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Abstract

Retrieval over large codebases is a key com-
ponent of modern LL.M-based software en-
gineering systems. Existing approaches pre-
dominantly rely on dense embedding models,
while learned sparse retrieval (LSR) remains
largely unexplored for code. However, apply-
ing sparse retrieval to code is challenging due
to subword fragmentation, the semantic gap be-
tween natural-language queries and code, the
diversity of programming languages and re-
trieval tasks, and the length of code documents,
which can harm sparsity and latency. We in-
troduce SPLADE-Code, the first large-scale
family of learned sparse retrieval models spe-
cialized for code retrieval (600M-8B param-
eters). Despite a lightweight one-stage train-
ing pipeline, SPLADE-Code achieves state-of-
the-art performance among retrievers under 1B
parameters (75.4 on MTEB Code) and com-
petitive results at larger scales (79.0 with §B).
We show that learned expansion tokens are crit-
ical to bridge lexical and semantic matching,
and provide a latency analysis showing that
LSR enables sub-millisecond retrieval on a 1M-
passage collection with little effectiveness loss.

1 Introduction

Large language models (LLMs) have recently
achieved strong performance on a wide range of
coding tasks (Jiang et al., 2024; Hui et al., 2024;
Khanfir et al., 2022; Li et al., 2023; OLMo Team
et al., 2025). Beyond standalone code generation,
they are increasingly integrated into agentic frame-
works (Anthropic, 2026; Mistral Al, 2026), where
they interact with tools, repositories, and docu-
mentation to support software development work-
flows (Santos et al., 2025; Yang et al., 2025). In
these environments, retrieval plays a central role:
models must explore large codebases, reuse exist-
ing components, and access external libraries or
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Example Code and LSR Representation:

def £(n): Token Weight
i ”r:ul;‘ . Fibonacci 2.45
return f(n-1) ﬁb 222

+ f(n-2) recursive 2.12

input 1.99

x = int(input()) f 1.90
L) Python 151

Figure 1: (Top) Performance in nDCG@ 10 of SPLADE-
Code and dense models on code retrieval bench-
marks.! (Bottom) Example from CodeFeedback-ST.
Only a few vocabulary dimensions receive non-zero
weights, covering both semantic terms (e.g., Fibonacci,

Python, recursive) and lexical tokens (e.g., input, f).

issue trackers such as GitHub (Wang et al., 2025).
Consequently, accurate and efficient code retrieval
has become a fundamental building block of mod-
ern Al-driven software engineering systems. To
the best of our knowledge, existing neural code
retrieval approaches predominantly rely on dense
embedding models.

Opportunities of LSR for code. Learned sparse
retrieval (LSR) models, which represent queries
and documents as sparse high-dimensional bag-of-
words vectors, may offer a compelling alternative
for code retrieval. First, they often exhibit stronger
generalization properties, being less sensitive to
domain shifts and retrieval tasks (Formal et al.,
2022; Lassance et al., 2024b). Second, they rely on

Lat the time of the submission, C2-LLM is the top 1 open
source model on MTEB Code for 0.5B and 7B.
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inverted indexes, which provide low latency (Tonel-
lotto et al., 2018; Bruch et al., 2024) and easy inte-
gration into existing pipelines, while also yielding
more interpretable matching signals (Nguyen et al.,
2023). Finally, they offer a complementary repre-
sentation to dense, making them useful in hybrid
systems (Lin and Lin, 2023; Shen et al., 2023).

Challenges of LSR. However, building sparse re-
trieval models for code comes with its own chal-
lenges. (1) Code retrieval is heterogeneous: queries
and documents may consist of natural language,
code, or both, and code may come from different
programming languages. As a result, the task re-
quires strong text-to-code and code-to-code seman-
tic alignment, akin to multilingual retrieval where
semantics across languages has been challenging
for LSR models (Formal et al., 2026; Nguyen et al.,
2026). (2) Second, most LSR models build sparse
representations by projecting embeddings onto the
fixed vocabulary of their backbone LLLM (Formal
et al., 2021), exposing them to fragmented sub-
word splits that can affect their representations.
These issues are particularly prominent on code
(Li et al., 2025¢). (3) Finally, LSR models are
sensitive to the long input lengths. Since token
activations accumulate across positions, longer in-
puts typically produce denser representations, in-
creasing both index size and query latency. While
this is manageable for short natural-language doc-
uments (Lassance and Clinchant, 2022), code re-
trieval often involves long files or multi-function
code snippets: even a classical BM25 incurs non-
negligible latency (50 ms on a 1M collection in
our setting). Without careful control of sparsity,
LSR models may suffer from degraded efficiency
at scale, making them impractical.

In this paper, we show how to tackle those chal-
lenges, achieving competitive results in effective-
ness and efficiency for code retrieval. Our main
contributions are as follows:

* We introduce SPLADE-Code, the first large-
scale family of learned sparse retrieval mod-
els specialized for code, ranging from 600M to
8B parameters 2. SPLADE-Code models can
be trained with a lightweight one-stage training
pipeline while still achieving state-of-the-art per-
formance among retrievers under 1B parame-
ters (75.4 on MTEB Code with 0.6B) and strong
results at larger scales (79.0 with 8B). In line

“Models weights are available at naver/splade-code-0.6B,
naver/splade-code-8B

with the typical behavior of sparse retrieval mod-
els, we observe strong generalization to out-of-
domain settings, as shown in Figure 1 (top).

* We show that high performance critically relies
on expansion tokens (i.e., tokens not present in
the input), and that learned sparse representa-
tions combine strong exact lexical matching with
robust semantic abstraction: example shown in
Figure 1 (bottom).

* We study the search latency of LSR models for
code, to evaluate their practicality in real-world
settings. We achieve below 1 ms per query on
the CodeSearchNet 1M passage collection us-
ing optimized LSR inverted-index retrieval, with
only marginal ranking loss.

2 Related Work

Code retrieval tasks. Code retrieval has recently
attracted a lot of attention, leading to the devel-
opment of several benchmarks and tasks (Husain
etal.,2019; Suresh et al., 2025). Applications cover
Text-to-Code, Code-to-Text, Code-to-Code and Hy-
brid retrieval settings, including tasks such as bug
fixing, code summarization, code completion, code
translation, and programming contest problem solv-
ing, all framed as retrieval tasks (Li et al., 2025b).
Current benchmarks also span an increasing num-
ber of programming languages, e.g. CPRet with
more than 20 languages (Deng et al., 2025), and
domains, e.g. StackOverflow, GitHub Functions,
Database, Code Instruction, Libraries (Li et al.,
2025b; Wang et al., 2025). This requires retrieval
models to be robust to domains and tasks, but also
to have strong semantic capabilities.

Code dense embedding. A few recent works
trained dense embedding models for code. One of
the first, CodeXEmbed (Liu et al., 2025), proposed
a multi-stage training LoRA using English text and
code retrieval data, creating a specialized embed-
ding model. CodeR-Pile (Li et al., 2025a) pro-
posed to synthesize a large-scale training dataset
with a code-specialized LLM, adding more than 47
tasks and 20 programming languages, thus improv-
ing performance on benchmarks. More recently
C2LLM (Qin et al., 2025) proposed a different
pooling attention to reduce the information bot-
tleneck in the EOS token. All these models have
resource-intensive multi-stage training pipelines.
Nevertheless, alternative representations remain
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largely unexplored for code retrieval; to the best of
our knowledge, our work is the first to investigate
learned sparse retrieval in this setting.

Learned sparse retrieval refers to a family of neu-
ral retrieval methods, that learns to assign sparse
vocabulary-based term weights to queries and docu-
ments, enabling semantic search with the efficiency
and interpretability of inverted-index retrieval (For-
mal et al., 2021; Mallia et al., 2021; Nguyen et al.,
2023; Kong et al., 2023). A seminal work has been
the SPLADE models, showing excellent general-
ization properties (Formal et al., 2021, 2022; Las-
sance et al., 2024b; Déjean et al., 2023). SPLADE
models, being based on BERT architectures have
been extended with LLMs and decoder architec-
tures (Soares et al., 2023; Doshi et al., 2024; Qiao
et al., 2025; Xu et al., 2025; Zeng et al., 2025;
Ma et al., 2025), and also generalized to sparse
auto-encoders (Formal et al., 2026). It has also
been applied to cross-lingual and conversational
search (Nguyen et al., 2026; Lupart et al., 2025).
Because code retrieval requires modeling both deep
semantics and long contexts, it naturally aligns with
SPLADE’s ability to capture sparse rich semantic
signals.

In addition, LSR enables the use of traditional
inverted index structures to efficiently compute
sparse dot-product scores (Tonellotto et al., 2018).
Similar to dense retrieval, additional approxi-
mate nearest neighbors methods have been devel-
oped (Bruch et al., 2024), including posting list
pruning (Lassance et al., 2023) and sequential prun-
ing (Lassance et al., 2024a) that could be studied
for the long contexts of code retrieval tasks.

3 Method

3.1 Learned Sparse Retrieval

Learned sparse retrieval (LSR) is a family of mod-
els that aim to create high-dimensional sparse rep-
resentations, formally:

u=(ug, ..., uy) eRY, NeNt (1)
such that ||u|lp < N. These sparse representations
are used to compute similarity scores using a dot
product s = u - v between query and document
representations.

Most high-performing LSR models are based on
SPLADE (Formal et al., 2021). In SPLADE, sparse
representations are obtained by projecting contex-
tualized token representations onto the vocabulary

. . Collections:
Text Instruction (queries): (many programming languages)
91| Give me aJava implementation of <[/...]> python

quick sort algorithm <[/...]> Jjava

Translate this Python function
<[/ e > C++
<[/..]> to C++ Vel

| i
SPLADE-Code SPLADE-Code

Sparse Query Vector l Sparse Document Vector ‘

qz

q1: #pivot12 [ #sort08 | [[ #sotos | #java 03

q: #loop 0.4 #recursion 0.5

Sparse Vocabulary Space
Sparse Dot Product

qq1: dy:<[/..]> o dz:<[/...]>  (Ranked lists of code snippets
Gzt dy:<[/on]> oo dg:<[/on]> (plavalanclcly)

Figure 2: SPLADE-Code is a bi-encoder model for re-
trieval across programming languages (e.g. Text2Code,
Code2Code). When queries and documents are in dif-
ferent programming languages, SPLADE-Code learns
some shared dimensions in the representation space.

V of the language model (LM), using its embed-
ding matrix. Hence, N = |V|: the LM vocabulary
fixes the dimensionality. For an input sequence of
length n, sparse vectors are also aggregated across
the sequence length with a max pooling:

max log(1+ ReLU(z;¢)) (2)

ie{1,...,n}

u; =

where z; ; denotes the logit associated with token ¢
at position %, after the projection to the vocabulary
space. This max pooling operation selects, for each
vocabulary term, the most salient activation across
the sequence, yielding a sparse bag-of-words—like
representation. The log(1 + ReLU(-)) activation
ensures non-negative features and induces sparsity.

3.2 SPLADE for Code Retrieval

SPLADE-Code. As illustrated in Figure 2,
SPLADE-Code is an LSR model for code retrieval.
Unlike standard text retrieval, code retrieval re-
quires the model to understand both textual query
descriptions and structured source code. The model
must thus capture semantic intent (e.g., sorting,
parsing, recursion, database queries) while remain-
ing robust to syntactic variation and programming
language differences.

Training objective for code. To train the
models for the code retrieval task, we use a
Kullback-Leibler divergence (KLD) distillation ob-
jective (Kullback and Leibler, 1951; Lin et al.,
2020). This objective is widely adopted for LSR
and dense text retrieval, to distil relevance scores
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from cross-encoder teacher models to retrieval
models (Hofstitter et al., 2020; Formal et al., 2022).
Formally, let ¢ be a query and {dy,...,dxt1} a
candidate set of one positive document and K
mined negatives in any programming language.
The KLD loss is computed between the distribu-
tions of similarity scores obtained from the teacher
and the student models, on the same set of (g, d)
pairs:

Lxrp = DkL(St||Ss) 3)

where Sg and Sp are the softmax of scores dis-
tribution of student and teacher models. This ob-
jective encourages the student model to match the
teacher’s relative ranking over the candidate docu-
ments, rather than relying solely on hard relevance
labels. Because queries and documents may appear
in different programming languages or as textual
descriptions, the objective encourages the model to
project all inputs into shared sparse dimensions.
In addition, following SPLADE, and to encour-
age sparse activations, we also apply a FLOPs
penalty within each batch. This regularizer penal-
izes terms that are frequently activated across the
batch, which empirically leads to sparser posting
lists and lower retrieval cost (Paria et al., 2020).

3.3 Model Configuration

Hyper-parameter details. We train our model on
ColR (see Table 1) with LoRA (Hu et al., 2022), a
batch size of 256 with 7 negatives per query, and
a max length of 512. We use a temperature of
300 in the KL.D loss, with a learning rate of 1e-4.
The negatives were mined from retrieval made with
Qwen3-Embedding-0.6B, and scored with Qwen3-
Reranker-4B to be then distilled (Zhang et al.,
2025). We select the negative between ranks 50
and 100. More details are provided in Appendix A.

Bi-directional attention. Since standard decoder-
only models use causal (uni-directional) self-
attention, directly applying them restricts each to-
ken’s representation to left context only, which
is suboptimal for lexical matching (Xu et al.,
2025). To address this, we enable bidirectional self-
attention and pre-train them on MS MARCO pas-
sages (Nguyen et al., 2016) with Masked Next To-
ken Prediction, following prior work on LSR (Qiao
et al., 2025; Zeng et al., 2025).

Model merging is done with weighted spherical
merging (Yang et al., 2024) from three checkpoints:
(1) the base model after the first epoch, (2) one

Benchmark

ColR (Code IR)
(Li et al., 2025b)

Summary

10 datasets, 14 programming langs
Train: 561-905K, Total: 2.2M
Test queries: 180-53K

(in-domain) Collection: 816—1M passages

MTEB-Code
(Muennighoff et al., 2023)
(build upon ColR)

(in-domain)

CodeRAG-Bench
(Wang et al., 2025)

(out-of-domain)

12 datasets: 10 ColR + 2 new
14 programming langs
Test queries: 180-53K

Collection: 816—1M passages

6 datasets, 1 lang (Python)
Test queries: 164—1K

Collection: 237-40.9K passages

CPRet
(Deng et al., 2025)

(out-of-domain)

4 datasets, 20 programming langs
Test queries: 168—10K
Collection: 10K—41.6K passages

Table 1: Benchmark overview. Sizes are reported as
min-max numbers of samples per dataset (See Ap-
pendix B for statistics and programming langs details).

model after a second epoch, (3) one model trained
with a max context length of 1024 for one epoch.
Small models (0.6B) also contain a fourth check-
point trained with full finetuning (no LoRA).

4 Experiments

4.1 Benchmarks and Evaluation

We evaluate our models on various code retrieval
benchmarks, containing different programming lan-
guages, tasks and characteristics. For in-domain
evaluation, we rely on:

* ColR (Li et al., 2025b): the biggest code re-
trieval benchmark, containing ten datasets in
14 code languages. It features 4 main tasks,
Code2Code, Text2Code, Code2Text and Hybrids
with train/test splits. All merged training datasets
contain 2.2M training samples.

* MTEB-code (Muennighoff et al., 2023): built
upon ColR, with two new datasets: CodeEd-
itSearch Retrieval and new variation of Code-
SearchNet. We consider it in-domain since it is
mainly composed of ColR datasets.

In addition, we use two additional benchmarks for
out-of-domain evaluation, namely:

* CodeRAG (Wang et al., 2025): a retrieval-
augmented code generation benchmark, contain-
ing retrieval annotation on 8 coding tasks: ba-
sic programming, open-domain, and repository-
level problems.

* CPRet (Deng et al., 2025): a benchmark con-
taining 4 retrieval datasets focusing on problem-
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MTEB Code
Model ColR Code RAG CPRet
Dense Retrieval
Dense-0.6B 71.4 70.8 63.9 55.4
Dense-1.7B 734 734 67.3 65.8
Dense-8B 76.0 75.6 65.8 76.6

Lexical Retrieval (no expansion)
BM25 45.8 47.9 57.7 18.6
SPLADE-lex.-8B 46.2 45.8 56.7 29.4

Learned Sparse Retrieval
SPLADE-Code-0.6B | 72.6 73.5 63.7 56.4

/vs Dense +1.2) (+2.7) (-0.2) (+1.0)
SPLADE-Code-1.7B | 74.3 75.1 64.9 62.5
/vs Dense +0.9) +1.7) (24) (-3.3)
SPLADE-Code-8B 76.7 77.8 68.5 76.8
/vs Dense +0.7)  (+2.2) (+#2.7) (+0.2)

Table 2: Controlled experiments comparing learned
sparse retrieval, dense models, and lexical baselines us-
ing nDCG@10. All models are trained on the same data
without checkpoint merging to ensure a fair comparison.

centric competitive programming with more than
20 programming languages.

We report the main retrieval metrics, using
nDCG @10 (Jarvelin and Kekéldinen, 2000) follow-
ing common practice on the used benchmarks. This
evaluates the top ranking of each retrieved ranked
list using the relevance annotation from evaluated
datasets. For the LSR retrieval we used the seismic
library, which contains an efficient implementation
of inverted index (Bruch et al., 2024), and report
search latency (excluding query encoding).

Baselines. We compare SPLADE-Code against
dense retrievers trained with the same pipeline on
Qwen3-0.6B, 1.7B, and 8B, as well as top mod-
els from the MTEB Code leaderboard. These
include C2-LLM (Qin et al., 2025), CodeXEm-
bed (Liu et al., 2025) and CodeR, aka bge-code-
vl (Li et al., 2025a), trained on ColR and syn-
thetic Qwen2.5Coder-32B data. We further com-
pare SPLADE-Code to other LSR variants, includ-
ing SPLADE-Iexical, which uses token weighting
without expansion, BM25, alternative LLM back-
bones (QwenCoder, Llama), and SPLARE, which
learns sparse features via sparse autoencoders.

4.2 Main Results

LSR and dense in controlled experiments. Ta-
ble 2 presents the performance of LSR and dense
models on four code retrieval benchmarks under
controlled experimental settings. All models are

trained on the ColR training split using comparable
hyperparameters and backbone architectures to en-
sure a fair comparison (cf Appendix A). Evaluation
spans 22 datasets and covers more than 20 program-
ming languages across a variety of subtasks.

Dense models achieve high performance overall,
with nDCG @10 scores typically in the 0.70-0.80
range, with consistent improvements as the back-
bone model size increases, providing strong base-
lines. Yet, our results show that SPLADE-Code
consistently matches or exceeds dense baselines
across the four benchmarks. Compared to dense,
SPLADE-Code-8B outperforms them in both in-
domain and out-of-domain evaluation. These im-
provements also remain stable across different
model scales.

In contrast, purely lexical approaches such as
SPLADE-lexical perform poorly. These models
lack the semantic expansion required to capture the
meaning of code-related queries and documents.
Similarly, BM25 struggles in this setting for the
same reason. This behavior is expected, as code
retrieval tasks are highly semantic, particularly for
Text-to-Code and Code-to-Code retrieval across
different programming languages.

In-domain performance comparison with top
models. Table 3 compares SPLADE-Code with
state-of-the-art dense retrievers. In this setting,
we apply checkpoint merging to improve the LSR
models, which yields gains of approximately 1-
2 nDCG@10 points compared to the original
SPLADE-Code models reported in Table 2. We
also focus on the comparison with C2-LLM, which
represents the closest experimental setting to ours
(similar sizes, and both trained on ColR using
checkpoint merging), in contrast to CodeR-all,
which was trained on 5.2M training samples (vs.
2.2M for all other models).

For smaller models, SPLADE-Code-0.6B shows
state-of-the-art performance among systems below
one billion parameters. In particular, it achieves
comparable results to C2-LLM-0.5B, and ranks
first on ColR within this model size category. Now
at larger scales, SPLADE-Code-8B achieves the
best performance on three datasets (CodeSearch-
Net, CodeTrans-Contest, and Stack- Overflow-QA)
among the systems considered, suggesting that cer-
tain code retrieval tasks benefit from LSR over
dense retrieval. Compared with C2-LLM-7B and
CodeR-all, SPLADE-Code-8B obtains particularly
lower performance on CosQA and CodeTrans-
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CSN

CSN

Edit

CodeTrans

SO

Feedback

Avg Avg

Model Apps  CosQA T2SQL CSN'  ob Cop Rett  -CT DL QA -ST -MT | COIR MTEB
BM25 4.7 18.7 249 63.5 70.3 59.3 53.3 47.7 344 70.2 68.1 59.1 ‘ 45.8 47.9
SotA Dense Retrieval
Jina-v2-code 16.3 41.0 442 - 84.0 82.7 - 86.6 30.5 89.4 69.0 52.1 59.6 -
Dense-0.6B 51.8 333 71.1 71.5 85.8 92.0 58.7 86.2 32.6 91.5 80.2 89.4 71.4 70.8
Dense-8B 82.1 32.2 72.2 78.9 88.9 952 68.6 93.1 28.2 95.8 80.6 91.6 76.0 75.6
CodeR-all-1.5B 98.1 46.7 64.4 90.5 89.5 98.3 70.8 94.4 46.1 954 90.6 944 81.8 81.6
CodeR-coir-1.5B 81.5 46.6 64.2 - 89.1 97.8 - 94.4 46.3 95.1 89.6 932 79.8 -
CodeXEmb-2B 76.9 40.5 78.4 - 87.9 97.7 - 90.3 38.6 94.5 864  65.5 75.7 -
CodeXEmb-7B 85.4 42.5 78.9 - 89.7  98.0 - 945 405 963 875 68.8 78.2 -
C2-LLM-0.5B 61.0 38.3 74.1 89.2 86.7 96.3 71.4 84.3 34.0 89.4 88.6 923 74.5 75.4
C2-LLM-7B 86.7 39.8 75.8 91.1 89.8 979 815 92.5 34.1 94.9 90.7 943 79.7 80.7
Learned Sparse Retrieval
SPLADE-Code-0.6B  66.5 354 74.3 90.5 86.2 68.4 90.9 314 93.3 84.7 92.0 74.6 75.4
/vs C2-LLM-0.5B (#5.5)  (2.9)  (+02) (+1.3) (-0.5) (-4.9) (-3.0) (+6.6) (-2.6) (+3.9) (-3.9) (-0.3) | (+0.1) (+0.0)
SPLADE-Code-8B 86.7 32.5 75.7 92.1 88.9 77.1 94.6 28.1 96.5 87.6 939 77.9 79.0
/vs C2-LLM-7B +0.0)  (-7.3)  (-0.1) (+L0) (-0.9) (3.3) (44) (#2.1) (-6.0) (+L6) (3.1) (-04) | (-1.8) (-1.7)

Table 3: MTEB-Code retrieval results (nDCG@ 10). All results are reported with pruning (500, 1000). Datasets
included in MTEB-Code but not in ColR are marked with .

DL. This difference may be partially explained
by dataset characteristics, as CosQA has been
shown to exhibit strong annotation biases (Gong
et al., 2024). Dense models may more easily
adapt to such biases, whereas LSR models rely
on vocabulary-based sparse representations, which
may make fitting these dataset-specific patterns
more challenging.

Generalization to out-of-domain benchmarks.
Table 4 reports a detailed comparison with top
models on the out-of-domain CodeRAG Bench and
CPRet benchmarks. In this setting, SPLADE-Code
achieves higher performance than most models. In
particular, it surpasses C2-LLM by 5.8 and 6.1
nDCG @10 points on CodeRAG Bench for both
the 0.6B and 8B configurations, and by 7.5 and 4.4
points on CPRet, respectively. Datasets such as
DS-1000, ODEX, T2C, and C2C illustrate the limi-
tations of lexical-only retrieval. On these datasets,
BM25 achieves nDCG@10 values typically be-
low 10, where in contrast, SPLADE-Code has +30
nDCG points gains. This behavior suggests that
LSR reduces lexical mismatch and captures seman-
tic meaning between queries and code.

More broadly, the strong out-of-domain perfor-
mance aligns with prior findings on SPLADE mod-
els, which have shown robust generalization across
domains (Lassance et al., 2024b). Because sparse
representations are grounded in the backbone vo-
cabulary, they can remain effective even when
queries and documents differ from the training
distribution, as the model can still rely on lexical
and shared semantic terms within the vocabulary
space. Finally, SPLADE-Code remains competi-

o (500,1000)
0.900 o ° <
N o i (400,400)
0.875 1 - ] (100,400)
(60,200)
0.850 / 8
2
S 0.825 y
@ o
Q
O 0.800
2
07751 1{10,100)
0.7501 —e— HNSW (efSearch)
e~ SPLADE (1-step: (kq, kq))
0.7251 _o_ spLADE
(2-step)
0.700 % BM25 BM25 4
160 161 162

Latency (ms)

Figure 3: Effectiveness—efficiency trade-off on the Code-
SearchNet 1M passage collection. The figure reports
retrieval latency and effectiveness of SPLADE-Code-
8B compared to the Dense-8B model. (&, kq) indicates
the pruning used on queries and documents for LSR.

tive with CodeR-all, which was trained on a much
larger dataset. Since some evaluation datasets over-
lap with CodeR-all training data, its evaluation is
not strictly out-of-domain. Despite this advantage,
SPLADE-Code achieves comparable performance
with a substantially lighter training setup.

4.3 Analysis

Effectiveness—Efficiency trade-off. Figure 3
shows the effectiveness—efficiency trade-off of
SPLADE-Code, reporting retrieval latency in mil-
liseconds per query against retrieval effectiveness
(average latency on the 53k test queries). Overall,
SPLADE-Code achieves efficient retrieval through
pruning of the sparse representations. We evaluate
a two-step SPLADE retrieval strategy, where an ini-
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CodeRAG-Bench CPRet

Model

H]‘;f;‘i‘“ MBPP DS-1K ODEX i‘iﬂ? ;’XEL Avg | T2C C2C P2Du  S2Fu  Avg
BM25 100.0 98.6 52 6.7 93.2 430 577 0.9 7.4 12.4 53.8 18.6
SotA Dense Retrieval
Dense-0.6B 100.0 99.1 29.0 16.9 92.1 464 639 323 437 54.2 91.4 55.4
Dense-8B 100.0 98.9 30.3 26.4 89.0 50.4 658 | 643 742 72.5 953 76.6
CodeR-all-1.5B 100.0  99.2 40.8 36.1 93.1 674 728 | 751 854 58.4 94.7 78.3
CodeR-coir-1.5B 100.0 98.9 37.2 325 922 646 709 - - - - -
CodeXEmbed-2B 100.0 97.4 254 239 88.7 524 646 | 396 68.0 453 86.4 59.8
SFR-mistral-7B 100.0 99.0 19.3 37.1 83.8 62.7 67.0 | 222 509 31.9 69.4 43.6
C2-LLM-0.5B 99.8 98.6 18.1 21.0 67.6 44.6 58.3 38.1 50.6 313 824 50.6
C2-LLM-7B 100.0 99.1 34.7 31.2 72.3 53.2 65.1 678 756 54.6 94.0 73.0
Learned Sparse Retrieval
SPLADE-Code-0.6B  100.0  99.2 21.1 29.1 95.8 39.5 64.1 424 476 49.7 92.6 58.1
/vs C2-LLM-0.5B (+0.2) (+#0.6) (+3.0) (+8.1) (+28.2) (-5.1) (+5.8) | (+4.3) (-3.0) (+184) (+10.2) (+7.5)
SPLADE-Code-8B 100.0 99.4 42.0 38.8 94.2 526 712 | 709 764 66.3 96.1 714
/vs C2-LLM-7B (+0.0) (+#0.3) (+#7.3) (+7.6) (+21.9) (-0.6) (+6.1) | (+3.1) (+0.8) (+11.7) (+2.1) (+4.4)

Table 4: Out-of-domain retrieval performance on CodeRAG and CPRet (nDCG@10). All results are reported with

pruning (1000, 1000).

tial stage applies aggressive pruning on query and
document representations (Lassance et al., 2024a),
e.g. (10,100), to quickly retrieve a candidate
set, followed by a second stage that refines the
scores with a less aggressive pruning configura-
tion, in practice (500, 1000). Because both stages
rely on the same sparse representations, this ap-
proach preserves most of the retrieval effectiveness
while substantially reducing latency. In contrast,
BM25 exhibits high latency (49 ms per query?),
due to the long average lengths of queries and doc-
uments in CodeSearchNet (594 and 156 average
words respectively), which results in a large num-
ber of postings to process in the inverted index. For
comparison, dense retrieval uses the HNSW algo-
rithm (Malkov and Yashunin, 2020) implemented
in FAISS (Douze et al., 2025), and all experiments
are conducted on the same single AMD EPYC
7313 processor, while LSR uses the Seismic in-
verted index library.

Effect of the projection space. Table 5 com-
pares LSR models built on different backbone
LLMs, which define the projection space. Over-
all, performance is relatively stable across 7-8B
backbones. In particular, generalist models such
as Qwen3-8B, Llama3-8B, and code-specialized
backbones like Qwen2.5Coder-7B yield nearly
identical results across benchmarks. Compar-
ing with smaller models, on Qwen2.5Coder-0.5B
and Qwen2.5Coder-1.5B, results are also similar
to those for models trained on Qwen3-0.6B and

3using pyserini (Lin et al., 2021) BM25 inverted index.

. MTEB Code
Model Variant ColR Code RAG CPRet
SPLADE-Code w/ Generalist LLM
Qwen3-8B 76.7 77.8 68.5 76.8
Llama3-8B 76.6 71.6 68.6 724
SPLADE-Code w/ Code-Specialized LLM
Qwen2.5Coder-0.5B 70.4 71.5 624  46.6
Qwen2.5Coder-1.5B 71.9 72.9 63.9 504
Qwen2.5Coder-7B 76.4 71.6 71.3 749

SPLARE-Code w/ Sparse Auto-Encoder (Formal et al., 2026)

with general-domain SAE ~ 76.0  77.1 623  67.8
with code-specific SAE 74.6 76.0 694 722

Table 5: Ablation comparison of LSR models with dif-
ferent LLM backbones. Results are reported without
checkpoint merging for fair comparison.

Qwen3-1.7B. SPLADE-Code seems to be robust
to the projection vocabulary. Finally, replacing
vocabulary-based projection with learned sparse
latent features, as in SPLARE (Formal et al., 2026),
produces comparable results. This may be because
the matching space remains largely grounded in
English natural language, which acts as a shared
pivot between queries and documents. As a result,
differences in the projection vocabulary appear to
have limited impact on retrieval effectiveness.

Training pipeline variants. Table 6 compares
several training variants. Both the base setup and
the instruction-tuned variant achieve similar perfor-
mance, indicating that SPLADE-Code works well
with or without instructions in this setting.

In contrast, intermediate English fine-tuning
leads to lower effectiveness on both ColR and
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Text Instruction Code (SQL)
If I understand the question SELECT *

correctly, your issue is with FROM Student
image.open(), I believe the problem WHERE Age = (

is that you are treating the

directory and file name as strings

when you join them together:

path1l = dir + imgl )

SELECT MAX(Age)
FROM Student

Instead you should try using the
os.path module to combine the two:
pathl = os.path.join(dir, imgl)

WHERE Group = ’specific_group’

AND Group = ’specific_group’;

Code (Java)

static void f(int[] x,int 1,int r){
if (1>=r) return;
int i=1,j=r,p=x[(1+r)/21;
while (i<=j) {
while (x[il<p) i++;
while (x[j1>p) j--;
if (i<=j) {
int t=x[il;
x[11=x[j1;x[3]=t;i++;5--;
}

3

if (I<3) f(x,1,3);

if (i<r) f(x,i,r);
}

Token W | Token W Token W | Token W Token W | Token W
dir 244 | img 2.28 group 2.34 | oldest 2.28 f 2.11 | 1 2.09
image 2.27 | Open 2.08 age 2.25 | _group 2.5 void 2.09 | pivot 2.06
PIL 2.05 | open 1.95 Group 2.17 | Age 2.11 inplace  2.05 | sort 1.90
path 1.96 | dir 1.88 MAX 2.06 | Student 2.05 quick 1.90 | array 1.89
pillow 181 | IOError  1.66 specific  2.02 | student* 1.9 median 1.8 | Java  1.82

FileNotFoundError 1.58 AGE 1.97 | GROUP 1.90 static 1.81 | swap 1.67

Figure 4: Examples of sparse vocabulary activations produced by SPLADE-Code-8B for different inputs. Highest-
weighted expansion tokens in the representations capturing query intent, or algorithmic concepts highlighted.

Model Variant ColR MTEB Code
SPLADE-Code-0.6B
(Base) 72.6 73.5
(w/ Instructions) 73.0 73.4
(English—Code) 67.1 68.5
(Contrastive) 68.3 67.4

Table 6: Ablations on SPLADE-Code-0.6B. The de-
fault setup uses KL distillation without instructions or
intermediate English fine-tuning. Results are reported
without checkpoint merging for fair comparison.

MTEB Code. This differs from dense retrieval,
where an intermediate text retrieval stage is often
beneficial. A plausible explanation is that LSR al-
ready retains lexical matching capabilities through
its sparse representations, reducing the need for an
English intermediate stage before training on code.

Interpretability of the LSR representations. A
key advantage of SPLADE-style LSR is inter-
pretability: the representations are highly sparse,
with only a few hundred active dimensions in a
vocabulary-sized space, and each dimension can be
directly mapped to a token. Figure 4 illustrates this
behavior with three examples. Example 1 shows se-
mantically meaningful expansion around a Python
image-processing issue. Example 2 shows that the
model emphasizes semantic concepts over generic
SQL syntax. Example 3 shows that the model can

recover high-level algorithmic intent from code
even when it is not explicitly stated, supporting
matching between natural language descriptions
and code across programming languages.

More broadly, the activated terms remain se-
mantically coherent, and we do not observe ob-
vious concept drift toward noisy or non-semantic
tokens (Polyakov et al., 2026; Nguyen et al., 2024).
Among the top-25 activated terms, roughly 35%
come from the input itself and 65% are expansion
terms, highlighting the central role of expansion
in the learned sparse representation. For clarity in
the examples provided, we also omitted a few lexi-
cal tokens with different capitalization or subword
tokens from the top weights.

5 Conclusion

We introduced SPLADE-Code, the first learned
sparse retrieval models specialized for code.
Across multiple in-domain and out-of-domain
benchmarks, SPLADE-Code achieves strong ef-
fectiveness with a lightweight single-stage train-
ing pipeline, showing that LSR is a viable alterna-
tive to dense retrieval for code search. Our analy-
sis further shows that expansion terms are central
to this performance, enabling sparse representa-
tions to bridge lexical matching and semantic ab-
straction while remaining interpretable. We also
showed that SPLADE-Code can provide favorable
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effectiveness—efficiency trade-offs, reaching below
1 ms latency with only limited effectiveness loss,
and is interpretable.

Future work could integrate LSR more tightly
into real-world agentic software engineering sys-
tems, where retrieval must jointly satisfy effective-
ness, latency, and interpretability constraints.

Limitations

Our study has several limitations. First, while
we evaluate SPLADE-Code across multiple bench-
marks and both in-domain and out-of-domain set-
tings, these datasets may not fully reflect the dis-
tribution of real developer queries (e.g., repository-
specific naming conventions, evolving APIs, or
interactive debugging contexts). Additional evalua-
tion on more complex and realistic datasets, query
logs and repository-level tasks would strengthen ex-
ternal validity. Then, we primarily study retriever-
level effectiveness. In practical LLM-based soft-
ware engineering systems, retrieval interacts with
reranking, tool use, and generation. Measuring
end-to-end impacts (e.g., downstream task success,
faithfulness, and debugging outcomes) remains an
important direction. Finally, a further challenge in
comparing latency is that dense retrieval is often
optimized for multi-CPU or GPU-based similarity
search, while sparse inverted-index methods are
typically evaluated as single-core systems designed
to handle large query volumes in parallel, so the re-
sulting measurements are not directly equivalent.
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A Hyper-parameters

Training settings. Table 7 summarizes the main
hyper-parameters we used in our experiments. We
train our model on the training set of ColR, con-
taining of ten datasets merged together for a total
of 2.2M training samples, for one epoch. Each
training sample consists of one query, one positive,
and n negatives. In practice, we use batch size of
256, achieved with gradient accumulation, and 7
or 8 negatives per query depending on the parame-
ter size of the models. We used LoRA (Hu et al.,
2022) rank of 64. The negatives are mined from
retrieval made with Qwen3 Embedding (0.6B), and
scored with Qwen3 Reranker (4B) to be then dis-
tilled (Zhang et al., 2025). We select the negative
in-between the rank 50 to 100 following previous
training of embedding models. All models are
trained with a max length of 512. Since queries
and documents are very long, we observed that
models tend to produce high similarity scores, we
thus use a high temperature in the KLD loss to
mitigate and have more stable training, we used
temperature of 300. The learning rate is set to le-
4. Model merging is done with weighted spherical
merging (Yang et al., 2024) from three checkpoints:
(1) the same base model after the first epoch, (2)
and after a second epoch of training, (3) the base
model trained with a max context length of 1024
for one epoch. Small models (0.6B) also contain a
fourth checkpoint trained with full finetuning (no
LoRA). All decoder models are pretrained on MS
MARCO passages (Nguyen et al., 2016) with bi-
directional attention to transform from causal to
bi-directional attention models.

Dense models training settings. In §4, we train
dense models in controlled experiments, to enable
direct comparison with LSR models. These models
are trained using eos token pooling. The learning
rate is 1le — 5, the batch size is 128, the warmup
ratio is 0.05 and the KL temperature is set to 0.1
(after some hyper-parameter search). 8 negatives
are used for each query. The rest of the parameters
are identical to the sparse models.

Masked Language pretraining SPLADE models
use bi-directional attention. The models are first
fine-tuned quickly with bi-directional attention and
a masked language modelling objective. We use
the exact same setup as in (Formal et al., 2026;
Zeng et al., 2025). Note that this step is not very
expensive: it requires about 15 hours on a single

GPU for the 8B model.

Hardware. Training is done on 4 A100 with 80GB
of memory each. Retrieval latencies are computed
on a single AMD EPYC 7313 processor for fair
comparison between dense and LSR.

Latency experiments. For the LSR retrieval we
used the seismic library, which contains an ef-
ficient implementation of inverted index (Bruch
et al., 2024). In particular, for the latency ex-
periments, we use seismic with parameters k =
1000, query_cut = 500, heap_factor = 2.5, and
n_knn = 0. For hnsw, we use faiss (Douze et al.,
2025) and parameters M = 32, efConstruction =
40 and vary efSearch. We retrieve top_k = 1000
in all cases.

B Datasets Statistics

We provide additional statistics about the bench-
mark in Table 8, including the number of datasets
for each benchmark, the list of programming lan-
guages and the main tasks within each benchmark.
We also provide some dataset sizes for queries and
collections.

C Additional Analysis

Failure Cases. Figure 6 shows examples of the
sparse activations produced by SPLADE-Code-8B.
The main takeaway is that the model often cap-
tures the right high-level concepts. For example,
the quicksort implementations in Java, Perl, and
Haskell activate terms such as quick, sort, pivot,
partition, array, and swap. This is encouraging, as
the model is not only relying on exact token over-
lap, but also learns useful algorithmic expansions
across programming languages.

However, these activations should not be read
as full program understanding. In some cases, the
representation captures the topic of the code but
misses important details. For example, for SQL
queries involving MAX(Age), SPLADE-Code acti-
vates relevant terms such as group, age, MAX, and
oldest, but does not clearly distinguish whether
the maximum is computed over the whole table or
only within a group. Similar issues can appear for
small operator changes, boundary conditions, or
ordering constraints. This is expected to some ex-
tent: SPLADE-Code is a first-stage retrieval model,
not a symbolic executor or a program verifier. Its
strength is to retrieve topically and semantically
related candidates, while finer-grained correctness
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SPLADE-Code 0.6B

SPLADE-Code 1.7B  SPLADE-Code 8B

Base Model Qwen/Qwen3-0.6B Qwen/Qwen3-1.7B Qwen/Qwen3-8B
Batch size 256 256 256
Negatives per query 8 7 7
LoRA Rank 64 64 64
Max Length 512 512 512
Learning Rate 1x1074 1x107* 1x1074
Temperature (KLD) 300 300 300
Epochs 1 1 1
Bidirectional Attention Yes Yes Yes
Warmup Ratio 0.01 0.01 0.01
Quantization BF16 BF16 BF16
Lambda q 1x1074 1x107* 1x1074
Lambda d 1x 107" 1x10°* 1x107*
KLD Loss Weight 0.5 0.5 0.5
Weight Decay 0.0 0.0 0.0
Optimizer Adam Adam Adam
Inference Max Length 2048 2048 2048
Pruning Inference (500,1000) (500,1000) (500,1000)
Heap Factor (LSR) 2.5 2.5 2.5

Table 7: Main training configurations for the base models. For model merging we merge the same model after 1 and
2 epochs, and with a max length of 1024 (3 ckpts). For 0.6B we also merge a full finetuning model.

may need to be handled by a later reranking or
verification step.

Full description of the qualitative examples
(Table 4). In Example 1 (Python image load-
ing), the model expands the representation with
semantically related terms such as pillow and
PIL, as well as exception types (e.g., IOError,
FileNotFoundError). These activations align
with common failure modes and help retrieve pas-
sages describing similar issues.

In Example 2 (SQL query), the model down-
weights generic syntactic tokens (e.g., SELECT,
FROM, WHERE) and instead emphasizes content-
bearing terms such as oldest from MAX(Age).
This suggests that the representation prioritizes se-
mantics over syntax.

In Example 3 (Java implementation of quick-
sort), the input code does not explicitly mention
“quicksort”, yet the model activates algorithmic
and implementation-level concepts such as quick,
pivot, sort, and java, along with related terms
like swap, inplace, and array. Such activations
shows how SPLADE-Code uses mostly English
as matching language between textual instructions
and code from different programming languages.

Efficiency. We provide in Figure 5 an additional
comparison of the latency of SPLADE-Code-0.6B.
Latencies are overall similar to the curve provided
in the main body of the paper for SPLADE-Code-
8B. Also note that we measure here the latency of

the retrieval only from passing through the inverted
index or the vector search algorithm, we do not
consider the latency from encoding the query and
getting the sparse representation, since this time
is similar for dense and LSR models. Also note
that the added latency from two-step SPLADE is
estimated here as the time to compute 1000 dot
products, which we estimated to 50 microseconds
for 1000 dot products between vectors of size 100K
with only 400 non zero dimension.

Ablations. We provide in Table 9 and Table 10 the
performance of models on individual datasets from
each benchmark. This includes some models from
ablation or models without checkpoint merging.

D Performance on English and
Multilingual Benchmark

While the main focus of our research was to
develop code retrieval model, we observed that
the models were good in English and had some
multilingual capacities. We provide in Table 11
and Table 12 the performance of SPLADE-Code
on MTEB English and MTEB multilingual. As
a comparison, LION-SP-8B (Zeng et al., 2025)
achieves 48.5 on MTEB(eng, v2) and 50.0 on
MTEB(Multilingual, v2). SPLADE-Code-8B is
more effective than strong monolingual English re-
trieval models. SPLADE-EN-0.6B is the English
SPLADE model we trained for the intermediate En-
glish finetuning ablation within Table 6. It achieves
good performance in English.
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Benchmark #Datasets #Lang Task / Domain Languages Test Size  Collection Size
ColR (Li et al., 2025b) 10 14 Code Retrieval Python, SQL, Go, Java, 180-53K 816 - IM
Text-to-Code JS, C, CSS, PHP, C++,
Code-to-Code HTML, Rust, Shell,
Code-to-Text Swift, Ruby
Hybrid Code
(8 Coding Tasks)
CodeRAG-Bench (Wang et al., 2025) 6 1 Retrieval-Augmented ~ Python 164 — 1K 237 -40.9K
Code Generation
Open-Domain
Basic Programming
Repository-Level
Retrieval
(8 Coding Tasks)
CPRet (Deng et al., 2025) 4 20+ Competitive Program- Python, C++, C, Java, 168 — 10K 10K -41.6K
ming Retrieval Perl, Groovy, R, Rust,
Text-to-Code Dart, C#, Matlab,
Code-to-Code CoffeeScript, Assembly,
Problem-to-Duplicate Haskell, Batchfile, Go,
Simplified-to-Full Ruby, JavaScript, Kotlin
(4 Coding Tasks)
MTEB-Code (build upon ColR) 12 14 Code Retrieval Python, SQL, Go, Java, 180 - 53K 816 — 1M

(Muennighoff et al., 2023)

Text-to-Code
Code-to-Code
Code-to-Text
Hybrid Code

(9 Coding Tasks)

JS, C, CSS, PHP, C++,
HTML, Rust, Shell,
Swift, Ruby

Table 8: Benchmark statistics of ColR, CodeRAG-Bench, CPRet and MTEB Code. Test and collection sizes are
reported as ranges (min—max per dataset). MTEB Code is composed of ColR with the two additional datasets:
CodeEditRetrieval and a variation of CodeSearchNet.

0.875 A
512 1024
128 2559 - (500,1000)®
s | & (40(,386)00) (100,400) |
0.850 - i -
(20,100)
(10,100) :
- odl
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@
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2
® @ ®- SPLADE (1-step)
Q (40,200)
O —8— SPLADE (2-step)
2 0.7751 * BM25
o
0.750 - /" (20,100)
0.725 A
(10,100)
0700] ° BM25 3%

100

10t

Latency (ms, log scale)

Figure 5: Latency of SPLADE-Code-0.6B for code
representation with two-step SPLADE on Qwen3-0.6B.
On Qwen3-0.6B the dot product for the dense is more
efficient since embedding dimensions are lower, hence
lower latencies with HNSW, but SPLADE still matches

the Pareto frontier.
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Code (Java) Code (Perl) Code (Haskell)
static void quicksort(int[] x,int 1,int r){ sub quicksort{ quicksort :: Ord a => [a] -> [a]
if(1>=r)return; my($x,$1,$r)=@_; quicksort [] = []
int i=1,j=r,p=x[(1+r)/21; return if $1>=$r; quicksort (p:xs) =
while(i<=j){ my $i=$1; my $j=$r; quicksort [x | x <- xs, x < p]
while(x[il<p)i++; my $p=$x->[int(($1+$r)/2)1; ++ [p]
while(x[j1>p)j--; while($i<=$3){ ++ quicksort [x | x <- xs, x >= p]
if(i<=9){ while($x->[$i1<$p){$i++;}
int t=x[i]; x[il=x[j1; x[jl=t; while($x->[$31>$p){$j--;2}
it -5 if($i<=$3){
3 my $t=$x->[$i];
3} $x—>[$i1=$x->[$j]; $x->[$jI1=$t;
if(1<j)quicksort(x,1,3); $it++; $3--;
if(i<r)quicksort(x,i,r); }
3} }
quicksort($x,$1,$j) if $1<$j;
quicksort($x,$i,$r) if $i<s$r;
}
Token W | Token w Token W | Token w Token W | Token w
quick 223 | 1 2.16 Perl 2.17 | quick 2.11 pivot 2.14 | quick 2.11
X 2.09 | void 2.09 sort 2.08 | perl 2.05 Haskell ~ 2.05 | sort 1.97
pivot  2.03 | sort 1.98 X 202 | inplace  1.97 x$ 1.9 | p L79
Java 1.97 | array 1.92 1 1.93 | pivot 1.90 list 1.70 [P 1.64
r 1.89 inplace 1.82 array 1.88 r 1.71 GHC 1.65 median 151
swap 1.80 | partition  1.67 swap 1.62 | partition  1.56 Prelude 151 | greater 1.50
\ 7

Figure 6: Examples of sparse vocabulary activations produced by SPLADE-Code-8B for quicksort implementations
in Java and in two languages appearing in CPRet but absent from ColR’s language list. Highlighted tokens
correspond to semantic or algorithmic expansions beyond exact surface syntax.

CSN  CSN  CodeEdit CodeTrans StackOv  CodeFeedback  Avg Avg
|
Model Apps CosQA T2SQL SN 10 CCR  Retrievall -Comtest -DL QA -ST  -MT | COIR MTEB
BM25 47 187 249 635 703 593 533 477 344 702 681 590 | 458 479
SPLADE-lex.-0.6B 102 68 187 427 375 451 35.0 555 309 711 677 799 | 423 418
SPLADE-lex.-1.7B 128 77 179 463 390 489 35.9 552 297 737 681 820 | 435  43.1
SPLADE-lex.-8B 168 74 186 497 419 553 37.6 615 292 765  69.5 853 | 462 458
SPLADE-Code-no-merging-0.6B 673 334 690 903 87.6 946 655 892 237 934 771 903 | 726 735
SPLADE-Code-no-merging-1.7B 728 338 717 911 881 942 674 909 256 940 805 906 | 743  75.1
SPLADE-Code-no-merging-8B 878 340 711 921 899 967 748 939 231 964 8L1 919 | 767 718
SPLADE-Code-QwenCoder-0.5B 505 328 703 900 872 935 63.2 867 246 918 798 873 | 704 715
SPLADE-Code-QwenCoder-1.5B 543 305 727 906 87.6 922 649 877 314 926 817 886 | 7.9 729
SPLADE-Code-QwenCoder-7B 862 323 706 923 902 969 744 944 235 961 815 922 | 764 776
SPLARE-LlamaScope-7B-L26 780 326 750 902 882 951 75.1 933 272 957 839 906 | 760  77.1
SPLARE-Llama3-SAE-ColR-7B-L24 810 323 706 916 890 957 741 939 209 967 746 917 | 746 760
SPLARE-Qwen3-SAE-ColR-8B-L32 87.6 282 707 908 891 960 735 931 229 962 772 914 | 752 764
SPLADE-Code-0.6B 665 354 743 905 862 914 684 909 314 933 847 920 | 746 754
SPLADE-Code-1.7B 711 321 733 913 879 928 667 923 254 939 841 914 | 744 752
SPLADE-Code-8B 867 325 757 921 889 946 771 946 281 965 876 939 | 719  79.0

Table 9: Detailed MTEB Code retrieval results of ablations (nDCG@ 10), using pruning (500, 1000).
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CodeRAG CPRet

Model
Human Repo SWE

Eval MBPP DS-1000 ODEX Eval Bench.L Avg | T2C C2C P2Dup S2Full Avg
BM25 100.0 98.6 52 6.7 932 43.0 5771 09 74 12.4 53.8 186
SPLADE-lex.-0.6B 100.0 99.0 52 1.7 94.1 335 556 | 7.1 13.0 20.1 58.1 246
SPLADE-lex.-1.7B 99.8 99.2 4.8 29 94.3 28.0 548 | 89 162 228 59.8 269
SPLADE-lex.-8B 99.8 98.4 6.4 32 93.9 38.9 56.7 | 11.6 19.5 23.1 634 294
SPLADE-Code-no-merging-0.6B 100.0 98.9 22.8 27.0  95.1 38.2 63.7 | 404 502 438 91.0 564
SPLADE-Code-no-merging-1.7B 100.0 98.9 29.0 283 934 39.9 649 | 46.7 576 529 928 625
SPLADE-Code-no-merging-8B 100.0 98.6 38.1 36.7  90.8 47.0 68.5 | 70.7 76.8  64.1 95.8 76.8
SPLADE-Code-QwenCoder-0.5B 100.0 99.1 24.0 21.0 933 36.8 624 | 28.1 355 372 854  46.6
SPLADE-Code-QwenCoder-1.5B 100.0 99.3 24.0 224 932 449 63.9 | 30.0 416 423 87.7 504
SPLADE-Code-QwenCoder-7B 100.0 98.6 36.5 36.0 902 66.7 71.3 | 70.5 734 599 95.6 749
SPLARE-LlamaScope-7B-L26 100.0 93.4 30.2 242 750 50.8 623 | 594 66.6 51.7 935 678
SPLARE-Llama3-SAE-CoIR-7B-L24  100.0 98.3 37.4 385 929 49.3 69.4 | 639 722 58.1 944 722
SPLADE-Code-0.6B 100.0 99.2 21.1 29.1 95.8 39.5 64.1 | 424 47,6 497 92.6  58.1
SPLADE-Code-1.7B 100.0 99.0 30.7 284  93.0 42.5 65.6 | 48.1 56.8 554 935 634
SPLADE-Code-8B 100.0 99.4 42.0 388 942 52.6 712 | 709 764  66.3 9.1 774

Table 10: Detailed out-of-domain retrieval performance on CodeRAG and CPRet for ablation models (nDCG@10).
Retrieval with pruning (1000, 1000).

Dataset SPLADE-Code-0.6B  SPLADE-Code-8B | SPLADE-EN-0.6B
Average 45.4 49.7 | 48.1
ArguAna 56.4 59.9 52.3
CQADupstackGamingRetrieval 56.8 59.2 56.0
CQADupstackUnixRetrieval 40.5 46.7 37.6
ClimateFEVERHardNegatives 19.0 21.7 19.6
FEVERHardNegatives 60.8 66.0 62.2
FiQA2018 36.9 47.8 36.0
HotpotQAHardNegatives 47.8 52.9 59.2
SCIDOCS 17.4 19.7 16.6
TRECCOVID 68.6 69.1 77.3
Touche2020Retrieval.v3 49.8 53.5 63.9

Table 11: Results of the SPLADE-Code models on MTEB(eng, v2) with pruning (40, 400).

Dataset SPLADE-Code-0.6B  SPLADE-Code-8B | SPLADE-EN-0.6B
Average 48.3 54.3 \ 47.0
AILAStatutes 28.1 324 27.7
ArguAna 56.4 59.9 52.3
BelebeleRetrieval 54.1 77.1 48.4
CovidRetrieval 73.3 72.7 78.9
HagridRetrieval 98.7 98.7 98.8
LEMBPasskeyRetrieval 38.8 38.8 38.8
LegalBenchCorporateLobbying 94.1 95.7 93.1
MIRACLRetrievalHardNegatives 31.5 43.2 31.5
MLQARetrieval 55.7 71.5 56.6
SCIDOCS 17.4 19.7 16.6
SpartQA 4.5 2.9 1.1
StackOverflowQA 86.9 93.5 74.7
StatcanDialogueDatasetRetrieval 28.0 37.2 223
TRECCOVID 68.6 69.1 77.3
TempReasonL1 0.2 0.2 0.3
TwitterHjerneRetrieval 49.7 71.9 42.5
WikipediaRetrievalMultilingual 80.8 89.1 80.8
WinoGrande 29 4.8 3.7

Table 12: Results of the SPLADE-Code models on MTEB(Multilingual, v2) with pruning (40, 400).
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