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Abstract

Large language models (LLMs) have been
widely explored for embedding generation.
While recent studies show that in-context learn-
ing (ICL) effectively enhances the represen-
tational capability of LLMs by prepending a
few task-related demonstrations, it causes sub-
stantial token overhead due to the increased se-
quence length. In this work, we propose EPIC,
a novel embedding-based in-context prompt
training strategy that leverages ICL to gener-
ate high-quality embeddings while reducing
computational burden during both training and
inference. This approach replaces discrete text
demonstrations with their corresponding con-
tinuous embeddings, which not only encour-
ages the LLM to align semantically-related text
pairs during contrastive learning, but also re-
quires the model to interpret demonstration em-
beddings as part of the in-context prompt. Con-
sequently, EPIC-trained models achieve excel-
lent embedding performance both with or with-
out in-context prompts at inference time. Com-
prehensive experiments demonstrate that our
method establishes new state-of-the-art results
on the MTEB benchmark, surpassing frontier
models trained solely on publicly available re-
trieval data. Extensive ablation studies further
validate the effectiveness and necessity of our
mechanism.

1 Introduction

Text embeddings are powerful vector representa-
tions that capture contextual semantics of variable-
length texts, playing a critical role in various natu-
ral language processing (NLP) tasks (Muennighoff
et al., 2023). For example, retrieval-augmented
generation (RAG) systems typically encode textual
queries and documents into a shared embedding
space, enabling efficient retrieval through similarity
search (Lewis et al., 2020; Liu et al., 2024b).

The rapid progress of Large Language Models
(LLMs) brings new possibilities for improving the

<instruct> Retrieve semantically similar text.
<query> A panda is sliding down a slide. [EOS]
(a)

Prepending with textual in-context demonstration

<instruct> Retrieve semantically similar text.
<query> The cat is lounging on the sunny windowsill.
<response> The feline is resting on the sunny windowsill.

<instruct> Retrieve semantically similar text.
<query> A panda is sliding down a slide.
<response> [EOS]

Prepending with embedding-based (("]) in-context demonstration

<instruct> Retrieve semantically similar text.
<query> [}
<response> |

<instruct> Retrieve semantically similar text.
<query> A panda is sliding down a slide.
<response> [EOS]

©

Figure 1: Comparison of different inputs for embedding
tasks. (a) Embedding models typically take only the task
instruction and user query as input. (b) Li et al. (2025)
adopt the in-context learning strategy by incorporating
task-related demonstrations. (c) EPIC enhances the
input by prepending it with an embedding-based in-
context prompt.

quality of text embeddings. Given the remarkable
semantic understanding capabilities showcased by
LLMs, recent research (Muennighoff et al., 2024;
BehnamGhader et al., 2024; Springer et al., 2025;
Lee et al., 2025a; Pan et al., 2025; Su et al., 2025)
has increasingly focused on adapting them into
text encoders through supervised contrastive learn-
ing (Gao et al., 2021; Wang et al., 2024a).

In particular, PromptEOL (Jiang et al., 2024) in-
corporates in-context learning (ICL) (Brown et al.,
2020) into text embedding in a training-free man-
ner. However, Muennighoff et al. (2024) show that
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ICL cannot be directly applied to fine-tuned em-
bedding models. To overcome this limitation, bge-
en-icl (Li et al., 2025) introduces a simple training
strategy that effectively endows embedding models
with ICL capabilities by prepending a few task-
related query-passage pairs (a.k.a. query—response
pairs) as demonstrations to the input text during
contrastive learning. While these approaches high-
light the potential of leveraging ICL to enhance text
representation learning, their in-context demonstra-
tions remain restricted to the discrete textual form,
which substantially increases the input length and
imposes a heavy token burden during training and
inference, making them less practical in latency-
sensitive scenarios, such as information retrieval
and RAG tasks. Meanwhile, recent studies (Hen-
del et al., 2023; Zhuang et al., 2024) suggest that
the ICL capabilities of LLMs can be extended to
continuous vector representations under the next-
token prediction paradigm, opening new avenues
for more efficient exploitation of ICL.

In this context, we propose an Embedding-based
Prompt training with In-Context demonstrations
(EPIC), which leverages ICL to enhance the repre-
sentational capability of LLMs while reducing com-
putational overhead during both training and infer-
ence. Specifically, as shown in Figure 1, we replace
textual in-context demonstrations with their vector
representations to form the embedding-based in-
context prompt, which is then concatenated with
the input query to obtain the desired query embed-
ding. Since both the in-context and query embed-
dings are generated by the same model, contrastive
learning not only encourages the LLM to align
semantically-related positive pairs but also requires
it to interpret the demonstration embeddings as
part of the in-context prompt. During training, the
demonstrations are directly sampled from the em-
beddings of positive pairs within the same batch.
At inference time, we can pre-compute and reuse
the embedding-based in-context prompts, avoiding
redundant attention computation on textual demon-
strations and thereby reducing inference latency.

We evaluate our EPIC on the Massive Text
Embeddings Benchmark (MTEB) (Muennighoff
et al., 2023) across three popular LLMs, including
Qwen2.5-7B, Mistral-7B, and LLaMA-3.1-8B. Ex-
perimental results show that our method achieves
embedding performance on par with models trained
with discrete textual ICL. Moreover, we observe
an intriguing representational property: even with-
out any in-context prompts during inference, the

EPIC-trained models outperform the convention-
ally trained baselines under the same conditions.
Notably, the proposed EPIC achieves new state-
of-the-art results on MTEB among models trained
exclusively on publicly available retrieval data. Ex-
tensive ablation studies further confirm the effec-
tiveness and necessity of our approach.

The primary contributions of this work are sum-
marized as follows:

* We propose EPIC, a novel embedding-based
in-context prompt training strategy that en-
hances LLMs as text encoders while reducing
token overhead compared to textual ICL.

* Experimental results demonstrate that LLMs
trained with EPIC consistently improve em-
bedding performance even without in-context
demonstrations during inference.

* EPIC-trained models achieve new state-of-the-
art results on MTEB. We further provide in-
depth ablation studies to validate the effective-
ness and necessity of our method.

2 Method

In this section, we first introduce the preliminar-
ies of conventional in-context learning (ICL) for
text embedding in Section 2.1. We then present
our embedding-based in-context prompt (EPIC)
method in Section 2.2. Finally, we describe the
training and inference strategies based on EPIC in
Sections 2.3 and 2.4, respectively.

2.1 Preliminary

For LLM-based embedding models, the text embed-
ding is typically derived from the final hidden state
of the special end-of-sequence (EOS) token, since
only the last token can access the full sequence con-
text under the causal attention mechanism. Specifi-
cally, given an input sequence X € R™* of length
n with embedding dimension d, in addition to
appending the [EOS] token, we prepend a task-
specific instruction I, which enables the model to
generalize across different embedding tasks (Wang
et al., 2024a). The vector representation of the
input text is formally defined as:

ex = ffOS([LX; [[E0ST])) e RY, (1)

where [-; -] denotes the sequence concatenation op-
eration and fFO5(-) refers to a function that returns
the final hidden state of the LLM for the last input

token, i.e., [EOS].
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Figure 2: (a) Overview of the proposed EPIC method. For a given task (e.g., STS), the user input is "A panda is
sliding down a slide", while the demonstration query—passage pair consists of "The cat is lounging on the sunny
windowsill" and "The feline is resting on the sunny windowsill". (b) During training, we randomly sample (query,
positive) embedding pairs from the same batch as in-context demonstrations, which are then used to construct
EPIC-enhanced queries. (c) The demonstration embeddings are pre-computed once and reused at inference time.

Considering that the instruction alone provides
limited information, bge-en-icl (Li et al., 2025)
expands the input sequence with a k-shot demon-
stration set D = {D1, Dy, ..., Dy} to integrate
the in-context learning (ICL) capabilities (Brown
et al., 2020) of LLMs into text embeddings. Con-
cretely, each demonstration D; consists of an in-
struction and a task-related query—passage pair, i.e.,
D; = [I; Q;; P;], as illustrated in Figure 1(b). The
ICL-based text embedding can be computed as:

b = % ([D1; Dy; ... Dy; I X; [[EOST])).
2

Notably, directly adding few-shot demonstra-
tions in the prompts is generally ineffective for stan-
dard fine-tuned embedding models (Muennighoff
et al., 2024). Therefore, the ICL in bge-en-icl
and throughout the following discussion refers
to capabilities acquired through specialized train-
ing strategies, rather than the original formulation
without any gradient updates.

2.2 Embedding-based In-Context Prompt

While ICL has been shown to significantly enhance
embedding quality (Jiang et al., 2024; Li et al.,

2025), conventional in-context demonstrations in-
troduce a large number of extra text tokens, leading
to substantial computational overhead. This raises
an intriguing question: could the embedding model
benefit from ICL while mitigating the surge in se-
quence length?

Inspired by the proven effectiveness of text em-
beddings, which inherently encode the contextual
semantics of text, we challenge conventional wis-
dom by proposing an Embedding-based Prompt
training strategy with In-Context demonstrations
(EPIC) to improve the representational capacity
of LLMs as text encoders. Specifically, as shown
in Figure 2(a), rather than using discrete textual
demonstrations, we replace each query—passage
pair (Q;, P;) with its corresponding continuous
text embeddings. To further align these embedding-
based demonstrations, we introduce a lightweight
MLP layer g(-) consisting of two linear transfor-
mations with a GELU activation. The resulting
continuous vector representations of the in-context
query-passage pair are computed as:

a; = g(fF95([I; Q;; [[E0S]]])) € RY,

pi = g(fEO5([L; P;; [[E0S]]))) € R )
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The two vectors q; and p; compress the discrete
query-passage pair (Q;, P;) into a shared latent
space, substantially reducing token usage, since
|Qi| + |P;| > 2, where |- | denotes the sequence
length. Accordingly, we transform the textual
demonstration set D into an embedding-based ver-
sion & = {E1,E,,...,E;}, where each E; =
[I; q;; p;]. Consequently, the EPIC-enhanced em-
bedding can be expressed as:

eX1C = f{OS([B1; Bys ... By I; X [[EOST])).

“4)
Since the vector representations q;, p;, and e};(PIC
all originate from the same LLM, which requires
the model not only to generate high-quality em-
beddings but also to interpret its own embeddings
when they are fed back as part of the in-context
prompt. In this way, EPIC effectively reduces the
token overhead of conventional ICL while preserv-

ing its representational advantages.

2.3 Supervised Contrastive Learning

In line with previous work (BehnamGhader et al.,
2024; Springer et al., 2025), we fine-tune the LLM
on publicly available retrieval datasets through con-
trastive learning, where each training sample con-
sists of a triplet (query, positive, negative).
Consequently, each training step involves three for-
ward passes to obtain the corresponding embed-
dings. To incorporate the proposed EPIC strat-
egy, we perform an additional forward pass to gen-
erate the EPIC-enhanced query embedding (Fig-
ure 2(b)). Following bge-en-icl (Li et al., 2025),
we sample different (query, positive) embed-
ding pairs from the same batch to construct the
embedding-based in-context prompts, which are
then used to enhance the original Query. The num-
ber of demonstration pairs is randomly chosen be-
tween 0 and a predefined maximum value, jointly
enhancing the model’s representational capabilities
with and without in-context prompts.

During training, we adopt the standard InfoNCE
loss (Izacard et al., 2021), defined as follows:

o(q,p")
o(a,p%) + X g-en d(a:p7)’

where (g, p*) denotes the positive pair and A rep-
resents the set of in-batch and hard negative sam-
ples. The function ¢(-) is a temperature-scaled
cosine similarity that measures the matching score
between two text embeddings, computed as:

1
¢(Qap) = exp(; COS(eQ7 ep))v (6)

4)

L =—log

where T is a temperature hyperparameter fixed to
0.05 in our experiments.

2.4 Inference

During inference, the proposed EPIC strategy may
seem to increase computational cost since it re-
quires generating additional vector representations.
However, demonstration embeddings need to be
computed only once, and the resulting embedding-
based in-context prompt can be reused for the same
task (Figure 2(c)). This avoids repeatedly append-
ing lengthy textual demonstrations at inference
time, thereby reducing token usage while improv-
ing embedding quality.

Furthermore, embedding performance under
non-ICL settings is also crucial in practice. As
discussed in Section 3.2, we observe a surprising
representational effect: even without any in-context
prompts during inference, the EPIC-trained models
outperform the standard contrastive baselines under
the same conditions. In contrast, models trained
with conventional ICL do not exhibit such advan-
tages when in-context demonstrations are removed,
confirming the practicality of our EPIC.

3 Experiments

3.1 Experimental Setup

Training Datasets. Following BehnamGhader
et al. (2024); Li et al. (2025); Pan et al. (2025); Su
et al. (2025), we conduct training on the public por-
tion of the E5 dataset (Wang et al., 2024a) curated
by Springer et al. (2025). The corpus is a collection
of publicly available retrieval datasets, consisting
of approximately 1.5M samples. Please refer to
Appendix A.2 for more details about the dataset
composition.

Training Details. We apply the proposed EPIC
to three popular LLMs: Qwen2.5-7B-Instruct
(Qwen2.5-7B), Mistral-7B-Instruct-v0.2 (Mistral-
7B), and Meta-Llama-3.1-8B-Instruct (LLaMA-
3.1-8B). Following the training recipe from bge-
en-icl (Li et al., 2025), we fine-tune the models
using LoRA (Hu et al., 2022) with rank 64, al-
pha 32, and a learning rate of 1e~*. For in-context
demonstrations, we randomly sample O to 5 (query,
positive) pairs from the in-batch training data.
The maximum sequence length for training is set
to 512 tokens. More training details are presented
in Appendix A.1.
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Categories — Retr. Rerank. Clust. PairClass. Class. STS Summ Avg
# of datasets — 15 4 11 3 12 10 1 56
Miscellaneous
SimCSEggrr (Gao et al., 2021) 21.82 47.54 3343 73.68 67.32 79.12 23.31 48.72
SGPT;ssg (Muennighoff, 2022) 50.25 56.56 40.34 82.00 68.13 78.10 31.46 58.93
GTRys.xxr (Ni et al., 2022b) 48.48 56.65 42.42 86.12 67.41 78.38 30.64 58.97
Sentence-T5xx (Ni et al., 2022a) 4224 56.42 43.72 85.07 73.42 82.63 30.08 59.51
UDEVERGyi0om-701 (Zhang et al., 2023a) 49.34 5591 40.81 85.40 72.13 83.01 30.97 60.63
Instructory (Su et al., 2023a) 49.26 57.29 44.74 86.62 73.12 83.06 32.32 61.79
BGEiarge-en-vi.s (Xiao et al., 2024) 54.29 60.03 46.08 87.12 75.97 83.11 31.61 64.23
UAElarge-vt (Li and Li, 2024a) 54.66 59.88 46.73 87.25 75.58 84.54 32.03 64.64
Qwen2.5-7B
EPIC (ours) 56.52 59.53 49.41 87.98 76.66 85.00 30.86 65.97
LLaMA-3.1-8B
LLM2Vec (BehnamGhader et al., 2024) 56.63 59.68 46.45 87.80 75.92 83.58 30.94 65.01
Anchor (Su et al., 2025) 57.09 61.38 46.03 88.92 76.17 83.76 30.13 65.30
EPIC (ours) 57.08 59.22 48.67 87.98 77.03 85.38 31.26 66.10
Mistral-7B

ES (Wang et al., 2024a) 52.78 60.38 47.78 88.47 76.80 83.77 31.90 64.56
ECHO (Springer et al., 2025) 55.52 58.14 46.32 87.34 77.43 82.56 30.73 64.68
GRITLM (Muennighoff et al., 2024) 53.10 61.30 48.90 86.90 77.00 82.80 29.40 64.70
LLM2Vec (BehnamGhader et al., 2024) 55.99 58.42 45.54 87.99 76.63 84.09 29.96 64.80
Anchor(Su et al., 2025) 56.87 60.56 45.73 87.99 75.95 83.52 30.28 64.99
NV-EmbedT (Lee et al., 2025a) - - - - - - - 65.80
MGH (Pan et al., 2025) 57.49 58.80 47.96 87.83 77.62 84.04 31.10 65.87
bge-en-icl (Li et al., 2025) 59.83 56.83 46.78 88.54 77.51 84.08 30.39 66.18
EPIC (ours) 56.89 59.52 49.56 88.62 77.31 85.49 31.41 66.37

Table 1: Performance comparison on the full MTEB benchmark (56 datasets) among models trained exclusively
on publicly available retrieval data. Qwen2.5-7B, Mistral-7B, and LLaMA-3. 1-8B denote models built upon these
LLMs, while Miscellaneous refers to methods using other base models. T represents the result is from Pan et al.
(2025). The best result is highlighted in bold, and the second-best result is underlined.

Method Qwen2.5-7B LLaMA-3.1-8B Mistral-7B
Baseline 65.05 65.25 65.33

EPICy/1cp  65.6810.63 65.89.0.64 66.11, 078
EPICy/1cp  65.97.0.92 66.10_.0 85 66.37 104

Table 2: Performance of EPIC-trained models with
or without in-context demonstrations (ICD) during in-
ference on MTEB (56 datasets). Baseline models are
conventionally trained without any ICL strategy.

Evaluation. We verify the effectiveness of our
method on the challenging Massive Text Embed-
ding Benchmark (MTEB) (Muennighoff et al.,
2023), which consists of 56 datasets spanning 7
diverse embedding tasks. Given that evaluating a
7B-parameter model on MTEB requires hundreds
of A100 GPU hours, we conduct ablations and
analysis on a smaller 26-dataset subset of MTEB.
For fair comparison, we construct fixed in-context
prompts for each dataset based on the examples
provided by bge-en-icl. More evaluation details are
presented in Appendix B.

3.2 Main Results

Comparison to state-of-the-art methods. Since
existing models (Lee et al., 2025b; Zhang et al.,

2025; Zhao et al., 2025) often rely on extensive
in-domain non-retrieval data from MTEB or pro-
prietary synthetic datasets for training, it is difficult
to ensure a fair academic comparison and reliably
assess generalization to unseen tasks (Su et al.,
2025; Li et al., 2025). To this end, we compare
our EPIC only against models trained solely on
publicly available retrieval datasets.

Table 1 presents the averaged scores for overall
MTEB and its seven embedding task categories.
Notably, our EPIC establishes new state-of-the-art
performance across different LLM architectures.
For the LLaMA-3.1-8B model, EPIC surpasses
Anchor (66.13 vs. 65.30), which requires an ad-
ditional full-parameter training stage before con-
trastive learning. For the widely adopted Mistral-
7B model, EPIC achieves an average score of
66.37, outperforming E5 (64.56), ECHO (64.68),
and bge-en-icl (66.18). Compared with bge-en-
icl, which incorporates a conventional discrete
ICL strategy, our findings suggest that embedding-
based in-context prompting improves the repre-
sentational capability more effectively. Moreover,
EPIC exceeds competitive approaches that benefit
from modified bidirectional attention on Mistral-
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Figure 3: Comparison between EPIC and conventional ICL on Mistral-7B. (a) Performance comparison on the
26-dataset subset of MTEB with and without in-context examples during inference. (b) Training time on a single
NVIDIA A100 80GB GPU. (c) Average inference time per sample on selected MTEB datasets (see Appendix C.4
for more details). (d) Average required sequence length on selected MTEB datasets.
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Figure 4: Performance comparison on the MTEB subset
across different model scales, including LLaMA-3.2-
1B, LLaMA-3.2-3B, and LLaMA-3.1-8B.

7B, including GritLM (64.70), LLM2Vec (64.80),
NV-Embed (65.80), and MGH (65.87). These re-
sults consistently showcase the superior perfor-
mance of our EPIC in enhancing LLMs as text
encoders across diverse embedding tasks.

Comparison to the baselines. In Table 2, we
compare our EPIC (w/ or w/o in-context demon-
strations during inference) against standard con-
trastive learning baselines that do not incorporate
any ICL strategy. Specifically, our method yields
notable performance improvements of 0.92, 0.85,
and 1.04 points over the baselines on Qwen2.5-
7B, LLaMA-3.1-8B, and Mistral-7B, respectively.
These results underscore the robustness and effec-
tiveness of EPIC in improving embedding quality
without relying on a specific base model.

Beyond improvements in in-context scenarios,
we uncover an intriguing representational property:
even without any in-context prompts at inference
time, EPIC-trained models still achieve state-of-the-
art performance, consistently outperforming base-
lines by 0.63, 0.64, and 0.78 points on Qwen2.5-
7B, LLaMA-3.1-8B, and Mistral-7B, respectively.
We attribute this to three key factors during training:
(1) the random sampling strategy explicitly allows

Sample-n l 64 32 16
71.50 71.40 71.32 71.30

Average Score

Table 3: Performance of EPICyjsra.78 0n the MTEB
subset by sampling % tokens to represent the query
or passage in demonstrations, where [ denotes the se-
quence length of Q; or P;, and n € {I, 64, 32,16}.

the model to work without demonstrations; (2) the
demonstration embeddings are generated without
reliance on in-context prompts; and (3) EPIC not
only encourages the model to align semantically
related embeddings, but also requires it to internal-
ize the demonstration embeddings as part of the
in-context prompt.

Furthermore, compared to the baselines, EPIC-
trained models consistently reduce the proportion
of attention assigned to the first token across dif-
ferent layers, thereby alleviating the attention sink
phenomenon (Lin et al., 2025b). As a result, the
EOS token is able to aggregate semantic informa-
tion from the remaining tokens more effectively,
leading to higher-quality embeddings. More details
are provided in Appendix C.3.

Comparison to discrete ICL. To further ex-
amine the benefits of our method, we quantita-
tively compare it against the Mistral-7B model
trained with conventional ICL under the same set-
tings. As illustrated in Figure 3(a), our continu-
ous embedding-based strategy matches the perfor-
mance of discrete textual ICL while requiring a
lower token budget. More importantly, the ICL
counterpart fails to improve embedding quality
when demonstrations are removed, underscoring
the superiority of our method in non-ICL scenarios.

Moreover, as shown in Figure 3(b), conventional
ICL increases training time by over 60% compared
to the baseline, while EPIC incurs only about 19%
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Method Average Score

(a) In-Context Prompt Format

w/o query-passage 70.71
w/o passage 71.17
w/o query 71.31
w/ only one instruction 71.30
(b) Compression Strategy
Compress instruction and query-passage 71.22
Only compress query 71.35
Only compress passage 71.42
EPIC (ours) 71.50

Table 4: Performance comparison of EPICyga-78 ON
the MTEB subset with different in-context prompt for-
mats and compression strategies.

Method Average Score
EPIC 71.50

w/ Learnable tokens 71.05
Soft-Prompt 70.83
Instruction-Tuning 70.60

Table 5: Performance comparison of EPICyjistrai.78 With
other methods using learnable tokens on the MTEB
subset, where Instruction-Tuning denotes the baseline
trained using only task-specific instructions.

overhead by compressing discrete demonstrations
into continuous vectors. In addition, Figure 3(c)-
(d) confirm that EPIC consistently reduces token
usage and yields lower inference latency on MTEB
datasets, highlighting its efficiency in reducing
computational cost during training and inference.

3.3 Ablation Studies

Robustness across models of different scales.
Given the strong performance of EPIC on 7B and
8B models, we further evaluate its effectiveness at
smaller scales. As shown in Figure 4, EPIC con-
sistently improves the embedding capabilities of
LLMs ranging from 1B to 8B parameters, show-
ing its scalability across model sizes. Furthermore,
we observe larger gains as model size increases,
indicating the potential for EPIC to continuously
benefit from more powerful LLMs.

The number of continuous vectors. By default,
EPIC uses two text embeddings to replace the
query-passage pair in discrete demonstrations. To
examine whether using more continuous vectors
could provide richer contextual information, we
sample every n tokens from the LLM’s output se-
quence and represent the guery or passage with %

continuous vectors (referred to as sample-n), where
[ denotes the sequence length of Q; or P;. Results
for sample-64/32/16 are reported in Table 3. We
observe that a single text embedding is sufficient
for representing the query or passage in our setting,
while increasing the number of continuous vectors
does not yield performance improvements.

Impact of different in-context prompt formats.
The in-context demonstration used in this work con-
sists of a textual instruction followed by a query-
passage embedding pair. To examine the impor-
tance of this prompt design, we investigate four al-
ternative prompt formats: (1) using only the instruc-
tion without query-passage embeddings, where
each E; = [I]; (2) retaining the instruction and the
query embedding while removing the passage em-
bedding, i.e., E; = [I; q;]; (3) discarding only the
query embedding, i.e., E; = [I; p;]; and (4) using
only one instruction in the in-context prompt, yield-
ing the input [I; qu; p1; . - - ; ar; Pr; I; X [[EOST]].
The results in Table 4(a) indicate that all these vari-
ants lead to performance degradation, confirming
the necessity of preserving the complete in-context
prompt format adopted by EPIC.

Impact of different compression strategies. In
conventional ICL for embedding tasks (Li et al.,
2025), each textual demonstration consists of an
instruction and a query-passage pair. To challenge
this paradigm, EPIC compresses both the discrete
query and passage into their corresponding continu-
ous embeddings. We further evaluate three alterna-
tive compression strategies: (1) transforming both
the instruction and the query-passage pair into text
embeddings; (2) compressing only the guery, and
(3) compressing only the passage. As demonstrated
in Table 4(b), EPIC exhibits the best trade-off be-
tween embedding performance and token usage.
We hypothesize that jointly compressing the query-
passage pair during training encourages the model
to better understand and utilize its generated em-
beddings, while retaining the textual instruction
effectively promotes the ICL capability.

Comparison with soft-prompt. Since both soft
prompts and our method fundamentally leverage
continuous vectors to encode semantic information
instead of hard prompts, we compare EPIC with
two alternative setups to further highlight our con-
tributions: (1) replacing the demonstration embed-
dings in EPIC with the same number of learnable
tokens, and (2) following common practices (Lester
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Method Average Score
EPIC 71.50

w/ Bi. + EOS pooling 70.83

w/ Bi. + Mean pooling 70.93

w/ Bi. + NV-Embed pooling 71.08

Table 6: Performance of EPICyga.78 on the MTEB
subset using bidirectional (Bi.) attention with various
pooling strategies. Note: EPIC preserves the original
causal attention and employs EOS pooling by default.

etal., 2021; Li and Liang, 2021) by prepending a
set of learnable tokens as soft prompts to the in-
put. All experiments are optimized with LoRA.
The results in Table 5 show that EPIC achieves the
best results, indicating that our embedding-based
strategy provides richer semantic information in
the continuous space than learnable tokens.

Influence of various attention and pooling mech-
anism. Recent studies achieve strong text embed-
dings by transforming the model’s attention from
causal to bidirectional (Li and Li, 2024b; Muen-
nighoff et al., 2024; BehnamGhader et al., 2024;
Lee et al., 2025a; Pan et al., 2025). To investi-
gate the potential of this paradigm in our frame-
work, we evaluate EPIC under bidirectional atten-
tion with various pooling strategies, including last-
token pooling, mean pooling, and NV-Embed pool-
ing (Lee et al., 2025a). As shown in Table 6, we
observe that switching to bidirectional attention
considerably degrades EPIC’s performance, regard-
less of the pooling mechanism, consistent with pre-
vious findings (Li et al., 2025; Lin et al., 2025a).
We speculate that the attention mismatch between
pre-training and fine-tuning disrupts the advanced
instruction-following capabilities of LLMs when
provided with in-context demonstrations.

4 Related Work

Text Embeddings. Text embeddings are contin-
uous vector representations that encode the con-
textual semantics of natural language text, facili-
tating a wide range of natural language language
processing (NLP) tasks such as text classifica-
tion (Logeswaran and Lee, 2018), question answer-
ing (Karpukhin et al., 2020a), and information re-
trieval (IR) (Jiang et al., 2026). Early efforts fo-
cused on word-level embeddings (Mikolov et al.,
2013; Pennington et al., 2014), while later attempts
learned fixed-length representations for variable-
length texts by combining word vectors (Wieting

etal., 2015; Wang et al., 2016). Modern approaches
predominantly rely on pre-trained language models,
such as BERT (Devlin et al., 2019), RoBERTa (Liu
et al., 2019), and T5 (Raffel et al., 2020) to gener-
ate contextualized text embeddings. Notable meth-
ods in this paradigm include SBERT (Reimers and
Gurevych, 2019), SimCSE (Gao et al., 2021), and
Sentence-T5 (Ni et al., 2022a), which are fine-
tuned on natural language inference datasets. To
further improve embedding performance, advanced
techniques such as E5 (Wang et al., 2022), GTE (Li
et al., 2023), and BGE (Xiao et al., 2024) employ
weakly supervised contrastive learning on large-
scale text pair corpora curated from web sources.
More recent work attempts to develop general-
purpose embedding models tailored to diverse tasks
and domains through well-designed instruction-
tuning (Su et al., 2023b; Wang et al., 2024b).

LLM-based Text Embedding. With the rapid
advancement of large language models (LLMs),
substantial efforts have been devoted to adapt-
ing them into strong embedding models. Re-
pLLaMA (Ma et al., 2024) and LLaMA2Vec (Liu
et al., 2024a) show that fine-tuning LLaMA-2-
7B (Touvron et al., 2023) substantially improves
the performances on retrieval tasks. To fur-
ther obtain high-quality text embeddings, Wang
et al. (2024a) fine-tune Mistral-7B (Jiang et al.,
2023) on diverse synthetic data with standard
contrastive loss, achieving competitive results.
ECHO (Springer et al., 2025) repeats the input
twice and extracts embeddings from the repeated
sequence. Anchor (Su et al., 2025) enhances the se-
mantic capacity of the EOS token by introducing an
additional training stage before contrastive learning.
As the first work to enable bidirectional attention
in LLMs for embedding generation, BeLLM (Li
and Li, 2024b) removes the causal mask at specific
attention layers. Building on this foundation, many
subsequent methods modify the LLMs to be fully
bidirectional, including GRITLM (Muennighoff
et al., 2024) and LLM2Vec (BehnamGhader et al.,
2024), while NV-Embed (Lee et al., 2025a) and
MGH (Pan et al., 2025) further propose novel pool-
ing strategies to overcome the limitation of mean
pooling. In addition, PromptEOL (Jiang et al.,
2024) and bge-en-icl (Li et al., 2025) incorporate
task-related demonstrations into the input to ac-
tivate the in-context learning capabilities (Brown
et al., 2020) of LLMs. In this work, we aim to
enhance LLMs as embedding models by leverag-
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ing ICL while mitigating its significant token cost
through compressing discrete textual demonstra-
tions into continuous embeddings.

Vector-based ICL. In-context learning (ICL) has
become a powerful learning paradigm for LLMs,
yet its underlying mechanisms remain unclear.
Hendel et al. (2023) show that ICL operates by
compressing a training set into a single task vector
that guides the model to generate desired outputs.
Building on this perspective, Yang et al. (2025) in-
vestigate potential factors in the emergence of task
vectors. Moreover, Zhuang et al. (2025) demon-
strate that pre-training projection modules with lan-
guage modeling objectives enable effective vector-
based ICL. Notably, these methods are developed
for generative tasks. In contrast, to the best of our
knowledge, this work presents the first embedding
model that replaces discrete ICL demonstrations
with their corresponding text embeddings, thus im-
proving the representational capability of LLMs.

5 Conclusion

In this work, we introduced a novel embedding-
based in-context prompt training strategy to im-
prove the embedding capabilities of LLMs. Our
method replaces conventional discrete demonstra-
tions with their continuous embeddings, allowing
the model to benefit from ICL while effectively
reducing token overhead. Extensive experiments
on MTEB demonstrated that EPIC achieves new
state-of-the art results among models trained solely
on publicly available retrieval datasets. More-
over, EPIC-enhanced models exhibited strong em-
bedding performance even without any in-context
prompt, further confirming the effectiveness and
practicality of our method. We hope this work pro-
vides new perspective on prompting strategies for
advancing the representation learning of LLMs.

Limitations

Despite the strong embedding results achieved
by EPIC, there remain several limitations that
need to be acknowledged: (1) Models that
perform exceptionally well on MTEB, such as
Qwen3-Embedding (Zhang et al., 2025), Gem-
ini Embedding (Lee et al., 2025b), and KalLM-
Embedding (Zhao et al., 2025), typically rely on
extensive synthetic or MTEB-related data during
training. Incorporating such training corpora could
help further validate the effectiveness and gener-
alizability of our approach. (2) Due to hardware

constraints, we evaluate the proposed method only
on LLMs ranging from 1B to 8B parameters, which
also ensures fair comparison with prior work (Su
et al., 2025; Pan et al., 2025; Lee et al., 2025a;
Li et al., 2025). Scaling the experiments to larger
model sizes, such as 30B or 70B, would make this
work more comprehensive and meaningful. (3)
Although this work provides new perspectives on
embedding prompting, the underlying mechanisms
of ICL for embedding generation remain unclear.
Future work aims to provide a mechanistic expla-
nation of ICL and further exploit its potential for
text embedding.

Ethical Considerations

This work focuses on improving LLMs as text en-
coders, enabling a wide range of real-world ap-
plications such as information retrieval, question
answering, and recommendation systems. How-
ever, it should be noted that our method may in-
herit and potentially amplify social biases (Hida
et al., 2025) and hallucination issues (Bang et al.,
2025) inherent in LLMs. Therefore, users are en-
couraged to apply our research in an ethical and
responsible manner. In addition, we rely solely on
publicly available datasets for training and open-
source benchmarks for evaluation, both of which
have been widely adopted in academic research,
helping to mitigate ethical concerns to a certain
extent.
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A Experimental Details for Training

A.1 Training Setup

In this section, we provide additional training de-
tails based on Section 3.1. We fine-tune Mistral-7B
for 1000 steps, and Qwen2.5-7B as well as LLaMA-
3.1-8B for 800 steps. We adopt the AdamW opti-
mizer with 300 warm-up steps, followed by a linear
learning-rate decay over the remaining steps. To en-
sure fair comparison, we follow the open-source im-
plementation of LLM?2Vec (BehnamGhader et al.,
2024) and set the random seed to 42 across all
experiments. To reduce GPU memory usage, we
enable bfloat16 precision, FlashAttention-2 (Dao,
2024), and gradient checkpointing. Following Pan
et al. (2025), we further employ gradient accumula-
tion of 8 to simulate a batch size of 512. Addition-
ally, we ensure that all samples within each batch
are drawn from the same dataset

A.2 Public Retrieval Datasets

Following Springer et al. (2025), the collection of
publicly available retrieval datasets used for train-
ing is distributed under the Apache License 2.0
and includes the following datasets: ELIS (sam-
ple ratio 0.1) (Fan et al., 2019), HotpotQA (Yang

et al., 2018), FEVER (Thorne et al., 2018), MIR-
ACL (Zhang et al., 2023b), MS-MARCO pas-
sage ranking (sample ratio 0.5) and document
ranking (sample ratio 0.2) (Nguyen et al., 2017),
NQ (Karpukhin et al., 2020b), NLI (Gao et al.,
2021), SQuAD (Rajpurkar et al., 2016), Trivi-
aQA (Joshi et al., 2017), Quora Duplicate Ques-
tions (sample ratio 0.1) (DataCanary et al., 2017),
Mr. TyDi (Zhang et al., 2021), DuReader (He et al.,
2018), and T2Ranking (sample ratio 0.5) (Xie et al.,
2023).

Following (BehnamGhader et al., 2024), we use
different instructions for each retrieval dataset dur-
ing training, as listed in Table 7. It is worth noting
that for query—passage sample pairs, we apply
instructions only to the query, while leaving the
passage unchanged.

B Experimental Details for Evaluation

B.1 Massive Text Embeddings Benchmark
(MTEB)

In line with previous work (Wang et al., 2024a;
BehnamGhader et al., 2024; Springer et al., 2025;
Lee et al., 2025a; Su et al., 2025; Pan et al., 2025;
Li et al., 2025), we adopt the large-scale MTEB
English subsets (Muennighoff et al., 2023) to eval-
uate the effectiveness of our method. This bench-
mark is distributed under the Apache License 2.0
and comprises 56 English datasets across seven di-
verse embedding task categories: retrieval (Retr.),
reranking (Rerank.), clustering (Clust.), pair clas-
sification (PairClass.), classification (Class.), se-
mantic textual similarity (STS), and summarization
(Summ.). The corresponding evaluation metrics
are nDCG @10, MAP, V-measure (V-meas.), aver-
age precision (AP), accuracy (Acc.), and Spearman
correlation (Spear., both for STS and Summ.), re-
spectively.

For fair comparison, we directly employ the in-
context demonstrations curated by bge-en-icl (Li
et al., 2025), which provide between one and eight
sentence pairs for each MTEB dataset. Since these
examples are specifically selected for bge-en-icl,
they may be suboptimal for our method. Therefore,
for datasets where the demonstrations fail to im-
prove performance, we simply disable in-context
prompting. Notably, for asymmetric tasks such
as retrieval, instructions or in-context prompts are
applied only to the query, whereas for symmetric
tasks, they are applied to both input texts. The in-
structions used for each MTEB dataset are listed in
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Dataset

Instruction (s)

ELI5

HotpotQA

FEVER

MIRACL

MSMARCO Passage
MSMARCO Document
NQ

NLI

SQuAD
TriviaQA
QuoraDuplicates

Mr. TyDi
DuReader
T2Ranking

Provided a user question, retrieve the highest voted answers on Reddit ELI5 forum
Given a multi-hop question, retrieve documents that can help answer the question
Given a claim, retrieve documents that support or refute the claim

Given a question, retrieve Wikipedia passages that answer the question

Given a web search query, retrieve relevant passages that answer the query

Given a web search query, retrieve relevant documents that answer the query
Given a question, retrieve Wikipedia passages that answer the question

Given a premise, retrieve a hypothesis that is entailed by the premise

Retrieve semantically similar text

Retrieve Wikipedia passages that answer the question

Retrieve Wikipedia passages that answer the question

Given a question, retrieve questions that are semantically equivalent to the given question
Find questions that have the same meaning as the input question

Given a question, retrieve Wikipedia passages that answer the question

Given a Chinese search query, retrieve web passages that answer the question
Given a Chinese search query, retrieve web passages that answer the question

Table 7: Instructions used for publicly available retrieval datasets during training.
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Figure 5: Average per-sample inference latency of Mistral-7B—based methods on selected MTEB datasets. The
baseline refers to the standard Mistral-7B model with EOS pooling. All results are obtained with a batch size of 64
on a single NVIDIA A100 GPU. For asymmetric retrieval datasets, latency is reported per query—passage pair.

Table 11.

B.2 MTEB Subset

The full MTEB benchmark contains over ten mil-
lions samples and requires hundreds of A100-
80GB GPU hours to evaluate a 7B-parameter
model. To accelerate ablation studies and anal-
ysis, we follow MGH (Pan et al., 2025) and
select a representative subset of MTEB com-
prising 26 datasets: BIOSSES, STS12, STS13,
STS14, STS15, STS16, STS17, STS22, STS-
Benchmark, SICK-R, AmazonReviewsClassifi-
cation, MTOPDomainClassification, TweetSenti-
mentExtractionClassification, ImdbClassification,
TwitterSemEval2015, TwitterURLCorpus, Sci-

Fact, NFCorpus, FiQA2018, SCIDOCS, Biorx-
ivClusteringS2S, MedrxivClusteringS2S, Twen-
tyNewsgroupsClustering, AskUbuntuDupQues-
tions, StackOverflowDupQuestions, and SciDoc-
sRR.

C Additional Results

C.1 Inference Latency

In this section, we further report the inference la-
tency of our EPIC on MTEB datasets. As shown in
Figure 5, by compressing discrete textual demon-
strations into embedding-based continuous repre-
sentations, EPIC reduces inference time by up to
70% compared with conventional ICL (e.g., STS22:
45.45 vs. 152.41). There findings demonstrate that
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# of examples Average Score

0 70.60
1 71.15
2 71.30
5 71.50
8 71.43

Table 8: Performance comparison of EPIC)sra1.78 With
varying numbers of in-context demonstrations during
fine-tuning on the MTEB subset, where 0 examples
refers to training without any ICL strategy.

our approach substantially mitigates the token bur-
den during inference.

C.2 The Number of In-Context Examples
During Training

By default, we randomly sample five demonstra-
tions from the same batch during fine-tuning, fol-
lowing bge-en-icl (Li et al., 2025). We further
investigate the impact of using 1, 2, and 8 demon-
strations. As shown in Table 8, compared to the
baseline model trained without any ICL strategy,
using even a single demonstration during train-
ing leads to performance improvements. However,
when the number of demonstrations is increased
from five to eight, the embedding performance no
longer improves, while the training cost becomes
higher. Overall, to ensure a fair comparison with
prior work and to strike a balance between perfor-
mance and computational efficiency, we use five
in-context demonstrations during training in this
work.

C.3 Analysis of the Attention Sink
Phenomenon

The attention sink phenomenon refers to the
model’s tendency to focus excessively on the first
token, which has been shown to hinder the perfor-
mance of embedding models (Lin et al., 2025b).
We conduct an attention analysis on EPICyisyral-78
by computing the average proportion of attention
that the EOS token assigns to the first token across
different layers. As shown in Table 9, EPIC-trained
models consistently alleviate the attention sink phe-
nomenon both with and without in-context demon-
strations during inference. Consequently, the EOS
token, which serves as the output text embedding,
can attend more effectively to the remaining tokens,
thereby improving the embedding quality.

Method Layer 8 Layer 16 Layer 24 Layer 32
Baseline 0.75 0.58 0.70 0.46
EPICy/ 1cD 0.57 0.40 0.47 0.33
EPICy, 1cp 0.54 0.37 0.45 0.31

Table 9: Proportion of attention assigned to the first
token across selected layers for EPIC-trained models
with or without in-context demonstrations (ICD) during
inference. Baseline models are conventionally trained
without any ICL strategy.

LoRA Rank Average Score

16 71.39
32 71.42
64 71.50

Table 10: Performance comparison of EPICyistral7s
with different LoRA ranks on the MTEB subset.

C.4 The Impact of LoRA Rank

In addition to the LoRA rank of 64 used in our
experiments, we further examine the model per-
formance with LoRA ranks of 16 and 32. As pre-
sented in Table 10, EPIC achieves strong results
even with smaller LoRA rank, demonstrating its
robustness across different LoRA settings. For a
fair comparison with the previous state-of-the-art
method, bge-en-icl, we adopt a LoRA rank of 64
as the default setting in this work.

C.5 Detailed MTEB Results

We present the detailed results of the proposed
EPIC on all MTEB datasets using three base mod-
els: Qwen2.5-7B, Mistral-7B, and LLaMA-3.1-8B,
as summarized in Table 12.
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Dataset

Instruction

AmazonCounterfactualClassification

AmazonPolarityClassification
AmazonReviewsClassification
Banking77Classification

EmotionClassification

ImdbClassification
MassivelntentClassification
MassiveScenarioClassification
MTOPDomainClassification
MTOPIntentClassification
ToxicConversationsClassif.
TweetSentimentClassification
ArxivClusteringP2P
ArxivClusteringS2S
BiorxivClusteringP2P
BiorxivClusteringS2S
MedrxivClusteringP2P
MedrxivClusteringS2S
RedditClustering
RedditClusteringP2P
StackExchangeClustering
StackExchangeClusteringP2P
TwentyNewsgroupsClustering
SprintDuplicateQuestions
TwitterSemEval2015
TwitterURLCorpus
AskUbuntuDupQuestions
MindSmallReranking
SciDocsRR
StackOverflowDupQuestions
ArguAna

ClimateFEVER

CQADupstackRetrieval

DBPedia
FEVER
FiQA2018
HotpotQA
MSMARCO
NFCorpus
NQ
QuoraRetrieval
SCIDOCS
SciFact
Touche2020
TRECCOVID
STS*
SummEval

Classify a given Amazon customer review text as either counterfactual

or not-counterfactual.

Classify Amazon reviews into positive or negative sentiment

Classify the given Amazon review into its appropriate rating category

Given a online banking query, find the corresponding intents

Classify the emotion expressed in the given Twitter message into one of the six
emotions: anger, fear, joy, love, sadness, and surprise.

Classify the sentiment expressed in the given movie review text from the IMDB dataset.
Given a user utterance as query, find the user intents

Given a user utterance as query, find the user scenarios

Classify the intent domain of the given utterance in task-oriented conversation
Classify the intent of the given utterance in task-oriented conversation

Classify the given comments as either toxic or not toxic

Classify the sentiment of a given tweet as either positive, negative, or neutral
Identify the main and secondary category of Arxiv papers based on the titles and abstracts.
Identify the main and secondary category of Arxiv papers based on the titles

Identify the main category of Biorxiv papers based on the titles and abstracts

Identify the main category of Biorxiv papers based on the titles

Identify the main category of Medrxiv papers based on the titles and abstracts
Identify the main category of Medrxiv papers based on the titles

Identify the topic or theme of Reddit posts based on the titles

Identify the topic or theme of Reddit posts based on the titles and posts

Identify the topic or theme of StackExchange posts based on the titles

Identify the topic or theme of StackExchange posts based on the given paragraphs
Identify the topic or theme of the given news articles

Retrieve duplicate questions from Sprint forum

Retrieve tweets that are semantically similar to the given tweet

Retrieve tweets that are semantically similar to the given tweet

Retrieve duplicate questions from AskUbuntu forum

Retrieve relevant news articles based on user browsing history

Given a title of a scientific paper, retrieve the titles of other relevant papers

Retrieve duplicate questions from StackOverflow forum

Given a claim, find documents that refute the claim

Given a claim about climate change, retrieve documents that support or refute the claim.
Given a question, retrieve detailed question descriptions from Stackexchange that are
duplicates to the given question.

Given a query, retrieve relevant entity descriptions from DBPedia

Given a claim, retrieve documents that support or refute the claim

Given a financial question, retrieve user replies that best answer the question

Given a multi-hop question, retrieve documents that can help answer the question
Given a web search query, retrieve relevant passages that answer the query

Given a question, retrieve relevant documents that best answer the question

Given a question, retrieve Wikipedia passages that answer the question

Given a question, retrieve questions that are semantically equivalent to the given question.
Given a scientific paper title, retrieve paper abstracts that are cited by the given paper
Given a scientific claim, retrieve documents that support or refute the claim

Given a question, retrieve detailed and persuasive arguments that answer the question
Given a query on COVID-19, retrieve documents that answer the query

Retrieve semantically similar text.

Given a news summary, retrieve other semantically similar summaries

Table 11: Instructions used for MTEB evaluation. “STS*” indicates that the instruction is applied to all STS datasets.
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Dataset | Qwen2.5-7B  Mistral-7B  LLaMA-3.1-8B

AmazonCounterfactualClassification 70.55 77.54 76.87
AmazonPolarityClassification 96.13 95.76 94.76
AmazonReviewsClassification 54.56 53.91 51.58
ArguAna 61.37 60.65 61.76
ArxivClusteringP2P 51.09 49.69 49.14
ArxivClusteringS2S 47.71 46.28 45.74
AskUbuntuDupQuestions 64.55 65.96 64.86
BIOSSES 86.45 85.99 86.12
Banking77Classification 87.88 88.71 88.59
BiorxivClusteringP2P 41.19 39.41 40.67
BiorxivClusteringS2S 38.66 38.04 38.52
CQADupstackRetrieval 47.13 44.84 46.95
ClimateFEVER 35.12 34.01 35.48
DBPedia 49.81 50.77 50.60
EmotionClassification 51.02 50.49 49.48
FEVER 90.55 91.47 90.90
FiQA2018 51.91 54.64 53.09
HotpotQA 67.78 73.06 72.72
ImdbClassification 93.74 92.26 92.80
MSMARCO 40.82 42.04 42.13
MTOPDomainClassification 96.43 96.04 96.32
MTOPIntentClassification 82.90 84.18 85.94
MassivelntentClassification 79.87 79.23 78.95
MassiveScenarioClassification 81.95 82.10 81.30
MedrxivClusteringP2P 35.70 35.13 33.77
MedrxivClusteringS2S 34.51 34.92 32.30
MindSmallReranking 33.14 32.48 3242
NFCorpus 40.68 41.07 40.59
NQ 63.83 65.81 67.18
QuoraRetrieval 89.27 89.38 89.24
RedditClustering 61.27 65.26 64.36
RedditClusteringP2P 63.48 66.96 65.03
SCIDOCS 23.84 22.03 22.87
SICK-R 83.57 83.80 84.10
STS12 78.74 79.04 79.50
STS13 89.17 89.18 §9.42
STS14 84.81 85.72 85.77
STS15 89.61 90.59 90.04
STS16 87.99 88.44 88.33
STS17 91.86 92.78 91.95
STS22 69.20 69.99 69.39
STSBenchmark 88.69 89.38 89.21
SciDocsRR 86.61 84.42 85.76
SciFact 77.37 76.90 77.66
SprintDuplicateQuestions 96.73 96.58 96.96
StackExchangeClustering 74.99 73.71 71.65
StackExchangeClusteringP2P 39.38 38.68 36.38
StackOverflowDupQuestions 53.81 55.21 53.82
SummEval 30.86 31.41 31.26
TRECCOVID 83.60 83.10 79.65
Touche2020 24.70 23.56 25.32
ToxicConversationsClassification 61.34 65.20 65.55
TweetSentimentExtractionClassification 63.58 62.25 62.17
TwentyNewsgroupsClustering 55.51 57.12 57.81
TwitterSemEval2015 79.94 82.13 80.02
TwittertURLCorpus 87.28 87.16 86.97
MTEB Average (56) | 65.97 66.37 66.10

Table 12: Results of EPIC on each MTEB datasets across three base models: Qwen2.5-7B, Mistral-7B, and
LLaMA-3.1-8B.
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