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Abstract

Embedding models play a pivotal role in mod-
ern NLP applications such as document re-
trieval. However, existing embedding models
are limited to encoding short documents of typ-
ically 512 tokens, restrained from application
scenarios requiring long inputs. This paper ex-
plores context window extension of existing
embedding models, pushing their input length
to a maximum of 32,768. We begin by evalu-
ating the performance of existing embedding
models using our newly constructed LONGEM-
BED benchmark, which includes two synthetic
and four real-world tasks, featuring documents
of varying lengths and dispersed target infor-
mation. The benchmarking results highlight
huge opportunities for enhancement in current
models. Via comprehensive experiments, we
demonstrate that training-free context window
extension strategies can effectively increase the
input length of these models by several folds.
Moreover, comparison of models using Abso-
lute Position Encoding (APE) and Rotary Po-
sition Encoding (RoPE) reveals the superiority
of RoPE-based embedding models in context
window extension, offering empirical guidance
for future models. Our benchmark, code and
trained models will be released to advance the
research in long context embedding models.

1 Introduction

Text embeddings are vector representations of nat-
ural language that encode its semantic informa-
tion. They play a pivotal role in various natural lan-
guage processing (NLP) tasks, including informa-
tion retrieval (IR) and retrieval-augmented genera-
tion (RAG). However, embedding models for pro-
ducing these vector representations still operates
within a very narrow context window, many sup-
porting only 512 input tokens (Wang et al., 2022;
Xiao et al., 2023; Ni et al., 2022). This narrow
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context window has greatly hindered their appli-
cation in scenarios requiring long inputs, such as
long Wikipedia articles and meeting scripts (Saad-
Falcon et al., 2024).

Previous efforts that train a long context embed-
ding model from scratch suffer significant compu-
tational overhead, due to the combined demand for
large batch sizes and long sequences. For example,
Chen et al. (2024) utilized 96 A100 GPUs to train
BGE-M3 which supports 8k context. Meanwhile,
there have been many successes in extending con-
text window of existing LLMs in a plug-and-play
way or via efficient fine-tuning, pushing their con-
text from 4k to 128k (Xiong et al., 2023) and even
2 million tokens (Ding et al., 2024). Motivated by
this, instead of training long context embedding
models from scratch, this paper explores context
window extension of existing embedding models.

First, we examine the capability of existing em-
bedding models in processing long context. Re-
trieval is selected as the proxy task, as it closely
mirrors real-world application scenarios. While
there have been some retrieval benchmarks such as
BEIR (Thakur et al., 2021) and LoCo (Saad-Falcon
et al., 2024), we identify two major limitations with
these existing benchmarks: 1) limited document
length, 2) biased distribution of target information.
To overcome this, we introduce the LONGEMBED

benchmark that integrates two synthetic tasks to
enable flexible control over document length, and
four real tasks featuring dispersed target informa-
tion. Results on LONGEMBED indicates huge room
for improvement in current embedding models.

Based on this, we explore plug-and-play strate-
gies to extend embedding models, including par-
allel context windows, reorganizing position ids,
and position interpolation. Comprehensive exper-
iments show that these strategies can effectively
extend the context window of existing embedding
models by several folds, regardless of their origi-
nal context being 512 or beyond 4k. Furthermore,
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Figure 1: (a) Overview of the LONGEMBED benchmark. (b) Performance of current embedding models on passkey
retrieval, with evaluation length ranging from 256 to 32,768 1. ▲ / ♦ denotes embedding models with 512 / ≥ 4k
context. The greener a cell is, the higher retrieval accuracy this model achieves on the corresponding evaluation
length. (c) Effects of context window extension methods on E5, E5-RoPE, E5-Mistral, measured by improvements
of Avg. Scores on LONGEMBED. SE / NTK is short for SelfExtend / NTK-Aware Interpolation.

for models employing absolute position encoding
(APE), we show the possibility of harvesting fur-
ther improvements via fine-tuning while strictly
preserving original behavior within the short con-
text. In this way, we have extended E5Base (Wang
et al., 2022) from 512 to 4k (See Figure 1c).

For models utilizing RoPE (Su et al., 2021), sub-
stantial enhancements on LONGEMBED are ob-
served when employing methods that fully lever-
age RoPE’s advantages, such as NTK (Peng and
Quesnelle, 2023) and SelfExtend (Jin et al., 2024).
As illustrated in Figure 1b and 1c, leveraging
NTK extends the context window of E5-Mistral
to 32k, achieving close-to-perfect accuracy on
passkey retrieval and state-of-the-art performance
on LONGEMBED. Further, for fair comparison
of APE / RoPE-based embedding models, we pre-
train E5-RoPE following the training procedure
and data of E5. Thorough comparison of E5 and
E5-RoPE reveals the superiority of RoPE-based
embedding models in context window extension.
To sum up, our contributions are as follows:

• We construct LONGEMBED to benchmark long
context retrieval, which includes two synthetic
and four real-world tasks, featuring documents of
varying lengths and dispersed target information.

• We have conducted comprehensive experiments
on training-free context window extension, ex-
tending the input length of existing embedding
models by several folds.

• We reveal the superiority of RoPE-based embed-
ding models in context window extension via

thorough comparison of models adopting APE
and RoPE, offering empirical guidance for future
embedding models.

• Our benchmark and trained models (E5Base-4k,
E5-RoPEBase) will be released to advance the
research in long context embedding models.

2 Related Work

Text Embedding Models. Text embeddings
encode semantic information of text as low-
dimensional vectors, enabling numerous NLP ap-
plications. Early attempts on embeddings mod-
els include latent semantic indexing (Deerwester
et al., 1990) and weighted average of word embed-
dings (Mikolov et al., 2013). Modern embedding
models (Wang et al., 2022; Xiao et al., 2023; Nee-
lakantan et al., 2022) exploit supervision from la-
beled query-document pairs, adopting a multi-stage
training paradigm that pre-trained on large-scale
raw text pairs using contrastive loss, then fine-tuned
on small scale but high-quality datasets.

Existing efforts in developing long-context em-
bedding models typically involve first obtaining
a long-context backbone model, either by pre-
training with long inputs from scratch (Günther
et al., 2023; Nussbaum et al., 2024; Chen et al.,
2024) or using existing ones (Wang et al., 2023b),
followed by training the backbone model to pro-
duce embeddings. Instead, this paper endows ex-

1For simplicity, we report results from the base versions of
the included models by default. The supported context length
of each model is presented in Table 2. Inputs exceeding the
supported context length are truncated.
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isting embedding models with the ability to handle
long context through context window extension.
Context Window Extension for LLMs. Due to
the high cost of pre-training an LLM from scratch,
there have been many efforts towards extending the
context window of existing LLMs in a plug-and-
play manner. We categorize these efforts as follows:
1) Divide-and-conquer, which involves segment-
ing long inputs into short chunks, processing each
chunk with the model, and aggregating the results,
as demonstrated by PCW (Ratner et al., 2023); 2)
Position reorganization, which reorganizes position
ids to accommodate longer inputs, as exemplified
by SelfExtend (Jin et al., 2024), DCA (An et al.,
2024). 3) Position interpolation, which introduces
new position embeddings by interpolating existing
ones, includes PI (Chen et al., 2023), NTK (Peng
and Quesnelle, 2023), YaRN (Peng et al., 2023),
and Resonance RoPE (Wang et al., 2024a). Our
paper thoroughly investigates these three lines of
methods on embedding models. We also acknowl-
edge other efforts in context extension, such as to-
ken compression (Jiang et al., 2023; Ge et al., 2023;
Zhang et al., 2024a) and memory-based transform-
ers (Wang et al., 2024b; Xiao et al., 2024). How-
ever, the former is not applicable for bidirectional
attention, and the latter requires complex mecha-
nisms for accessing encoded content, hence we do
not experiment with these two categories.

In addition to their plug-and-play usability, fur-
ther fine-tuning on top of these methods with long
training samples has been proven to yield better
performance (Xiong et al., 2023; Fu et al., 2024;
Zhang et al., 2024b; Yen et al., 2024). Address-
ing the overhead of training on long inputs and the
scarcity of extremely long training data, a line of
research investigates simulating long inputs within
short context, including Randomized Positions (Ru-
oss et al., 2023), Positional Skip-wise (PoSE) train-
ing (Zhu et al., 2023), and SkipAlign (Wu et al.,
2024). This paper also leverage these efforts to
synthesize long training samples from the original
training data, facilitating further fine-tuning on top
of plug-and-play methods.

3 The LONGEMBED benchmark

In this section, we first identify two limitations of
existing retrieval benchmarks for evaluating long-
context capabilities (§ 3.1). Then, we introduce the
retrieval tasks adopted in our LONGEMBED, includ-
ing both synthetic ones (§ 3.2) and real ones (§ 3.3).
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QASPER Abstract
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85
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Figure 2: Results of E5Base on 8 LoCo tasks that are
publicly available.

3.1 Examing Existing Retrieval Benchmarks
There are two main desiderata for curating a long
context retrieval benchmark. First, the candidate
documents should be long enough. Second, the
target information to answer user query should be
as uniformly distributed across the document as
possible. This prevents embedding models from
solely focusing on specific parts, such as the begin-
ning (Coelho et al., 2024), to achieve unreasonably
high scores. Based on these criteria, we examine
existing retrieval benchmarks as follows:
BEIR Benchmark (Thakur et al., 2021) is a col-
lection of 18 information retrieval datasets, rang-
ing across ad-hoc web search, question answering,
fact verification, etc. However, documents in this
benchmark contains fewer than 300 words on av-
erage (See Table 5 in Appendix), making it un-
suitable for measuring long context retrieval that
usually involves documents of thousands or tens of
thousands of words.
LoCo Benchmark (Saad-Falcon et al., 2024) con-
sists 12 retrieval tasks that requires long context
reasoning, spanning diverse domains such as law
and finance. However, it still suffers from biased
distribution of key information, as demonstrated
in Figure 2. With only 512 context length, E5Base
achieves >85% nDCG scores on 3 out of 8 publicly-
available LoCo tasks. This severely biased distri-
bution of target information undermines its ability
to reflect model performance as context increases.

3.2 Synthetic Tasks in LONGEMBED

First, we introduce the passkey and needle retrieval
task for embedding models as follows:
Personalized Passkey Retrieval. Passkey re-
trieval (Mohtashami and Jaggi, 2023) requires
LLMs to recover a random passkey hidden within
a long document comprising garbage information.
For embedding models, we adopt the personal-

804



Dataset Domain # Queries # Docs
Avg. Query Avg. Doc

Words Words

Real Tasks

NarrativeQA Literature, Film 10,449 355 9 50,474
QMSum Meeting 1,527 197 71 10,058
2WikiMultihopQA Wikipedia 300 300 12 6,132
SummScreenFD ScreenWriting 336 336 102 5,582

Synthetic Tasks

Passkey Synthetic 400 800 11 †
Needle Synthetic 400 800 7 †

Table 1: Overview of the LONGEMBED benchmark. Average word number is rounded to the nearest integer. †
For needle and passkey test, we have 8 groups of queries and candidate documents, with the documents averaging
{0.25, 0.5, 1, 2, 4, 8, 16, 32} × 0.75k words, respectively.

Passkey Test Examples:
Query: What is the pass key for Sky Morrow?
Doc1: <prefix> Sky Morrow's passkey is 123. 
Remember it. 123 is the passkey for Sky 
Morrow. <suffix>
Doc2: <prefix> Cesar McLean's passkey is 
456. Remember it. 456 is the passkey for 
Cesar McLean. <suffix>

...

Needle Test Examples:
Query: Who discovered the law of gravity?
Doc1: <prefix> The law of gravity was 
discovered by Sir Issac Newton. <suffix>
Doc2: <prefix> The best thing to do in San 
Francisco is eat a sandwich and sit in Dolores 
Park on a sunny day. <suffix>

...

Passkey Test Examples:
Query: What is the pass key for Sky Morrow?
Doc1: <prefix> Sky Morrow's passkey is 123. Remember it. 
123 is the passkey for Sky Morrow. <suffix>
Doc2: <prefix> Cesar McLean's passkey is 456. Remember 
it. 456 is the passkey for Cesar McLean. <suffix>

...

Needle Test Examples:
Query: Who discovered the law of gravity?
Doc1: <prefix> The law of gravity was discovered by Sir 
Issac Newton. <suffix>
Doc2: <prefix> The best thing to do in San Francisco is eat 
a sandwich and sit in Dolores Park on a sunny day. <suffix>

...

Figure 3: Example for the passkey and needle test. For
the passkey test, the <prefix / suffix> are repeats of "The
grass is green. The sky is blue. The sun is yellow. Here
we go. There and back again." For the needle test, the
<prefix> and <suffix> form a long essay.

ized passkey retrieval (Wang et al., 2023b), where
each document contains a unique person name and
his/her passkey at random position. The goal is to
retrieve the document containing the given person’s
passkey from all candidates documents.

Needle-in-a-haystack Retrieval. While passkey
retrieval surrounds key information with garbage
sentences, needle-in-a-haystack retrieval (Kamradt,
2023; Liu et al., 2024) randomly inserts key infor-
mation into an arbitrary position of a long essay,
making the task more challenging. To tailor this
task for embedding models, we instruct GPT-4 to
generate 100 facts covering a variety of domains
including physics, history, geometry, art, etc, and
100 queries correspondingly. The facts are subse-
quently treated as needles and randomly inserted
into the PaulGrahamEssay to form 100 candidate

documents. Our task is to correctly retrieve the
document that contains corresponding needle given
the query.

The advantage of synthetic data is that we
can flexibly control context length and dis-
tribution of target information. For both
tasks, we evaluate a broad context range of
{0.25, 0.5, 1, 2, 4, 8, 16, 32}× 1, 024 tokens 2. For
each context length, we include 50 test samples,
each comprising 1 query and 100 candidate docu-
ments. 3 In this way, we can measure the effective
context size of embedding models for up to 32k
tokens. Examples for both tasks are in Figure 3.

3.3 Real Tasks in LONGEMBED

While synthetic tasks offer flexibility in manipulat-
ing context length and distributing target informa-
tion, they still differ from real-world scenarios. To
conduct a comprehensive evaluation, we have tai-
lored following long-form QA and summarization
tasks for long context retrieval. For QA datasets,
we use the questions as queries, the set of all input
documents as candidate documents. For summa-
rization datasets, we use the summaries as queries,
and the set of all input documents as candidate
documents.
NarrativeQA (Kočiský et al., 2018) is a QA
dataset comprising long stories and corresponding
questions about specific content such as characters,

2Since token numbers vary w.r.t. tokenizers, we use a
rough estimation that 1 token = 0.75 word, and constraint the
word numbers to not exceed {0.25, 0.5, 1, 2, 4, 8, 16, 32} ×
1, 024× 0.75.

3The original version of personalized passkey retrieval uses
different candidate documents for each query, resulting in 50
queries and 5,000 documents to encode for each context length.
To speed up evaluation, we share the candidate documents for
different queries within each context length.
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events. As these details are dispersed throughout
the story, models must process the entire long con-
text to get the correct answers.
2WikiMultihopQA (Ho et al., 2020) is a multi-hop
QA dataset featuring questions with up to 5 hops,
synthesized through manually designed templates
to prevent shortcut solutions. This necessitates
the ability to process and reason over long context,
ensuring that answers cannot be obtained by merely
focusing on a short span within the document.
QMSum (Zhong et al., 2021) is a query-based
meeting summarization dataset that requires select-
ing and summarizing relevant segments of meet-
ings in response to queries. Due to the involve-
ment of multiple participants and topics in the meet-
ing, summarization regarding specific queries nat-
urally requires aggregating information dispersed
throughout the entire text.
SummScreenFD (Chen et al., 2022) is a screen-
play summarization dataset comprising pairs of TV
series transcripts and human-written summaries.
Similar to QMSum, its plot details are scattered
throughout the transcript and must be integrated to
form succinct descriptions in the summary.

Table 1 presents the overall statistics of
LONGEMBED. Considering the computational
complexity that increases quadratically with input
length, we intentionally restrict the number of can-
didate documents in each task to to not exceed 103.
In this way, we can efficiently evaluate the basic
long context capabilities of embedding models. For
further elaboration on the source and examples for
each dataset, please refer to Appendix C.

4 Methodology

4.1 Preliminary: APE & RoPE

Absolute Position Embedding (APE) stands as
the predominant positional encoding strategy for
embedding models, as majority of them follows
the BERT architecture (Devlin et al., 2019). APE-
based models first embed absolute position ids
into position vectors and add token embeddings to
their corresponding position vectors, before feed-
ing them to a stack of transformer layers.
Rotary Position Embedding (RoPE) is the most
pervasive position embedding strategy in the era of
LLMs, including LLaMA (Touvron et al., 2023),
QWen (Bai et al., 2023a), etc. It encodes posi-
tion information of tokens with a rotation matrix
that naturally incorporates explicit relative position
dependency. To elucidate, given a hidden vector

h = [h0, h1, ..., hd−1] of dimension d, and a posi-
tion index m, RoPE operates as follows:

f(h,m) = [(h0 + ih1)e
imθ0 , (h2 + ih3)e

imθ1 , ...,

(hd−2 + ihd−1)e
imθd/2−1 ]

where θj = 10000−2j/d, j ∈ {0, 1, ..., d/2 − 1},
i =

√
−1 is the imaginary unit. Unlike APE that

is directly applied to the input vector x, RoPE is
employed on the query and key vectors at each
layer. The attention score a(q,k) between a query
q at position m and a key k at position n is:

a(q,k) = Re⟨f(q,m), f(k, n)⟩

= Re



d/2−1∑

j=0

(q2j + iq2j+1)(k2j − ik2j+1)e
i(m−n)θj




:= g(q,k, (m− n)θ)
(1)

where g(·) is an abstract mapping function exclu-
sively dependent on q,k and (m− n)θ.

4.2 Extending APE-based Models

As delineated in Section 2, training-free context
extension strategies applicable to embedding mod-
els can be classified into 3 categories: 1) Divide-
and-conquer; 2) Position reorganization; 3) Posi-
tion interpolation. In this section, we introduce
methods from each of these categories to assess
their applicability to embedding models. Further
fine-tuning on top of these methods is also in-
cluded. Let Lo represent the original context length,
D = {x1, x2, ..., xLt} denote a long document of
target context length Lt, and s = ⌈Lt/Lo⌉ indicate
the context scaling factor. The context extension
methods we investigated are described below:
Parallel Context Windows (PCW). To process
a long document with a short-context model, PCW
divides the long document into multiple short
chunks, processes each chunk in parallel, and ag-
gregates their results (Ratner et al., 2023; Yen et al.,
2024). In practice, we first segment D into chunks
of Lo tokens, then average over each chunk’s em-
beddings to represent D. For simplicity, we set the
overlap between adjacent chunks to 0, except for
the last chunk, to ensure it contains Lo tokens.
Grouped & Recurrent Positions (GP & RP).
Dividing inputs into chunks and processing them
separately sacrifices their interaction in between.
By contrast, position reorganization accommodates
longer context by reusing the original position ids.
To be specific, we experiment with two simple
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Figure 4: (Left) Arrangement of pids for extending APE-based models from 512 to 1,024. (Right) Illustration of
learnable ( ) and frozen ( ) position vectors when further tuning on RP / PI.

strategies: Grouped Positions and Recurrent Po-
sitions. The former groups the original position
ids as such: fgp(pid) → ⌊pid/s⌋, while the latter
assigns the position ids recurrently, formulated as:
frp(pid) → pid mod Lo.

Linear Position Interpolation (PI). Instead of
reusing position ids, Chen et al. (2023) introduces
new position embeddings via linear interpolation
of existing ones. To apply PI on APE-based mod-
els, we map the positions ids as such: fpi(pid) →
pid/s, and assign embeddings for non-integers as
linear interpolation of that of neighboring integers.
In practice, we first extend the original position
embedding matrix Eo ∈ RLo×d into Et ∈ RLt×d,
where d stands for hidden size. Next, we assign
Et[i · s] = Eo[i], i ∈ {0, 1, ..., Lo − 1}. For non-
integer position id j between i and i + 1, we de-
termine their embeddings as follows: Et[s · j] =
((i+ 1− j)Et[i · s] + (j − i)Et[(i+ 1) · s]).

Further Tuning. Except for PCW, which divides
long texts into smaller blocks and processes sepa-
rately, GP, RP, and PI can all be seen as extending
the position embedding matrix. Since APE-based
models assign an independent vector to each posi-
tion, we can freeze the original model parameters
while updating only the newly added position em-
beddings. In this way, we can strictly maintain
model ability within 512 context, while harvest-
ing further performance gains in handling long
context as free lunch. Specifically, further fine-
tuning on top of RP and PI is explored in this paper,
as illustrated in Figure 4 (Right). Since the tradi-
tional training data for embedding models are short
queries and passages not exceeding 512 tokens, we
manipulate position ids to simulate long training
samples, as proposed in Zhu et al. (2023). See
Appendix B for details of further fine-tuning.

4.3 Extending RoPE-based Models

For RoPE-based models, we further explore Self
Extend and NTK, which respectively advances over
GP and PI, harnessing the inherent advantages of
RoPE. Since there is no simple strategy for further
training while exactly maintaining original perfor-
mance like APE, we leave comprehensive explo-
ration of training-based context window extension
for RoPE-based models for future work.

Self Extend (SE). Compared with APE, RoPE
operates on the query and key vectors at each layer
to encode relative positions, offering enhanced flex-
ibility for position reorganization. For each to-
ken, instead of assigning grouped relative positions
to all other tokens, SelfExtend (Jin et al., 2024)
re-introduces normal relative positions within the
nearest neighbor window w, achieving improved
performance. For example, consider a document of
10 tokens {x0, x1, ..., x9} with a neighbor window
size w = 4 and a group size g = 2. The relative
positions to x0 are {0, 1, 2, 3, 4, 4, 5, 5, 6, 6}. For
x4, the relative positions of the other tokens are
{−4,−3,−2,−1, 0, 1, 2, 3, 4, 4}.

NTK-Aware Interpolation (NTK). Given a scal-
ing factor s, PI proportionally down-scales po-
sition index m to m/s. In this way, the atten-
tion score a(q,k) defined in Equation 1 becomes
g(q,k, (m − n)θ/s). This is also equivalent to
reducing the frequencies θ uniformly, which may
prevent the model from learning high-frequency
features, as shown by the Neural Tangent Kernel
(NTK) theory (Jacot et al., 2018). To remedy this,
NTK-Aware interpolation (Peng and Quesnelle,
2023) scales high frequencies less and low frequen-
cies more to spread out the interpolation pressure
across multiple dimensions. This is achieved by
directly altering the original θj = 10000−2j/d into
θ′j = (10000λ)−2j/d, where λ is conventionally
chosen to be slightly greater than s.
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Model Param. CTX Len.
Synthetic (Acc@1) Real (nDCG@10)

Avg.
Passkey Needle NQA QMS SFD WQA

512 Context Models

E5Base (Wang et al., 2022) 110M 512 38.0 28.5 25.3 23.8 74.7 55.8 41.0
E5-RoPEBase 110M 512 38.5 31.5 24.6 23.2 66.6 58.8 40.5
GTEBase (Li et al., 2023) 110M 512 31.0 24.5 28.6 21.8 55.8 47.3 34.8
BGEBase (Xiao et al., 2023) 110M 512 18.0 25.3 25.6 22.4 60.3 51.7 33.9
Contriever (Izacard et al., 2021) 110M 512 38.5 29.0 26.7 25.5 73.5 47.3 40.1
GTRBase (Ni et al., 2022) 110M 512 38.5 26.3 26.5 18.3 63.7 52.2 36.5

≥ 4k Context Models

E5-Mistral (Wang et al., 2023b) 7B 4,096 71.0 48.3 44.6 43.6 96.8 82.0 64.4
Jina-V2 (Günther et al., 2023) 137M 8,192 50.3 54.5 37.9 38.9 93.5 74.0 58.2
Nomic-V1(Nussbaum et al., 2024) 137M 8,192 60.7 39.5 41.2 36.7 93.0 73.8 57.5
BGE-M3 (Chen et al., 2024) 568M 8,192 59.3 40.5 45.8 35.5 94.0 78.0 58.9
OpenAI-Ada-002 - - 50.8 36.8 41.1 40.0 91.8 80.1 56.8

Our Extended Models

E5Base + Tuning (4k) 110M 4,096 67.3 41.5 30.4 35.7 95.2 69.2 56.6
E5-RoPEBase + SelfExtend (4k) 110M 4,096 73.5 53.5 32.3 39.1 91.9 74.6 60.8
E5-Mistral + NTK (32k) 7B 32,768 93.8 66.8 49.8 49.2 97.1 95.2 75.3

Table 2: Results (%) of existing and extended embedding models on LONGEMBED. NQA, QMS, SFD, WQA is
short for NarrativeQA, QMSum, SummScreenFD, 2WikiMultihopQA, respectively. We show that context window
extension can effectively improve existing embedding models in processing long context.

5 Experiments

5.1 Experimental Setup

Benchmarked Models. We evaluate both open-
sourced and proprietary models on LONGEMBED,
including E5, GTE, BGE, Contriever, GTR, E5-
Mistral, Jina-V2, Nomic-V1, BGE-M3, OpenAI-
ada-002. M2 (Saad-Falcon et al., 2024) is not in-
cluded in our evaluation, given its training data
partly overlaps with test samples in LONGEMBED.

Candidate Models for Extension. From each
of the APE-based and RoPE-based category, we
select 2 candidate models for comprehensive study.
The former includes E5Base and GTEBase. The lat-
ter includes the 4,096-context E5-Mistral, and a
newly trained E5-RoPEBase, which supports 512
context (See Appendix A for its training details
and BEIR results). Note that E5-RoPEBase employs
the same training procedure and training data as
E5Base, only with APE substituted with RoPE. This
facilitates fair comparison of APE / RoPE-based
models in context window extension, as presented
in Section 5.4. For implementation details of each
context window extension strategies on each model,
please refer to Appendix B.

5.2 Main Results

Table 2 demonstrates the performance of existing
embedding models on our LONGEMBED bench-
mark. Among the 512-context models, E5Base
achieves the highest average score of 41.0 points,
closely followed by E5-RoPEBase and Contriever.
As the supported context length increases beyond
4k, exemplified by E5-Mistral and Jina-V2, a dis-
cernible increase in scores is observed. This veri-
fies both the efficacy of these long-context models
and the validity of LONGEMBED to assess long-
context retrieval. Note that even the best perform-
ing model attains only 64.4 pts on average, indicat-
ing huge room for improvement in current models.

In the last row block of Table 2, we further
include the best results achieved by E5Base, E5-
RoPEBase and E5-Mistral after context window ex-
tension. For E5Base and E5-RoPEBase, we extend
their contexts from 512 to 4,096. For E5-Mistral,
we extend its context from 4,096 to 32,768. Com-
pared to the original versions, the extended models
achieve an average score increase of +15.6 / +20.3
/ +10.9 points. This indicates the efficacy of these
context extension strategies on embedding mod-
els, enabling them to handle inputs of several folds
longer. Detailed performance comparison of dif-
ferent extension strategies on APE & RoPE-based
embedding models is presented in Section 5.3.
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Figure 5: Effects of different context window extension
methods on E5Base and GTEBase. We show that further
tuning yields the best results.

E5-Base GTE-Base
Model

10

12

14

16

18

20

 A
vg

. S
co

re
 (4

k 
- 5

12
)

Tuning on PI vs. RP
RP
PI

Tuning on RP
Tuning on PI

(a)

0.5k 1k 2k 4k
Context Length

40

45

50

55

60

65

Be
st

 A
vg

. S
co

re

RoPE vs. APE
E5-RoPE-Base (no tuning)
E5-Base (no tuning)
E5-Base (tuned)

(b)

Figure 6: (a) Performance gain after tuning on PI /
RP, compared with the original model. (b) Best results
achieved by extended versions of E5Base / E5-RoPEBase.

5.3 Comparison of Extension Methods

APE-based Models. Figure 5 illustrates the im-
pact of various context extension strategies on
E5Base and GTEBase across different target context
lengths. We observe that plug-and-play methods
including GP, RP, PI and PCW strategies yield com-
parable results with no significant disparities. On
the other hand, further tuning consistently yields ad-
ditional performance gains for both models, across
all target context lengths. Particularly noteworthy
is GTEBase, which showcases a substantial aver-
age score increase of approximately 5 points after
further tuning. This suggests that freezing the orig-
inal model weights and fine-tuning exclusively the
added position embeddings can effectively extend
the model’s context window while strictly main-
taining model’s original ability.
RoPE-based Models. Table 3 depicts the out-
comes of E5-RoPEBase and E5-Mistral on each
dataset of LONGEMBED after context window ex-
tension via PCW, GP, PI, SE and NTK. It is ob-
served that RoPE-specific methods including NTK
and SE yield significant improvements for both

Model
Synthetic Real

Avg.
P N NQA QMS SFD WQA

E5-RoPEBase 38.5 31.5 24.6 23.2 66.6 58.8 40.5

+PCW (4k) 42.5 50.8 25.1 34.9 94.9 69.3 52.9
+GP (4k) 68.0 38.8 25.9 30.9 85.8 65.8 52.5
+PI (4k) 68.3 36.0 25.9 30.8 84.9 65.3 51.9
+SE (4k) 73.5 53.5 32.3 39.1 91.9 74.6 60.8
+NTK (4k) 66.3 46.5 25.5 35.8 90.8 71.7 56.1

E5-Mistral 71.0 48.3 44.6 43.6 96.8 82.0 64.4

+PCW (32k) 63.5 49.5 59.3 51.3 97.3 91.2 68.7
+GP (32k) 81.0 48.8 37.0 42.9 90.6 88.1 64.7
+PI (32k) 89.8 48.5 37.8 40.4 76.8 63.0 59.4
+SE (32k) 90.8 52 49.3 48.7 97.2 96.4 72.4
+NTK (32k) 93.8 66.8 49.8 49.2 97.1 95.2 75.3

Table 3: Results (%) of context window extension meth-
ods on E5-RoPEBase and E5-Mistral. For datasets, P,
N, NQA, QMS, SFD, WQA is short for Passkey, Needle,
NarrativeQA, QMSum, SummScreenFD, 2WikiMulti-
hopQA. For extension methods, PCW, GP, PI, SE, NTK
are short for Parallel Context Windows, Grouped Po-
sitions, Linear Position Interpolation, SelfExtend, and
NTK-Aware Interpolation, respectively.

models across all datasets, surpassing PCW, PI and
GP by a large margin.

5.4 Analysis

Tuning on PI vs. RP. Figure 6a compares fur-
ther tuning on top of RP vs. PI. In the former
approach, the initial 512 position embeddings are
frozen while the remaining embeddings are tuned,
whereas for the latter, the frozen / learnable embed-
ding vectors are arranged in an interleaved manner.
We observe that tuning on PI consistently produces
superior results on both GTEBase and E5Base. A pos-
sible explanation is that fixed vectors in PI serve
intrinsically as anchors, preventing the learnable
vectors from converging to suboptimal values.
RoPE vs. APE. We further discuss the potential
of APE / RoPE-based models for context window
extension. E5Base and E5-RoPEBase are selected
as the comparison subjects thanks to their shared
training process, training data, and comparable per-
formance on BEIR and LONGEMBED benchmarks.
At each target context length ({1k, 2k, 4k}), we
report the best scores achieved by each model on
LONGEMBED, as illustrated in Figure 6b. With-
out requiring further training, E5-RoPEBase con-
sistently demonstrates superior performance com-
pared to E5Base across all target lengths. Further-
more, as the target window length increases, this
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superiority becomes more pronounced, even sur-
passing the fine-tuned version of E5Base by a large
margin. This suggests that RoPE-based models
can better extrapolate to to longer context. Conse-
quently, we advocate for the use of RoPE in future
embedding models.

6 Conclusion

This paper explores context window extension of
existing embedding models. Through extensive
experiments on our LONGEMBED benchmark, we
show that training-free context window extension
strategies can effectively increase the input length
of these models by several folds. Further, our anal-
ysis reveals the superiority of RoPE-based embed-
ding models over APE-based ones in context win-
dow extension. Hence, we advocate for the use of
RoPE for future embedding models.

Limitations

As a pioneering work in applying context window
extension on embedding models, this paper is still
limited in several aspects, particularly in that most
of the context extension strategies explored in this
paper are training-free. As evidenced by previous
findings (Xiong et al., 2023; Fu et al., 2024; Zhang
et al., 2024b; Yen et al., 2024), and the additional
performance gain achieved via tuning on E5Base
and GTEBase, we believe further fine-tuning on top
of plug-and-play methods can bring even better
extension results. In the future, we will make com-
prehensive exploration of training-based context
window extension for embedding models, espe-
cially for RoPE-based ones.
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A Training Details for E5-RoPEBase

Params
Pre-training Fine-tuning

E5Base E5-RoPEBase E5Base E5-RoPEBase

learning rate 2×10−4 2×10−4 2×10−5 2×10−5

GPUs (V100) 32 32 8 8
warmup steps 1000 1000 400 400
max length 128 512 192 192
batch size 32k 16k 256 256
max steps 20k 20k n.a. n.a.
epochs n.a. n.a. 3 3
τ 0.01 0.01 0.01 0.01
α n.a. n.a. 0.2 0.2
weight decay 0.01 0.01 0.01 0.01
hard negatives 0 0 7 7
pos embedding APE RoPE APE RoPE

Table 4: Hyperparameters for contrastive pre-training
and fine-tuning of E5Base and E5-RoPEBase.

In this section, we describe the training details
of E5-RoPEBase. Our training procedure and data
exactly follows that of E5 (Wang et al., 2022),
where we first perform contrastive pre-training
on their collected CCPairs, then perform fine-
tuning on the concatenation of 3 datasets: MS-
MARCO passage ranking (Nguyen et al., 2016),
NQ (Karpukhin et al., 2020; Kwiatkowski et al.,
2019), and NLI (Gao et al., 2021). Each exam-
ple is paired with 7 hard negatives. We lever-
age the mined hard negatives and re-ranker scores
from SimLM (Wang et al., 2023a) for the first
two datasets. As the NLI dataset only provides
1 hard negative per example, we randomly sam-
ple 6 sentences from the entire corpus. xForm-
ers (Lefaudeux et al., 2022) is used for memory
efficient training. As presented in Table 4, training
hyperparameters for E5Base and E5-RoPEBase are
identical, except in two aspects:

• Initialization. Before contrastive pre-training,
E5Base is initialized on BERTBase (Devlin et al.,
2019), which employs absolute position em-
beddings (APE). For the initialization of E5-
RoPEBase, we simply replace the APE part of
BERTBase with RoPE. It’s worth noting that the
BERTBase model after this replacement cannot
function properly. We count on the subsequent
pre-training phase to adapt the model to RoPE.

• Pre-training length and batch size. E5Base
does not update its position embedding matrix
during the training phase, i.e., it utilizes the same
position embedding matrix as BERTBase. This

Tasks # W/Q. # W/D. E5Base E5-RoPEBase

MS MARCO 6.0 56.0 41.8 42.4
Trec-Covid 10.6 160.8 69.6 73.3
NFCorpus 3.3 232.3 35.4 34.9
NQ 9.2 78.9 58.2 60.1
HotpotQA 17.6 46.3 69.1 61.0
FiQA 10.8 132.3 39.8 36.4
ArguAna 193.0 166.8 44.6 54.2
Touche-2020 6.6 292.4 26.4 26.6
CQADupStack 8.6 129.1 37.4 36.5
Quora 9.5 11.4 86.6 87.7
DBPedia 5.4 49.7 42.2 40.0
Scidocs 9.4 176.2 18.7 18.1
Fever 8.1 84.8 85.0 68.0
Climate-Fever 20.1 84.8 26.6 19.0
Scifact 12.4 213.6 72.0 71.0

Average < 200 < 300 50.23 48.61

Table 5: Statistics and performance comparison of
E5Base and E5-RoPEBase on 15 publicly available BEIR
tasks. # W/Q. and # W/D. stands for word number per
query and per document, respectively.

allows it to generalize to input sequences of up
to 512 tokens, while being trained with a max
training length of 192. As for E5-RoPE, replac-
ing APE with RoPE during initialization prevents
us from directly inheriting the original model’s
capability in handling 512 tokens. Consequently,
in the pre-training phase of E5-RoPE, we set
the maximum training length to 512, and reduce
the batch size to 16k according to memory con-
straints.

Table 5 demonstrates results of E5Base and E5-
RoPEBase on 15 publicly available BEIR tasks. We
observe comparable overall scores between both
models. This comparable performance, along with
their shared training process and training data, fa-
cilitates fair comparison of APE and RoPE-based
models’s capabilities in length extrapolation. Note
that the slight performance loss of E5-RoPEBase
could possibly be attributed to the replacement of
position embedding in the initialization phase, or
the reduced batch size in the pre-training phase, as
mentioned before.

B Implementation Details for Context
Extension Strategies

This section describes implementation details for
the explored context extension stratgies. For plug-
and-play methods including PCW, RP, GP, PI, NTK
and SE, Table 6 summarizes their hyperparameters
under each condition.
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Extension PCW & GP & RP & PI NTK SE

GTEBase & E5Base

512 -> 1,024 Lo = 512, Lt = 1, 024, s = 2 - -
512 -> 2,048 Lo = 512, Lt = 2, 048, s = 4 - -
512 -> 4,096 Lo = 512, Lt = 4, 096, s = 8 - -

E5-RoPEBase

512 -> 1,024 Lo = 512, Lt = 1, 024, s = 2 λ = 3 (10,000 -> 30,000) g = 3, w = 256
512 -> 2,048 Lo = 512, Lt = 2, 048, s = 4 λ = 5 (10,000 -> 50,000) g = 5, w = 128
512 -> 4,096 Lo = 512, Lt = 4, 096, s = 8 λ = 10 (10,000 -> 100,000) g = 9, w = 64

E5-Mistral

4,096 -> 8,192 Lo = 4, 096, Lt = 8, 192, s = 2 λ = 3 (10,000 -> 30,000) g = 3, w = 2, 048
4,096 -> 16,384 Lo = 4, 096, Lt = 16, 384, s = 4 λ = 5 (10,000 -> 50,000) g = 5, w = 1, 024
4,096 -> 32,768 Lo = 4, 096, Lt = 32, 768, s = 8 λ = 10 (10,000 -> 100,000) g = 9, w = 512

Table 6: Hyperparameters for plug-and-play context extension strategies.

Further Tuning. On top of PI and RP, we per-
form further tuning on both E5Base and GTEBase,
utilizing the fine-tuning dataset mentioned in Ap-
pendix A. Following the practice of PoSE (Zhu
et al., 2023), we manipulate position ids to simu-
late long training samples. Concretely, given an
input document D = {x0, x1, ..., xLo−1} of orig-
inal context length Lo, we introduce a skipping
bias term u at the beginning of D, transferring the
original position ids D into {0, 1, ..., Lo − 1} into
{u, u+1, ..., u+Lo−1}. 4 For every piece of train-
ing data, u is re-sampled from the discrete uniform
distribution U({0, 1, ..., Lt−Lo}). In this way, we
ensure comprehensive coverage of target context
window. The training procedure spans 3 epochs
on 2 A100 GPUs, with a learning rate of 5e−4, a
batch size of 512, and 100 steps for warmup. Other
hyperparameters are same as Table 4.
Inference. In inference time, attention scal-
ing (Su, 2021; Chiang and Cholak, 2022) is used
by default for all tested models for better length
extrapolation ability. Especially for GTEBase and
E5Base tuned on PI, we use the original position
ids when input length not exceeds 512. This is
achived by mapping the position ids {0, 1, ..., l}
into {0, s, ..., l × s}, where s is the scaling factor,
l < 512.

C Further details on LONGEMBED

Figure 7 presents source and examples for each
dataset included in LONGEMBED. For QA datasets
including NarrativeQA and 2WikiMultihopQA, we

4The original practice of PoSE focuses on relative position,
hence introduces bias terms at the middle of document D. For
APE-based models, we simply skips from the beginning.

Method
Synthetic Real

Avg.
P N NQA QMS SFD WQA

BM25 100 95.3 71.5 81.3 97.6 96.5 90.4

E5-Mistral 71.0 48.3 44.6 43.6 96.8 82.0 64.4
+NTK (32k) 93.8 66.8 49.8 49.2 97.1 95.2 75.3

Table 7: BM25 Results on LONGEMBED. P, N, NQA,
QMS, SFD, WQA is short for Passkey, Needle, Narra-
tiveQA, QMSum, SummScreenFD, 2WikiMultihopQA.

adopt their test splits. Note that for 2WikiMulti-
hopQA, we adopt the length-uniformly sampled
version from Bai et al. (2023b) to better assess
the model’s capabilities across various context
lengths. For summarization datasets including QM-
Sum and SummScreenFD, we adopt the version
processed by SCROLLS (Shaham et al., 2022).
Since SCROLLS does not include ground truth
summarization in its test sets, we switch to vali-
dation set for these two datasets. Particularly for
QMSum, as its validation set only have 60 docu-
ments, which is too small for document retrieval,
we included the train set as well.

D BM25 Results on LONGEMBED

Table 7 shows the scores of BM25 on LONGEM-
BED, along with those of the best-performing long
context embedding model, E5-Mistral. The signifi-
cant gap between BM25 and E5-Mistral highlights
substantial room for improvement in current long
context embedding models.
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Dataset Name Source / Split Query Example Document Example

Narrative QA - / test Why is Bobolink eventually 

eager to help Martin?

The Project Gutenberg EBook of The Purple Cloud, by M.P. 

Shiel\n […] Title: The Purple Cloud\n\nAuthor: M.P. 

Shiel\n\nRelease Date: February 22, 2004, […]

QMSum Scrolls / train 

+ valid

The team wanted to 

understand how they could 

combine different linguistic 

features to make a more 

robust recognition model. 

They were […]

Project Manager: Can I close this ?\nUser Interface: Uh we 

don't have any changes , do we ?\nProject Manager: Oh , 

okay .\nUser Interface: So no . {vocalsound}\nProject

Manager: {vocalsound} There we go . Okay , here we are 

again . Detailed design {disfmarker} oh , come on . Well 

{disfmarker} Ah {gap} s Forgot to insert the minutes […]

2WikiMultihop

QA

LongBench / 

test

Where was the director of 

film The Central Park Five 

born

Passage 1:\nMargaret, Countess of Brienne\nMarguerite

d'Enghien (born 1365 - d. after 1394), was the ruling suo jure 

Countess of Brienne and of Conversano, suo jure Lady of 

Enghien, and Lady of Beauvois from 1394 until an unknown 

date. […]

Passage 2:\nNocher II, Count of Soissons\nNocher II (died 

1019), Count of Bar-sur-Aube, Count of Soissons. He was the 

son of Nocher I, Count of Bar-sur-Aube. Nocher's brother 

Beraud (d. 1052) was Bishop of Soissons.Nocher became 

Count of Soissons, jure uxoris, upon his marriage to Adelise, 

Countess of Soissons. […]

SummScreenF

D

Scrolls / valid Penny gets a new chair, 

which Sheldon enjoys until 

he finds out that she picked 

it up from the street. He 

constantly pesters Penny to 

dispose of it, to no avail. 

Note: Melissa Rauch is 

absent in this episode.

[PREVIOUSLY_ON]\nYou make jumps you can't explain, 

Will. The evidence explains. Then help me find some 

evidence. I wouldn't put him out there! Should he get too 

close, I need you to make sure he's not out there alone. I don't 

think the Shrike killed that girl in the field. This girl's killer 

thought that she was a pig. You think this was a copycat? I 

think I can help good Will, see his face. Hello? They 

know.\n(gunshots)\nYou said he wouldn't get too close. 

See?\n(gunshots)\n(knocking)\nJack: We're here!\n(police 

radio chatter)\nWill: Could be a permanent installation in 

your Evil Minds Museum. […]

Passkey - / - what is the passkey for 

Kyree Mays?

[…] The grass is green. The sky is blue. The sun is yellow. 

Here we go. There and back again. The grass is green. The 

sky is blue.\nMalayah Graves's pass key is 41906. Remember 

it. 41906 is the pass key for Malayah Graves.\nThe sun is 

yellow. Here we go. There and back again. The grass is green. 

The sky is blue. The sun is yellow. Here we go. There and 

back again. […]

Needle - / - What is the best thing to do 

in San Francisco?

Aaron Swartz created a scraped feed of the essays page. 

November 2021(This essay is derived from a talk at the 

Cambridge Union. ) […] The best thing to do in San 

Francisco is eat a sandwich and sit in Dolores Park on a 

sunny day.\nThere's a narrow sense in which it refers to 

aesthetic judgements and a broader one in which it refers to 

preferences of any kind. […]

Figure 7: Source and examples for each dataset in LONGEMBED.
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