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Abstract

Learnable sparse retrieval (LSR) models encode texts into
high-dimensional sparse representations, supporting token-
level expansion beyond the original text and addressing the
vocabulary mismatch problem in traditional bag-of-words re-
trieval. However, in the absence of representation-level super-
vision, these representations usually overemphasize irrelevant
tokens while neglecting truly relevant ones. We term this phe-
nomenon the Representation Hallucination problem in LSR
models, a critical bottleneck impeding accurate retrieval. To
address this challenge, we introduce SIRE, a self-improving
training framework for sparse retrieval that integrates two
core strategies: Heuristic Representation Refinement and
Representation-Focused Learning. Specifically, SIRE first
identifies and corrects representation hallucinations in the out-
puts of the current LSR model using heuristic methods. The
resulting representations serve as the primary supervision sig-
nals, guiding a pretrained language model (e.g., BERT) to mit-
igate the problem directly at the representation level. This pro-
cess can be iterated, enabling progressive model improvement.
Extensive experiments on both in-domain and out-domain
benchmarks show that SIRE produces higher-quality sparse
representations, significantly enhancing retrieval performance
over strong baselines.

1 Introduction

Sparse retrieval remains a widely used and competi-
tive approach in information retrieval systems, support-
ing applications like search engines (Lin et al. 2021) and
retrieval-augmented generation for large language models
(LLMs) (Gao et al. 2023; Zhang et al. 2024, 2025). Com-
pared with dense retrieval, sparse retrieval offers stronger
interpretability and better domain generalization (Formal
etal. 2021b). However, traditional bag-of-words models, such
as BM25 (Robertson and Zaragoza 2009), suffer from the
vocabulary mismatch problem, where relevant documents
might not contain terms in the query (Kong et al. 2023).
Learnable sparse retrieval (LSR) methods (MacAvaney et al.
2020; Mallia et al. 2021; Bai et al. 2020) address this lim-
itation by employing pre-trained language models (PLMs),
such as BERT (Devlin et al. 2019), to convert text into high-
dimensional sparse representations, where each dimension
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Figure 1: The representation hallucination problem in LSR
models. The term “Big Apple” is widely recognized in En-
glish as a nickname for “New York”.

represents the relevance between a particular vocabulary to-
ken and the input text. Essentially, these representations per-
form weighted vocabulary expansion to mitigate the vocabu-
lary mismatch problem.

Despite recent progress, current LSR models still struggle
with a key problem: Representation Hallucination, where
the model assigns high weights to irrelevant or low-impact
tokens, or fails to emphasize semantically important ones.
As a result, the overall quality of text representations de-
clines, ultimately impairing retrieval effectiveness. A primary
cause of representation hallucination is that LSR models are
typically trained solely with text-level supervision, which ne-
glects guidance at the representation level. For instance, the
standard training paradigm for LSR typically relies on con-
trastive learning between relevant and irrelevant documents
for a given query (Formal et al. 2021a). While text-level
supervision yield some improvements, it does not provide
direct feedback for optimizing representations. Consequently,
models often fail to learn truly effective and discriminative
representations. Furthermore, given the high dimensionality
of sparse representations and the difficulty of quantifying
the value of each dimension, it is impractical to manually
annotate ideal representations to resolve this issue.



In this work, we propose SIRE, a novel training frame-
work for sparse retrieval that directly addresses representa-
tion hallucination. SIRE adopts a self-improving training
strategy that progressively enhances LSR models through
iterative cycles of Heuristic Representation Refinement
and Representation-Focused Learning. For a given text
input and its sparse representation produced by the current
LSR model, such as SPLADE (Formal et al. 2021b), SIRE
applies heuristic strategies to identify and adjust three types
of tokens—removing irrelevant ones, reducing low-impact
ones, and adding truly relevant ones. These refined repre-
sentations serve as direct optimization targets for further
training of LSR models at the representation level, comple-
menting or substituting traditional retrieval signals (Formal
et al. 2024). The trained LSR models are then reused in the
next iteration, forming a loop of representation optimization
and model learning. This iterative process drives continual
improvements in sparse retrieval performance.

We evaluate SIRE on a broad range of retrieval bench-
marks, covering both in-domain datasets such as MS
MARCO (Bajaj et al. 2016), DL19 (Craswell et al. 2020)
and DL20 (Craswell et al. 2021), and out-domain datasets
from the BEIR benchmark (Thakur et al. 2021). Experimental
results show that SIRE not only achieves state-of-the-art re-
trieval performance, but also consistently mitigates represen-
tation hallucination across various sparse retrievers, includ-
ing SPLADE (Formal et al. 2021b) and SPLADE++ (Formal
et al. 2022). These results underscore the effectiveness of our
method in improving representation quality, as well as its
strong generalization ability. Additionally, we conduct com-
prehensive ablation studies and detailed analysis to examine
each component’s contribution, shedding light on how the
iterative refinement-learning loop drives performance gains
and produces high-quality representations.

Our main contributions are as follows:

* We identify representation hallucination as a critical prob-
lem in existing LSR models and introduce a heuristic
strategy to refine their sparse representations.

* We propose SIRE, a novel self-improving framework that
alternates between heuristic representation refinement and
representation-focused learning to optimize LSR models.

 Extensive experiments on MS MARCO, DL19, and DL20
benchmarks demonstrate the effectiveness of SIRE and
its strong generalization ability to out-domain settings.

2 Methodology

As illustrated in Figure 2, SIRE adopts an iterative cycle
that alternates between heuristic representation refinement
and representation-focused learning. Starting with sparse
text representations generated by a current LSR model M,
such as SPLADE (Formal et al. 2021b), SIRE first refines
these representations using heuristic strategies. A pretrained
language model M is subsequently trained to learn these
refined representations, yielding an improved intermediate
model M. This updated model M, replaces M, and the
cycle of refinement and learning is repeated. After ¢ iterations,
the process converges to the final model M.
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Figure 2: The overall architecture of SIRE, which entails
n iterative cycles of heuristic representation refinement and
representation-focused learning.

2.1 Background

LSR models encode input text ¢ (i.e., a query q or a document
d) into a high-dimensional sparse vector w' € RY, where
V denotes the vocabulary. Each dimension w! indicates the
semantic relevance between the i-th vocabulary token and
the input text, with w! = 0 indicating irrelevance. Recent
approaches like SPLADE (Formal et al. 2021b) leverage
BERT’s masked language modeling head to produce sparse
representations. By selectively expanding semantically rele-
vant tokens, LSRs achieve both high retrieval accuracy and
enhanced interpretability.

2.2 Heuristic Representation Refinement

For a given text (e.g., “Why love The Big Apple?”), tokens
expanded from the current LSRs typically fall into three
categories:

(1) Irrelevant Tokens: Tokens with little or no semantic con-
nection to the input text. For instance, the token “phone”
is unrelated to the context.

(2) Low-Impact Tokens: Tokens that are semantically related
to the text but ubiquitous, offering limited retrieval utility
(e.g., “large”).

(3) Relevant Tokens: Tokens that are both semantically
aligned with the input and highly discriminative. For ex-
ample, “New” and “York” accurately capture the meaning
of “The Big Apple”.

SIRE refines query representations w? by suppressing irrel-
evant and low-impact tokens while emphasizing the most
discriminative ones. The refinement proceeds through several
transformation stages: w? — wl® — 1@ wq<3),
where modifications are applied to each stage: irrelevant
token removal, reduction of low-impact tokens, and augmen-
tation of relevant tokens.

Removing Irrelevant Tokens. Typically, a token irrelevant
to a document is also irrelevant to the corresponding query.
To identify and remove such tokens, we use the model M,
to construct the sparse representations of the query and its
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.. +
positive documents—denoted as w? and D = {w }7* |,
respectively. We then apply max pooling to aggregate all
document representations in D, resulting in the overall repre-

sentation w?" for D. Finally, we eliminate query tokens that
do not appear in wi’:

wf(l) =w!- ll(wfl+ #0),

ey

where 1 denotes indicator function. When w} # 0 and
w§+ = 0, the ¢-th token is removed from the query rep-
resentation w;.

Reducing Low-Impact Tokens. We introduce a metric
F to measure the contribution of each token to the retrieval
results and use F to filter out low-impact query tokens. Given
that LSR models often use the dot product between query
and document representations as their similarity (Formal et al.
2021a), the definition of F' and the filtering process for low-
impact tokens are formulated as follows:

wq(l) . w¢+
];(,wiq(l)) _ i ( (@)
S wi w”
w!® = w!® . 1 (Fw!V) > 0), 3)

where the denominator in Eq. 2 represents the dot product
between query and document representations, and 6 is a
predefined hyperparameter.

Adding Relevant Tokens. A major challenge for current
LSR models is the limited diversity of positive documents
in datasets like MS MARCO, which restricts the model’s
ability to fully identify relevant tokens. To address this issue,
we utilize LLMs to generate more positive documents and
extract additional query-relevant tokens from them.

We design the prompt template: “Given a query [q], re-
spond to this query from different perspectives”, to guide
LLMs in generating diverse and semantically relevant docu-
ments through repeat sampling. By adding these generated
documents to the original positive document set, we use the
LSR model M and max-pooling to compute the representa-

tion of the updated positive document set, denoted as w" .

Tokens that rank in the top 10% of weights in w?" but have
zero weight in the query representation w9, form the candi-
date token set 7 for expansion. Their weights are set to the
mean of the non-zero dimensions in w4(?), as follows:

{

2.3 Representation-Focused Learning

Based on the optimized representation, we introduce two
training objectives, £¢ and £?, to guide the PLM M (e.g.,
BERT) to produce high-quality sparse representations for
both queries and documents.

The objective £¢ employs the optimized representation
wiB) as a supervision signal by minimizing the Kull-
back—Leibler (KL) divergence between the token-level distri-
butions of w?’ (generated by M) and w?(®). The generation

a(3) avg(wQ(z)), ifieT,
w; = a(2)

“

w7, otherwise.
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of w?’ by M is consistent with that in M. The loss function

is defined as follows:
V] w9(3)
L9 = Z w?(g) log ﬁ. 5)
i=1 %

L% applies classic contrastive learning to refine document
representations:

w3 it

L% = —log (6)

6wq(3>.wd+’ + ewq(3>.wr”

where d and d~ are the positive and negative documents

for the query, respectively, and wd+/ and wd_l are their
corresponding representations generated by M.

In addition to the representation-focused objectives £9 and
L%, we incorporate the retrieval-focused objective £9¢ from
M for joint model optimization. The overall loss is defined
as follows:

L=MNLY+ LY+ (1 - N)Lre, (7

where ) is the trade-off hyper-parameter to balance the con-
tributions of different loss terms.

2.4 Iterative Optimization Framework

For a weak initial model M, a single round of heuristic rep-
resentation refinement and representation-focused learning
in SIRE is often insufficient to achieve optimal performance.
Consequently, our approach iteratively alternates between
these two stages to gradually improve representation quality
and strengthen model performance. Specifically, in the ¢-th
iteration, we apply heuristic refinement to the representations
generated by the previous model M;_;. These refined repre-
sentations are then used as supervision signals to fine-tune
the PLMs, yielding an updated model M. The newly trained
model M; subsequently generates representations for the
next iteration, and the process repeats. After n iterations, we
take M,, as the final model. In essence, SIRE allows for
flexible iteration counts to compensate for the initial model’s
limitations. This design ensures that, even when starting from
an under-performing initial model M, sufficient iterations
enables SIRE to yield performance comparable to models
initialized from a stronger baseline.

3 Experiments
3.1 Experiment Settings

Datasets. Following SPLADE++ (Formal et al. 2022), we
train our model on the public msmarco-hard-negatives dataset.
The training set consists of 8.8 million documents and 500k
queries, with each query associated with 50 hard negative
documents. Our evaluation includes both in-domain and out-
domain benchmarks. For in-domain evaluation, we use the
MS MARCO development set, DL.19 (Craswell et al. 2020)
and DL20 (Craswell et al. 2021), all of which share the same
document pool as the training set.

Out-domain performance is assessed using the BEIR
benchmark (Thakur et al. 2021), including ArguAna, Climate-
FEVER, DBPedia, FEVER, FiQA-2018, HotpotQA, NFCor-
pus, NQ, Quora, SCIDOCS, SciFact, TREC-COVID, and



Method MS MARCO (In.)

DL19 (In.)

DL20 (In.) BEIR (Out.)

MRR@10 R@lk NDCG@10 R@lk NDCG@10 R@lk NDCG@10 R@100

e Dense Retrieval Baselines

TAS-B 34.7 97.8 71.7
RocketQAv2 38.8 98.1 70.2
ColBERTV2 39.7 98.4 72.1
e Sparse Retrieval Baselines
BM25 18.4 85.3 50.6
DeepCT 243 91.3 55.1
DeepImpact 32.6 94.8 69.5
SparseEmbed 39.2 98.1 71.4
SPLADE 322 95.5 66.5
SPLADE++ 38.0 98.2 71.2
SPLADE-v3 40.2 98.7 72.6
e SIRE (Ours)
My: SPLADE 41.7 99.1 74.4
M: SPLADE++ 42.1 99.5 75.1

84.3 67.9 87.3 41.9 57.4
84.3 69.1 85.1 44.7 62.4
86.9 72.3 88.4 46.9 63.3
74.5 48.0 78.6 42.3 57.6
75.6 55.0 83.8 42.7 58.5
79.4 65.1 83.4 43.0 60.4
87.6 74.7 88.5 46.5 63.2
81.3 68.8 85.1 43.2 61.7
87.5 74.5 87.3 47.7 65.1
88.1 75.4 90.4 48.2 66.4
89.4 76.8 91.1 50.1 67.8
90.2 78.1 92.8 51.3 68.4

Table 1: Retrieval performance of various dense and sparse models on both in-domain benchmarks (In.: MS MARCO, DL19,
DL20) and out-domain benchmarks (Out.: BEIR). Two versions of SIRE are evaluated, initialized with SPLADE (Formal
et al. 2021b) and SPLADE++ (Formal et al. 2022) as M, respectively. Following standard practice (Formal et al. 2021b),

benchmark-specific evaluation metrics are used.

Touche-2020, which spans a diverse set of retrieval scenarios
and domains. This benchmark is widely adopted for eval-
uating a model’s generalization ability beyond the training
distribution.

Implementation Details. We use SPLADE (Formal et al.
2021b) and SPLADE++ (Formal et al. 2022) respectively as
the initial model M, for the heuristic representation refine-
ment. In this process, the threshold parameter 6 for removing
low-impact tokens is set to 0.2. Relevant token augmenta-
tion is performed using five positive documents generated by
Qwen-14B (Team 2024). For representation-focused learn-
ing, we initialize the model M with BERT and set the hy-
perparameter A to 0.6. During the iterative refinement phase,
the maximum number of iterations n is set to 3. Training
is conducted on two NVIDIA A100 GPUs with 80GB of
memory. All other experimental settings follow those of
SPLADE++ (Formal et al. 2022).

Baselines and Metrics. Our baselines are grouped into
dense and sparse retrieval methods. Dense retrieval baselines
include TAS-B (Hofstitter et al. 2021), RocketQAv2 (Ren
etal. 2021), and ColBERTV2 (Santhanam et al. 2022). Sparse
retrieval baselines include BM25 (Robertson and Zaragoza
2009), DeepCT (Dai and Callan 2020), DeepImpact (Mallia
et al. 2021), SparseEmbed (Kong et al. 2023), SPLADE (For-
mal et al. 2021b), SPLADE++ (Formal et al. 2022), and
SPLADE-v3 (Lassance et al. 2024).

We adopt standard metrics following established conven-
tions (Formal et al. 2021b) for each benchmark: MRR@ 10
and R@ 1k for the MS MARCO benchmark; NDCG@10 and
R@ 1k for the DL19 and DL20 benchmarks; and NDCG@ 10
and R@100 for the BEIR benchmark. We report the aver-
age results across the 13 datasets in the BEIR benchmark.
This comprehensive metric selection ensures a thorough and
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accurate evaluation across benchmarks.

3.2 Main Results

In-Domain Evaluation. As shown in Table 1, our models
outperform all surveyed baselines for the MS MARCO, DL19
and DL20 benchmarks. For example, SIRE with SPLADE
as M achieves a 1.5% improvement in MRR@10 over
SPLADE-v3 on MS MARCO. Using SPLADE++ as M,
yields a 1.9% improvement, further surpassing SPLADE-
v3. This improvement is particularly significant consider-
ing that SPLADE-v3 uses more sophisticated training re-
sources (Lassance et al. 2024), such as more powerful PLMs
and knowledge distillation from cross-encoder re-rankers. In
contrast, we deliberately employ only basic settings on SIRE
to ensure a fair comparison with other baselines. Moreover,
SIRE consistently improves both SPLADE and SPLADE++,
demonstrating its broad applicability to different M config-
urations. The SPLADE++-based variant of our method also
consistently outperforms the one based on SPLADE, likely
due to the higher-quality initial representations provided by
SPLADE++, which facilitates more effective learning.

Out-Domain Evaluation. While a performance decline in
NDCG@10 is observed in out-domain settings—highlighting
generalization challenges—our approach sustains signifi-
cant advantages. On the BEIR benchmark, SIRE based on
SPLADE achieves at least a 1.9% gain in NDCG@ 10 over
all baselines. In addition, we observe that although the dense
model TAS-B performs significantly better than the bag-of-
words model BM25 in in-domain settings, the trend reverses
in out-domain scenarios. Moreover, LSR models such as
SparseEmbed generally outperform dense models in out-
domain evaluations, likely because their high-dimensional
representations are less prone to overfitting. These observa-



MS MAR. DL19 DL20 BEIR
SIRE (Ours) 42.1 75.1 78.1 51.3
e Heuristic Representation Refinement
w/o RIT 40.7 73.2 76.5 49.0
w/o RLIT 41.5 74.1 77.3 50.2
w/o ART 41.1 73.6 76.9 494
" e Representation-Focused Learning
wlo L4 40.2 72.9 76.2 48.7
wilo L4 40.6 734 768 492
wlo L34 38.8 71.3 75.5 47.3
" e Iterative Pipeline Execution =~~~
w/o Iteration 40.9 73.6 76.9 49.4

Table 2: Ablation results of SIRE using SPLADE++
as My, evaluating the contribution of each component
from three perspectives: heuristic representation refinement,
representation-focused learning, and iterative pipeline exe-
cution. MS MARCO (MS MAR.) results are reported using
the MRR @ 10 metric, while NDCG @10 is used for other
benchmarks. RIT, RLIT, and ART denote the three heuristic
strategies introduced in Section 2.2: Removing Irrelevant To-
kens, Reducing Low-Impact Tokens, and Adding Relevant
Tokens, respectively.

tions highlight the strength of sparse retrieval models. Our
SIRE, as an LSR model, not only inherits the generalization
advantages of sparse models over dense ones but also en-
ables consistent gains by using stronger M models—a key
strength of our approach.

3.3 Ablation Analysis

Table 2 presents the ablation results of SIRE from three per-
spectives: heuristic representation refinement, representation-
focused learning, and iterative pipeline execution. All variants
of SIRE in our experiments adopt SPLADE++ as the initial
sparse retriever M.

Analysis of Heuristic Representation Refinement. Our
heuristic refinement strategy includes three core techniques:
removing irrelevant tokens (RIT), reducing low-impact to-
kens (RLIT), and adding relevant tokens (ART). The results
show that ablating any individual component leads to a sig-
nificant performance drop, demonstrating the unique contri-
bution of each technique to the overall pipeline. Among the
three, RIT yields the greatest improvement, indicating that
suppressing erroneous expansion over irrelevant tokens is crit-
ical for improving sparse representation quality. Moreover,
we observe that the benefits of this strategy are particularly
pronounced in the out-domain setting (BEIR). Specifically,
on MS MARCO, RIT, RLIT, and ART yield improvements
of 1.4%, 0.6%, and 1.0% respectively, while on BEIR, the
gains rise to 2.3%, 1.1%, and 1.9%. This suggests that our
heuristic refinement helps mitigate overfitting on the training
set, which is crucial for enhancing generalization.

Analysis of Representation-Focused Learning. The
representation-focused learning component includes two
representation-oriented loss functions (£? and £%) and one
retrieval-based loss (£9°%). Ablation results indicate that £
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MS MAR. DL19 DL20 BEIR

SPLADE 322 66.5 68.8 43.2
w/ HRR 33.2 68.0 69.9 44.9
(ASPLADE) +1.0 +1.5 +1.1 +1.7

" SPLADE++ 380 712 745 417
w/ HRR 393 73.1 76.5 50.0
(ASPLADE++) +1.3 +1.9 +2.0 +2.3

" SPLADE-v3 402 726 754 482
w/ HRR 41.7 74.8 77.6 50.9
(ASPLADE-V3) +1.5 +2.2 +2.2 +2.7

Table 3: Retrieval performance of baseline models using
query representations refined by our heuristic representation
refinement (HRR) strategy.

offers more substantial improvements than £¢. This is ex-
pected, as £? directly aligns the refined query representa-
tions via a KL-divergence objective, while £% updates doc-
ument representations indirectly through contrastive learn-
ing. Crucially, despite the strength of representation-focused
learning, traditional retrieval-based loss remains indispens-
able. These findings underscore the complementary nature of
representation-based and retrieval-based learning—neither
alone is sufficient for optimal performance.

Analysis of Iterative Pipeline Execution. Our approach
progressively optimizes sparse retrieval models through iter-
ative application of heuristic refinement and representation-
focused learning. The ablation study on the iteration reveals
that this iterative process improves SIRE’s performance from
40.9% to 42.1% on MS MARCO, and from 49.4% to 51.3%
on BEIR, validating the effectiveness of this design. These
results suggest that optimal representations cannot be reli-
ably obtained through single-step optimization. Instead, our
iterative strategy enables gradual convergence toward higher-
quality representations

3.4 Discussion

Direct Validation of the Effectiveness of the Heuristic
Representation Refinement. We refine the query repre-
sentations generated by various baseline models using our
heuristic strategy, and directly assess retrieval performance
based on the refined representations. As shown in Table 3, all
baseline models exhibit notable performance improvements
when enhanced with our heuristic strategy. Two observations
are particularly noteworthy. First, the effectiveness of our
heuristic refinement strategy tends to increase with baseline
quality. For example, on the MS MARCO dataset, apply-
ing our strategy yields gains of 1.0%, 1.3%, and 1.5% for
SPLADE, SPLADE++, and SPLADE-v3, respectively. This
ascending trend suggests that our strategy is particularly ef-
fective at further enhancing robust models by identifying
and correcting hallucinated components within their repre-
sentations. Second, the performance gains are even more
pronounced on the out-domain BEIR benchmark than on the
in-domain setting. This clearly highlights the strong general-
ization capability of our method.

Proportion of Tokens Targeted by Heuristic Represen-
tation Refinement. Figure 3 presents the proportions of
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Figure 3: Proportions of three token categories—irrelevant to-
kens removed, low-impact tokens reduced, and newly added
relevant tokens—relative to the total expanded tokens, across
different models enhanced with our heuristic representation
refinement.

irrelevant, low-impact, and added relevant tokens in the ex-
panded representations generated by different models. A key
observation is that the application of SIRE significantly re-
duces the presence of all three types of problematic tokens.
This suggests that our approach contributes to higher-quality
representations, which in turn directly benefits retrieval per-
formance, as reflected in the retrieval gains reported in Ta-
ble 1. Moreover, across all evaluated models, irrelevant to-
kens consistently account for the largest proportion among
the three categories. This reveals that indiscriminate token
expansion remains a major bottleneck for existing sparse
retrieval systems. Encouragingly, our method effectively sup-
presses this category of tokens. Finally, across all models, the
BEIR benchmark shows a noticeably higher proportion of
hallucinated tokens compared to MS MARCO. This finding
implies that representation hallucination and overfitting are
more severe in the out-domain setting.

Trade-Off Hyper-Parameter \ Between Representation
Learning and Retrieval Objectives. In Eq. 7, the hyper-
parameter A controls the trade-off between two learning ob-
jectives. To investigate the impact of this parameter, we sys-
tematically vary A and evaluate the resulting performance
of SIRE. As shown in Figure 4, increasing A first improves
retrieval effectiveness, which peaks between 0.5-0.6 before
declining at higher values. Interestingly, the most significant
performance gain occurs when A increases from 0 to 0.1,
highlighting the importance of our representation-focused ob-
jective. Moreover, for the SPLADE++-based variant of SIRE,
we observe that while the performance on MS MARCO be-

15140

\ —0—SIRE(Mo : SPLADE) —®—SIRE(Mo : SPLADE++) \
52

44

y-
L o L
N o ;/D = (/D T
- | @ \
rg) /./ o’ o ./ D/D/D \D
g40r / Q48 -
= |e 2 bl
/ \ / \
d
38(d 46| E\:
00 02 04 06 08 1.0 00 02 04 06 08 1.0
(a) The MS MARCO Benchmark (b) The BEIR Benchmark

Figure 4: Performance of SIRE with different A\ values in
Eq. 7, evaluated on MS MARCO and BEIR.

MS MARCO BEIR
Method

Query Doc Query Doc
SPLADE 18 96 62 216
SPLADE++ 43 123 82 214
SPLADE-v3 24 178 133 295

" eSIREQurs)

M,: SPLADE 10 76 47 148
Mo: SPLADE++ 16 98 53 145

Table 4: Average number of non-zero dimensions in the rep-
resentations produced by different models.

comes stable as )\ increases from 0.3 to 0.4, there are still
notable improvements on the BEIR benchmark. This observa-
tion underlines that in-domain evaluation alone is insufficient
to fully reflect the retrieval capability of a model.

Sparsity of Text Representations. Sparser representations
generally lead to more efficient retrieval when using inverted
indexes, as fewer non-zero terms reduce computation (Formal
et al. 2021b). To assess representation sparsity, we calculate
the average number of non-zero dimensions in the representa-
tions generated by different models on both the MS MARCO
and BEIR benchmarks. The results in Table 4 show that
SPLADE achieves reasonably good sparsity among the base-
lines, whereas SPLADE-v3 produces denser representations,
despite its superior retrieval performance shown in Table 1.
This indicates that previous baselines struggle to balance rep-
resentation sparsity and retrieval quality. However, our SIRE
effectively addresses this challenge, achieving the best perfor-
mance on both aspects. In addition, across benchmarks, we
observe that the representations tend to be denser on BEIR
than on MS MARCO. This phenomenon stems from two
primary factors: first, certain BEIR datasets (e.g., ArguAna)
contain longer input texts that naturally require denser rep-
resentations; second, the out-domain nature of BEIR poses
greater challenges to producing compact representations.

Effect of the Number of SIRE Iterations. We conduct
a detailed analysis to examine the impact of the number of
iterations on SIRE. As shown in Figure 5, increasing the
number of iterations consistently brings notable performance
gains, with results stabilizing after about four iterations. Two
observations are worth emphasizing. First, although different
initial M models introduce substantial performance gaps,
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Figure 5: Effect of the number of iterative cycles, each
comprising heuristic refinement followed by representation-
focused learning, on retrieval performance.

“Why love The Big Apple?”
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O
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" delicious \_ favorite .~ success

eat famous
Figure 6: Venn diagram of the top-10 expanded tokens pro-
duced by SIRE (with SPLADE as M) and SPLADE-v3 for
the query “Why love The Big Apple?”.

increasing the number of iterations gradually reduces these
disparities. For instance, the performance difference between
two model variants on MS MARCO drops from 2.2% in the
first iteration to just 0.4% by the fifth. Second, the steeper
curve observed in the out-domain setting indicates that the
iterative process provides greater benefits for generalization
than for in-domain performance. This further supports our
claim that the proposed method effectively mitigates the risk
of overfitting to training datasets.

Case Study. To better illustrate the advantages of the rep-
resentations generated by SIRE, Figure 6 shows a Venn dia-
gram comparing the token expansions produced by SIRE and
SPLADE-v3 (Lassance et al. 2024) for the input query “Why
love The Big Apple?”. Both models expand the input with
relevant but non-present tokens such as “because” and “bene-
fit”, demonstrating their ability to capture implicit meaning.
However, a key difference emerges in how they interpret “Big
Apple”. SPLADE-v3 appears to rely on surface-level associa-
tions, primarily producing expansions related to literal apples
or Apple products. In contrast, SIRE successfully expands to
semantically deeper and more contextually accurate tokens
like “New York”, “success”, and “opportunity”’—concepts
that reflect the underlying intent and cultural context of the
query. This kind of meaningful expansion is particularly ben-
eficial for information retrieval tasks. While a single example
cannot fully establish superiority, the improvements across
multiple benchmarks and metrics in Table 1 clearly demon-
strate SIRE’s consistent advantage over competing models.
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4 Related Work

Current information retrieval methods are broadly classified
into dense and sparse retrieval.

Dense Retrieval. Dense retrieval models encode text (e.g.,
queries and documents) into low-dimensional vector repre-
sentations. Existing studies generally adopt similar model
architectures, with greater emphasis on optimizing the train-
ing objective (Karpukhin et al. 2020; Khattab and Zaharia
2020; Santhanam et al. 2022; Gao, Yao, and Chen 2021; Li
et al. 2022; Xie et al. 2023; Gao and Callan 2022; Kang
et al. 2025) and negative sampling strategies (Hofstitter et al.
2021; Ren et al. 2021). Additionally, Faggioli et al. (2024)
explores methods to improve retrieval efficiency by selec-
tively preserving the most informative dimensions in text
representations.

Sparse Retrieval. Sparse Retrieval models map texts into
high-dimensional vocabulary spaces. Our work focuses on
sparse retrieval models, as they offer three main advantages
over dense models (Formal et al. 2021a): (1) stronger inter-
pretability; (2) better generalization on out-domain data; and
(3) more efficient retrieval.

Recent advances in PLM-based LSR methods (Dai and
Callan 2020; Gao, Dai, and Callan 2021; MacAvaney et al.
2020; Mallia et al. 2021; Formal et al. 2021b,a, 2022; Las-
sance et al. 2024) have focused on two aspects: term ex-
pansion and term importance estimation. DeepCT (Dai and
Callan 2020) utilizes PLMs to reweight term importance.
Deeplmpact (Mallia et al. 2021) performs term expansion
using large document collections and optimizes term weights.
SPLADE (Formal et al. 2021b) combines masked language
modeling head to achieve both term expansion and impor-
tance reweighting, generating high-dimensional sparse rep-
resentations of texts. Subsequent studies have proposed im-
provements to the SPLADE series of methods (Formal et al.
2021a, 2022; Lassance et al. 2024) through enhancements in
data preprocessing, PLM selection, and training strategies.
Additionally, SparseEmbed (Kong et al. 2023) further en-
hances model expressiveness by constructing context-aware
sparse lexical representations.

5 Conclusion

In this work, we identify a common issue in existing LSR
models—Representation Hallucination, where models often
assign weights to irrelevant tokens while overlooking rele-
vant ones. To address this challenge, we propose SIRE, a
novel training framework tailored for sparse retrieval. SIRE
introduces a heuristic representation refinement strategy that
identifies and reweights hallucinated dimensions in the sparse
outputs of existing models such as SPLADE. The refined
representations are then used as representation-level supervi-
sion signals, combined with standard retrieval objectives to
guide model training. This refinement and training process
is performed iteratively to progressively improve the qual-
ity of sparse representations. Comprehensive evaluations on
both in-domain and out-domain benchmarks demonstrate that
SIRE achieves state-of-the-art performance in information
retrieval tasks.
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