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Abstract
Recent work on neural sparse retrieval has demonstrated strong
relevance by leveraging Large Language Models (LLMs) for seman-
tic term expansion. However, learned models paired with previous
sparsification techniques still yield overly long document and query
vectors partly due to a large LLM vocabulary, imposing a serious
challenge to retrieval time and space efficiency. This paper pro-
poses a scheme for optimizing model sparsity through a synergy of
adaptive strategies, including learnable soft top-𝐾 , per-term thresh-
olding, and FLOPs regularization to increase the sparsity of query
and document vectors. Experimental results with Lion-SP model on
the MS MARCO and BEIR datasets demonstrate that the proposed
scheme can outperform the baselines by significantly reducing the
average query and document lengths. Our scheme can achievemuch
shorter retrieval latency and lower storage cost while maintaining
highly competitive relevance.
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1 Introduction
Large-scale text search and retrieval-augmented generation [24]
depend on efficient document retrieval to identify the top-𝑘 rele-
vant results for re-ranking or LLM-based inference. Learned sparse
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retrieval techniques [11, 13–16, 26, 29, 38] based on BERT have
demonstrated strong effectiveness in neural retrieval. These meth-
ods leverage transformer-based models to expand document tokens
and assign learned weights, producing sparse representations with
high relevance. At the same time, they can take advantage of tradi-
tional inverted index based retrieval techniques [29, 30] , enabling
efficient retrieval on low-cost CPU platforms.

Recently, the Lion-SP model [39] represents a shift toward using
large-scale decoder-only architectures for sparse vector generation
with LLaMA-3 [17]. Although Lion adopts the SPLADE methodol-
ogy by using FLOPs regularization [15, 20, 31] to minimize non-zero
weights, Lion-SP still generates vectors with an outsized number
of non-zero tokens (8.9x longer document vectors compare to one
of the SPLADE variance [33]). This is partly due to LLaMA-3’s
128,256-token vocabulary, which is 4.2× larger than BERT’s. Al-
though Lion-SP achieves state-of-the-art performance on BEIR and
MS MARCO, it remains challenging to substantially improve its
sparsity while preserving the relevance advantage provided by
LLaMA-3. Crucially, sparsity directly affects retrieval efficiency.
In sparse retrieval, query processing latency and inverted-index
storage generally scale with the number of non-zero terms in the
query and document representations.

Previous research on static inverted index pruning [4, 7, 9, 23]
has studied term-centric and document-centric strategies to trim
a term posting list or a document vector by a hard limit. Top to-
ken selection [37, 40] limits the highest activated weight counts
uniformly across all documents. Mass ratio pruning [25] is a con-
temporary effort to preserve top entries using the vector mass [6].
Hybrid thresholding (HT) [33] exploits a learnable term-centric
thresholding architecture to filter out unimportant neural weights.
These existing techniques offer limited learnability and insufficient
fine-grained context-aware adaptivity, which limits their ability to
produce substantially sparser LLM-driven representations.

To address this challenge, this paper proposes AdaSparse, short
for "Adaptive Sparsification". This scheme achieves fine-grained
pruning optimization through a synergy of adaptive strategies, in-
cluding learnable soft per-vector top-𝐾 and per-term thresholding,
which work in complement with FLOPs regularization. A key dis-
tinction of this soft top-𝐾 technique is that it avoids explicit, hard
pruning after the 𝐾-th ranked term of a query or document vec-
tor. This mechanism allows the model to capture sparsity penalty
signals and autonomously adjust term weights during refinement.
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AdaSparse is evaluated with Lion-SP for the MS MARCO passage
dataset in training and testing, and for BEIR datasets in zero-shot
retrieval. The experiments show that AdaSparse can generate much
shorter sparse query and document vectors by a 4x-5x reduction in
expanded query and document lengths while retaining highly com-
petitive relevance. It can reduce actual retrieval latency by 3.8x and
storage space by 4.2x using a state-of-the-art Seismic retriever [6].

2 Background and Related Work
Learned sparse retrieval. Given a query, document retrieval
finds top-𝑘 ranked results by computing the similarity between
a query vector and a document vector. These query vectors are
generated during online inference, while document vectors are
pre-generated during offline index processing based on a learned
neural transformer-based model.

We use “tokens” and “terms” interchangeably to describe the
units produced by a language model’s tokenizer. The SPLADE fam-
ily [13–15] expands given query and document vectors to address
vocabulary mismatch due to the lack of semantically-related terms
in the original text. SPLADE predicts term importance by mapping
an input query or document sequence 𝑆 into a high-dimensional
sparse vector R |𝑉 | , where 𝑉 is the size of the vocabulary. These
models project the transformer-based contextualized representa-
tions multiplied by the embedding table of the transformer to obtain
intermediate weight𝑤𝑖, 𝑗 , where𝑤𝑖, 𝑗 denotes the importance of 𝑖-th
input term in 𝑆 for each 𝑗-th term 𝑡 𝑗 in 𝑉 . To produce the final
sparse vector, log-smoothing and a ReLU activation are applied to
ensure non-negativity, followed by a max-pooling operation across
all input positions:

𝑤 𝑗 =max
𝑖∈𝑆

log(1 + ReLU(𝑤𝑖, 𝑗 )) (1)

The final rank score for each document during retrieval is a dot
product between query and document vector representations. For
sparse vectors with many zeros, online retrieval can utilize a data
structure called inverted index for fast low-cost inference [29, 30].

The loss function of SPLADE models [13–15] contains a ranking
loss 𝐿𝑅 and FLOPs-based sparsity regularization [31]. The ranking
loss has evolved from a log likelihood-based function for maximiz-
ing positive document probability to Margin-MSE [18] and/or KL
Divergence for knowledge distillation. Lion [39] adapts the LLaMA
architecture with bi-directional attention following LLM2Vec [3]
and trains dense or sparse retrieval models with knowledge distilla-
tion. This paper focuses on its sparse model called Lion-SP, which
adopts a formula similar to SPLADE with the FLOPs regularization
in the loss function for representation sparsification.

The rank loss with FLOPs regularization used in Lion-SP and
SPLADE is summarized as follows. Let 𝐵 be a set of training queries
with 𝑁 documents involved in a batch. The overall loss for this
batch including 𝐿𝑅 , the rank loss, with knowledge distillation is:

𝐿 = ( 1
|𝐵 |

∑︁
𝑞∈𝐵

𝐿𝑅) + 𝜆𝑄𝐿𝑄 + 𝜆𝐷𝐿𝐷 (2)

where 𝐿𝑄 and 𝐿𝐷 are FLOPs for queries and documents:

𝐿𝑄 =
∑︁
𝑡 𝑗 ∈𝑉

( 1
|𝐵 |

∑︁
𝑞∈𝐵

𝑤
𝑞

𝑗
)2; 𝐿𝐷 =

∑︁
𝑡 𝑗 ∈𝑉

( 1
𝑁

𝑁∑︁
𝑑=1

𝑤𝑑𝑗 )2 . (3)

Related work. Other sparsification studies [6, 20, 25, 33, 37, 40]
will be discussed in next section. In addition to SPLADE, there
are other learned sparse retrieval models [11, 16, 26, 29, 35, 38]
mainly based on BERT. Sparse autoencoder studies interpret neural
networks by decomposing hidden representations into disentangled
sparse features [5, 19] with a fixed sparsity constraint using top 𝐾
selection when optimizing representation reconstruction [2, 19, 32].
Sparsification in VDR [40] for text-to-text and cross-model retrieval
uses a hard top-K limit while considering the inclusion of original
words. CSurF [12] studies contextual sparse representation, which
accounts for the existence of original words.

3 Design Considerations
Sparsification for Lion-SP faces a distinct challenge due to the mas-
sive LLaMA-3 128K vocabulary, which is 4.2× larger than that of
BERT-based SPLADE. This larger token space makes it harder to
distinguish and suppress unimportant terms. More importantly, the
vocabulary composition of LLaMA-3 further increases representa-
tion redundancy. First, the LLaMA-3 vocabulary assigns separate
tokens to different variants of the same English word [34]. Its to-
kenizer tends to produce more variants than BERT, such as case
variations. As a result, when a word is considered relevant, multiple
variants of that word may also be marked as relevant. This makes
the resulting query or document vector unnecessarily dense. Sec-
ond, LLaMA-3 is pre-trained for multilingual conversation, whose
objective is not fully aligned with our retrieval setting. As a result,
the multilingual knowledge acquired during pre-training may cause
the model to activate semantically related non-English tokens even
in an English-only setting, unnecessarily increasing the length of
the generated sparse vectors.

The above characteristics of LLaMA-3 likely cause the sparse
vectors generated by Lion-SP to contain many low-weight, seman-
tically redundant term scores. As illustrated in Figure 1, a large
fraction of the weights generated by Lion-SP on MS MARCO pas-
sages are small and similar in value. Table 1 compares a randomly
sampled sparse query vector generated by SPLADE, Lion-SP-1B,
and our work AdaSparse applied to Lion-SP-1B. Columns 3 and
Column 4 are the number of variants generated by each model
for keywords "years" and "governor" in this query. SPLADE with
BERT generates a vector of length 20, containing two variants of
“governor" (singular and plural). Lion-SP-1B generates a vector of
length 272 containing 9 English variants of the query word "year"
(singular, plurals, uppercase, lowercase, having space before the
term or not) and two Chinese terms corresponding to "year". Com-
pare to SPLADE, it has a wider weight value range and a lower
average value. AdaSparse produces a condensed version with 4
English variants of "years" and 3 variants of "governor", while also
shrinking the termweight range and yielding an average term score
closer to that of SPLADE.

To bridge the gap between the strong relevance of sparse rep-
resentation generated by Lion-SP and the efficiency constraints of
online systems, we consider several representative sparsification
strategies that can reduce representation size after training. Table 2
compares the pros and cons of the four main previously proposed
sparsification methods in its first four rows, which is elaborated
below:
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Table 1: Redundancy and weight range of a sparse vector
generated for query “how many years did william bradford
serve as governor of plymouth colony?”

Model Length #years #governor Min-Max Avg
SPLADE 20 1 2 0.03 - 1.15 0.40
Lion-SP-1B 272 11 8 0.01 - 1.28 0.20
AdaSparse-1B 64 4 3 0.07 - 1.27 0.41

• Fixed top term selection [37, 40] retains a constant number
or percentage of terms for each input query or document vector.
While computationally efficient, these two top term selection
methods do not account for context-aware weight distribution
and their impact on relevance. For example, it may over-prune a
complex, multi-faceted technical query (losing vital expansion
terms) while under-prune a simple navigational query containing
noisy and irrelevant terms. The 𝛼-mass cutoff [6] is proposed
to retain the smallest subset of top entries whose cumulative
sum reaches fraction 𝛼 of the 𝐿1 norm of the summary vectors
of indexed clusters. This concept is extended recently to Mass
Ratio Pruning (MRP) [25] for more adaptive top term selection of
document and query vectors. This mass ratio is a fixed hyperpa-
rameter, and the pruning scope for each vector is not learnable.

• FLOPs [31], as used in Lion-SP [39] , regularizes based on aver-
age term weights in a training batch. While effective for overall
macro-level efficiency by shrinking large noisy weights, it does
not consider the relative semantic importance of terms at a fine-
grained level. Another limitation is that the FLOPs regularizer
can produce very small gradients for terms with already small
weights, making it difficult to further suppress these weights
to zero. Thus, FLOPs tends to leave a long tail of very small
weights unless FLOPs regularization is applied heavily, which
in turn affects relevance. An efficient version of SPLADE [20]
studies several optimization tradeoffs including 𝐿1 regularization
for query vectors while keeping FLOPs for documents.

• Learnable uniform term thresholding (HT [33]) uses two
learned thresholds for queries and for documents respectively,
and prunes a term when its weight is below such a global thresh-
old. This addresses the weakness of FLOPs in handling very small
term weights. However, the distributions of neural weights vary
substantially across terms, using a global threshold is too coarse-
grained to handle such diversity effectively. This limitation is
further amplified in zero-shot retrieval, where applying a global
threshold tuned on one domain to another domain may suppress
all terms in some vectors, resulting in empty representations.
With the above in mind, we identify three design goals:

• Learnability for better adaptiveness. Sparsification needs to
incorporate context-aware optimization that adapts to distribu-
tion variance in different query and document vectors for effec-
tive in-domain and out-of-domain search. We seek a learnable
top-𝐾 method with a soft limit, tailored towards each query or
document vector.

• Fine-grained optimization. Since many terms have small and
similar values, the proposed scheme also needs to address this
problem in a pool of 128K distinct tokens. Given the weakness
of uniform thresholding, we propose to extend the HT method

by introducing individualized thresholds for each term, which
enables more fine-grained adaptation to term-specific weight
distributions.

• Multi-objective sparsification regularization. As discussed
later and shown in the last two rows of Table 2, we find that the
two proposed new methods and the FLOPs method are comple-
mentary. This suggests the need to design a multi-objective loss
function through a synergy of multiple methods.

4 The Proposed Methods for AdaSparse
Motivated by the design goals in Section 3, AdaSparse is built on
two complementary sparsification techniques. To introduce adap-
tiveness into vector-level pruning, we propose STop, a learnable soft
top-𝐾 method that provides a context-dependent soft limit for each
query or document vector. To improve fine-grained pruning of low-
weight terms, we introduce PTT, a per-term thresholding scheme
that suppresses low-weight terms using individualized thresholds.
These two techniques are complementary to FLOPs regularization:
STop mainly controls the expansion scale, while PTT refines the
pruning of weak terms included during generation. This section
presents the two sparsification techniques and discusses how to
integrate them with FLOPs in sparsity regularization.

4.1 STop: Learnable soft top-𝐾
STop allows the model to adaptively select top-K important terms
based on the context. Unlike fixed top term selection [6, 25, 37, 40],
STop does not explicitly prune terms during training. Instead, it
introduces a differentiable top-K selection signal that penalizes
terms beyond a context-dependent soft limit, while allowing the
model to adjust the effective number of retained terms for each
vector. We now describe how this soft limit is defined, how the
gating function is constructed, and used.

Step 1. Select a soft limit 𝐾 . First, we set a soft limit for top-
token selection for each vector:

𝐾 = 𝑏 · |𝑠 |

where 𝑠 is the input vector and |𝑠 | denotes its length. 𝑏 is a hyper-
parameter that determines the soft expansion factor. This ensures
that the expansion of a document or a query is reasonably rich
to provide a good bridge in query-document semantic matching.
In practice, the actual expansion ratio may be smaller or slightly
larger than the 𝑏 value used, as shown in Section 5.

Step 2. Define a gating function for a document or query
vector. Using the soft limit defined above, we introduce a sigmoid-
based gating function 𝐺 𝑗 that compares each term weight with the
weight around the K-th ranked position. This function produces a
differentiable soft mask, which penalizes terms expanded beyond
the soft top-K boundary during training:

𝐺 (𝑤 𝑗 , 𝑣) = 𝜎
(
𝑤𝐾 −𝑤 𝑗 − 𝛽 · I(𝑡 𝑗 ∈ 𝑣orig)

𝛾

)
(4)

where

• The sigmoid function ranges between 0 and 1: 𝜎 (𝑥) = 1
1+𝑒−𝑥 .

• 𝑤 𝑗 : The raw importance score for term 𝑡 𝑗 generated by the LLM
expansion head.
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Table 2: Comparison of Query Pruning Methodologies

Method Mechanism Strength Weakness

FLOPs Lower squared avg. term weight sum Quickly shrink large noisy weights Leave long tails of small weights
Top-𝐾 Vector-centric, fixed 𝐾 or 𝐾% Constant sparsity Not learnable 𝐾 . Over-prune complex vectors
Mass ratio pruning Vect.-centric. Top terms with mass ratio Mass-adaptive sparsity Not learnable mass ratio
Uniform thresholding Term-centric, 𝑤𝑗 > 𝜏 Relative importance filtering Nonadapt. to distribut. diversity. Empty vect. risk
Per-term thresholding Term-centric, 𝑤𝑗 > 𝜏 𝑗 Individualized, value-adaptive Difficult for flat distribut.&reaching high sparsity
Learnable soft top-𝐾 Vector-centric, penalty-driven soft limit Adaptive without explicit pruning Might be impacted by noisy term rankings
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Figure 1: Term score distribution of Lion-SP 1B

• 𝑤𝐾 : The rank-relative pivot which is the average term weight
at the 𝐾-th and 𝐾 + 1-th ranked positions. Namely𝑤𝐾 = (𝑤𝐾 +
𝑤𝐾+1)/2. It acts as a floating limit that adapts to the vector’s
specific semantic density.

• 𝛾 : A temperature parameter that controls the steepness of the
gating boundary.

• 𝛽 : A positive scalar called the lexical provenance bias that
ensures terms found in the original, unexpanded vector 𝑣orig
have a significantly higher probability that the gating function
returns a 0 or small value.

• I(𝑡 𝑗 ∈ 𝑣orig): An indicator function that returns 1 if term 𝑡 𝑗 was
part of the original vector and 0 otherwise.

We choose hyperparameter 𝛽 to be bigger than the pivot value
of all query and document vectors, namely 𝛽 > 𝑚𝑎𝑥 (𝑤𝐾 ), so that
original terms are effectively exempted from the gating penalty.
Even at the beginning of the training,𝑤𝐾 may exceed 𝛽 ,𝑤𝐾 value
decreases gradually during iterative weight updating and the lexical
bias can still make an impact. Based on the term-weight distribution
shown in figure 1, where the nonzero scores of Lion-SP on MS
MARCO are typically below 1.4, we set 𝛽 = 2. Our training uses
a scaling factor 𝛾 = 0.04 to accelerate the steepness of the sigma
function curve. Under these parameter choices, the gating function
has the following properties.

• We consider a term that 𝑡 𝑗 appears in the top 𝐾 of the ranked
term list of vector 𝑣 ; or when a term 𝑡 𝑗 appears in the original
vector without expansion(𝛽 > 𝑤𝐾 ). The former condition gives
𝑤𝐾 < 𝑤 𝑗 while the latter gives 𝑤𝐾 < 𝛽 . Thus, the input of
the gating function 𝑤𝐾 −𝑤𝑗 −𝛽 ·I(𝑡 𝑗 ∈𝑣orig )

𝛾
< 0 and the output value

𝐺 (𝑤 𝑗 , 𝑣) ≈ 0.
• When𝑤𝐾 ≈ 𝑤 𝑗 and term 𝑡 𝑗 is not in the original text before ex-
pansion, then𝐺 (𝑤 𝑗 , 𝑣) ≈ 𝜎 (0) ≈ 0.5. This represents uncertainty
of importance for terms without a clear decrease in value after
the 𝐾-th position.

• Otherwise, 𝑤𝐾 −𝑤𝑗 −𝛽 ·I(𝑡 𝑗 ∈𝑣orig )
𝛾

> 0, and the gating function ap-
proaches 1 rapidly with very small 𝛾 factor. 𝐺 (𝑤 𝑗 , 𝑣) ≈ 1.

Step 3. Apply gating function 𝐺 (𝑤 𝑗 , 𝑣). We only use it for
model training in STop loss regularization 𝐿𝑡𝑜𝑝 defined as follows:

𝐿𝑡𝑜𝑝 =
∑︁
𝑡 𝑗 ∈𝑉

©­«
𝜆𝑞𝑡𝑜𝑝

|𝐵 |
∑︁
𝑞∈𝐵

(𝑤𝑞
𝑗
)2𝐺 (𝑤 𝑗 , 𝑞) +

𝜆𝑑𝑡𝑜𝑝

𝑁

𝑁∑︁
𝑑=1

(𝑤𝑑𝑗 )2𝐺 (𝑤 𝑗 , 𝑑)
ª®¬
(5)

where 𝐵 is a set of training queries with 𝑁 documents involved in a
batch. 𝜆𝑞𝑡𝑜𝑝 and 𝜆𝑑𝑡𝑜𝑝 are coefficient hyperparameters. The above
formula is essentially a gated 𝐿2 loss, which will be added to the
overall regularization loss Formula (8) to be discussed shortly.

The above design offers three distinct advantages:

• Loss-driven term weight refinement without explicit top-
𝐾 pruning. Gating function 𝐺 is not used to explicitly prune
anything in training. It sends a strong signal through 𝐿𝑡𝑜𝑝 based
on the three possible scenarios of the function value discussed
above. Thus, the soft top-𝐾 regularizer acts like a selective gravity.
It is “turned off" for the top-𝐾 weights because 𝐺 (𝑤 𝑗 , 𝑣) ≈ 0 for
these weights. For other weights 𝑤 𝑗 (soft position 𝐾 + 1 and
below) with 𝐺 (𝑤 𝑗 , 𝑣) ≈ 1, which may trigger a decrease in 𝑤 𝑗

value during gradient-based weight updates.
• Differentiability with value-based and count-adaptable
soft limit. The above gating function is differentiable and the
rank-relative pivot is value-based, which allows a soft limit with
count-adaptivity, rather than a hard limit. As shown later in the
gradient analysis of Section 4.3, that can lead to a negative gradi-
ent for some terms with𝑤 𝑗 ≈ 𝑤𝐾 below top 𝐾 , contributing an
opportunity for weight promotion.

• Lexical provenance. This gating function naturally blends the
idea of preserving original tokens borrowed from the previous
studies [12, 40]. Our configuration of 𝛽 yields𝐺 (𝑤 𝑗 , 𝑣) ≈ 0 when
term I(𝑡 𝑗 ∈ 𝑣orig), leading to no loss penalty in 𝐿𝑡𝑜𝑝 . Thus, the
trained retrieval model captures this signal to keep the original
terms, as original human-provided terms carry explicit intent.

Example. Given a technical query: "quantum computing impact
on finance", initial sorted weights are: computing (0.5), portfolio
(0.45), finance (0.45), impact (0.3), algorithm (0.3), risk (0.3), quantum
(0.24), liquid (0.1).

For HT with a global query threshold of 0.26, any term with a
weight below this value is pruned. The final vector is { computing,
portfolio, finance, impact, algorithm, risk }. This affects retrieval
relevance, onlymatching documents containing these general terms.
The actual specific intent (Quantum) of the original query is lost.

For STop with𝐾 = 4, it will keep “quantum” because it appears in
the original text. It may also yield a negative gradient for “algorithm”
and “risk”, and possibly boost them because they have the same
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weight as𝑤𝐾=0.3 and𝐺 (𝑤 𝑗 , 𝑣) = 0.5. In fact, keywords “algorithm”
and “risk” are related concepts in option pricing and risk analysis
algorithms that quantum computers can potentially speed up. As
a result, the model identifies core related keywords and preserves
intent with relevant expansions while still demoting “liquid” as a
possible contextual noise or an irrelevant term.

Summary and limitation. The learnable soft top-𝐾 can predict
an optimized number of terms for each vector in a count-adaptive
manner, as stated in the last row of Table 2. A weakness of this
method is its sensitivity to noise in token importance rankings gen-
erated by the pre-trained and refined LLM. Under such distorted
rankings, penalizing tokens beyond the soft position 𝐾 might neg-
atively impact the preservation of useful words, causing brittle
cliff behavior under noise. Having a relatively large soft expansion
factor 𝑏 minimizes the impact of this limitation. STop also does not
directly target the large number of low-weight terms produced by
Lion-SP. This motivates the second component of AdaSparse, PTT,
which performs fine-grained filtering of low-weight terms through
individualized thresholds.

4.2 PTT: Per-term thresholding
Pruning during document indexing and online query vector
generation. PTT prunes a term by setting its term weight 𝑤 𝑗 to
zero, if its score falls below a certain threshold:

𝑤 𝑗 =

{
𝑤 𝑗 , 𝑤 𝑗 > 𝜏 𝑗

0, 𝑤 𝑗 ≤ 𝜏 𝑗
(6)

where 𝜏 𝑗 is a term-specific threshold learned from the training
process discussed below. It can denote either 𝜏𝐷,𝑗 , the threshold
used for document indexing, or 𝜏𝑄,𝑗 , the threshold used for online
query vector generation.

Threshold learning during training. During training, as de-
picted in Figure 2(a), we use the following thresholding function
for both queries and documents for smooth gradient propagation:

𝑤 𝑗 =𝑤 𝑗 · 𝜎 (
𝑤 𝑗 − 𝜏 𝑗
𝜋

) (7)

• 𝑤 𝑗 : original weight for term 𝑡 𝑗 ∈ 𝑉 under vocabulary 𝑉 .
• 𝜋 controls the steepness of the sigma function curve in approx-
imating pruning, allowing soft gradients during training and
hard pruning during inference. We follow the setting of HT with
𝜋=0.04.

• 𝜏 𝑗 : the threshold for term 𝑡 𝑗 . Query and document have two
distinct sets of term threshold values.
The regularization loss leveraging the above individualized thresh-

olding for queries and documents is defined as follows, generalized
from the work of HT [33].

𝐿𝑇 =
1
|𝑉 |

∑︁
𝑗∈𝑉

[log(1 + 𝑒−𝜏𝐷,𝑗 ) + log(1 + 𝑒−𝜏𝑄,𝑗 )] .

where 𝜏𝐷,𝑗 and 𝜏𝑄,𝑗 are the thresholds learned for term 𝑡 𝑗 ’s of docu-
ments and queries, respectively.

Summary and limitation. PTT offers an individualized value-
adaptive threshold for pruning to address the weakness of the HT
method with finer granularity. However, it still has an important
limitation. As stated in Row 5 of Table 2, if the weight distribu-
tion of documents for the same term is extremely "flat," too many

documents still keep such a term without effective pruning. Our
evaluation finds that when we place a large regularization param-
eter 𝜆𝑇 for using PTT in the Lion-SP’s loss function, the sparsity
of vectors hardly increase after certain training steps. Compared
to PTT, the learnable soft top-𝐾 method discussed in Section 4.1 is
more effective in addressing the above sparsity resistance issue.

4.3 Multi-objective sparsity regularization
We discuss how per-term thresholding and the learnable soft top-𝐾
mechanism are integrated into the model training. For a batch of
training queries 𝐵, the original loss in Formula(2) is extended as:

L = ( 1
|𝐵 |

∑︁
𝑞∈𝐵

𝐿𝑅) + 𝜆𝑄𝐿𝑄 + 𝜆𝐷𝐿𝐷 + 𝜆𝑇𝐿𝑇 + 𝐿𝑡𝑜𝑝 . (8)

𝐿𝑅 is the rank loss following Lion-SP’s setup. The sparsity regu-
larization portion in Formula(8) has multiple learning objectives:
FLOPs-based losses 𝐿𝑄 and 𝐿𝐷 are the same as the ones in Formula
(2) used in Lion-SP. 𝐿𝑇 is the regularization term corresponding to
PTT, controlled by hyperparameter 𝜆𝑇 . Loss term 𝐿𝑡𝑜𝑝 is defined
in Formula (5) and introduced by STop. 𝜆𝑄 , 𝜆𝐷 , 𝜆𝑇 , 𝜆𝑞𝑡𝑜𝑝 and 𝜆𝑑𝑡𝑜𝑝
are hyperparameters for component weighting.

Figure 2: Offline and online processing with AdaSparse

Workflow. Figure 2 illustrates the workflow of the AdaSparse
framework. During training, AdaSparse adds two regularization
components on top of Lion-SP training. The sparse representation
generated by the Lion-SP backbone first goes through the per-term
thresholding (PTT) module that attenuates low-weight terms to
near-zero using Formula (7). We then compute the soft top-𝐾 selec-
tion signal described in Section 4.1 and compute the overall loss,
which consists of the rank loss, the FLOPs sparsification regular-
ization terms, and two regularization components introduced in
this work. The gradients of this loss are then computed, and the
trainable model weights are updated accordingly.

During inference, AdaSparse drops terms whose weights fall be-
low the threshold and then follows the same encoding procedure as
Lion-SP, without applying any explicit top-𝐾 pruning. The encoded
sparse document vector will be indexed into an inverted index. The
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query vector, which is encoded in the same way, will be used to
retrieve the relevant documents from the index.

Table 3: Downward force gravitation on weight𝑤 𝑗 by each of
the sparsification losses in AdaSparse at a training step

Targeted term weight 𝑤𝑗 Gradient Effect on 𝑤𝑗
FLOPs with 𝐿𝑄 and 𝐿𝐷
All terms 2𝑤𝑗𝑤𝑗 Downward force
Soft top-𝐾 with 𝐿𝑡𝑜𝑝
Soft top 𝐾 (𝑤𝑗 ≥ 𝑤𝐾 ) ≈ 0 Minimum impact
Original term 𝑡 𝑗 ∈ 𝑣𝑜𝑟𝑖𝑔 ≈ 0 Minimum impact
Below top 𝐾 , 𝑤𝑗 < 𝑤𝐾 ≈ 2𝑤𝑗 Downward force
Below top 𝐾 , 𝑤𝑗 ≈ 𝑤𝐾 ≈ 𝑤𝑗 (1 −

𝑤𝑗

4𝛾 ) Upward for non-small𝑤𝑗
otherwise downward

Per-term thresholding with 𝐿𝑇
𝑤𝑗 ≥ 𝜏𝑄,𝑗 or 𝜏𝐷,𝑗 0 No update impact
𝑤𝑗 < 𝜏𝑄,𝑗 or 𝜏𝐷 𝑗 0 𝑤𝑗 ≈ 0 by Formula (7)

Gradients for downward weight updating during training.
Given a term weight𝑤 𝑗 , Table 3 summarizes downward force gra-
dients for targeted term weights of vectors in AdaSparse, yielded
from each of the three sparsification techniques.

For FLOPs, let 𝐿 be either 𝐿𝑄 or 𝐿𝐷 and𝑤 𝑗 is the average weight
of term 𝑡 𝑗 of queries or documents within a training batch:

𝜕𝐿

𝜕𝑤 𝑗

= 2𝑤 𝑗𝑤 𝑗 .

For soft top-𝐾 , let 𝐿 be 𝐿𝑡𝑜𝑝 scaled down by 𝜆𝑞𝑡𝑜𝑝 when𝑤 𝑗 is a
query term or by 𝜆𝑑𝑡𝑜𝑝 when𝑤 𝑗 is a document term.

𝜕𝐿

𝜕𝑤 𝑗

= 2𝑤 𝑗𝐺 (𝑤 𝑗 , 𝑣) +𝑤2
𝑗𝐺 (𝑤 𝑗 , 𝑣) (1 −𝐺 (𝑤 𝑗 , 𝑣))

−1
𝛾
.

There are three cases:
• For a term 𝑡 𝑗 whose weight is above the pivot𝑤𝐾 , or for a term
that belongs to the original vector before expansion, the gate
satisfies𝐺 (𝑤 𝑗 , 𝑣) ≈ 0. Consequently, the corresponding gradient
is approximately zero.

• Otherwise 𝑡 𝑗 is not in top-𝐾 and if𝑤 𝑗 < 𝑤𝐾 ,𝐺 (𝑤 𝑗 , 𝑣) ≈ 1, and

𝜕𝐿

𝜕𝑤 𝑗

=𝑤 𝑗𝐺 (𝑤 𝑗 , 𝑣) (2 −
𝑤 𝑗 (1 −𝐺 (𝑤 𝑗 , 𝑣))

𝛾
) ≈ 2𝑤 𝑗𝐺 (𝑤 𝑗 , 𝑣) ≈ 2𝑤 𝑗 .

• If 𝑡 𝑗 is not in top-𝐾 but𝑤 𝑗 ≈ 𝑤𝐾 , then 𝐺 (𝑤 𝑗 , 𝑣) ≈ 0.5.

𝜕𝐿

𝜕𝑤 𝑗

=𝑤 𝑗𝐺 (𝑤 𝑗 , 𝑣) (2 −
𝑤 𝑗 (1 −𝐺 (𝑤 𝑗 , 𝑣))

𝛾
) ≈ 𝑤 𝑗 (1 −

𝑤 𝑗

4𝛾
) .

When𝑤 𝑗 ≤ 4𝛾 , 𝜕𝐿
𝜕𝑤𝑗

≥ 0. Otherwise 𝜕𝐿
𝜕𝑤𝑗

< 0. There is an oppor-
tunity for such a term weight below top 𝐾 to be increased if the
rank loss gradient supports. Notice our evaluation sets 𝛾 = 0.04
and when𝑤 𝑗 > 0.16 and𝑤 𝑗 ≈ 𝑤𝐾 , term 𝑡 𝑗 has a second chance
to be weighted more.

For PTT, the gradient with respect to query or document weight
𝑤 𝑗 is always 0 while this weight is re-scaled at each training step
when the corresponding term threshold 𝜏𝑄,𝑗 or 𝜏𝐷,𝑗 is updated.

Choices of hyperparameters for lossweighting.We consider
𝐿𝑇 equally important as rank loss, and thus 𝜆𝑇 = 1. We let 𝜆𝑞𝑡𝑜𝑝 =

𝜆𝑄 and 𝜆𝑑𝑡𝑜𝑝 = 𝜆𝐷 so that the gradients from FLOPs and STop are on

a comparable scale. This allows the nonzero gradient contribution
from STop to become significant in updating weight𝑤 𝑗 .

Synergy of the three techniques and small term weight
handling. The tripartite sparsity regulation structure in AdaSparse
outperforms standalone methods or bipartite combinations in terms
of relevance and/or sparsity through a self-correcting feedback loop
discussed as follows. The rank loss suppresses weights that hurt
ranking accuracy while preserving or promoting weights that im-
prove it. FLOPs applies a global downward pressure to termweights
and is effective at shrinking large noisy activations, but its gradient
can become weak for already small weights. Complementary to
FLOPs, STop provides a vector-adaptive sparsity signal. As shown
in the above gradient analysis, if term weight𝑤 𝑗 exceeds the vec-
tor’s pivot value or𝑤 𝑗 ∈ 𝑣𝑜𝑟𝑖𝑔 , 𝐺 (𝑤 𝑗 , 𝑣) ≈ 0, STop contributes little
additional penalty and the term is mainly governed by the rank
loss and FLOPs. Once a term falls below the pivot value, even if
such weight can be small, its gradient is amplified by the STop.
This accelerates the decrease of the weight toward zero. If such a
term is important for relevance, the rank loss can counteract this
sparsity pressure and promote it back among the soft top-𝐾 terms.
PTT identifies small term weights and approximates their removal
by scaling them down with a sigmoid function, where the scaling
is controlled by updated term-specific thresholds.

When the sparsity regularization only uses one or two of the
three methods, there are weaknesses as listed in the 4th column
of Table 2. AdaSparse addresses them in a collective manner. Ta-
ble 4 summarizes the names of the main techniques activated for
each sparsification scenario, and some problem cases have been
discussed in Section 3. For small term weight𝑤 𝑗 , PTT is effective
to prune in general but is less effective when there is a relatively
flat distribution across documents. In that case, FLOPs is also
less effective when 0 < 𝑤 𝑗 < 1 because its gradient 2𝑤 𝑗𝑤 𝑗 can be
small with 0 < 𝑤 𝑗 < 1. Since 𝜆𝑞𝑡𝑜𝑝 = 𝜆𝑄 and 𝜆𝑑𝑡𝑜𝑝 = 𝜆𝐷 , STop can
contribute the most significant gradient value with its gradient 2𝑤 𝑗

when 𝐺 (𝑤 𝑗 , 𝑣) is close to 1.

Table 4: Main techniques applicable to term weight scenarios

Scenarios Main techniques
Relevant and irrelevant weights Rank loss
Large unimportant weights FLOPs
Noisy term weight rankings
Small unimportant weights Per-term threshold.
Diverse term weight distribution
Small weight with flat distribution Soft top 𝐾
Excessively long expansion

5 Evaluation Studies
5.1 Settings
Datasets and relevance metrics. The MS MARCO dataset [1, 10]
with about 8.8M passages is used for model training. Measured
using Huggingface LLaMA-3.2 tokenizer and excluding the begin-
ning special token, the average length of the original queries before
expansion in the MS MARCO passage dataset is approximately 8
words, while the average passage length is 76. The performance



Adaptive Sparsity Optimization with Learnable Soft Top-𝐾 and Per-Term Thresholding for Efficient Retrieval SIGIR ’26, July 20–24, 2026, Melbourne, VIC, Australia

evaluation for in-domain search is conducted on its passage Dev
set with 6,980 queries, TREC Deep Learning (DL) 2019 set with
43 judged queries, and DL 2020 sets with 53 judged queries. Fol-
lowing the common practice, we report the mean reciprocal rank
(MRR@10) for Dev, and report NDCG@10 for TREC DL sets.

We also evaluate zero-shot retrieval performance on the BEIR
collection which contains 13 datasets [36] with an average length of
original queries ranging between 5 and 245 words, and the average
original document length ranging between 14 and 369 words.
Model training and configurations.By default, we use the LLaMA-
3.2 with 1 billion parameters as the primary LLM and we also report
the performance with 8 billion parameters. We build on the Lion-SP
codebase [27] and will release our implementation on GitHub1. The
model is trained with a combination of contrastive loss (CL) and
knowledge distillation (KD), following Lion-SP, and has two steps:
1) We pre-train the LLaMA-3.2 model on the MS MARCO corpus
using a masked next-token prediction objective. 2) We then fine-
tune the model on MS MARCO passages using teacher-generated
scores for KD and hard labels for CL.

Pretraining is conducted on 2 NVIDIA H100 GPUs, with a per
device batch size of 32. Finetuning on MS MARCO is conducted
on 4 NVIDIA H100 GPUs with 1 epoch. When comparing different
loss functions for the Lion-SP refinement, we always start from
the same pretrained model, and only change the loss functions
and other necessary settings for a fair comparison across different
methods.
Sparsity and latency metrics.We report the average lengths of
the expanded query and document vectors generated by the AdaS-
parse and the baselines. Shorter lengths typically imply shorter
retrieval latency on average, and thus, query and document lengths
serve as a proxy for retrieval time cost. We will study this rela-
tionship in more detail and report the actual latency of learned
representations when the corresponding inverted indices are exe-
cuted by a state-of-the-art Seismic retriever [6] at retrieval depth 10
and 1,000. Because Seismic only supports unsafe search, the com-
parison is performed under approximately matched effectiveness
loss relative to safe retrieval. This evaluation is conducted on AMD
EPYC 9R45 Processor CPU with 256GB of memory. The latency
reported is the average of three runs to minimize variability.

Table 5: Default AdaSparse hyperparameters used

Hyperparameters Derivation Value setting
Weights for learning loss components
𝜆𝑄 and 𝜆𝐷 for FLOPs Follow [39] 𝜆𝑄 = 0.05, 𝜆𝐷 = 0.04
𝜆𝑇 for PTT Follow [33] 𝜆𝑇 = 1
𝜆𝑞𝑡𝑜𝑝 for STop 𝜆𝑞𝑡𝑜𝑝 = 𝜆𝑄 𝜆𝑞𝑡𝑜𝑝 = 0.05
𝜆𝑑𝑡𝑜𝑝 for STop 𝜆𝑑𝑡𝑜𝑝 = 𝜆𝐷 𝜆𝑑𝑡𝑜𝑝 = 0.04
Parameters for sigmoid gating functions
Soft expansion limit Parameter 𝑏 = 10 for query

sweeping 𝑏 = 8 for doc.
Lexical provenance 𝛽 =𝑚𝑎𝑥 (𝑤𝐾 ) 𝛽 = 2
Temperature for PTT Follow [33] 𝜋 = 0.04
Temperature for STop 𝛾 = 𝜋 𝛾 = 0.04

1https://github.com/ViViVidam/AdaSparse

Hyperparameter setting. Table 5 lists hyperparameter values
used in training the Lion-SP 1B and 8B models with AdaSparse.
Column 2 lists howwe derive each value. We follow Lion-SP’s setup
for 𝜆𝑄 and 𝜆𝐷 and HT’s setup for 𝜆𝑇 and 𝜋 . For 𝛽 , 𝜆𝑞𝑡𝑜𝑝 , and 𝜆𝑑𝑡𝑜𝑝 ,
our design constrains them as discussed in Sections 4.1 and 4.3. We
set 𝜋 = 𝛾 as both are for temperature-like smoothing in sigmoid
gating. For soft expansion factor 𝑏, we sweep the hyperparameter
value on the MS MARCO passage training data. Section 5.3 gives a
sensitivity study when varying 𝑏 and 𝜆𝑇 .

5.2 A comparison with baselines
A comparison on relevance and sparsity on MS MARCO Dev
and BEIR. Table 6 compares the performance of trained Lion-
SP using AdaSparse and other baselines. For the baselines, Lion-
SP-1B and Lion-SP-8B use official Lion-SP releases with 1B and
8B checkpoints. Lion-SP-1B-repro is our reproduction of model
Lion-SP-1B trained with 1 epoch. Lion-SP-8B also uses 1 epoch in
training. FLOPs-1B is one variation of Lion-SP that we produce
with 𝜆𝑄 = 0.6 and 𝜆𝐷 = 0.4 for queries and documents, respectively.
We have tried a number of variations of FLOPs-1B with different
loss coefficient parameters for FLOPs loss to force the model to
produce the average vector length close to what AdaSparse-1B
delivers. L1-FLOPs-1B uses 𝐿1 regularization for each query and
keeps FLOPs for documents in training Lion-SP, following [20].

Top-305-1B uses 𝐾 = 305 following [37]. VDR-256-1B keeps
top 256 including original words following its setting [40]. MRP-1B
listed uses𝛼 = 0.75 for both documents and queries, which produces
a sparsity level close to what the AdaSparse setting delivers. We
apply MRP as a post-processing method to the reproduced Lion-SP-
1B model. HT-1B uses the recommended HT’s configuration [33].

Table 6 shows that AdaSparse produces much shorter sparse
vectors while its relevance remains highly competitive to the origi-
nal Lion-SP model. Compared to Lion-SP-1B-repro, AdaSparse-1B
shows negligible performance degradation (≈0% on MS MARCO
Dev and 0.74% on BEIR), while reducing query and document
lengths to 31% and 26.6% of the original, respectively. Similarly,
AdaSparse-8B exhibits less than a 0.3% performance drop on MS
MARCO Dev and ≈1.6% degradation on BEIR, with an 82% reduc-
tion in query length and a 79.6% reduction in document length.

In general, AdaSparse outperforms other baselines in balancing
sparsity and relevance. Among all static pruning methods with top
term selection which can easily achieve a target sparsity level, MRP
is more competitive than Top-K and VDR in relevance. Top-K and
VDR with uniform pruning for all vectors can remove meaningful
terms from complex documents, hurting relevance. Even MRP’s
pruning is vector-specific based on the vector mass, its relevance is
still weaker than AdaSparse, especially for BEIR with about 2.3%
lower average NDCG@10 due to its non-learnable pruning. Com-
pared to Lion-SP-1B-repro, HT-1B has a 1% MRR degradation on
MS MARCO Dev and 1.6% on BEIR. Furthermore, its sparsity is
suboptimal: the query length drops by only 9.1%, and its document
length is 39.6% longer than that of AdaSparse-1B.

This table also shows that Lion-SP/AdaSparse with 8B param-
eters compared to 1B can boost 2.2% for MS MARCO Dev, 1% for
DL19, 3.2% for DL20, and 0.4% for BEIR. Document vector length
changes by only 6%, while query length increases by 30%, from 65
to 85.

https://github.com/ViViVidam/AdaSparse
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Table 6: A comparison of AdaSparse and baselines in rele-
vance and sparsity (average vector length) with LLaMA-3.2

MS M. DL19 DL20 BEIR Query Doc
MRR NDCG NDCG NDCG Len Len

Lion-SP-1B [39] 0.410 0.747 0.753 0.535 293 1250
Lion-SP-1B-repro 0.408 0.753 0.744 0.545 208 1052

FLOPs-1B 0.400 0.745 0.743 0.530 130 315
L1-FLOPs-1B 0.404 0.754 0.718 0.531 98 297
Top-305-1B 0.372 0.709 0.690 0.231 85 308
VDR-256-1B 0.398 0.741 0.717 0.493 103 272
MRP-1B (0.75) 0.406 0.748 0.742 0.529 78 268

HT-1B 0.404 0.754 0.744 0.536 189 391
AdaSparse-1B 0.408 0.755 0.729 0.541 65 280
Lion-SP-8B [39] 0.418 0.760 0.766 0.552 476 1457
AdaSparse-8B 0.417 0.763 0.752 0.543 85 297

Table 7: Latency and storage comparison of trained represen-
tations. Latency is measured in milliseconds (ms).

Model
Latency (ms) MRR@10 (Dev) Storage

𝑘 = 10 𝑘 = 1000 𝑘 = 10 𝑘 = 1000 Safe (GB)

Lion-SP-1B 1.179 (4x) 9.048 (3.8x) 0.407 0.408 0.410 138 (4.2x)
Lion-SP-8B 1.341 (4.6x) 9.812 (4.1x) 0.415 0.416 0.418 154 (4.7x)
HT-1B 0.613 (2.1x) 3.223 (1.4x) 0.402 0.403 0.404 58 (1.8x)

AdaSparse-1B 0.292 (1x) 2.390 (1x) 0.401 0.406 0.408 33 (1x)
AdaSparse-8B 0.317 (1.1x) 2.863 (1.2x) 0.413 0.415 0.417 34 (1x)

Latency and storage cost. Table 7 shows the latency with re-
trieval depth 1,000 and storage cost of Lion-SP, AdaSparse and
HT. We use a uniform Seismic setting across all the datasets for
the same model; however, different models might have different
Seismic settings due to the length difference. To run Seismic effi-
ciently, a grid search on its parameter choice for MS MARCO is
needed [6]. Our Seismic setting is chosen so that the MRR@10 on
the MS MARCO passage Dev set is within 0.002 of safe search. This
is intended to align the approximation-induced effectiveness loss
across methods, so that the latency comparison reflects end-to-end
retrieval efficiency under comparable retrieval quality degradation.
For AdaSparse, AdaSparse-8B and HT-1B models, we set Seismic’s
parameters 𝛼 = 0.4, 𝜆 = 4000, given a similar document sparsity
level. We use query cut 8 for HT-1B model, while 6 for AdaSparse
and AdaSparse-8B because HT-1B has a longer query length. Col-
umn 6 is MRR@10 of safe retrieval, and it is slightly higher than
Columns 4 and 5 due to the retrieval approximation of Seismic. The
result shows there is a strong correlation between higher sparsity
of a trained representation and shorter latency. AdaSparse yields
shorter document lengths on average and thus its inverted index
space is proportionally smaller while the online latency is much
shorter than HT-1B and original Lion-SP.
Detailed Results on MS MARCO and BEIR datasets. Table 8
shows the average query and document lengths for each of 13 BEIR
datasets and MS MARCO before and after expansion when using
AdaSparse and the original Lion-SP regularization loss (FLOPs).
The three columns marked as "Relevance" list MRR@10 for MS
MARCO Dev and NDCG@10 for BEIR. The average number listed
in the last row is calculated on 13 BEIR datasets, excluding MS

MARCO. Latency is in milliseconds. Soft scaling limit during model
training is 𝑏 = 10 for queries and 8 for documents. Token counting
for lengths is based on the LLaMA-3 tokenizer for all columns.
The actual expansion factor listed is the vector length after model
expansion divided by the original length for queries and documents,
respectively. We include results at the dataset level on BEIR to show
that the model behavior is consistent in both out-of-domain and
in-domain scenarios. The results in Table 8 suggest the following
key observations:

• AdaSparse vs. Lion-SP with FLOPs only regularization.
AdaSparse shows strong robustness, maintaining high sparsity
for expanded document and query vectors in both in-domain and
out-of-domain settings. On the BEIR benchmark, AdaSparse re-
duces the average vector length to 20% of Lion-SP’s query length
and 25% of its document length.

• AdaSparse-1B vs.HT-1B. AdaSparse’sMRR@10 forMSMARCO
Dev is 1% higher than that of HT-1B, while query length is 2.9x
shorter and the document length is 1.4x shorter. Their relevance
is comparable on DL’19 and DL’20. AdaSparse’s BEIR NDCG@10
is 0.9% higher than that of HT-1B meanwhile the overall sparsity
yielded by AdaSparse is much higher than HT-1B. These results
demonstrate that our design effectively addresses the weakness of
HT-1B in filtering out low-weight terms and managing the score
distribution shift. This allows AdaSparse to preserve relevance
while achieving a more aggressive overall sparsity.

• AdaSparse’s expansion adaptiveness of query and docu-
ment lengths on different datasets. The actual document ex-
pansion factors of all datasets are much smaller than the soft limit
(𝑏 = 8). For actual query expansion factors, 11 out of 14 datasets
fall into the soft top-𝐾 limit of AdaSparse with MS MARCO
training (𝑏 = 10). The other 3 BEIR datasets have generated
query lengths 11.7x to 13.5x longer than the original one. This
also shows that AdaSparse is adaptive to the actual expansion
need. When semantically rich terms are needed for relevance,
AdaSparse still expands queries beyond the trained soft limit 𝑏.
The number of non-zero entries generated by AdaSparse scales
along with the input length with dynamic adjustments of the final
sparsity level adaptive to the input length. AdaSparse generates
the longest length on the ArguAna dataset, as ArguAna input
is the longest among all. Meanwhile, AdaSparse generates the
shortest vector on NFCorpus, as the input length is the shortest.

5.3 Sensitivity of hyperparameters 𝑏 and 𝜆𝑇
The left part of Table 9 shows the impact of varying soft expansion
limit factor 𝑏 for queries from 10 to 5 while keeping soft limit for
documents as 8: the query length decreases accordingly, accompa-
nied by a small drop in BEIR NDCG@10 score. Since the document
and query encoders are shared, only varying the query limit 𝑏 also
impacts document sparsity in some degree. The right part of Ta-
ble 9 shows the impact of increasing 𝜆𝑇 from 1 to 6. Increasing 𝜆𝑇
also shortens query and document vectors and similarily overly
aggressive sparsification affects relevance.

Comparing the left and right parts of Table 9, decreasing query
limit 𝑏 can yield sparser query vectors than increasing 𝜆𝑇 while
having a smaller zero-shot performance drop and a similar MS
MARCO relevance. As marked in Row 1 of Table 8 for MS MARCO,
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Table 8: Average query length (Q Len) and document length (D Len) on MS MARCO Dev and BEIR datasets. 𝑏=10 for queries and
8 for docs. Average row excludes MS MARCO Dev. Ratio in the average is the average number of all the ratios across datasets.

Original without expansion LION-SP-1B (FLOPs) HT-1B (Hybrid Thresholding) AdaSparse (FLOPs+PTT+STop)
Dataset Q Len D Len Q Len D Len relevance Q Len D Len relevance Q Len D Len relevance
MS MARCO Dev 8 76 293 (36.6x) 1251 (16.5x) 0.410 189 (23.6x) 391 (5.1x) 0.404 65 (8.1x) 280 (3.7x) 0.408
TREC-COVID 15 235 349 (23.3x) 2212 (9.4x) 0.785 179 (11.9x) 765 (3.3x) 0.829 85 (5.7x) 555 (2.4x) 0.817
NFCorpus 5 342 290 (58.0x) 2586 (7.6x) 0.364 190 (38.0x) 910 (2.7x) 0.370 63 (12.6x) 702 (2.1x) 0.371
NQ 10 108 298 (29.8x) 1524 (14.1x) 0.586 186 (18.6x) 543 (5.0x) 0.581 71 (7.1x) 373 (3.5x) 0.579
HotpotQA 23 70 502 (21.8x) 1347 (19.2x) 0.692 222 (9.7x) 505 (7.2x) 0.692 123 (5.3x) 311 (4.4x) 0.698
FiQA-2018 13 169 398 (30.6x) 1740 (10.3x) 0.378 169 (13.0x) 552 (3.3x) 0.378 89 (6.8x) 433 (2.6x) 0.381
ArguAna 245 208 2363 (9.6x) 2220 (10.7x) 0.488 450 (1.8x) 758 (3.6x) 0.487 324 (1.3x) 565 (2.7x) 0.470
Touche-2020 8 369 337 (42.1x) 2005 (5.4x) 0.329 153 (19.1x) 671 (1.8x) 0.318 70 (8.8x) 509 (1.4x) 0.348
DBPedia-entity 7 76 288 (41.1x) 1385 (18.2x) 0.464 174 (24.9x) 525 (6.9x) 0.446 69 (9.9x) 326 (4.3x) 0.452
SCIDOCS 13 225 597 (45.9x) 2282 (10.1x) 0.170 268 (20.6x) 872 (3.9x) 0.169 124 (9.5x) 582 (2.6x) 0.170
FEVER 11 125 672 (61.1x) 1554 (12.4x) 0.870 237 (21.5x) 607 (4.9x) 0.856 148 (13.5x) 386 (3.1x) 0.878
Climate-FEVER 25 125 958 (38.3x) 1554 (12.4x) 0.304 285 (11.4x) 607 (4.9x) 0.249 212 (8.5x) 386 (3.1x) 0.281
SciFact 19 320 1021 (53.7x) 2741 (8.6x) 0.734 321 (16.9x) 997 (3.1x) 0.731 222 (11.7x) 720 (2.3x) 0.727
Quora 12 14 365 (30.4x) 393 (28.1x) 0.791 165 (13.8x) 154 (11.0x) 0.866 82 (6.8x) 85 (6.1x) 0.858
Average 31 184 649 (37.4x) 1811 (12.8x) 0.535 231 (17.0x) 651 (4.7x) 0.536 129 (8.3x) 456 (3.1x) 0.541

Table 9: Impact of hyperparameter changes in AdaSparse-1B

Different 𝑏 for query Different 𝜆𝑇
Setting MS M. Q Len D Len BEIR Setting MS M. Q Len D Len BEIR

𝑏 = 10 0.408 65 280 0.541 𝜆𝑇 = 1 0.408 65 280 0.541
𝑏 = 8 0.408 59 273 0.539 𝜆𝑇 = 3 0.408 58 257 0.539
𝑏 = 5 0.407 48 262 0.536 𝜆𝑇 = 6 0.408 54 245 0.534

Table 10: Comparison under two sparsity configurations with
1B. Q/D Len denotes average query and document lengths.
Relevance columns report MS MARCO Dev MRR@10 and
BEIR average NDCG@10, respectively.

Method Smaller Config. Default Config.

Q/D Len MS M./BEIR Q/D Len MS M./BEIR

AdaSparse 50 / 206 0.409 / 0.537 65 / 280 0.408 / 0.541
FLOPs 100 / 187 0.382 / 0.508 130 / 315 0.400 / 0.530
L1-FLOPs 104 / 221 0.397 / 0.512 98 / 297 0.404 / 0.531
MRP 60 / 204 0.394 / 0.526 78 / 268 0.406 / 0.529

AdaSparse expands 8.1x on average for queries under soft limit
10 and expands 3.7x for documents under limit 8. Even though
there is a gap between the actual expansion factor and targeted soft
limit 𝑏, varying 𝑏 still gives a much more direct and explicit control
of generated vector lengths than tuning other hyperparameters
including 𝜆𝑇 . Thus 𝑏 is chosen as our primary governing parameter
to constrain the targeted sparsity while keeping 𝜆𝑇 = 1 as shown
in Table 5.

Two sparsity configurations. Table 10 compares the perfor-
mance of AdaSparse and few baselines in two sparsity configura-
tions. The default configuration of AdaSparse uses hyperparameters
from Table 5 while the smaller configuration is the same except
that the soft expansion limit factor is changed as 𝑏 = 6 for queries
and 𝑏 = 5 for documents. To match the above two configurations in

training Lion-SP with 1B, we adjust the hyperparameters of other
baselines for a similar average document length. MRP uses 𝛼 = 0.75
for the default while 0.65 for the smaller configuration. FLOPs uses
(𝜆𝑞, 𝜆𝑑 ) = (0.6,0.4) for the default and (5,4) for the smaller. L1-FLOPs
uses (𝜆𝑞, 𝜆𝑑 ) = (0.005,0.5) for default and (0.006,1.5) for the smaller.
The results show that the smaller configuration of AdaSparse re-
tains MS MARCO relevance of the default configuration with an
almost identical MRR number while having a modest relevance
drop for zero-shot retrieval with BEIR due to more aggressive spar-
sification. On the other hand, the smaller AdaSparse configuration
still outperforms the relevance of other baselines in both smaller
and default configurations at a similar or better sparsity level.

Table 11: Ablation studies with different combinations

Performance with 1B MS MARCO Dev BEIR
MRR@10 Q Len D Len NDCG@10

FLOPs 0.408 208 1052 0.545
FLOPs + STop 0.409 83 364 0.540
FLOPs + STop + PTT 0.408 65 280 0.541
FLOPs + STop + UTT 0.407 46 225 0.530

5.4 Ablation studies with different
sparsification compositions

Table 11 further compares different combinations of sparsification
techniques. The first three rows in Table 11 show the impact of
adding one sparsification technique incrementally. The result shows
that STop can significantly reduce the document and query lengths,
while retaining competitive relevance (within 1% degradation), and
PTT can further visibly improve sparsity without compromising the
relevance. Row 4 replaces PTT with UTT (uniform term threshold-
ing) which maintains one global threshold for all query terms, and
one for all document terms. FLOPs+STop+UTT leads to a shorter
query length, but with a near 2% NDCG drop for BEIR compared
to FLOPs+STop+PTT.
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Figure 3: Weight distribution of three terms

Figure 3 provides an example that offers insight into the im-
pact of UTT vs PTT applied to a representation derived by using
FLOPs+STop only on SCIDOCs from the BEIR collection. This fig-
ure illustrates the weight distribution of three representative terms
("Traits", "811", and "ska") from the popular, the medium-popular,
and the unpopular tiers, generated by AdaSparse with FLOPs+STop.
Each color represents a different term’s distribution, and term per-
centage is based on the frequency of occurrence in the inverted
index. Vertical lines represent one global threshold derived by UTT
and three per-term thresholds by PTT. Since the curves of weight
distributions vary significantly among different terms, a uniform
threshold value is unsuitable. The global threshold value from UTT
is larger than all the PTT thresholds, which results in a small gain in
sparsity as Table 11 suggests, but incurs a greater relevance penalty.

Table 12: Retrieval latency (ms) of Seismic on MS MARCO.

Doc Length
Query Length

9 17 34 69

49 1.274 1.289 1.317 1.490
98 1.750 1.753 1.776 1.764
196 2.299 2.278 2.521 2.275
393 3.278 3.203 3.369 3.182

5.5 Sensitivity of Seismic’s retrieval time to
query and document lengths

Compared to the sparsity of SPLADEv3 index [22] as shown in
Table 13 for MS MARCO, Lion-SP-1B’s index with AdaSparse is
still 2.7x longer in queries and 1.6x longer in documents. Since the
query expansion factor is much larger than that of the document,
we investigate whether retrieval latency scales disproportionately
in relation to query length.

Table 12 shows the Seismic’s latency growth when we control
and vary the average document length of an inverted index from
49 to 393 and the query length from 9 to 69. The index with vary-
ing sizes is obtained by truncating query and document vectors
by keeping a fixed number of top weighted terms in a Lion-SP
index trained by AdaSparse for MS MARCO. There is a significant
monotonic increase in latency as document lengths grow, whereas

the latency remains relatively stable or incurs a modest increase as
query length increases. The above asymmetric latency sensitivity of
Seismic retriever to the query and document lengths matches well
with the outcome of AdaSparse in which expansion is relatively
tight for documents (3.7x) and relatively loose for queries (8.1x) for
MS MARCO from Table 8.

6 Concluding Remarks
This paper addresses a fundamental computational bottleneck in
learned sparse retrieval: the tension between high-dimensional se-
mantic expansion within a massive vocabulary space and efficient
inference constraints. It introduces a multi-objective sparsifica-
tion scheme with learnable soft top-𝐾 regularization and per-term
thresholding, complementing FLOPs regularization synergistically.

Experimental results with MS MARCO for training and testing,
and BEIR datasets for zero-shot retrieval evaluation indicate that
AdaSparse-1B uses 4.2x less space and is 3.8x-4x faster in Seismic
retrieval than Lion-SP , while retaining relevance within 0.74% dif-
ference. Compared to Lion-SP-1B with HT, AdaSparse-1B uses 1.8x
less storage and is up to 2.1x faster while having 1% higher rele-
vance. Compared to MRP, AdaSparse-1B delivers better relevance at
a similar sparsity level, especially on BEIR with 2.3% higher average
NDCG@10. Using LLaMA-3.2 8B significantly boosts MS MARCO
Dev performance while the gain for BEIR is modest.

Table 13 compares Lion-SP/AdaSparse with the latest SPLADE
version V3 [22] and RepLLaMA [28] to examine the tradeoff using
different language models and between sparse and dense represen-
tations. SPLADEv3 uses a smaller model BERT with 1.7x shorter
document length while Lion-SP with AdaSparse gains relevance sig-
nificantly on both MS MARCO and BEIR. Lion-SP with AdaSparse
has 4.3x smaller index size than RepLLaMA dense representation
(34GB vs. 145GB) while RepLLaMA requires much more expensive
GPU hardware for speed. Relevance of Lion-SP with AdaSparse is
better than RepLLaMA by 1.2% on Dev, and by 2.7% and 3.7% on
DL19/DL20, but has 1.5% lower average NDCG@10 on BEIR, which
suggests room for further improvement in the future.

Note that like SPLADE, Lion-SP and AdaSparse do not mark
titles in MS MARCO training [21]. MRR@10 of Lion-SP on Dev is
strong and AdaSparse retains such a level. AdaSparse is designed
and evaluated for sparsity optimization with Lion-SP. Our future
work is to apply or extend it to learned sparse representations on
different LLMs with a large vocabulary space. We will also study
the use of different sparse retrievers on latency impact, e.g. [8].

Table 13: A comparison with SPLADE and dense RepLLaMA

Methods LLM MM Dev DL19 DL20 QLen DLen BEIR
SPLADEv3 [22] BERT 110M 0.402 0.723 0.754 24 170 0.517
RepLLaMA dense LLaMA-2 7B 0.412 0.743 0.725 4K 4K 0.551
Lion/AdaSparse LLaMA-3.2 8B 0.417 0.763 0.752 85 297 0.543
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