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Abstract
Recent work has shown that directly fine-tuning
large language models (LLMs) for dense re-
trieval yields strong performance, but their sub-
stantial parameter counts make them computa-
tionally inefficient. While prior studies have
revealed significant layer redundancy in LLMs
for generative tasks, it remains unclear whether
similar redundancy exists when these models
are adapted for retrieval tasks, which require
encoding entire sequences into fixed represen-
tations rather than generating tokens iteratively.
To this end, we conduct a comprehensive anal-
ysis of layer redundancy in LLM-based dense
retrievers. We find that, in contrast to gen-
erative settings, MLP layers are substantially
more prunable, while attention layers remain
critical for semantic aggregation. Building on
this insight, we propose EffiR, a framework
for developing efficient retrievers that performs
large-scale MLP compression through a coarse-
to-fine strategy (coarse-grained depth reduc-
tion followed by fine-grained width reduction),
combined with retrieval-specific fine-tuning.
Across diverse BEIR datasets and LLM back-
bones, EffiR achieves substantial reductions in
model size and inference cost while preserving
the performance of full-size models.1

1 Introduction

Dense retrieval models (Karpukhin et al., 2020;
Xiong et al., 2021; Hofstätter et al., 2021; Izac-
ard et al., 2022; Ma et al., 2024) map queries and
documents into a shared dense vector space, en-
abling efficient similarity-based search. Compared
to traditional sparse methods like BM25 (Robert-
son et al., 1995), dense retrievers offer stronger
semantic matching capabilities and have shown su-
perior performance across a variety of information
retrieval benchmarks (Bajaj et al., 2018; Thakur
et al., 2021; Muennighoff et al., 2023).

*Equal contribution
1Our code and models are available at https://github.

com/Yibin-Lei/EffiR.
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Figure 1: Effectiveness–efficiency trade-off in LLM-
based dense retrievers. Each point shows a model’s
BEIR performance vs. inference speed. All models
are fine-tuned on MS MARCO. Marker types indicate
compression strategies. EffiR builds efficient models
based on Mistral-7B. For example, EffiR-20M-3.6B ap-
plies our EffiR method by dropping 20 MLP layers from
Mistral-7B, then fine-tuning the remaining 3.6B param-
eters. MLP-pruned models (green squares) consistently
lie near the Pareto frontier (dashed), showing strong
efficiency with minimal accuracy loss.

Large language models (LLMs) have recently
emerged as powerful backbones for dense re-
trieval, producing high-quality text embeddings
with strong generalization (Ma et al., 2024), mul-
tilingual capabilities (Li et al., 2024), and data
efficiency (Luo et al., 2024). They also re-
duce reliance on large-scale retrieval-oriented pre-
training (Wang et al., 2024) and exhibit strong
instruction-following abilities (Sun et al., 2024b).
However, these benefits come with a significant
computational cost: these models typically rely on
large models with billions of parameters, making
them impractical for real-time deployment.

Recent research shows that LLMs exhibit consid-
erable layer redundancy in generative tasks, where
attention layers are prunable while MLP layers re-
main critical, enabling the removal of a substantial
portion of layers with negligible degradation in per-
formance (Gromov et al., 2024; He et al., 2024,
2025). However, despite these findings, dense
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retrievers are still typically built by directly fine-
tuning full LLM architectures without leveraging
layer redundancy (Wang et al., 2024; Ma et al.,
2024), limiting their efficiency and practicality.
Moreover, dense retrievers serve a fundamentally
different purpose from the pretraining objective of
LLMs: instead of predicting the next token itera-
tively, they aim to produce a single, semantically
meaningful representation for the entire input se-
quence. This distinction motivates examining: (i)
Do the architectures of foundation models also
exhibit layer redundancy in retrieval tasks? (ii)
If so, how does this redundancy differ from that
of generative tasks? (iii) How can this redun-
dancy be exploited to develop more efficient re-
trieval models?

To investigate these questions, we conduct a sys-
tematic analysis of layer redundancy across multi-
ple LLM backbones, considering two settings: di-
rectly pruning off-the-shelf retrievers and pruning
followed by contrastive fine-tuning. We investigate
how model performance changes when different
layers are dropped, following layer-dropping tech-
niques from prior work (He et al., 2024, 2025).
Interestingly, in contrast to findings in generative
settings, we find that MLP layers, often viewed as
repositories of factual knowledge (Zhu et al., 2020;
Meng et al., 2022), are more amenable to pruning
in retrieval models. Conversely, attention layers
exhibit less redundancy and cannot be removed
as aggressively as in generative models (He et al.,
2024; Siddiqui et al., 2024), as they play a cru-
cial role in aggregating contextual information for
fine-grained semantic matching. Nonetheless, even
with the higher redundancy of MLP layers, aggres-
sive coarse-grained layer dropping alone leads to
notable performance degradation beyond a certain
compression ratio.

Motivated by the above findings, and given the
substantial memory and computational overhead
of MLP layers in retrieval scenarios, where auto-
regressive decoding and key-value caching are not
applicable, we propose Efficient Retriever (EffiR),
a framework that performs large-scale retrieval-
oriented MLP compression through a coarse-to-
fine-grained strategy, followed by retrieval-specific
fine-tuning. EffiR employs two complementary
compression stages: (i) coarse-grained depth re-
duction, which removes entire low-importance
MLP layers, and (ii) fine-grained width reduction,
which adaptively compresses the intermediate di-
mensions of the retained MLP layers. As shown

in Figure 1, MLP-pruned models (e.g., EffiR-16M-
4.3B) consistently lie on or near the Pareto frontier,
demonstrating that substantial MLP compression
can significantly improve efficiency with minimal
performance degradation for retrieval. Notably,
EffiR-3.4B, which applies our full coarse-to-fine
framework, achieves higher BEIR performance
than EffiR-20M-3.6B, which uses only coarse-
grained layer dropping, despite having a smaller
parameter count. This illustrates the advantage
of combining coarse-grained depth reduction with
fine-grained width compression, allowing us to re-
tain key representational capacity while reducing
redundancy more effectively than coarse methods
alone. Further experiments demonstrate that our
coarse-to-fine framework generalizes beyond Mis-
tral and that EffiR is competitive with widely used
pruning methods while pruning only MLP layers
and providing substantial speedups through struc-
tural pruning.

2 Related Works

Dense Retrievers. Early dense retrievers
fine-tuned pre-trained language models (e.g.,
BERT (Devlin et al., 2019)) directly for retrieval
tasks (Karpukhin et al., 2020; Izacard et al.,
2022; Lei et al., 2023), leading to a range of
methods that incorporate advanced techniques
like hard negative mining (Xiong et al., 2021;
Wang et al.; Hofstätter et al., 2021). More recently,
LLMs have been adapted for dense retrieval (Ma
et al., 2024; Weller et al., 2025; Wang et al.,
2024), offering strong generalization, multilingual
abilities, and less reliance on domain-specific
supervision. However, these benefits come at
the cost of significant computational overhead.
Prior work has explored improving retrieval
efficiency by reducing embedding dimensional-
ity (Kusupati et al., 2024; Lei et al., 2025) or by
accelerating similarity search using approximate
nearest neighbor techniques (Kumar et al., 2024;
Bruch et al., 2024), but the encoding step,
often the main computational bottleneck, has
received comparatively less attention. Beyond
reducing embedding dimensionality alone (as in
Matryoshka-style representations (Kusupati et al.,
2024)), more recent 2D Matryoshka approaches
train models that allow reducing both model layers
and embedding dimensions, enabling further
flexible effectiveness-efficiency trade-offs during
encoding (Zhuang et al., 2025; LI et al., 2025).
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Recently, DRAMA (Ma et al., 2025) developed
small dense retrievers from LLMs through a
complex three-stage data augmentation pipeline
(producing over 50 million synthetic training
samples) combined with pruning across all model
components, including both attention and MLP
layers. In contrast, we discover that pruning MLP
layers alone is sufficient and use this insight to
construct a simple single-stage fine-tuning strategy
using only standard MSMARCO data.

Redundancy in LLMs. While increasing the
depth of large language models significantly en-
hances their capacity (OpenAI et al., 2024; Gemini,
2024), it also introduces considerable redundancy
across layers. Recent studies have addressed this
by identifying and removing less critical layers.
For example, Gromov et al. (2024) highlights the
limited utility of deeper layers and advocates for
dropping contiguous Transformer blocks. He et al.
(2024) further examines the internal architecture of
Transformer blocks and proposes fine-grained prun-
ing strategies focused on attention layers, resulting
in more effective layer reduction. Despite these
advancements, existing work primarily focuses on
generative models (Jiang et al., 2023; Grattafiori
et al., 2024) that perform token-level generation.
In contrast, our work focuses on embedding mod-
els (Chen et al., 2024; Wang et al.) that operate
at the sequence level to produce fixed-length rep-
resentations, and holistically investigates how re-
dundancy manifests in this setting, offering new
insights beyond the generative paradigm.

3 How Retrieval Models are Different

LLMs have shown promising performance in dense
retrieval due to their ability to learn effective em-
bedding representations. However, despite sharing
the same underlying architectures, language model-
ing and dense retrieval serve distinct purposes. This
section delineates these differences to motivate a
distinct analysis of redundancy in dense retrievers.

Training Objectives. Dense retrievers and lan-
guage models differ fundamentally in their training
objectives. Language models are typically opti-
mized with token-level predictive losses. For in-
stance, causal language models adopt an autore-
gressive objective:

LLM = −
T∑

t=1

logP (xt | x<t), (1)

where the model predicts each token xt condi-
tioned on its leftward context x<t. In contrast,
dense retrievers are trained to produce semanti-
cally meaningful representations. A common ap-
proach is to optimize a contrastive loss that brings
matched pairs (e.g., a query and its relevant docu-
ment) closer while pushing apart mismatched pairs.
One widely used formulation is the InfoNCE loss:

L = − log
exp(sim(q, d+)/τ)

exp(sim(q, d+)/τ) +
∑N

j=1 exp(sim(q, d−j )/τ)
,

(2)

where q and d+ are the query and its corresponding
positive document, d−j are negative samples, τ is a
temperature parameter, and sim() typically denotes
the similarity function between extracted represen-
tations, which is usually cosine similarity or inner
product. These embeddings are usually derived
from the model outputs using mean pooling or by
extracting the hidden state of the last token.

Divergence in Inference Pattern. The funda-
mental difference leads to distinct inference pat-
terns. Specifically, generative models operate au-
toregressively, where local information from previ-
ously generated tokens is often sufficient to predict
the next token. In contrast, dense retrieval models
process the entire input sequence once and require
stronger global semantic aggregation to produce
fixed-length representations. This divergence sug-
gests that attention layers, which aggregate infor-
mation across tokens, and MLP layers, which per-
form intra-token transformations, may contribute
differently in the two modeling paradigms.

On the other hand, unlike generative models,
dense retrieval models obtain the representation in
a single forward pass without the autoregressive de-
coding process, thereby eliminating the additional
memory overhead (e.g., KV cache) associated with
sequential attention computations. Moreover, MLP
layers account for the majority of the parameters
(e.g., 77.8% in Mistral-7B (Jiang et al., 2023)), and
are computationally intensive due to their opera-
tions in high-dimensional spaces. This suggests fo-
cusing more heavily on the MLP layers to achieve
high compression rates and promote efficiency.

Motivation. Despite the functional differences
between generative and dense retrieval models,
mainstream dense retrievers are still typically
derived from general-purpose language models
through post-finetuning, without modifying the un-
derlying architecture. However, these architectures
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E5-Mistral Full-Model Drop-8A Drop-16A Drop-8B Drop-16B Drop-8M Drop-16M
#Params 7.1B 6.8B 6.4B 5.4B 3.6B 5.7B 4.3B

Arguana 61.6 55.3 0.1 39.0 9.3 59.0 8.4
Climate-FEVER 37.5 32.8 2.2 1.2 3.9 39.0 9.8
DBPedia 48.6 44.8 0.6 19.0 9.7 44.7 15.2
FEVER 88.3 83.8 9.5 36.6 22.5 89.6 56.6
FiQA 57.2 51.8 2.4 9.1 8.1 53.5 14.0
HotpotQA 75.6 67.5 2.8 43.0 9.6 75.5 18.0
NFCorpus 38.7 36.1 2.6 11.4 17.5 37.4 18.2
NQ 67.1 57.0 0.4 25.6 12.1 66.1 26.0
Quora 89.3 87.1 0.6 21.5 26.8 89.1 66.0
SCIDOCS 16.8 13.0 0.1 7.3 2.2 15.2 5.1
SciFact 76.7 72.2 1.5 33.1 20.3 74.1 30.6
TREC-COVID 86.6 85.2 12.6 55.3 20.0 80.8 45.7
Touche-2020 23.6 18.8 0.0 7.2 5.6 19.1 7.6

Average 59.1 54.3 2.7 23.8 12.9 57.2 24.7

Table 1: Effectiveness (nDCG@10) and model sizes of E5-Mistral under different coarse-grained layer dropping
strategies. “Full-Model” denotes the unpruned model. “Drop-kA”, “Drop-kB”, and “Drop-kM” indicate pruning
k self-attention layers, transformer blocks, and MLP layers using our coarse-grained layer dropping method,
respectively. No recovery training is applied.

are originally pre-trained for generative tasks and
may introduce unnecessary complexity when ap-
plied to retrieval-based applications. This moti-
vates us to examine whether general-purpose LLM
architectures are overparameterized for retrieval
and, if so, how their redundancy can be system-
atically leveraged to develop more efficient dense
retrievers.

4 Are LLM-based Retrievers Redundant?

To examine redundancy in LLM-based dense re-
trievers, we apply the layer dropping method
from He et al. (2024) that focuses on removing
the whole redundant layers to improve efficiency at
scale. We study this by pruning three components
of LLMs: self-attention layers, MLP layers, and
full transformer blocks. While prior work on gen-
erative tasks (He et al., 2024; Siddiqui et al., 2024)
shows attention layers can often be pruned with
little impact, it’s unclear whether the same holds
for embedding-based models like dense retrievers.

4.1 Redundancy Analysis via Layer Dropping
Transformer-based models are stacked by multiple
transformer blocks, each containing an attention
layer and an MLP layer. So a L-layer model has 2L
sub-layers and each sub-layer has a residual con-
nection. For our analysis, we adopt a layer drop-
ping strategy that removes sub-layers with minimal
contribution to embedding quality. This requires es-
timating the importance of each sub-layer. For the
l-th sub-layer, we compute the importance scores:

Sl = M(xl, xl+1), xl+1 = xl + Fl(xl), (3)

where Fl denotes the l-th layer, and M represents
the matching metric, e.g., l2-norm and cosine simi-
larity. To assess the importance of the l-th layer, we

compare the layer’s output xl+1 with the input xl.
If the input closely matches the full output, it indi-
cates that the incremental contribution of Fl(x) is
minimal, suggesting that the layer can be removed
with limited impact on performance. Following
prior work showing the effectiveness of cosine sim-
ilarity for identifying redundant layers (Gromov
et al., 2024; He et al., 2024), we adopt it as our im-
portance metric, i.e., M(x, y) = 1− Cosine(x, y).

Given the distinct roles of attention and MLP
layers, where attention layers aggregate contextual
information across tokens, while MLP layers per-
form intra-token transformations, we treat them as
two separate groups during pruning. Specifically,
we retain only the most important layers within
each group. Let SAttn and SMLP denote the im-
portance scores for the attention and MLP layers,
respectively. The selected sets of layers are defined
as:

TAttn ← Argmax(SAttn , kAttn), (4)

TMLP ← Argmax(SMLP , kMLP), (5)

where kAttn and kMLP denote the numbers of re-
tained attention and MLP layers, respectively. The
sets of selected layers are represented by TAttn and
TMLP, corresponding to the retained attention and
MLP layers, respectively. The operator Argmax se-
lects the top-k most important layers in each group.

4.2 Setup

Pruning Setup. Following He et al. (2024), we
compute importance scores for each layer using
256 validation samples from the C4 corpus (Raffel
et al., 2020), which is embedding and task-agnostic.
We then prune the least important modules per cate-
gory and evaluate the resulting models on 13 BEIR
datasets (Thakur et al., 2021) using nDCG@10.
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Mistral-7B Full-Model Drop-8A Drop-16A Drop-8B Drop-16B Drop-Last16B Drop-8M Drop-16M Drop-20M Drop-24M Drop-16M8A
#Params 7.1B 6.8B 6.4B 5.4B 3.6B 3.6B 5.7B 4.3B 3.6B 2.9B 4.0B

Arguana 58.2 56.1 47.4 56.0 44.4 43.0 56.9 54.5 51.4 45.6 53.2
Climate-FEVER 30.8 29.9 29.4 29.4 27.1 27.9 30.4 31.6 31.9 28.9 27.9
DBPedia 44.2 40.1 42.1 40.2 41.5 42.0 43.9 42.2 37.4 41.3 39.2
FEVER 83.5 79.1 77.4 81.9 76.3 76.5 82.6 83.3 79.7 80.6 79.9
FiQA 45.9 45.5 43.5 44.8 41.8 43.9 45.8 44.9 43.1 40.3 43.7
HotpotQA 70.5 68.1 66.2 67.9 65.1 65.4 71.0 70.1 67.9 67.5 67.9
NFCorpus 34.7 31.6 34.2 32.5 35.3 37.8 33.3 35.4 33.1 36.3 33.9
NQ 65.0 64.5 62.4 64.4 62.5 62.4 65.4 63.8 60.8 58.4 61.9
Quora 83.1 83.3 87.9 84.2 88.2 86.8 85.9 83.7 86.5 87.0 84.3
SCIDOCS 17.2 14.3 17.2 16.0 17.3 16.6 17.3 17.1 17.0 17.4 16.5
SciFact 75.9 73.7 76.2 74.9 74.0 73.7 76.2 76.4 75.7 74.3 75.9
TREC-COVID 84.1 83.0 86.3 82.8 82.2 85.6 83.7 84.2 85.7 83.3 85.3
Touche-2020 35.7 30.7 28.4 33.0 28.3 27.1 34.4 32.3 28.1 31.1 28.7

Average 56.1 53.8 53.7 54.5 52.6 53.0 55.9 55.3 53.7 53.2 53.7

Table 2: Effectiveness (nDCG@10) and model sizes of Mistral-7B variants trained using MS MARCO after
coarse-grained layer dropping. We compare pruning of MLP layers (e.g., Drop-16M), attention layers (e.g., Drop-
16A), full transformer blocks (e.g., Drop-16B), and their combinations (e.g., Drop-16M8A). Drop-Last16B denotes
directly dropping the last 16 blocks. Results for LLaMA3-8B, Qwen-2.5-1.5B, Qwen-2.5-3B, Qwen-2.5-7B, and
ModernBERT-base are provided in Appendices A.4.

We also report parameter counts for each variant2.
We consider two settings: (i) directly pruning off-
the-shelf retrievers and (ii) pruning base models
followed by contrastive fine-tuning.

Dense Retriever Training Setup. After com-
pressing the base model, we fine-tune it for retrieval
tasks. Following prior work (Wang et al., 2024; Ma
et al., 2024), we append a special <eos> token to
each input text and use the hidden state of the fi-
nal token as the text representation. We train all
dense retrievers using the InfoNCE loss defined in
Equation 2, with the temperature hyperparameter
set to 0.02, and additionally apply a distillation loss.
All models are trained on MSMARCO data under
identical settings. Detailed training configurations
are provided in Appendix A.2.

4.3 Layer Redundancy Results

4.3.1 Pruning Off-the-Shelf Retrievers
Table 1 presents the results of directly pruning the
off-the-shelf E5-Mistral model without any retrain-
ing. The results reveal several notable trends about
redundancy in LLM-based dense retrievers. Un-
like in generation tasks, where attention layers are
typically more redundant, we find that pruning at-
tention layers leads to a drastic collapse in perfor-
mance, with dropping 16 attention layers nearly
zeroing out retrieval scores across several datasets.
This suggests that attention remains structurally vi-
tal for producing semantically rich embeddings.
However, pruning MLP layers leads to a more
graceful degradation: while performance drops are
still noticeable, MLP-8 and MLP-16 retain mod-

2In the paper, we exclude the language modeling head
when reporting parameter counts, since text encoding does not
require it.

erate effectiveness on many datasets and yield sig-
nificant parameter reductions. Interestingly, MLP
pruning outperforms block-level pruning despite
retaining less parameters (Drop-16M vs. Drop-8B),
suggesting that MLPs offer a more efficient com-
pression axis for dense retrievers.

4.3.2 Pruning Followed by Fine-tuning

To ensure a comprehensive examination, we also
investigate an alternative setup: pruning the base
model first, followed by contrastive fine-tuning.
The training settings are detailed in Section 4.2.

As shown in Table 2, MLP layers exhibit the
most redundancy. Dropping 16 MLP layers (EffiR-
16M) removes ~39% of parameters with minimal
performance loss (55.3 vs. 56.1). However, more
aggressive pruning (EffiR-20M, EffiR-24M) leads
to sharper degradation, highlighting the limita-
tions of depth-only compression and motivating
the width-aware, coarse-to-fine strategy used in
EffiR (Section 5.1).

In contrast, pruning attention layers results in
minimal parameter reduction but significant per-
formance drops (e.g., EffiR-16A drops to 53.7
nDCG@10). Block-level pruning (EffiR-8B) falls
between these extremes: less efficient than targeted
MLP pruning and more stable than attention prun-
ing, but lacking the precision of module-aware com-
pression strategies.

These trends hold consistently across various
models, including LLaMA3-8B, Qwen-2.5-1.5B,
Qwen-2.5-3B, Qwen-2.5-7B and ModernBERT-
base (see Appendices A.4), reinforcing our de-
sign principles for EffiR: (i) prioritize MLPs as the
primary compression dimension, and (ii) employ
adaptive width-aware self-slimming rather than
solely depth pruning to achieve superior efficiency-
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effectiveness trade-offs.

5 EffiR: Efficient Retriever Training

While results in Section 4 highlight the significant
redundancy of MLP layers, they also indicate the
limitations of depth-only pruning: removing too
many layers degrades retrieval effectiveness sub-
stantially. To overcome this trade-off, we introduce
EffiR (Efficient Retriever Training), a coarse-to-
fine compression framework designed to explores
redundancy from two complementary perspectives:
depth and width. Depth reduction (i.e., layer drop-
ping) removes the whole redundant layers to im-
prove efficiency at scale, while width reduction
adaptively compresses the remaining MLP layers
to further enhance compactness while maintaining
model performance.

5.1 Width Reduction via Self-Slimming
In addition to the layer depth, the width of individ-
ual layers also contributes to the overall model size.
In particular, the majority of parameters arise from
MLP layers, which are formulated as:

MLP(x) = Wdown (Act(Wgatex)⊙Wupx) + x, (6)

where Wgate ∈ Rn×d and Wdown ∈ Rd×n are
the weight matrices of the MLP layer, and Act(·)
denotes an activation function. For simplicity, we
omit the LayerNorm (LN) in the formulation.

The intermediate dimension n is typically much
larger than the hidden size d. For instance, Mistral-
7B employs an intermediate size of 14,336 in its
MLP layers, more than three times its hidden size
of 4096. While projecting the hidden states into
higher-dimensional spaces enhances the model’s
representational capacity, this architectural choice
substantially increases the parameter count: MLP
layers alone contribute to approximately 80% of
Mistral-7B’s total parameters.

To remedy this problem, we further propose self-
slimming for width reduction across all MLP layers.
Specifically, we propose an importance indicator
trainable z ∈ Rn at the intermediate neurons in an
MLP layer. With this indicator, an MLP layer is
reformulated:

MLP(x) = Wdown (Relu(z) ·Act(Wgatex)⊙ (Wupx))+x.
(7)

Here, ReLU(z) serves two purposes. First, it en-
sures that the importance scores are non-negative,
as negative values could lead to unintended cancel-
lations. Second, it imposes a form of soft masking:

a neuron with ReLU(zi) ≈ 0 contributes mini-
mally to the output and is a candidate for pruning.
To ensure compatibility with the original MLP be-
havior, z is initialized as an all-ones vector, 1n.

We then adopt a training-oriented approach to
sparsify z, making it trainable only during the self-
slimming phase. Specifically, the overall training
objective is defined as:

L = LInfoNCE + λLnorm. (8)

where Lnorm is the ℓ0-norm over ReLU(z), pro-
moting sparsity in the active neurons, and λ is the
corresponding regularization weight. The two loss
terms jointly steer the scaling factors to (i) improve
performance on the downstream retrieval task and
(ii) remain highly sparse.

However, since the ℓ0-norm is not differentiable
and cannot be optimized directly via gradient-based
methods, we use a sigmoid-based relaxation as a
differentiable surrogate3.

After only a few optimisation steps, the model
learns a slim activation pattern in which far fewer
neurons are active. We then perform global pruning
by ranking all scaling factors in Relu(z) across all
MLP layers and freezing the least important values
to 0 while setting the remaining ones to 1. The
resulting binary mask acts as a gating mechanism
for neuron activation. Next, we train this sparsi-
fied model with the LInfoNCE objective, under the
normal dense retrieval training setting as described
in Section 4.2. After training, we permanently re-
move all intermediate dimensions of MLPs whose
corresponding scaling values are 0.

6 EffiR: Experimental Results

In this section, we present comprehensive experi-
ments demonstrating that EffiR enhances the effi-
ciency of LLMs for dense retrieval without com-
promising retrieval performance.

6.1 Experimental Setup

Model. We develop EffiR by applying our coarse-
to-fine framework to the Mistral-7B-v0.1 model.
In the first stage, we perform coarse-grained MLP
layer dropping, removing 16 MLP layers identi-
fied as least important, following the pruning setup
described in Section 4.2. In the second stage, we
apply our fine-grained self-slimming method to re-
duce the width of the remaining MLPs by 30%. We

3Details on the relaxation are provided in Appendix A.1.
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RepLLaMA Mistral-7B* Llama-1B* Gemma-2B* QWEN-4B* EffiR-8A EffiR-16A EffiR-16M EffiR-20M EffiR
#Params 6.6B 7.1B 1.2B 2.6B 3.6B 6.8B 6.4B 4.3B 3.6B 3.4B
Query-Speedup 1.05× 1.00× 6.71× 3.24× 2.22× 1.08× 1.15× 1.64× 1.93× 1.97×
Doc-Speedup 0.98× 1.00× 6.91× 3.59× 2.18× 1.08× 1.17× 1.55× 1.80× 1.82×
Arguana 48.6 58.2 49.7 57.5 48.6 56.1 47.4 54.5 51.4 52.8
Climate-FEVER 31.0 30.8 26.4 37.7 23.4 29.9 29.4 31.6 31.9 30.4
DBPedia 43.7 44.2 38.2 37.7 43.1 40.1 42.1 42.2 37.4 43.0
FEVER 83.4 83.5 81.8 78.3 80.2 79.1 77.4 83.3 79.7 82.0
FiQA 45.8 45.9 37.8 40.6 40.1 45.5 43.5 44.9 43.1 42.8
HotpotQA 68.5 70.5 65.2 65.7 65.0 68.1 66.2 70.1 67.9 67.6
NFCorpus 37.8 34.7 32.3 33.7 35.6 31.6 34.2 35.4 33.1 35.9
NQ 62.4 65.0 57.8 58.7 60.4 64.5 62.4 63.8 60.8 60.8
Quora 86.8 83.1 82.4 77.7 83.3 87.9 84.6 83.7 86.5 83.3
SCIDOCS 18.1 17.2 17.0 15.4 14.3 17.2 17.7 17.1 17.0 17.4
SciFact 75.6 75.9 70.4 72.4 73.7 76.2 72.4 76.4 75.7 75.1
TREC-COVID 84.7 84.1 81.7 76.9 83.0 86.3 84.0 84.2 85.7 83.3
Touche-2020 30.5 35.7 29.3 28.3 29.1 32.3 30.7 28.4 28.1 31.7

Average 55.1 56.1 51.5 51.5 52.6 53.8 53.7 55.3 53.7 54.3

Table 3: Retrieval performance (nDCG@10), model size, and inference speedup of EffiR and baselines on the
BEIR benchmark. EffiR denotes the model trained using the full coarse-to-fine framework. EffiR-16A and EffiR-
16M denote variants of EffiR that apply only coarse-grained pruning by dropping 16 attention and MLP layers,
respectively, prior to training. *Mistral-7B, Llama-1B, Gemma-2B, and QWEN-4B are trained with the same
retrieval supervision with no compression applied.

also examine the generalizability of EffiR under dif-
ferent ratios and across alternative LLM backbones
in Section 7.1.

Evaluation. In line with the evaluation in Sec-
tion 4, we evaluate all models on the BEIR bench-
mark, using nDCG@10 as the metric. To assess
efficiency, we measure both the total parameter
count and inference speedup relative to the full
Mistral-7B model. Inference speedup is mea-
sured separately for query and document encod-
ing using 1,000 randomly sampled inputs from the
NQ dataset, executed on a single H100 GPU us-
ing the HuggingFace Transformers library, with
torch.compile applied to the models.

Baselines. We compare EffiR against Re-
pLLAMA (Ma et al., 2024), a strong LLM-
based dense retriever trained on the MS MARCO
dataset (Bajaj et al., 2018), the same dataset used
to train our models. To isolate the effectiveness of
our training framework, we also evaluate a set of
small LLMs with similar release periods to Mistral-
7B, trained under identical setups. These include
LLaMA-3.2-1B (Grattafiori et al., 2024), Gemma-
2-2B (Team et al., 2024), and Qwen-1.5-4B (Bai
et al., 2023) models. All baselines are trained using
the identical configurations as described in Sec-
tion 4.2. In addition, we report results for layer
dropping variants in which only coarse-grained
layer dropping is applied prior to training.

6.2 Main Results

As shown in Table 3, EffiR achieves strong re-
trieval performance while significantly reducing
model size and inference cost. With an average
nDCG@10 of 54.3 across the BEIR benchmark, Ef-

fiR closely matches the original Mistral-7B model
(56.1), despite using only ~48% of its parameters
and achieving a 1.97× query-side speedup. EffiR
also consistently outperforms similarly sized small
LLMs such as LLaMA-1B, Gemma-2B, and Qwen-
4B, though trained under the same retrieval supervi-
sion. This highlights the strength of our framework:
rather than relying on compact pretrained small
models with limited capacity, EffiR starts from a
larger model and applies retriever-aware compres-
sion that preserves capacity in critical components
while eliminating redundant computation.

In addition to outperforming general small
models, EffiR improves over intermediate coarse-
grained pruned variants like EffiR-20M, suggest-
ing that our combined approach of coarse-grained
layer dropping followed by fine-grained slimming
is more effective than only using the coarse-grained
method. This confirms the importance of design-
ing compression methods tailored to the retriever’s
architectural priorities.

7 Analysis

7.1 Width Reduction vs. Layer Dropping

To analyze the impact of different compression
stages, we compare coarse-grained MLP layer drop-
ping with the fine-grained self-slimming method
(Figure 3), starting from the same base: dropping
16 MLP layers from the Mistral model, a strong
initial trade-off.

From this point, we explore two paths: (1) drop-
ping additional layers (EffiR-20M, EffiR-24M),
and (2) applying self-slimming to progressively
reduce MLP width by various sparsity ratios.
The trade-off is clear: further depth pruning re-
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Figure 2: Analyzing compression behavior across layers.
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Figure 3: Comparison of coarse-grained layer dropping
and fine-grained self-slimming, both starting from the
same 16-layer dropped base Mistral-7B model.

duces size but degrades performance, while self-
slimming achieves a better efficiency-effectiveness
balance. For example, 30% self-slimming outper-
forms EffiR-20M with fewer parameters. Results
on Qwen2.5-7B (Figure 4) exhibit the same overall
pattern. These results support the two-stage design
of EffiR: use coarse-grained pruning to reduce re-
dundant depth, then apply fine-grained width reduc-
tion for precise, quality-preserving compression.

7.2 Which Layers are More Redundant?

Layer Dropping. We visualize the layer-wise re-
dundancy of MLP using dropping-order heat maps
for both Mistral-7B and its retrieval-tuned variant
E5-Mistral, as shown in Figure 2a. Each cell indi-
cates whether a layer is dropped (blue) or retained
(orange) during top-k pruning. Notably, the re-
dundancy patterns remain largely consistent after
retrieval fine-tuning: the E5-Mistral variant shows
similar trends to the base Mistral-7B model. Later
layers are generally more prunable than earlier
ones, highlighting a degree of overparameteriza-
tion toward the top of the model.

Self-Slimming Width-Reduction. Figure 2b
presents the results of layer-wise hidden dimen-
sion counts under different overall sparsity ratios.
We observe a consistent trend: deeper layers tend
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Figure 4: Comparison of coarse-grained layer dropping
and fine-grained self-slimming, both starting from the
same 16-layer dropped base Qwen2.5-7B model.

to be sparser than shallower layers among the re-
maining layers. This aligns with our layer-dropping
results, where deeper layers are less important and
are pruned earlier.

7.3 Comparison with Pruning Methods

Method Sparsity Order BEIR Avg.

Wanda 50% Finetune-then-Prune 49.8
Prune-then-Finetune 54.1

SparseGPT 50% Finetune-then-Prune 50.5
Prune-then-Finetune 54.7

EffiR 52% Prune-then-Finetune 54.3

Table 4: Comparison with sparsification-based pruning
methods. Note the sparsity of Wanda and SparseGPT
under prune-then-finetune is slightly higher than 50%
since the LoRA introduces additional parameters.

We compare EffiR with Wanda (Sun et al.,
2024a) and SparseGPT (Frantar and Alistarh,
2023), two widely used pruning methods that in-
duce parameter sparsity in both attention and MLP
layers. To ensure a comprehensive comparison, we
evaluate them under both finetune-then-prune and
prune-then-finetune settings, using the same data
as EffiR. Specifically, we use their 2:4 structured
pruning veriants, which prunes at the block level
and can leverage optimized sparse matrix opera-
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tions to achieve real acceleration, achieving 1.24×
speedup on LLaMA-7B as reported.

As shown in Table 4, under prune-then-finetune,
both Wanda and SparseGPT achieve performance
comparable to EffiR. However, their speedups rely
on sparse-matrix acceleration rather than structural
model changes, and the runtime improvement is
not linear with sparsity (e.g., 50% sparsity yields
only a 1.24× speedup for LLaMA-7B, as reported
in the Wanda paper). In contrast, EffiR performs
hard pruning that removes entire layers and reduces
hidden dimensions, which produces real reductions
in computation and achieves substantially higher
speedup. Moreover, sparse-matrix acceleration re-
quires specialized kernels and hardware support
and still loads the full parameter set, offering no
memory savings. EffiR avoids these limitations,
making it more practical and deployment-friendly.

Method #Parameters BEIR Avg.

LlaMA2-7B 6.6B 55.7
Sheared-LLaMA2 2.6B 49.6

EffiR-20MLP 3.9B 53.0
w/ −30% 3.4B 52.5
w/ −50% 3.1B 49.8

EffiR-24MLP 3.4B 49.7
EffiR-28MLP 2.8B 43.4

Table 5: Comparison with the structural pruning method
Sheared-LLaMA on LLaMA2-7B. Dropping 20 MLP
layers is denoted as -20MLP; w/ −30% indicates re-
ducing the width of the remaining MLP layers by 30%.
EffiR-20MLP w/ −50% achieves performance similar
to Sheared-LLaMA at comparable model size, despite
pruning only MLPs extremely aggressively (retaining
~19% of MLP parameters).

We further compare EffiR with another SOTA
structural pruning method ShearedLlama (Xia
et al., 2024), which is also used for developing
the Drama model (Ma et al., 2025). For the sake of
computation, we reuse the pruned LLaMA2 check-
point released by the authors. We apply EffiR di-
rectly to the LLaMA2 model. Unlike EffiR, which
prunes only MLP layers, Sheared-LLaMA prunes
all parameters, giving it greater pruning flexibility.

As shown in Table 5, the two-stage design
of EffiR effectively mitigates the severe perfor-
mance drop that occurs when applying layer drop-
ping alone. At comparable scale, EffiR-20MLP
w/ −50% (3.1B) achieves performance similar to
Sheared-LLaMA (2.6B), despite restricting prun-
ing to MLP layers only and using 10x less data for
pruning-specific training. Notably, EffiR-20MLP
w/ −50% retains just ~19% of the original MLP pa-

rameters, directly highlighting that a large fraction
of MLP capacity is redundant for retrieval.

This comparison also underscores the value of
focusing on MLPs for retrieval. Sheared-LLaMA
uses a pruning pipeline that compresses both at-
tention and MLPs, yet the gap to MLP-only prun-
ing with EffiR is small. We also emphasize that
Sheared-LLaMA’s pruning pipeline requires 0.4
billion training tokens from diverse domains. In
contrast, EffiR achieves competitive performance
using fewer tokens (~0.03 billion). Thus, even if
Sheared-LLaMA is slightly smaller in total param-
eters, EffiR offers a simpler alternative that isolates
where the redundancy lies and recovers most of the
benefit at a lower pruning cost.

7.3.1 EffiR with Quantization
We apply bitsandbytes NF4 quantization (with dou-
ble quantization applied) (Dettmers et al., 2023) to
both the full Mistral model and the EffiR-pruned
models. The results in Table 6 show that quanti-
zation behaves similarly for both the unmodified
model and the EffiR-pruned model. In particular,
training with EffiR does not degrade quantization
performance, and in practice leads to substantial
size reductions with minimal loss in effectiveness.
This highlights the practical usefulness of EffiR as
a technique that can be combined with quantization
for even greater efficiency.

Method Precision Size BEIR Avg.

Full-Mistral-Model 16bit 14.0 GB 56.1
4bit 4.3 GB 56.0

EffiR-Mistral-8MLP 16bit 11.4 GB 55.9
4bit 3.7 GB 55.7

EffiR-Mistral-16MLP 16bit 8.7 GB 55.3
4bit 3.0 GB 55.3

Table 6: EffiR with quantization applied.

8 Conclusion

In this work, we investigate the redundancy of
LLMs as retrievers and examine the traditional
pipeline for developing dense retrievers. Specif-
ically, we reveal the parameter redundancy inher-
ent in directly fine-tuning base models for retrieval
tasks. To address this, we propose EffiR, a two-
stage framework that compresses models in depth
and width, followed by fine-tuning for retrieval
tasks. EffiR offers a general framework for de-
veloping retrieval models and provides valuable
insights into efficient retriever design.
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Limitations

We acknowledge the following limitations: (i)
English-centric evaluation: EffiR is evaluated pri-
marily on standard English retrieval benchmarks.
Its effectiveness in multilingual or low-resource re-
trieval settings remains unexplored and may require
further adaptation. (ii) Inference cost: Although Ef-
fiR enables the development of efficient retrievers
that preserve performance while reducing model
size, the resulting EffiR models remain slower at
inference compared to smaller architectures such
as BERT-base.
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A Appendix

A.1 Sigmoid Surrogate for ℓ0-norm
To encourage sparsity during training without en-
forcing hard thresholding, we adopt a simple and
efficient sigmoid-based surrogate inspired by the
ℓ0-norm. Specifically, for a set of parameters {xi},
the ℓ0-norm counts the number of non-zero entries:

∥x∥0 =
d∑

i=1

I[xi ̸= 0].

This objective is discontinuous and therefore in-
compatible with standard gradient-based optimiza-
tion. We therefore use a differentiable surrogate
based on the sigmoid of the parameter magnitude:

R̃(x) =
d∑

i=1

σ(β|xi|),

where σ(·) denotes the sigmoid function and β > 0
controls the sharpness of the transition. Note that
σ(0) = 0.5, so this surrogate is not a direct approx-
imation of I[xi ̸= 0]; rather, when minimized, it
softly encourages parameters to shrink toward zero
by assigning the lowest penalty to zero-valued en-
tries and increasingly larger penalties to non-zero
magnitudes. Increasing β sharpens the transition
around the origin (i.e., it more strongly separates
small from large magnitudes), but overly large val-
ues may harm gradient stability; in practice, we fix
β = 5.0.

A.2 Training Configurations
We train each model for one epoch using LoRA, ap-
plied to the v_proj, q_proj, k_proj, gate_proj,
down_proj, o_proj, up_proj layers, with a rank
of 32 and α = 64. The learning rate is set to 1e-
4, and each sample consists of one positive and
seven negatives. We also include in-batch neg-
atives and apply the KL-divergence loss to distill
ranking scores from the BGE-reranker. For the self-
slimming setup, we fine-tune the scaling factors for
500 steps using full-parameter training and apply
a regularization weight λ of 1e-8. Afterward, we
prune 30% of the intermediate dimensions in the
MLP layers based on their learned scaling factors,
removing the dimensions with the lowest values
across all layers.

A.3 BEIR Statisitcs

We provide the detailed BEIR statistics in Table 7.

Dataset #Test #Corpus

Scifact 300 5,183
Arguana 1,406 8,674
Trec-Covid 50 171,332
FiQA-2018 648 57,638
DBPedia 400 4,635,922
NFCorpus 323 3,633
NQ 3,452 2,681,468
HotpotQA 7,405 5,233,329
Touche-2020 49 382,545
Quora 10,000 522,931
SCIDOCS 1,000 25,657
FEVER 6,666 5,416,568
Climate-FEVER 1,535 5,416,593

Table 7: Dataset Statistics

A.4 Additional Layer Dropping Results

We present the results of coarse-grained layer drop-
ping analysis on the LLaMA3-8B, Qwen-2.5-1.5B,
Qwen-2.5-3B, Qwen-2.5-7B, and ModernBERT-
base in Tables 8, 9, 10, 11, and 12, with contrastive
learning applied. Similar to Mistral-7B, dropping
MLP layers results in a smaller performance degra-
dation compared to pruning attention layers or en-
tire transformer blocks across these models.

A.5 Results on Retrieval Latency

We find that different EffiR variants and the origi-
nal model, which have the same embedding dimen-
sion, achieve comparable retrieval latency: ~2.28
ms/query on the NFCorpus dataset using the Faiss
Flat index on a single core of the AMD EPYC 7763
CPU. This indicates that EffiR does not introduce
any retrieval-side overhead.

A.6 Results on Embedding Space Alignment

We compute the embedding-space isotropy values
(based on average pairwise cosine similarity) for
both the original full model and EffiR-20MLP w/
−20% using 10,000 MS MARCO queries. The two
models obtain comparable isotropy scores (0.28 vs.
0.34), suggesting that EffiR largely preserves the
geometric structure of the embedding space.

A.7 Dropping-Order Heat Maps

Figure 5 presents drop-order heat maps visualiz-
ing the layer-wise redundancy of attention layers
and Transformer blocks in both Mistral-7B and its
retrieval-tuned variant, E5-Mistral. As with MLP
layers, the later layers tend to be more redundant
and thus more prunable.
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A.8 Why Attention is Critical: a Case Study
We have shown that attention layers are more criti-
cal in embedding models than in generative models.
To further explore this, we examine how selectively
dropping MLP or attention layers impacts retrieval
performance.

As shown in Figure 6, models based on last-
token embeddings (e.g., E5-Mistral (Wang et al.,
2024)) lose the ability to distinguish between posi-
tive and negative documents when attention layers
are dropped, whereas those with reduced MLP lay-
ers largely retain this capability. We hypothesize
this is because removing attention layers disrupts
the aggregation of contextual information, lead-
ing to degraded sequence representations. In con-
trast, pruning MLP layers preserves the information
flow from context tokens to the final token, thereby
maintaining retrieval effectiveness.

On the other hand, as shown in Figure 7, mod-
els using mean-pooling embeddings demonstrate
greater robustness to the removal of attention lay-
ers compared to those using last-token-based em-
beddings. This is likely because the mean-pooled
embedding still aggregates information from all
tokens in the sequence, effectively preserving con-
textual information.
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LLAMA3-8B Full-Model EffiR-8A EffiR-16A EffiR-8B EffiR-16B EffiR-8M EffiR-16M EffiR-20M EffiR-24M EffiR-16M8A

Arguana 48.6 46.5 40.2 50.4 37.5 51.5 52.9 42.1 42.1 44.5
Climate-FEVER 31.0 29.1 26.5 30.5 27.3 29.4 28.9 29.6 21.1 28.8
DBPedia 43.7 43.0 35.0 38.9 34.2 43.9 43.1 43.8 33.6 39.1
FEVER 83.4 81.7 79.1 80.9 78.4 83.2 83.3 84.5 68.1 81.2
FiQA 45.8 41.9 34.9 40.6 32.1 42.4 41.4 39.1 31.5 39.1
HotpotQA 68.5 67.5 58.5 66.9 61.2 70.5 68.6 67.3 57.5 65.3
NFCorpus 37.8 33.8 32.0 31.1 28.1 35.4 34.9 35.5 30.9 35.1
NQ 62.4 63.9 58.1 62.1 56.5 63.8 62.4 61.7 49.4 61.0
Quora 86.8 86.5 85.9 87.9 85.9 87.0 87.1 86.7 83.7 86.8
SCIDOCS 18.1 15.8 12.7 14.8 12.3 17.6 15.8 16.4 15.3 15.8
SciFact 75.6 73.3 69.0 73.2 69.0 74.5 72.8 73.5 64.7 73.8
TREC-COVID 84.7 81.1 78.9 79.7 76.3 82.1 83.1 81.2 75.5 82.9
Touche-2020 30.5 30.3 25.4 29.5 24.4 32.6 31.4 31.6 26.3 26.6

Average 55.5 53.4 48.9 52.8 47.9 54.9 54.3 53.3 46.1 52.3

Table 8: Effectiveness (nDCG@10) of LLAMA3-8B variants trained after coarse-grained layer dropping across
different architectural components. We compare pruning of MLP layers (e.g., EffiR-16M), attention layers (e.g.,
EffiR-16A), full transformer blocks (e.g., EffiR-16B), and their combinations (e.g., EffiR-16M8A).

Qwen2.5-1.5B Full-Model EffiR-8A EffiR-16A EffiR-8M EffiR-16M EffiR-20M

Arguana 53.8 50.5 41.5 52.0 49.1 43.9
Climate-FEVER 26.6 25.5 20.3 25.7 25.2 21.2
DBPedia 42.0 38.4 31.3 40.6 38.2 32.4
FEVER 78.3 73.0 66.2 79.6 77.9 73.7
FiQA 38.5 35.0 26.2 37.3 34.0 30.2
HotpotQA 64.1 59.8 41.8 63.3 60.5 55.8
NFCorpus 35.7 36.1 32.1 35.6 35.8 30.1
NQ 57.8 55.1 44.8 55.8 53.6 46.2
Quora 86.4 86.9 83.6 86.8 84.8 82.6
SCIDOCS 17.8 16.9 12.9 17.5 15.4 13.3
SciFact 73.0 69.3 56.5 70.6 69.3 64.8
TREC-COVID 82.8 82.7 68.7 83.2 83.6 77.9
Touche-2020 30.7 26.3 24.6 28.9 29.8 29.9

Average 52.9 50.4 42.3 52.1 50.6 46.3

Table 9: Effectiveness (nDCG@10) of Qwen2.5-1.5B variants trained after coarse-grained layer dropping across
different architectural components.

Qwen2.5-3B Full-Model EffiR-8A EffiR-16A EffiR-8M EffiR-16M EffiR-20M

Arguana 53.6 46.5 38.3 51.1 45.6 43.7
Climate-FEVER 25.2 20.9 19.3 24.3 20.3 21.4
DBPedia 42.5 37.2 31.2 40.5 38.5 37.5
FEVER 82.2 74.0 71.7 78.5 77.2 75.0
FiQA 41.8 37.4 26.6 40.5 36.8 35.8
HotpotQA 66.8 56.9 43.8 63.8 61.6 59.9
NFCorpus 36.5 35.6 32.9 35.7 33.7 32.5
NQ 61.1 58.3 50.4 59.1 54.0 52.7
Quora 88.2 86.5 83.6 87.1 85.0 84.5
SCIDOCS 16.5 14.5 11.1 16.8 16.1 15.8
SciFact 74.0 70.3 57.1 74.5 70.8 69.7
TREC-COVID 84.4 81.9 75.1 85.5 82.5 82.6
Touche-2020 34.0 28.7 29.5 32.9 31.5 30.3

Average 54.4 49.9 43.9 53.1 50.3 49.3

Table 10: Effectiveness (nDCG@10) of Qwen2.5-3B variants trained after coarse-grained layer dropping across
different architectural components.

Qwen2.5-7B Full-Model EffiR-8A EffiR-16A EffiR-8M EffiR-16M EffiR-20M

Arguana 53.1 50.0 43.6 51.9 48.5 45.3
Climate-FEVER 24.2 25.0 22.8 26.7 25.6 21.4
DBPedia 44.2 44.3 42.0 44.0 42.3 36.1
FEVER 81.8 70.3 78.2 82.3 81.2 76.4
FiQA 43.9 37.7 36.6 40.0 38.4 31.3
HotpotQA 67.9 65.5 64.3 67.8 65.6 60.0
NFCorpus 37.1 35.7 34.6 37.4 36.5 32.4
NQ 62.8 60.1 58.2 61.6 57.9 51.1
Quora 88.6 87.7 86.8 87.6 87.2 78.7
SCIDOCS 18.1 17.1 15.8 17.8 18.1 15.5
SciFact 74.1 71.9 69.9 74.0 73.2 69.4
TREC-COVID 83.7 81.5 86.2 83.8 84.0 77.8
Touche-2020 32.7 25.2 28.5 32.9 31.2 33.2

Average 54.8 51.7 51.3 54.4 53.1 48.4

Table 11: Effectiveness (nDCG@10) of Qwen2.5-7B variants trained after coarse-grained layer dropping across
different architectural components.
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ModernBERT-base Full-Model EffiR-8A EffiR-16A EffiR-8M EffiR-16M EffiR-20M

Arguana 51.6 44.7 0.1 41.9 37.0 35.6
Climate-FEVER 20.1 8.7 0.0 17.6 19.3 12.5
DBPedia 26.0 12.0 0.0 17.9 14.4 7.6
FEVER 66.4 52.0 0.0 52.3 52.4 32.6
FiQA 28.5 11.5 0.2 21.4 17.5 15.1
HotpotQA 47.7 23.7 0.0 44.4 36.0 32.4
NFCorpus 24.5 22.3 0.6 21.5 19.1 15.9
NQ 44.2 35.7 0.0 35.5 27.9 23.4
Quora 79.9 69.6 0.0 83.7 79.3 77.0
SCIDOCS 12.4 2.3 0.0 9.6 7.8 4.7
SciFact 58.6 48.0 0.0 54.6 48.8 40.1
TREC-COVID 77.8 67.1 0.0 72.5 65.4 60.7
Touche-2020 26.7 25.8 0.0 24.7 23.4 25.1

Average 43.4 32.6 0.1 38.3 34.5 29.4

Table 12: Effectiveness (nDCG@10) of ModernBERT-base variants trained after coarse-grained layer dropping
across different architectural components.
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Figure 5: Dropping-order heat maps for the base model (Mistral-7B) and its embedding variant (E5-Mistral).
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Figure 6: Layer-wise query–document similarity for last-token-based retrieval in the original model (a) and
compressed models (b) and (c). The same query is paired with different documents, including a positive and a
negative example.
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Figure 7: Layer-wise query–document similarity for mean-pooling-based retrieval in the original model (a) and
compressed models (b) and (c). The same query is paired with different documents, including a positive and a
negative example.
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