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Abstract

While dense retrieval models have been the standard for state-of-

the-art information retrieval, their deployment is often constrained

by high memory requirements and reliance on GPU accelerators

for vector similarity search at scale. Learned sparse retrieval offers

a compelling alternative by enabling efficient search via inverted

indices, yet it has historically received less attention than dense ap-

proaches. In this paper, we introduce LACONIC, a family of learned

sparse retrievers based on the Llama3 architecture (1B, 3B, and 8B).

We propose a streamlined two-phase training curriculum consisting

of (1) weakly supervised pre-finetuning to adapt causal LLMs for

bidirectional contextualization and (2) high-signal finetuning using

curated hard negatives. Our results demonstrate that LACONIC ef-
fectively bridges the performance gap with dense models: the 8B

variant achieves a state-of-the-art 60.2 nDCG@10 on the MTEB

Retrieval benchmark, ranking 15th on the leaderboard as of Feb-

ruary 5th, 2026, while utilizing 74% less index memory than an

equivalent dense model. By delivering high retrieval effectiveness

on commodity CPU hardware with a fraction of the compute bud-

get required by competing models, LACONIC provides a scalable

and efficient solution for real-world search applications. We fully

open source our code implementation and trained checkpoints to

facilitate reproducibility.
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1 Introduction

Information retrieval (IR) has undergone a paradigm shift from

traditional term-matching methods like BM25 [37] to neural dense

retrieval models [22, 25, 27, 44]. Dense retrievers excel at captur-

ing semantic nuances by encoding queries and documents into

continuous high-dimensional vectors. However, they often suffer

from significant deployment overhead, requiring large memory

footprints to store dense embeddings and specialized hardware

(e.g., GPUs) for efficient vector similarity search.

Learned sparse retrieval, pioneered by earlier works such as

SNRM [46], DeepCT [5], SparTerm [1], SPARTA [48] and popularized

by the SPLADE framework [9, 10, 12, 23, 24, 28], offers a compelling

middle ground. By projecting hidden states onto the vocabulary

space and applying sparsity-inducing regularizations, these models

produce high-dimensional but sparse representations. This allows

for the use of efficient, CPU-friendly inverted index structures while

maintaining the semantic richness of neural encoders. Despite their

potential, a performance gap has historically persisted between

sparse models and state-of-the-art dense retrievers, particularly as

the latter have scaled to large languagemodel (LLM) backbones [50].

In this paper, we introduce LACONIC, a series of learned sparse

retrieval models based on the Llama3 family [16] in 1B, 3B, and 8B

parameter scales. We name our model LACONIC as a tribute to the

historical tradition of laconic speech— the Spartan practice of using

https://creativecommons.org/licenses/by/4.0
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the fewest words possible to deliver the maximum impact. This

serves as a technical metaphor for our architecture: we leverage

the vast knowledge of autoregressive decoders but constrain them

to generate succinct, vocabulary-sparse representations that are

“Spartan” in their resource requirements.

We adopt a streamlined two-phase training curriculum—pre-

finetuning on weakly-supervised data followed by high-quality

hard-negative finetuning— that allows LACONIC to close the perfor-
mance gap with its dense counterparts. Although such multi-stage

curricula have been extensively studied and validated in dense re-

trieval, we show that this paradigm is equally critical for learned

sparse retrievers, where it plays a central role in adapting large

causal language models to bidirectional information and relevance

modeling. In contrast to SPLADE-v2’s curriculum [9], which couples

hard-negative mining with cross-encoder distillation atop a BERT

backbone, our recipe targets the distinct challenges of adapting

large causal LLMs for bidirectional sparse encoding without aux-

iliary teacher models, complementing recent decoder-based LSR

efforts [8, 11, 35, 41, 47]. Our LACONIC-8B model achieves an impres-

sive 60.2 nDCG@10 on the MTEB Retrieval benchmark, ranking

15th on the leaderboard as of February 5th, 2026. Notably, LACONIC
achieves these results using a fraction of the compute budget of its

competitors while maintaining a significantly smaller index mem-

ory footprint. We detail our architecture, training methodology, an

extensive evaluation of retrieval efficiency and effectiveness, and

fully open source our implementation and trained models.

2 Proposed Approach

The performance of LACONIC stems from the integration of power-

ful LLM backbones with a streamlined two-phase training curricu-

lum based on contrastive training.

2.1 Model Architecture

LACONIC is a bi-encoder retrieval model [19, 36], which builds upon

the SPLADE framework [12, 23] while incorporating architectural

best practices for scaling sparse retrievers [8, 35, 41].

Denote query 𝑄 and document 𝐷 , and a language model’s vo-

cabulary as 𝒱 . 𝐷 = {𝑡
1
, 𝑡
2
, . . . , 𝑡∣𝐷∣} where 𝑡𝑖 is the 𝑖-th token. The

document’s corresponding contextualized representation can be

written as {𝒉
1
,𝒉

2
, . . . 𝒉∣𝐷∣}. For each 𝒉𝑖 , we project the hidden repre-

sentation to a vocabulary-sized vector𝑯 𝑖 ∈ R∣𝒱∣
with the language

modeling head. The 𝑗-th dimension of 𝑯 𝑖 represents the impor-

tance of token 𝑗 (in vocabulary 𝒱) to token 𝑖 in the input sequence,

which in practice is the logit𝑗 from the LM head output. Given

𝑯𝐷 = {𝑯
1
,𝑯

2
, . . .𝑯 ∣𝐷∣} of tensor shape (∣𝒱∣, ∣𝐷∣), we apply a

max-pooling along the sequence length dimension, i.e., across all

tokens, followed by ReLU activation and log rescaling to get the

vocabulary-sized representation for the input document 𝑑 :

𝑫 = log (1 + ReLU (MaxPooling(𝑯𝐷))) ∈ R∣𝒱∣
(1)

A similar operation can also be applied to query 𝑄 to get query

representation 𝑸 ∈ R∣𝒱∣
.

We adopt Llama3 family models as the backbone, specifically

Llama3ForCausalLM. Note that the above Equation (1) applies a

pooling along the sequence length dimension, which is disadvan-

tageous for causal language models with unidirectional attention.

Prior works explored different mitigations, including using “echo”

input [8, 38] and enabling bidirectional attention via lightweight

adaptation training [2, 41, 47]; in contrast, we adopt a streamlined

approach of directly enabling the bidirectional attention of the

causal language models by removing the causal attention mask,

and letting the models “self-adapt” in the subsequent contrastive

training.

To summarize, LACONIC differs from SPLADE by using a bidirec-

tional variant of the stronger Llama3 backbone language model,

which is implementation-wise straightforward and achieves im-

pressive empirical performance with a correct training curriculum.

2.2 Training Objective

We adopt a standard InfoNCE loss [33] in training LACONIC. Denote

a training pair (𝑄,𝐷+), where𝐷+
is relevant to query𝑄 , and {𝐷𝑁 }

is a list of documents not relevant to 𝑄 , score function 𝑠(𝑄, 𝐷) =
⟨𝑸,𝑫⟩, the ranking loss is formulated as:

ℒ𝑟𝑎𝑛𝑘(𝑄, 𝐷+
, {𝐷𝑁 }) = − log 𝑝(𝐷 = 𝐷

+∣𝑄)

= − log

𝑒
𝑠(𝑄,𝐷

+)

𝑒𝑠(𝑄,𝐷+) + ∑
𝐷
−
𝑖 ∈{𝐷𝑁 }

𝑒𝑠(𝑄,𝐷
−
𝑖 ) (2)

Practically we use in-batch negatives and/or hard negatives in

different phases of training, following prior practices [32, 45]. To

enforce the sparsity of the encoded sparse representations, we

adopt FLOPs regularization [34], the same as SPLADE. Denote FLOPs

regularization loss for 𝑄 and 𝐷 as ℒ𝑄
𝑟𝑒𝑔 and ℒ𝐷

𝑟𝑒𝑔 , respectively, and

𝜆𝑄 , 𝜆𝐷 as the corresponding coefficients, the final loss is:

ℒ = ℒ𝑟𝑎𝑛𝑘(𝑄, 𝐷+
, {𝐷𝑁 }) + 𝜆𝑄ℒ

𝑄
𝑟𝑒𝑔 + 𝜆𝐷ℒ

𝐷
𝑟𝑒𝑔

where 𝜆𝑄 and 𝜆𝐷 are tuned as hyperparameters.

2.3 Pre-finetuning

The goal of this training phase is to adapt the backbone language

model for bidirectional attention (Section 2.1) while training it

to encode sparse representations to model query and document

relevance using large-scale, weakly-supervised data.

Dataset. We follow prior recipes [17, 32, 45] to use weakly-

supervised contrastive pairs, i.e., (𝑄, 𝐷) pairs curated from noisy

data sources. Given the limited compute budget, we use a subset of

Nomic Embedding Unsupervised Data released under Apache 2.0

license.
1

As our focus is on asymmetric retrieval tasks, we use 11

splits: wikipedia, gooaq, agnews, ccnews, npr, eli5, cnn, squad,
quora, simplewiki, stackexchange_duplicate_questions. We

selected these splits via lightweight manual inspection, informed

by our compute budget. Our final mixture consists of about 9M

pairs, which is a small fraction of the original dataset’s 470M pairs

or Arctic-Embed-v2’s 308M pairs [45]. We refer to this mixture

as Nomic-embed-pretrain-lite. We hypothesize that scaling the

pre-finetuning data could further improve performance.

1

https://huggingface.co/datasets/nomic-ai/nomic-embed-unsupervised-data

https://huggingface.co/datasets/nomic-ai/nomic-embed-unsupervised-data
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Training. In this training phase, we use in-batch negatives. Prior

works have reported the efficacy of scaling up batch size in con-

trastive training [14]. Notably, Nomic-text-v1 [32] used 16,384

global batch size while Arctic-embed-v2 [45] reported 32,768

global batch size using 32 × H100 GPUs. In our experiments, we

use 2,048 global batch size consistently per our compute budget.

We carefully tune the training schedule and hyperparameters.

We train for 3, 2, 1 epochs for 1B, 3B, and 8B variants of LACONIC,
respectively. We use LoRA training [18] and set rank=32 for 1B and

3B models, and rank=16 for the 8B model. We use cosine learning

rate scheduling, and adopt a separate exponential warmup for the

FLOPs regularization loss, same as [9, 12]. We set 𝜆𝑄 = 𝜆𝐷 =

1 × 10
−3

for {1B, 3B, 8B} models. We truncate the queries to 64

tokens and documents to 192 tokens. After this training phase, we

merge the LoRA adapter back to the base model and use the merged

checkpoint in the subsequent finetuning phase.

2.4 Finetuning

After the pre-finetuning phase, the model has already learned the

sparsity pattern required for sparse retrieval and acquired the basic

“capability” of identifying relevance. We then move on to the next

phase of finetuning with dedicated hard negatives.

Dataset. We adopt a recently released RLHN dataset [39], which

consists of 690K (𝑄,𝐷+
, {𝐷𝑁 }) triplets.2 RLHN is a lite version of

the larger BGE training mixture [26] with further relabeled hard

negatives, and has been reported to improve retrieval and ranking

performancewhile reducing training time [39, 43]. More specifically,

the BGE mixture’s negatives are mined as top-ranked but non-

relevant candidates by an ensemble of strong dense and sparse

retrievers; RLHN then re-judges these candidates with an LLM judge

to remove false negatives, yielding cleaner per-query hard negatives

than typical mining-only pipelines.

Training. We use hard negatives and in-batch negatives in this

training phase. Specifically, each query is paired with 1 relevant

document and 15 hard negatives, together with all other documents

in this batch. We use a consistent 32 global batch size, which implies

512 negatives per query. Similar to the pre-finetuning phase, we

finetune for 2, 2, 1 epochs for 1B, 3B, and 8B variants of LACONIC.
Again, we use LoRA training, set rank=32 for 1B and 3B models

and rank=16 for the 8B model, together with cosine learning rate

scheduling, a separate exponential warmup for FLOPs regulariza-

tion loss and use a consistent 𝜆𝑄 = 𝜆𝐷 = 1 × 10
−3
. We truncate

both queries and documents to 192 tokens.

3 Experiments

We describe the experimental setup (Section 3.1) and discuss results

and analysis (Section 3.2).

3.1 Experimental Setup

Implementation Details. We initialize LACONICwith open-weight

Llama3.2-1B,
3

Llama3.2-3B,
4

Llama3.1-8B
5

models, all licensed

2

https://huggingface.co/datasets/rlhn/rlhn-680K

3

https://huggingface.co/meta-llama/Llama-3.2-1B

4

https://huggingface.co/meta-llama/Llama-3.2-3B

5

https://huggingface.co/meta-llama/Llama-3.1-8B

for academic use. Note that we use the Base models (without

post-training). We implement LACONIC in PyTorch on top of the

Tevatron framework [13]. To improve training scalability, we use

gradient checkpointing, gradient accumulation, mixed-precision

training (BF16), Flash Attention 2 [6], and PyTorch FSDP [49]. Our

compute infrastructure is based on a cluster of A100 SXM4 40GB

GPUs with NVSwitch inter-GPU connectivity.

Baselines. For dense retrieval models, we include open-weight

models: Nomic-Embed-v1 [32]
6

, Arctic-Embed-v2 [45].
7

We also

implement a dense baseline following RepLlama’s training recipe
with the Llama3.1-8B backbone and RLHN dataset, which we term

RepLlama3. Note that RepLlama3 did not undergo the same pre-

finetuning training phase as LACONIC. For sparse retrieval models,

we include the performant SPLADE-v3 [24] and CSPLADE [41].

Indexing and Evaluation. We use Seismic – an efficient inverted

index structure [3, 4] that enables accurate and fast approximate

nearest neighbor searchwithout GPU accelerators.We also compare

retrieval latency against dense baselines using a Faiss FlatIP dense

index [21].

We use nDCG@10 to evaluate LACONIC’s retrieval performance

on the 15 retrieval tasks of the MTEB benchmark [29], which we

refer to as MTEB-R.

3.2 Results and Analysis

Retrieval Performance. We report the retrieval performance in Ta-

ble 1. The lite LACONIC-1B significantly outperforms the state-of-

the-art sparse retrieval models SPLADE and CSPLADE, averaging 57.6
nDCG@10 on 14 BEIR datasets versus SPLADE’s 51.3 and CSPLADE’s
54.6. LACONIC-1B also outperforms the competitive lightweight

Nomic-text-v1 and Arctic-embed-v2, despite being trained on

only a fraction of pre-finetuning and finetuning datasets. Our largest

model, LACONIC-8B achieves an impressive average 60.2 nDCG@10

on 15 MTEB Retrieval datasets, which is ranked 15th on the leader-

board as of February 5th, 2026, being the only learned sparse re-

trieval model at this position.We note that on theMSMARCO devel-

opment set specifically, LACONIC trails SPLADE-v3 and CSPLADE by

approximately 1.5–3.0 nDCG@10. We attribute this to SPLADE-v3
and CSPLADE being trained extensively on MS MARCO supervision

with cross-encoder distillation, whereas LACONIC’s training mixture

targets broad-domain generalization without MS MARCO-specific

tuning. The substantial gains on the cross-domain MTEB Retrieval

datasets suggest this trade-off favors generalization, while domain-

specific finetuning could further improve LACONIC’s performance

on individual benchmarks.

Index Search Efficiency. We study the index search efficiency

of LACONIC compared to dense and sparse baselines, with results

shown in Figure 1. Unless otherwise stated, we report query-time

search latency only, excluding embedding computation and index

construction costs. For dense retrieval, we use Faiss GPU index

(GpuIndexFlatIP) with 8× A100 SXM4 40GB GPUs or CPU-only

IndexFlatIP, while LACONIC uses the Seismic inverted index on

CPU without accelerator support. All benchmarks are conducted

6

https://huggingface.co/nomic-ai/nomic-embed-text-v1

7

https://huggingface.co/Snowflake/snowflake-arctic-embed-l-v2.0

https://huggingface.co/datasets/rlhn/rlhn-680K
https://huggingface.co/meta-llama/Llama-3.2-1B
https://huggingface.co/meta-llama/Llama-3.2-3B
https://huggingface.co/meta-llama/Llama-3.1-8B
https://huggingface.co/nomic-ai/nomic-embed-text-v1
https://huggingface.co/Snowflake/snowflake-arctic-embed-l-v2.0
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Table 1: Model Performance (nDCG@10). We use baseline results reported by their respective papers. Average BEIR14* excludes

the result on CQADupstack datasets.

Category Model Size MS Arg Clm CQA DBP FEV FiQ Hot NFC NQ Quo SCI ScF TRC Tou Avg BEIR14 MTEB

Sparse

SPLADE-v3 110M 45.6 50.9 23.3 32.3 45.0 79.6 37.4 69.2 35.7 58.6 81.4 15.8 71.0 74.8 29.3 51.3 50.0

CSPLADE 8B 46.5 48.9 29.4 – 44.5 86.5 40.5 69.8 37.2 60.9 87.1 17.6 73.9 83.2 38.9 54.6 –

Dense

Nomic-v1 137M 43.1 49.3 40.5 38.3 45.0 85.0 38.4 73.6 35.0 59.4 87.7 18.3 70.5 79.9 28.2 53.9 52.8

Arctic-v2 529M 44.0 58.0 38.3 47.2 43.9 91.6 44.0 72.4 35.9 64.6 88.7 20.3 71.8 80.3 29.8 56.0 55.4

RepLlama3 8B 45.3 60.2 42.3 44.2 45.8 91.8 57.3 85.0 41.7 70.1 85.9 29.6 78.6 85.8 33.7 60.9 59.8

Ours

LACONIC-1B 1B 43.5 62.1 37.4 34.3 46.8 88.3 43.4 79.2 39.2 66.3 85.2 24.2 75.6 83.9 31.2 57.6 56.0

LACONIC-3B 3B 44.0 72.0 36.4 41.5 49.0 88.5 50.7 81.7 41.0 69.8 86.7 27.3 78.2 83.4 30.7 60.0 58.7

LACONIC-8B 8B 44.1 73.0 38.8 42.3 50.2 89.8 55.0 83.9 41.9 72.8 86.1 29.3 79.7 85.3 31.3 61.5 60.2

Figure 1: Efficiency comparison. Left plot shows the index search latency on MS MARCO dataset, measured by queries per

second, versus retrieval performance on MTEB-R benchmark. Right plot shows memory requirement to load retrieval index.

Notice that LACONIC improves the performance-latency frontier compared to baselines without requiring accelerators for

efficient index search. We reproduce SPLADE-v3’s result using Seismic.

on a compute node with an Intel Xeon Platinum 8275L CPU and

1152 GB RAM.

As shown in the left panel, LACONIC achieves a superior effec-

tiveness–latency trade-off compared to dense baselines, enabling

fast approximate nearest neighbor search using inverted indices

alone. Notably, LACONIC does not require GPU accelerators at index

search time, significantly reducing deployment complexity. We note

that this latency excludes query encoding, which for an 8B decoder

is non-trivial; encoding speed is reported separately in Figure 2,

and we defer a fully integrated end-to-end latency benchmark to

future work.

The right panel highlights the memory efficiency of learned

sparse indexing. Compared to the dense RepLlama3 model, which

requires 134.9 GiB to index the corpus, LACONIC-8B requires only
34.7 GiB— corresponding to a 3.9× reduction in index size. This sub-

stantially smaller memory footprint enables retrieval on commod-

ity hardware and underscores the practical advantages of learned

sparse representations. For a closer comparison within the LSR fam-

ily, SPLADE-v3 and CSPLADE index the same corpus at approximately

10 GiB and >30 GiB, respectively. The roughly 3× overhead of

LACONIC over BERT-scale SPLADE-v3 is broadly aligned with other

LLM-backed LSR systems and reflects the higher token-activation

density of LLM encoders rather than an artifact of our training

objective; tighter FLOPs regularization scheduling could narrow

this gap. We also note that dense indices admit complementary

compression techniques such as product quantization (e.g., OPQ)

and Matryoshka representation learning (MRL); these are orthog-

onal to LSR, and a head-to-head comparison at matched memory

budgets remains valuable future work.

Encoding Speed. We report encoding speed (queries per second,

QPS) in Figure 2 at BF16 precision. All results are based on a single

A100 SXM4 GPU. Compared to baselines, LACONIC demonstrates

competitive QPS due to native support of Flash Attention.

Ablation Studies. In Table 2, we compare the sparse retrieval

model with the dense model that undergoes the same training cur-

riculum. This ablation is carried out at 1B model scale. We include

additional baselines Contriever [20] and e5-base [40] (both pre-

finetuned and finetuned variants) to showcase the effectiveness of

pre-finetuning.

We note the importance of the pre-finetuning phase and using a

stronger backbone model. The dense 1B retriever already achieves

48.8 nDCG@10 onMTEB Retrieval datasets, outperforming the fine-

tuned e5-base baseline. We observe that LACONIC underperforms

its dense counterpart after pre-finetuning, which we hypothesize is
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Table 2: Ablation study of dense versus learned sparse retrievers at 1B scale.

Category Method MS Arg Clm CQA DBP FEV FiQ Hot NFC NQ Quo SCI ScF TRC Tou Avg

Unsupervised

Contriever 20.6 37.9 15.5 28.4 29.2 68.2 24.5 48.1 31.7 25.4 83.5 14.9 64.9 27.4 19.3 36.0

E5-base 26.0 42.2 15.4 35.4 35.4 63.4 40.0 52.4 35.8 39.0 85.7 21.1 73.7 61.0 16.9 42.9

Supervised

Contriever 40.7 44.6 23.7 34.5 41.3 75.8 32.9 63.8 32.8 49.8 86.5 16.5 67.7 59.6 23.0 46.2

E5-base 43.1 51.4 15.4 38.9 41.0 58.2 36.4 62.2 36.6 60.0 87.9 19.0 73.1 79.6 28.3 48.7

Dense

Pre-FT 32.4 54.8 22.9 42.0 37.6 74.7 42.9 63.1 36.6 45.5 88.3 21.2 73.7 71.5 24.5 48.8

FT 43.6 57.6 38.0 42.4 46.4 89.7 46.6 78.9 37.9 65.3 86.9 25.4 76.6 84.7 32.1 56.8

Sparse

Pre-FT 26.6 52.5 22.1 33.4 33.1 59.9 34.0 54.9 35.7 33.6 84.5 18.4 69.5 67.0 13.3 42.6

FT 43.5 62.1 37.4 34.3 46.8 88.3 43.4 79.2 39.2 66.3 85.2 24.2 75.6 83.9 31.2 56.0

Figure 2: Encoding speed comparison at batch_size=1.

because the dense model by default uses #hidden_dimension fea-

tures while the sparse retriever relies on a much smaller activated

feature dimension with non-negative learned token importance.

On the other hand, after the finetuning phase, LACONIC achieves

performance comparable to its dense counterpart (56.0 versus 56.8).

This result suggests the synergy of the two training phases in our

training curriculum: the pre-finetuning phase adapts the pretrained

causal language model for bidirectional information and sparsity

pattern, laying the foundation for the subsequent finetuning; and

the high-signal finetuning phase enhances the retriever’s ability

to identify fine-grained, more nuanced query-document relevance

patterns, which is critical for retrieval performance.

4 Conclusion and Future Work

In this paper, we presented LACONIC, a family of learned sparse re-

trieval models that demonstrate the effectiveness of scaling learned

sparse retrieval to LLM backbones. By combining a bidirectional

adaptation of Llama3 with a targeted two-phase training curricu-

lum, we have shown that sparse retrieval can achieve performance

parity with dense models while maintaining superior efficiency in

index search. LACONIC-8B currently stands as the most performant

sparse retriever on the MTEB Retrieval leaderboard as of February

5th, 2026, offering a scalable solution for high-precision retrieval on

commodity hardware. We view these results as evidence that effi-

ciency and scale need not be opposing forces in neural retrieval, and

that LLM-based architectures can produce sparse, index-friendly

representations without sacrificing effectiveness, pointing toward

a unified design space that bridges neural and classical IR. More

broadly, we envision a new generation of retrieval systems in which

large language models serve not only as generators or re-rankers,

but as efficient first-stage retrievers—enabling scalable, high-quality

access to information across domains, modalities, and deployment

environments.

Future work will explore several promising directions. In par-

ticular, we aim to extend LACONIC to multilingual and multimodal

settings [31], further optimize the training data mixture to im-

prove performance, and investigate inference-free learned sparse

retrieval [7, 15, 30]. In parallel, improving end-to-end system effi-

ciency—particularly through faster query encoding and integration

with inference optimization techniques—remains important for

real-world deployment, alongside continued benchmarking against

emerging retrieval models and strengthening evaluation practices

as the field evolves.
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