], failing to efficiently gather as
much information as possible. To boost the efficiency, significant
efforts like prompt tuning [20], condensing demonstrations [24],
regrouping and selection[52], propose methods to capture as rich
information as possible from in-context examples while keeping
efficient. However,from the perspective of ICL effectiveness, exist-
ing methods overlook the inherent relationships between examples.
In this paper, we propose to mine the intrinsic graph structure
between examples. For efficiency, our method compresses both the
graph structure and text into input vectors.

2.2 Graph Enhanced LLMs
Graphs are an essential data structure utilized to represent complex
relationships. GNNs are designed to exploit graphs and capable
of capturing the underlying structural information and dependen-
cies [11, 18, 50]. With the rapid development of LLMs, researchers
are increasingly seeking ways to enhance their capabilities. As
a result, there has been a surge in studies at the intersection of
graphs and LLMs [13, 15, 23, 36, 51, 63]. This cross-disciplinary
exploration spans various fields and aspects, ranging from the de-
sign of more generalizable graph models to better leverage graph
data [19, 21, 26, 47, 57, 60], to the study of inter-modal relationships
in multimodal research [14, 38, 58]. Moreover, existing research
demonstrates that graphs can indeed enhance LLMs. Current work
primarily focuses on two key areas: one is improving the reasoning
capabilities of LLMs [1, 19], and the other is enhancing their collab-
oration abilities [4, 25]. This paper leverages graph structures as a
medium to model the relationships between in-context examples,
taking advantage of the property that nodes in a graph are not
constrained by order, thereby allowing the LLM to be unaffected
by the sequence of examples.

In contrast, our work redefines the role of graph structure within
LLMs, using them as a means to construct and represent relation-
ships between examples in the ICL scenario, thereby enhancing the
general framework of ICL. Unlike existing methods that rely on
graph structures as input or do not utilize graph structures at all, we
employ the graph structure as a container to organize the relation-
ships between examples. This approach bridges the gap between
unstructured, text-based reasoning and structured problem-solving
paradigms.

3 Method
In this section, we introduce our method, ContextG, that capable
of efficiently and effectively choose and encode in-context examples
to enhance ICL.

2
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Figure 2: Overall architecture of ContextG. ‘SP Enc.’ stands for structural positional encoding.

3.1 Preliminaries
Here, we briefly introduce the problem setting of ICL which refers
to the ability of LLM that infers tasks from context [3]. Given a
demonstration set D = {(𝑥𝑖 , 𝑦𝑖 )}𝑁𝑖=1, where 𝑥𝑖 and 𝑦𝑖 denote the
input and output tokens respectively, and text input 𝑥𝑞 , the LLM
generates the output 𝑦 as

𝑦 ∼ PLLM (𝑦 | concat(E𝐷 , E𝑥𝑞 )), (1)

where ∼ stands for decoding strategies that convert output of LLM
into task labels, E( ·) is the embedding from LLM. The vanilla ICL
is randomly select the demonstration set D. However, the perfor-
mance can be enhanced by enhancing the quality of the retrieved
in-context examples 𝑒𝑖 = (𝑥𝑖 , 𝑦𝑖 ) from D. Note that, this paper
focuses on the selection, ordering and encoding of in-context ex-
amples, rather than on the design of templates or tuning of LLM.
Overview. The pipeline of ContextG is shown in Fig. 2. Given a
test example, the model first selects the 𝑘 most similar examples
from the demonstration set. Then, an adaptive structure learning
method is employed to construct a graph centered around the test
query, capturing the relational structure among the selected exam-
ples. Finally, a structured context encoder is utilized to aggregate
and encode the graph-structured examples, which are then fed into
the LLM for inference.

3.2 Graph Construction
The first stage of ContextG involves extracting the most relevant
in-context examples from unstructured textual data based on their
relevance to the test query and further uncovering their inherent
structural relationships. Inspired by Retrieval-Augmented Genera-
tion (RAG), this stage consists of three key steps: first, performing
vector-based indexing for both the demonstration repository and
the test query; second, retrieving the most relevant examples from
the indexed repository based on the test query; and finally, con-
structing a subgraph centered around the test query, capturing the
structural relationships among the retrieved examples.
Demonstrations indexing. As widely recognized [59], the better
the ICL examples are chosen based on test query, the better the
LLM’s performance on a given task. However, in many scenarios,
the demonstration set can be extremely large, making direct se-
lection computationally expensive. To address this, we propose

vectorizing both the demonstration set and the test query into em-
beddings, enabling efficient retrieval of the most relevant examples
through similarity-based search.

Specifically, given an example 𝑒𝑖 = (𝑥𝑖 , 𝑦𝑖 ) in demonstration
set D, we utilize a pre-trained LM, such as SentenceBert [41], to
generate the embedding 𝑧𝑖 :

𝑡𝑖 = Template(𝑒𝑖 ), 𝑧𝑖 = LM(𝑡𝑖 ) ∈ R𝑑 , (2)

where Template is manually designed to integrate the information
of 𝑥𝑖 and 𝑦𝑖 into a coherent textual prompt, and 𝑑 is the dimension
of the embedding. Similarly, test query 𝑥𝑞 is also encoded into 𝑧𝑞
using the same LM:

𝑧𝑞 = LM(𝑥𝑞) ∈ R𝑑 . (3)

Examples retrieval. Carefully choosing in-context examples that
are both similar and diverse plays a crucial role in enabling the LLM
to grasp the full extent and complexity of the given task. Balancing
similarity to the test query while maintaining importance among the
selected examples is a fundamental challenge in in-context learning.
To address this, we adopt a two-step approach: first, during the
retrieval process, we obtain a broad set of similar training exam-
ples, forming an example pool P as candidate selections. Then,
in the subsequent subgraph construction step, we further evalu-
ate and refine the importance of the examples, ensuring that the
final in-context example set maintains both relevance and impor-
tance. In this retrieval step, our primary focus is on constructing
an example pool P with high similarity to the test query. After the
indexing process, where both the examples and the test query are
stored as vector representations, we employ k-nearest neighbors
(k-NN) retrieval to efficiently identify the most relevant examples.
Specifically, the retrieval is formalized as

𝑉𝑘 = argtopk𝑖∈D cos(𝑧𝑞, 𝑧𝑖 ), (4)

where cos is the cosine similarity that we use to calculate the simi-
larity between the embedding of test query 𝑥𝑞 and the examples
in demonstration set D. The argtopk is the function that collect
the top-k elements based on the similarity. Since the next step in-
volves further filtering of the retrieved set𝑉𝑘 , the hyperparameter 𝑘
should be set larger than𝑚, the final size of the in-context example
set 𝑆𝑚 , to allow for the following refined selection process.

3
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Subgraph construction. The core step of our method is the sub-
graph construction, which involves uncovering the intrinsic rela-
tionships among the retrieved examples to form a structured graph.
This graph structure is then leveraged to compress and represent
the examples more effectively, ensuring a more structured and
informative input for the LLM.

The subgraph construction step consists of two parts: First, we
learn the graph structure by applying structural learning to the ex-
ample set obtained from Eq. 4 and the target test query. Second, we
compute PageRank [35] to retain examples with higher importance.

Specifically, we use an attention-based approach to learn the
graph structure. Given the embedding of examples 𝑧𝑖 , 𝑖 = 1, ...𝑘
in the set 𝑉𝑘 and test query 𝑧𝑞 , the graph structure A can be con-
structed as

𝐸𝑖, 𝑗 = 𝑓𝜙 (𝑊 ⊙ 𝑧𝑖 ,𝑊 ⊙ 𝑧 𝑗 ), (5)

𝐴𝑖, 𝑗 (𝑧) =
{
𝜎 (𝐸𝑖, 𝑗 ), 𝑗 ∈ top-k(𝐸𝑖,:)
0, 𝑗 ∉ top-k(𝐸𝑖,:)

, (6)

where 𝑧𝑖 and 𝑧 𝑗 denote two embedding from the set 𝑉𝑘 ∪ 𝑧𝑞 . ⊙
is the Hadamard operation,𝑊 is a learnable parameter vector, 𝑓𝜙
denotes the similarity metric such as cosine similarity, 𝜎 stands for
non-linear activation function like relu.
Pagerank filtering. Furthermore, we filter examples with higher
importance. Since the graph structure A has already been con-
structed based on the embeddings of examples, structural insights
can be directly incorporated when measuring importance of sam-
ples. Specifically, structural importance can be understood as se-
lecting nodes that contribute more informative and diverse content.
We propose using PageRank to capture each node’s importance
or information propagation ability within the graph. A node with
stronger propagation ability indicates that it can provide more valu-
able and diverse information. Thus, we compute PageRank scores
for every examples in the set 𝑉𝑘 and select top𝑀 as the most rep-
resentative diverse examples. Formally, the PageRank is calculated
as

𝑅 = (I𝑑 − 𝛽A)−1
(
1 − 𝛽

𝑑

)
1, (7)

𝑆𝑚 = argtopm𝑖∈𝑉𝑘 𝑅, (8)

where 𝑅 is the size of 𝑘 ×1, I𝑑 is the identity matrix, 𝛽 ∈ (0, 1) is the
teleport (or restart) probability here, 1 is an 𝑑-dimensional vector
in which all elements are equal to 1. And 𝑆𝑚 is the final example
set that contains examples both similar to test query and contains
most information in 𝑉𝑘 . Moreover, since the nodes 𝑆𝑚 have been
selected, we also modify the extracted subgraph accordingly:

𝑆∗ = 𝑆𝑚 ∪ 𝑧𝑞, (9)

𝐸∗ =

{
1, (𝑣𝑖 , 𝑣 𝑗 ∈ 𝑆∗) ∧ (𝐴𝑖 𝑗 > 0)
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

, (10)

A∗ = (𝑆∗, 𝐸∗). (11)

Notably, both the textual data of these𝑚 selected examples 𝑒𝑖 , 𝑖 =
1, ...,𝑚 and the graph structure formed with the test query will be
used in the next step for structural encoding.

3.3 Structure Encoding
In this section, we describe how to jointly encode the learned graph
structure and textual information of selected examples. Our goal
is to address two key challenges in in-context learning: the long-
standing issue of example ordering and the computational overhead
caused by excessively long example sets in LLMs.

To address the example ordering issue, we propose to employ
graph structural encoding strategy, and prepend the hierarchical
embedding of node-, path- and subgraph-level.
Structural positional encoding. To eliminate the impact of ex-
ample ordering, we compute a structural positional encoding for
each node based on the learned graph structure. Specifically, we
encode the node 𝑣𝑖 ∈ 𝑆∗ as

𝑝 𝑗 = | |𝑙𝑖=1 𝑑𝑖𝑎𝑔((D
−1A∗)𝑖 ), (12)

ℎ𝑛 = | |𝑚𝑗=1 𝑝 𝑗 , (13)

where D is the degree matrix of A∗, 𝑑𝑖𝑎𝑔 and 𝑙 are the diagonal
elements and the step of the random walk matrix respectively.
And 𝑝𝑖 ∈ R𝑙 is the structural encoding of node 𝑣𝑖 , | | denote the
concatenate operation.
Path encoding. Wehave obtained the node representations 𝑧 using
the LM in Eq. 2. To bridge the gap between node-level structural
positional feature and subgraph features, we propose using path
embedding to further capture the relationships within the internal
graph structure of the examples. Specifically, we start from the test
node 𝑣𝑞 and perform BFS and sampling to generate 𝑐 paths P of
length 𝑟 . Then, we aggregate the node embedding along each path
using a GRU [5] to obtain the path embedding, formulated as

ℎ
𝑝

𝑖
= GRU({𝑧 𝑗 | 𝑗 ∈ P𝑖 }), 𝑖 = 1, ..., 𝑐, (14)

ℎ𝑝 = | |𝑐𝑖=1 ℎ
𝑝

𝑖
. (15)

This part allows ContextG to capture local structural information
around node 𝑣𝑞 while also preserving connectivity patterns within
its nearby neighborhood.
Subgraph encoding. Subgraph encoding is the final step in struc-
tural representation and themost crucial for preserving the intrinsic
relationships between examples. Specifically, we first use a graph
encoder to aggregate the encoded node embeddings 𝑧𝑖 , 𝑣𝑖 ∈ 𝑆∗

and their relationships. In this work, we adopt a standard Graph
Attention Network (GAT) [50]. Formally, the graph representation
is computed as:

ℎ𝑔 = pool (GNN (𝑧𝑖 )) , 𝑣𝑖 ∈ 𝑆∗, (16)

where pool is the mean pooling operation.
Embedding merging. Although aggregating structure-aware
representations ℎ𝑛, ℎ𝑝 , ℎ𝑔 provides global relational information for
the inference LLM, the textual information itself may be compressed
or lost during aggregation. To mitigate this, we also integrate the
raw textual information 𝑒𝑖 of all selected nodes into the LLM. To
align the structural representations and the vector space of the
LLM, we use a projection layer:

ℎall = MLP(ℎ𝑛 | |ℎ𝑝 | |ℎ𝑔) ∈ R𝑑𝑙 , (17)
ℎD = ℎall | | TextEmbedder(𝑆∗), (18)
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where 𝑑𝑙 is the hidden size of the LLM, TextEmbedder is the first
layer of the pre-trained and frozen LLM. And ℎD is the final input
from the demonstration set D into the LLM. A key point is that
the text order in Eq. 18 must match the structural positional en-
coding order in Eq. 13. This ensures that the structural positional
encoding of the nodes can effectively eliminate the order-related
bias introduced by the node text.

3.4 Optimization and Inference
This section involves generating the answer or label of tasks and
training the learnable parameters. We use loss function to train all
the parameters mentioned earlier, excluding the parameters of the
LLM used in the subsequent steps.

We use the prediction task loss to ensure that the entire model
can successfully complete the final task, specifically by improving
the LLM’s ability to make accurate decisions for downstream tasks
through the provided examples. In each training iteration, we select
one training sample 𝑥𝑞 as the final task and extract 𝑘 examples
𝑉𝑘 from other training samples according to our scheme in above
sections, followed by subsequent filtering and encoding operations.
Ultimately, the embeddings ℎ formed by these examples are used
to instruct the LLM to generate the task output 𝑦. Formally, the
prediction task loss Lpred is defined as:

Lpred = log 𝑃LLM
(
𝑦 |

(
hD | |x𝑞

) )
. (19)

Table 1: Comparison with other classical ICL paradigms.
‘Prompt-T’ stands for prompt tuning. ‘Hierarchical’ means
hierarchical encoding for examples.

Selection Ordering Structure Vectorized Hierarchical
Prompt-T ✓

EPR ✓
CEIL ✓ ✓
MEND No need ✓

ContextG ✓ No need ✓ ✓ ✓

Paradigm comparison. Tab. 1 compares existing ICL paradigms
with our model ContextG, which integrates multiple heuristic cri-
teria to enhance ICL. For demonstration selection, MEND [24] and
Prompt-Tuning [20] focus on other aspects and can be combined
with different selection methods. EPR [44] emphasizes relevance
but neglects diversity. CEIL [55] improves on the DPPs to balance
similarity and diversity, but it still evaluates relevance based on
pairwise similarity, ignoring structural relationships. In contrast,
ContextG employs graph-based metrics like PageRank to score
example importance, leading to higher-quality selections. For ex-
ample ordering, Prompt-Tuning and EPR do not explicitly mitigate
ordering biases. CEIL attempts to address this issue but still treats
examples as a linear sequence, limiting its ability to eliminate order
effects. MEND utilized distilled vectors to reduce ordering sensi-
tivity, but may still be indirectly affected. ContextG overcomes
this issue through graph and permutation invariant GNNs. For
vectorized representations, Prompt-Tuning employs soft prompt em-
beddings, while MEND and ContextG utilize vectorized inputs
to enhance efficiency and reduce the computational cost of LLM
inference. The key innovation of ContextG lies in its graph-based

framework, which integrates structural relationships and hierarchi-
cal encoding. By leveraging graph structures, ContextG improves
selection quality, ordering robustness, and computational efficiency,
potentially offering new insights for ICL.

4 Experiments
In this section, we answer the following four questions through
experiments to validate the effectiveness of ContextG1:

• RQ1. Does our in-context information modeling method
truly enhance the LLM’s ability to utilize and comprehend
contextual information?

• RQ2. Can ContextGmaintain performance improvements
even when applied to tasks with distribution shifts or trans-
fer scenarios?

• RQ3. Does each component of ContextG contribute to
enhancing ICL performance?

• RQ4. Is ContextG sufficiently robust to be effectively ap-
plied across various downstream LLM architectures?

• RQ5. Is ContextG computationally efficient and cost-effective
for practical deployment?

4.1 Effectiveness
To answer the RQ1, we compare ContextG with other baselines
on different datasets and inference LLMs.
Settings.We evaluate ContextG on four diverse datasets across
different tasks, summarized in Tab. 2. SST5 [45] assesses senti-
ment analysis, HellaSwag [61] evaluates commonsense reasoning,
MNLI [53] covers natural language inference, and MRPC [7] fo-
cuses on paraphrase detection. We compare ContextG against
various baselines that improve demonstration selection, ordering
and distillation, including both learning-free and learning-based
approaches. Detailed descriptions of these datasets and baselines
are provided in the App. A.

For LLM inference, we employ GPT-2 Large (774M) [40] and GPT-
2 XL (1.5B) [40]. We evaluate on the validation splits of the datasets,
as some test splits do not have ground-truth labels. The number of
in-context examples is set to 16 for both training and evaluation
across all datasets and models, except in zero-shot settings, where
no demonstrations are provided. This constraint ensures that the in-
put remains within the context length limitations of the LLMs (e.g.,
1024 tokens for both GPT-2 Large and GPT-2 XL). For PromptTun-
ing, Vanilla ICL, and MEND, which lack an inherent demonstration
selection mechanism, we employ a random selection strategy. This
method selects in-context examples from the demonstration pool
without repetition and explicitly removes the test example if it is
selected during the process. We frame all the classification prob-
lem as a multiple-choice task [3], where the model processes the
context concatenated with each candidate answer and selects the
option with the highest likelihood. Performance is measured using
accuracy (Acc.), computed by comparing model predictions against
ground truth labels.
Results.Overall, ContextG outperforms all baselines across datasets
and tasks and achieves the highest accuracy. On average, Con-
textG improves performance by 34% over Vanilla ICL and 7.6%
1Our codes are available at https://anonymous.4open.science/r/GinContext/.
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Table 2: Performance comparison against baselines on four datasets using two inference models. The results are reported in
accuracy, with the best-performing method highlighted in bold for each dataset.

gpt2-large SST-5 HellaSwag MRPC MNLI gpt2-xl SST-5 HellaSwag MRPC MNLI
Zero-shot 24.57 43.28 68.14 35.43 Zero-shot 25.84 48.89 60.54 36.30

PromptTuning 30.41 43.09 63.73 35.89 PromptTuning 27.24 49.14 61.03 38.64
Vanilla ICL 24.89 43.05 67.65 42.12 Vanilla ICL 29.50 48.71 68.14 37.29
MEND 44.80 42.88 71.54 46.51 MEND 47.68 48.49 66.90 43.99
CEIL 43.72 41.05 62.25 45.38 CEIL 46.58 48.78 68.53 64.85

MEND+CEIL 45.21 43.76 70.43 52.73 MEND+CEIL 46.99 47.81 71.27 58.95
ContextG 47.84 46.30 72.17 62.90 ContextG 48.69 51.32 73.04 65.81

Table 3: Performance when transferred across tasks. The columns represent task transfers. Results are averaged across tasks,
with standard deviations shown where applicable. The best-performing models are highlighted in bold.

Models non-Class-> Class non-QA->QA HR->LR non-Para->Para average

gp
t2
-l
ar
ge

Zero-shot 34.36 44.58 34.77 34.12 36.96
PromptTuning 38.78 38.71 40.68 34.23 38.10
Vanilla ICL 41.30±2.15 45.81±1.34 41.26±2.26 38.93±1.15 41.83
MEND 43.38±1.62 44.29±0.86 40.92±1.80 42.54±0.44 42.78
CEIL 44.62±1.99 44.41±1.12 42.01±2.01 41.00±1.01 43.01

MEND+CEIL 43.99±1.81 44.19±1.23 41.52±1.17 40.89±0.89 42.65
ContextG 44.55±1.75 46.31±1.02 43.19±1.64 42.79±1.14 44.21

gp
t2
-x
l

Zero-shot 32.08 46.09 33.95 33.61 36.43
PromptTuning 38.78 41.45 40.83 35.52 39.15
Vanilla ICL 40.63±2.53 48.32±0.88 42.27±2.08 37.53±1.04 42.19
MEND 43.37±1.50 45.95±0.66 42.16±1.81 42.53±1.20 43.50
CEIL 44.97±1.77 46.88±1.02 42.59±1.08 41.11±1.12 43.89

MEND+CEIL 44.93±1.09 45.18±0.99 41.16±1.10 41.46±1.31 43.18
ContextG 45.92±1.06 49.21±1.24 44.27±1.16 43.82±1.55 45.81

over the strongest baseline MEND+CEIL, demonstrating its ability
to leverage in-context examples effectively.

On MNLI, a challenging natural language inference task, Con-
textG outperforms MEND+CEIL by 15% and Vanilla ICL by 46%.
This improvement is substantially larger than the typical 5% gain
over MEND+CEIL on other tasks. One reason may be MNLI’s large
dataset, which provides a richer example pool, making demon-
stration selection more important. By utilizing graph structures
and selecting high-connectivity nodes, ContextG improves con-
textual understanding. Additionally, MNLI requires cross-domain
reasoning, where structural relationships between examples is crit-
ical. ContextG captures these relationships effectively through
hierarchical encoding approach.

The performance gap between GPT-2 Large and GPT-2 XL as
inference LLM further highlights ContextG ’s robustness. While
GPT-2 XL (1.5B) generally outperforms GPT-2 Large (774M) across
all methods, ContextG maintains consistent relative improve-
ments over baselines. For example, on HellaSwag, ContextG sur-
passes MEND+CEIL by 5.8% on GPT-2 Large and 5.4% on GPT-2
XL, demonstrating its scalability across different model sizes.

4.2 Transfer Between Tasks
To answer theRQ2, we evaluate ContextG ’s generalization ability
by transferring it across different types of tasks.

Settings. Following Sec. 4.1, we employ GPT-2 Large as the infer-
ence LLM and utilize 16 demonstrations. For classification tasks, we
evaluate performance using accuracy, while for non-classification
tasks, we adopt the Macro-F1 score, consistent with MEND. The
Macro-F1 score averages the F1 scores across all classes, balancing
precision and recall. We evaluate our model on the metaICL [34]
dataset. Detailed descriptions of this dataset are provided in the
App. A. The trainable baseline learning model is fine-tuned on the
meta-train partition and evaluated on the meta-test partition. The
results are presented in the Tab. 3, showing average scores along
with standard deviations. The standard deviation values indicate
the variability introduced by different sets of demonstrations. Note
that for PromptTuning and Zero-shot, no demonstration retrieval
is required, and therefore, their standard deviation is zero.
Results. The results in Tab. 3 demonstrate the generalization abil-
ity of ContextG when transferred across different tasks. Overall,
ContextG consistently outperforms the baselines across all task
types for both GPT-2 Large and GPT-2 XL.

We observe that the performance of MEND+CEIL is lower than
that of MEND and CEIL individually. This is likely because each
model excels in different tasks: MEND performs best on non-Para
to Para tasks (13.3% better than Vanilla ICL), while CEIL excels
on non-Class to Class tasks (10.68% better than Vanilla ICL). The
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combination results in a trade-off, as their structures are not inher-
ently compatible. In contrast, ContextG integrates demonstration
selection and structural encoding within a unified graph-based
framework, ensuring seamless compatibility and superior perfor-
mance across tasks.

The experimental results reveal negative transfer issue, partic-
ularly for non-QA to QA and HR to LR tasks. On these tasks, the
performance of our learning-based baseline models is either similar
to or evenworse thanVanilla ICL. However, ContextG consistently
outperforms Vanilla ICL, demonstrating strong generalization abil-
ity with gains of 1.84% and 4.73% on each task. This advantage
likely arises from the fact that existing baselines focus primarily on
the relevance between demonstrations and the test query, which
varies across tasks. In contrast, our model not only considers this
relevance but also the interrelationships between demonstrations,
which may remain more invariant and facilitate better task transfer.

Table 4: Ablation study on ContextG. ‘-’ means remove cer-
tain component. ‘Enc.’ stands for encoding, ‘Subg.’ and ‘SP’
stands for subgraph and structural positional encoding.

gpt2-large SST-5 HellaSwag MRPC MNLI
model 47.84 46.30 72.17 62.90
- Graph 39.76 43.62 67.88 43.05
- PR filter 47.61 46.08 71.22 60.13
- All encoding 45.93 44.19 69.03 49.18
- Subg encoding 43.15 44.78 70.35 52.50
- Path encoding 43.19 44.99 71.29 59.88
- SP encoding 44.17 45.11 71.71 60.55

4.3 Ablation Study
To answer the RQ3, we break down ContextG into its individual
components to evaluate the contribution of each module.
Settings. We conduct experiments using the diverse task datasets
from Sec. 4.1, keeping the settings and evaluation metrics un-
changed. For inference, we use the GPT-2 Large. Our model con-
sists of two major parts: The first part is further divided into two
levels. At the first level, we completely remove the graph struc-
ture (- Graph), reducing our method to a simple similarity-based
example retrieval approach. At the second level, we remove the
PageRank-based node importance filtering (- PR filter). To ensure
a fair comparison, we adjust the number of retrieved examples to
match the number of examples𝑚. The second part is also divided
into two levels. At the first level, we remove all encoding mecha-
nisms (- All Enc.), meaning the extracted graph structure is only
used for node importance filtering. At the second level, we further
conduct three separate ablations by individually removing the mod-
eling of subgraph (- Subg Enc.), path (- Path Enc.), and structural
positional information (- SP Enc.), respectively. Moreover, we also
conduct experiments that vary in number of demonstrations on
SST-5. This experiment demonstrates the model’s robustness in
handling varying In-context window requirements.
Results. The ablation study results in Tab. 4 demonstrate the contri-
bution of each component in ContextG to the overall performance.
Removing the graph structure leads to a significant drop, indicating

that ContextG enhances ICL by leveraging intrinsic graph struc-
ture. In particularly, MNLI experiences the largest drop (31.5%),
likely due to its reliance on structural relationships for complex
cross-domain reasoning.

For graph extraction and processing, removing the PageRank-
based node importance filtering causes a minor performance drop
on SST-5 (0.48%) and MRPC (1.32%) but a larger decline on Hel-
laSwag (4.75%) and MNLI (4.40%). The PageRank-based filter en-
hances the structural significance of selected demonstrations by
assessing their node propagation ability. This structural informa-
tion is particularly crucial for MNLI and HellaSwag, as both tasks
emphasize reasoning and relationships between demonstrations. In
contrast, SST-5 and MRPC are simpler, focusing on individual exam-
ples. These results suggest that we can selectively apply ContextG
components depending on the complexity of the downstream task
and its structural dependencies.

For the structural encoding part, removing all structural en-
codings causes an 8.67% performance drop but still outperforms
removing the graph structure, showing the value of structural in-
formation in selecting demonstrations. Among individual encoding
components, subgraph encoding has the most impact. This funding
highlights the importance of global structure among demonstra-
tions ignored by existing ICL methods. Specially, for SST-5, all three
encoding approaches are crucial, as removing any one causes an
8–9% drop, which is greater than the 3.99% drop from removing
all structural encoding. It is likely due to the SST-5’s strong depen-
dence on example ordering and structural hierarchy. This result
suggests that the encoding components of ContextG complement
and interact with each other, the removal of any one may impact
the others.

Fig. 3 illustrates the impact of the number of demonstrations
on model performance. ContextG shows a sharp boost at low
counts (1 → 2), while CEIL improves significantly at higher counts
(8→ 16). This may be because ContextG provides LLMs with both
structural and textual encoding, and its PageRank-based selection
prioritizes nodes with the highest information propagation ability.
This finding suggests that ContextG is well-suited for few-shot
learning scenarios. Additionally, ContextG’s steady improvement,
rather than fluctuating performance, suggests its superior ability
to fully utilize the provided demonstrations.

Figure 3: Varying the number of demonstrations𝑚.
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Table 5: Performance when using different LLMs for training
and inference. We use GPT-2 Large for training and others
for inference. ‘GPT2l’ is GPT2 Large (774M), ‘GPT-N’ is GPT-
Neo (2.7B), ‘LLaMA’ is LLaMA-7B, ‘Qwen’ is Qwen2.5 (7B).

SST-5 GPT2l GPT-N LLaMA Qwen
MEND 71.54 71.99 73.11 74.26
CEIL 62.25 67.89 66.42 70.34

MEND+CEIL 70.43 70.88 71.17 73.01
ContextG 72.17 72.25 73.95 75.64

4.4 Using Different LLMs
To answer the RQ4, we use different LLMs for model training and
inference to demonstrate the robustness of our approach.
Settings. For this experiment, all models were initially fine-tuned
on GPT-2 Large [40], with the first column in Tab. 5 serving as
a reference where the LLM architecture remains consistent. To
assess the transferability of ContextG, we validate its perfor-
mance on LLMs from the same family but with different parameter
sizes GPT-Neo [2] and models from different families LLaMA [49],
Qwen2.5 [48]. We report Accuracy metrics on the MRPC [7] dataset.
The baseline models are outlined in Tab. A.2. It should be noted that
Zero-shot and Vanilla ICL are training-free approaches and thus do
not encounter discrepancies between the LLM used for fine-tuning
and inference. Therefore, these two approaches are not suitable
for the task transfer experiment, and we use the other baselines,
excluding these two.
Results. As shown in Tab. 5, our results surprisingly demon-
strate that all methods outperform the original LLM inference back-
bone, GPT-2 Large, on larger-scale LLM inferencers. This suggests
that ICL methods exhibit strong generalizability across different
downstream inferencers, with potential performance improvements
driven by the use of more powerful LLM inferencers. Notably, Con-
textG consistently delivers the best performance across all down-
stream LLM backbones, highlighting the robustness and stability of
our approach. Through comparison, we find that the stronger the
LLM, the better the effectiveness of our method, which also proves
that the information extracted by our method can be understood
by a more advanced inference LLM.

4.5 Efficiency
To answer the RQ5, we compare the training and inference time
with the baselines to demonstrate the efficiency of our model.
Settings. The computational efficiency of ICL methods during
inference is a crucial consideration for their deployment in real-
world applications. Consequently, inference efficiency remains a
central focus of our study. We distinguish two primary steps in the
inference process of ContextG: (1) the generation of compact vec-
tor embeddings from in-context examples, and (2) the subsequent
inference performed by the LLM using these distilled vectors in
conjunction with the test query. Prompt Tuning, Zero-shot, and
Vanilla ICL directly incorporate selected examples as prompts into
the LLM while MEND and ContextG input distilled vector em-
beddings into the downstream LLM. Notably, Zero-shot serves as

Figure 4: Inference time (seconds) comparison with baselins.

Figure 5: GPU Peak Memory (GB) comparison with baselins.

a baseline for inference time since it does not require any demon-
stration selection or processing. To evaluate efficiency, we measure
the processing time from demonstration selection to prediction
output. All experiments are conducted on a single NVIDIA A800
GPU with a batch size of 1 to ensure fair comparisons. For memory
consumption, we report the peak GPU usage. Each inference is
repeated 10 times, and we report the average result. Other settings
remain consistent with Sec. 4.1.
Results. As illustrated in Fig. 4 and Fig. 5, ContextG exhibits
lower peak GPU memory usage than CEIL across all datasets, with
notable improvements over Vanilla ICL on complex datasets like
HellaSwag (9.22%) andMNLI (2.53%), making it suitable for resource-
constrained environments. While both MEND and ContextG re-
quire longer inference times due to additional vectorization step,
ContextG is approximately 30% faster than MEND. Unlike MEND,
which only performs demonstration distillation, ContextG com-
bines example selection and encoding, highlighting its efficiency
advantage.

5 Conclusion
In this paper, we propose a novel approach, ContextG, for en-
hancing in-context learning by leveraging the inherent structure
between examples and test queries. Our framework introduces
graph structures to capture the relationships between examples,
improving both the effectiveness and efficiency of the ICL process.
Through extensive experiments, we demonstrate that our model
outperforms SOTA baselines and achieves the competitive perfor-
mance in task transfer settings. By explicitly modeling example
relationships, we provide deeper insights into the potential of graph
structures in boosting reasoning capabilities of ICL.
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A Experiment Details
A.1 Datasets
The datasets we use in the Sec. 4.1 are shown in Tab. 6
SST-5 [45] is a sentiment analysis dataset containing movie re-
views annotated with five sentiment labels "very positive", "positive’
‘neutral", "negative", and "very negative". It includes phrase-level
annotations, enabling fine-grained analysis of sentiment composi-
tionality.
MNLI [53] is a natural language inference dataset with sentence
pairs labeled as entailment, contradiction, or neutral. It spans mul-
tiple genres, making it a robust benchmark for cross-domain rea-
soning.
MRPC [7] is a paraphrase identification dataset consisting of sen-
tence pairs labeled as semantically equivalent or not. It is widely
used for evaluating text similarity and paraphrase detection models.
Hellaswag [61] is a commonsense reasoning dataset featuring
multiple-choice questions about plausible sentence continuations.
Each question provides a context and four candidate answers: one
correct continuation and three adversarially generated incorrect
options designed to deceive machines.
MetaICL [34] is a benchmark specifically designed for in-context
learning tasks. It is derived from the CrossFit [56] dataset and Uni-
fiedQA [16] dataset. MetaICL comprises 142 diverse NLP tasks,
including text classification, question answering, and natural lan-
guage inference, divided into non-overlapping meta-train and meta-
test sets. The meta-train set includes 61 tasks with extensive exam-
ples, while the meta-test set contains 52 target tasks across seven
splits (see Tab. 7 for details). This design enables rigorous evalua-
tion of few-shot generalization across diverse and challenging task
transitions.

A.2 Baselines
We evaluate ContextG on four diverse datasets across different
tasks, summarized in Tab. 2. SST5 [45] assesses sentiment analysis,
Hellaswag [61] evaluates commonsense reasoning, MNLI [53] cov-
ers natural language inference, andMRPC [7] focuses on paraphrase
detection.

• PromptTuning: A technique that fine-tunes task-specific
prompts to adapt pre-trained language models to down-
stream tasks, enhancing performance without modifying
the model parameters [20].

• Zero-shot: A method where the model performs inference
without any in-context examples, relying solely on its pre-
trained knowledge to make predictions.

• Vanilla ICL: The standard in-context learning approach,
where the model is provided with a few task-specific exam-
ples directly in the input context to guide its predictions.

• MEND: A demonstration distillationmethod that condenses
lengthy demonstrations into compact vectors, improving
in-context learning efficiency through a two-stage training
process involving knowledge distillation [24].

• CEIL: A learning-based retriever for demonstration selec-
tion that uses Determinant Point Processes (DPPs) to opti-
mize the diversity and relevance of the examples [55].
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Dataset Task #Train #Validation Prompt Options

SST-5 Sentiment Analysis 8,534 1,101 {input} It is {output} ["very negative", "negative", "neutral", "positive", "very positive"]
MRPC Paraphrase Detection 3,668 408 {input1} Can we say "{input2}"? {output} ["No", "Yes"]
MNLI Natural Language Inference 392,568 19,647 {input1} Can we say "{input2}"? {output} ["Yes", "Maybe", "No"]
HellaSwag Commonsense Reasoning 52,611 20,006 {input}, what happens next? {output} Null

Table 6: Summary of datasets used in our experiments with corresponding prompts.

meta-train meta-test
Setting # task Avg. Len. Setting # task Avg. Len.
Class 43 44.54 Class 20 56.21non-Class 37 91.45
QA 37 91.58 QA 22 57.84non-QA 33 72.50
non-NLI 55 54.51 NLI 8 61.61
HR 61 82.44 LR 26 35.31
non-Para 59 55.97 Para 4 54.06

Table 7: Seven partitions of MetaICL.

• CEIL+MEND:A hybrid model that integrates the demon-
stration selection capabilities of CEIL with the distillation
efficiency of MEND. This is achieved by first using CEIL to
select relevant demonstrations from the target datasets, and
then feeding these demonstrations into MEND, replacing
its inherent random selection method.

All learning-based baselines are trained on the respective train-
ing splits of each dataset. For MEND and PromptTuning, we
utilize the AdamW [30] optimizer with a learning rate of 5e-5. Train-
ing is conducted for 10,000 steps with a batch size of 8 on a single

NVIDIA A800 GPU. ForCEIL, we use the Adam optimizer [17] with
batch size of 64 and learning rate of 1e-5, training for 30 epochs on
an NVIDIA A800 GPU with early stopping patience set to 5.

B Limitation and Future Work
Our method retains the same template for demonstrations as other
approaches. Future work could leverage the extracted graph struc-
ture to design different templates, further enhancing ICL perfor-
mance.
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