
Let Retrievers Think Before Action: Thought-Augmented Embedding for
Dense Retrieval

Anonymous ACL submission

Abstract001

Large language models (LLMs) have demon-002
strated that explicitly performing step-by-step003
thinking before producing final outputs can004
substantially improve performance on com-005
plex tasks, as exemplified by recent reasoning-006
oriented models such as OpenAI O1 and007
DeepSeek R1. Inspired by these advancements,008
we propose the O1 Embedder, a novel approach009
aiming to endow retrieval models with similar010
capabilities to address challenges like multi-011
task retrieval, zero-shot retrieval, and tasks re-012
quiring intensive reasoning of complex rela-013
tionships. The O1 Embedder generates prelim-014
inary thoughts for input queries before docu-015
ment retrieval. To realize this objective, we016
address two fundamental challenges in integrat-017
ing thinking mechanisms into dense retrieval.018
First, retrieval tasks lack explicit supervision019
for intermediate thinking processes, making it020
difficult to define thoughts that are truly use-021
ful for retrieval. We address this challenge022
with a data synthesis framework following023
an “Exploration-Refinement” process, ensuring024
alignment with retrieval utility. Second, effec-025
tively integrating thought generation with repre-026
sentation learning requires a unified modeling027
framework that can jointly support generation028
and embedding within a single model. O1 Em-029
bedder addresses this challenge by jointly opti-030
mizing thought generation and dense retrieval031
in an end-to-end manner, enhancing retrieval032
accuracy while reducing complexity through a033
single deployable model. Extensive evaluations034
across diverse datasets demonstrate significant035
performance improvements, highlighting the036
effectiveness and generalization capability of037
O1 Embedder.038

1 Introduction039

Information retrieval (IR) is fundamental to many040

important applications, such as search engines041

and question answering systems (Karpukhin et al.,042

2020; Kobayashi and Takeda, 2000). Recently, it043

O1 Embedder

Question: pain relieving after
weight-lifting?

Thought: to address this question,
you may need documents about ice

therapy, stretch, NSAI medicines …

Stage 1. Thinking

Stage 2. Retrieval

Figure 1: O1 Embedder. First of all, the model gener-
ates the thoughts about the question (thinking). Next,
the model produces the embedding for dense retrieval
(retrieval).

draws even higher attention because of its critical 044

role in augmenting large language models (LLMs) 045

with external knowledge (Zhu et al., 2023; Liu 046

et al., 2024; Zhao et al., 2024b), a paradigm known 047

as retrieval-augmented generation (RAG) (Gao 048

et al., 2023; Zhang et al., 2023; Zhao et al., 2024a). 049

Over the past decade, IR techniques have expe- 050

rienced tremendous progresses. One important 051

breakthrough is made by dense retrieval, where 052

relevant data can be effectively retrieved via vector 053

search. With the popularity of open-source models 054

in this field (Neelakantan et al., 2022; Wang et al., 055

2023b; Xiao et al., 2024), dense retrieval has be- 056

come a practical and widely adopted solution for 057

real-world retrieval systems. 058

However, dense retrieval is still subject to many 059

limitations in this stage. First, existing methods 060

struggle with zero-shot retrieval tasks in unseen 061

scenarios, which differ significantly from their 062

source domains. For instance, a well-trained em- 063

bedding model from general datasets is prone to a 064

limited performance when applied to a specialized 065

problem, like medical or legal case retrieval (Maia 066

et al., 2018; Li et al., 2024d; Voorhees et al., 2021). 067

Second, the existing models are insufficient to dis- 068

criminate complex relationships, as they cannot be 069

identified directly from semantic meaning. For ex- 070
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ample, the retrieval of useful code snippets for a071

computer program, or the retrieval of evidence to a072

multi-hop problem (Li et al., 2024e; Husain et al.,073

2019; Yang et al., 2018; Lee et al., 2022).074

The above challenges can benefit from a prior075

deep thinking process, instead of making direct076

judgment of relevance. Recently, remarkable ad-077

vancements were made in this direction with the078

introduction of reasoning LLMs, such as OpenAI079

O1/O3, and DeepSeek R1 (Guo et al., 2025). Par-080

ticularly, when a complex task is presented, the081

LLM is prompted to generate long-form thoughts082

about the problem in the first place. Through this083

process, the LLM can progressively get close to084

the correct solution, thus enabling the production085

of high-quality answers in the end. This operation086

is conceptualized as the test-time-scaling by recent087

studies (Snell et al., 2024), which has driven major088

improvements in solving complex problems, such089

as coding and mathematical proofs.090

With the above inspiration, we propose O1 Em-091

bedder, which is designed to introduce a slow-092

thinking capability for embedding models, akin to093

that of LLMs. Our approach integrates two essen-094

tial functions within a single model: Thinking and095

Embedding. First, it generates useful thoughts to-096

wards the input query, which explicitly uncovers097

the hidden information needs about the query. Sec-098

ondly, it produces a discriminative embedding for099

the query and the generated thoughts. By incor-100

porating both elements, the resulting embedding101

enables precise retrieval of relevant documents that102

are challenging to identify using the query alone.103

The training of O1 Embedder is technically chal-104

lenging given the absence of appropriate long-form105

thought data for embedding models. To solve this106

problem, we introduce a Data Synthesis method107

following an “Exploration-Refinement” process.108

First, we prompt an LLM to explore initial thoughts109

for a query. Next, we employ a retrieval committee110

to refine the initial thoughts. Each committee mem-111

ber scores the relevance between initial thoughts112

and the target document, which indicates their use-113

fulness in retrieving the target document. With114

the collection of all members’ scoring results, the115

golden thought is selected by majority voting and116

added to the training set. As such, we automatically117

create long-form thoughts of the best retrieval util-118

ity for O1 Embedder.119

Building on well-curated long-form thought data,120

we introduce a Multi-Task Training Method,121

which fine-tunes a pre-trained LLM into O1 Em-122

bedder. Our method introduces two parallel train- 123

ing tasks. One applies supervised fine-tuning for 124

the LLM, which enables the generation of optimal 125

thoughts for an input query. The other one employs 126

contrastive learning, which produces discrimina- 127

tive embeddings to retrieve relevant documents for 128

a thought-augmented query. With proper optimiza- 129

tions in loss computation and training workflow, 130

these two tasks are seamlessly unified in a cost- 131

efficient manner, leading to effective development 132

of thinking and embedding capabilities throughout 133

the training. 134

The effectiveness of O1 Embedder is comprehen- 135

sive evaluated. In our experiment, O1 Embedder 136

achieves a substantial improvement over exist- 137

ing methods across a broad range of retrieval tasks, 138

especially those requiring complex reasoning. O1 139

Embedder also demonstrates a strong generaliza- 140

tion ability when applied to out-of-domain scenar- 141

ios. 142

To summarize, the main contributions of this 143

paper are highlighted by the following perspectives. 144

• We propose O1 Embedder, a unified embed- 145

ding framework that generates useful thoughts 146

for input queries before producing discrim- 147

inative embeddings for dense retrieval. To 148

the best of our knowledge, this is the first 149

attempt to equip embedding models with ex- 150

plicit thinking capabilities. 151

• We introduce an exploration-refinement data 152

synthesis framework that constructs long- 153

form thoughts optimized for retrieval utility, 154

along with a multi-task training strategy that 155

effectively unifies thought generation and rep- 156

resentation learning. 157

• We perform comprehensive evaluations 158

demonstrating the effectiveness and broad 159

applicability of O1 Embedder across diverse 160

retrieval scenarios. 161

2 Method 162

In this section, we first present the problem for- 163

mulation of O1 Embedder. We then introduce the 164

two main technical contributions of this work: the 165

production of long-form thought data for O1 Em- 166

bedder, and the multi-task training process of O1 167

Embedder. 168
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2.1 Problem Formulation169

Dense retrieval measures the relevance between170

query and document based on their embedding sim-171

ilarity. Given an query q and document d, an em-172

bedding model (M) is used to encode them into173

latent representations vq and vd: vq ← M(q),174

vd ← M(d). To retrieve the relevant document175

d∗ from a massive dataset D, the following nearest176

neighbor condition needs to be satisfied:177

d∗ = ARGMAX. {⟨vq,vd⟩|d ∈ D}, (1)178

where ⟨·⟩ indicates the inner-product operator. As179

discussed, traditional embedding models are insuf-180

ficient to handle the challenges regarding zero-shot181

or complex retrieval problems.182

Our method tackles the above challenge by intro-183

ducing the thinking operation to embedding models.184

That is to say, the embedding modelM is equipped185

with two functionalities: thinkingM.think(·) and186

embeddingM.embed(·). For an input query q, the187

embedding model generates its thoughts (t) on how188

to address the information needs of the query in the189

first place:190

ti ←M.think(q), i = 1, ..., k (2)191

By revealing critical semantic matching patterns192

with relevant documents, the generated thoughts193

are expected facilitate the retrieval process for com-194

plex queries. In this place, a total of k thoughts195

are independently generated with respect to the196

query, which enables useful patterns to be compre-197

hensively covered.198

On top of the embedding modelM and an ag-199

gregation function AGG, the query and its thoughts200

are jointly transformed into a unified embedding,201

called the thought-augmented embedding (v̂q):202

v̂q ← AGG.(q, {ti}k;M.embed) (3)203

As a result, the relevance between query and doc-204

ument is computed with the thought-augmented205

embedding: ⟨v̂q,vd⟩. Finally, our problem is for-206

mulated as the joint training of thinking and em-207

bedding capability of modelM, such that the end-208

to-end retrieval performance is optimized.209

2.2 Data Production210

The training of O1 Embedder involves two types211

of data. One is used for the embedding capability,212

which is made up of queries and their relevant doc-213

uments, i.e., q-doc tuples. The other one is used214

for the thinking capability, which includes queries 215

and their thoughts, i.e., q-thought tuples. Unlike 216

q-doc tuples which have been widely existed, there 217

are no available q-thought tuples in reality. To re- 218

solve this problem, we propose a data synthesis 219

pipeline, leveraging LLMs’ readily equipped think- 220

ing capacity to generate such datasets. Our method 221

follows an “exploration-refinement” workflow, as 222

demonstrated in Figure 2. 223

First, we employ a LLM to explore candidate 224

thoughts for a given query q. To facilitate proper 225

generations from the LLM, the system prompt is 226

formulated with the following template, where both 227

instruction and examples are incorporated: 228

PROMPT = TASK : {Ins}; EXAMPLES : {E};
QUERY : {q}

(4) 229

The instruction is used to explicitly declare the 230

demand for the thinking task; for example, "think 231

about a plausible response to address the query". 232

While the examples are introduced to demonstrate 233

the form of desirable output. In this place, we 234

randomly select m samples from the training set of 235

q-doc dataset: 236

E = {QUERY : qi, RESPONSE : di}m. (5) 237

Note that although the relevant document d for 238

query q may seem like a trivial solution, it is un- 239

suitable to serve as a thought. This is because the 240

generated thought will be further used in embed- 241

ding task, whose goal is to discriminate the relevant 242

document d based on the thought-augmented em- 243

bedding. If d (or any rephrased version of it) is 244

used, the training process would be circumvented, 245

ultimately leading to the collapse of the embedding 246

task. 247

The generated thoughts may not always enhance 248

retrieval performance due to potential hallucina- 249

tions by the LLM. To ensure the inclusion of useful 250

thoughts, the exploration process is repeated multi- 251

ple times, generating several independent thoughts 252

for the given input query. To identify the most 253

useful thoughts, a quality-control mechanism is in- 254

troduced to filter the generated candidates. Specif- 255

ically, we employ a diverse set of retrievers, de- 256

noted as R. For each retriever r ∈ R, a similarity 257

score is computed between a relevant document 258

d and a thought ti: σr(ti, d). The thought with 259

the highest similarity score is selected by each re- 260

triever, i.e., t∗r ← ARGMAX({σr(ti, d)}i=1...k). Fi- 261
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Question: pain relieving after
weight-lifting?

 Instruction: think about a plausible 
 response to address the query
 
 In-context examples.
 Query: symptoms of flus?
 Response: common symptoms include ...
 Query: how long to recover from flu?
 Response: it typically takes 5-7 days

 Candidate thought: Remember, recovery
 is just as important as the workout itself

 Candidate thought: Use alternating 
 ice and heat therapy for quick relief

 Candidate thought: Pain after weight-
 lifting is due to microtears in muscles

LLM

Ground-truth: you may find it helpful
to have ice therapy, stretch, NSAI
medicines

Retrieval
Committee

Vote

Figure 2: The production of thought data. In the first step, the LLM is prompted to generate candidates thoughts
about the input question based on the instruction and in-context examples. In the second step, the retrieval committee
is employed to evaluate the candidates by making comparison with the ground-truth document, i.e. the retrieval
target. Finally, the candidate thought receiving the maximum votes is selected and incorporated to the training data.

nally, a majority voting process is conducted to262

determine the most useful thought. The thought263

that receives the highest number of nominations264

from the retrievers is selected as the final result:265

t← VOTING{t∗r}r∈R.266

By applying the above data synthesis workflow267

to an existing q-doc dataset: D = {(qi, di)}N , we268

can obtain an thought-augmented dataset composed269

of q-thought-doc triplets: D̂ = {(qi, ti, di)}N ,270

which offers long-form thoughts of the optimal271

retrieval utility.272

2.3 Multi-Task Training273

The O1 embedder is built upon a pre-trained LLM,274

leveraging the model’s inherent generation and275

thinking abilities. Additionally, LLMs also show276

strong potential for fine-tuning as discriminative277

embedding models (Luo et al., 2024; Zhu et al.,278

2023). We apply the following multitask train-279

ing for a pre-trained LLM backbone, which es-280

tablishes its thinking capability via supervised be-281

havior cloning and embedding ability through con-282

trastive learning.283

2.3.1 Behavior cloning284

The foundation model is trained to generate285

thoughts for the input query through supervised286

fine-tuning. Given the dataset of q-thought-doc287

triplets: D̂ = {(qi, ti, di)}N , a training sample xi288

is formulated with the template below:289

xi = <query>qi<thought>ti</s>, (6)290

where <query>, <thought>, </s> are the special291

tokens to landmark the query, thought, and the292

completion of generation, respectively.293

With the formulation of above training samples, 294

the model is fine-tuned w.r.t. the following genera- 295

tion loss: 296

Lgen = −
∑
xi

|qi|+|ti|∑
j=|qi|

logP (xi,j |xi,<j), (7) 297

where the next-token-prediction loss is minimized 298

for each of the tokens starting from the beginning 299

of the thought (i.e. j ≥ |qi|). 300

2.3.2 Contrastive learning 301

The pre-trained LLM is also fine-tuned to distin- 302

guish relevant documents from a query based on its 303

generated embeddings. Traditionally, LLM-based 304

embedders utilize the </s> token for text embed- 305

ding. However, the </s> token has been designated 306

to indicate the completion of generation process 307

in our approach. As a result, incorporating an ex- 308

tra embedding task could lead to the collapse of 309

training process. To avoid mutual interference be- 310

tween the two parallel training tasks, we employ 311

another special token <emb> and append it to the 312

end of input x (following </s>) to compute the text 313

embedding: 314

vx ← LLM(x;<emb>)[−1] (8) 315

This simple modification substantially increases 316

the compatibility, which is crucial to maintain the 317

successful running of joint training process. Con- 318

sidering that people may want to leverage thought- 319

augmented embedding to handle complex retrieval 320

tasks while still relying on basic query embedding 321

to process simple retrieval tasks, we generate the 322
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O1 Embedder

<query> q <emb>  <thought> t </s> <emb> 

LM Head

Next token prediction
           loss 

 

O1 Embedder

<doc> d <emb> 

Contrastive loss

 

Stage 1. Multi-Task Training

O1 Embedder

<query> q <thought>

LM Head

O1 Embedder

Stage 2. Inference

Use alternating ice and heat

Figure 3: Multi-Task Training and Inference process of O1 Embedder. During the training process, O1 embedder
minimizes two losses: the generation loss while decoding the thought, and the contrastive loss while discriminating
the target document. During the inference process, multiple thoughts are generated for the query. The thoughts are
used to produce thought-augmented queries, which are independently encoded by O1 Embedder and aggregated for
retrieval.

two forms of query embeddings simultaneously to323

identify the relevant document di. As a result, we324

perform the following composite contrastive learn-325

ing, where two contrastive losses are calculated326

based on the query and the thought-augmented327

query of each training sample, respectively:328

Lctr = −
∑
i

[
I(zi = 1) ·

exp(vT
qivdi)∑

D′ exp(vT
qivd′)

+ I(zi = 0) ·
exp(vT

q̂i
vdi)∑

D′ exp(vT
q̂i
vd′)

]
(9)

329

In this place, q̂i indicates the thought-augmented330

query: q̂i ← qi + ti, D′ stands for the collection331

of negative samples, including both in-batch nega-332

tive samples and hard negative samples introduced333

by a pre-trained embedder. zi ∼ Bernoulli(0.1)334

is a binary random variable, and I(·) denotes the335

indicator function.336

2.3.3 Joint training337

The model is trained to minimize the linear combi-338

nation of generation loss and contrastive loss:339

L = λLgen + (1− λ)Lctr (10)340

To enable precise retrieval in downstream scenar-341

ios, contrastive learning must be conducted with a342

large training batch. However, the native parallel343

running of two training tasks requires significant344

GPU memory, which severely limits the achievable 345

batch size. To address this challenge, we propose 346

a memory-efficient joint training to handle both 347

tasks (Figure 3). Specifically, for each training 348

sample xi = (qi, ti, di), we encode it once and 349

share the encoding result between the two tasks. 350

The generative loss is calculated based on each 351

of the output embeddings from ti tokens; while 352

the contrastive loss is derived based on the output 353

embeddings from <emb> tokens. This allows the 354

generation task to consume almost no additional 355

memory when trained alongside contrastive learn- 356

ing task, thereby enabling a substantial increase in 357

batch size. 358

2.4 Inference 359

The well-trained O1 embedderM is applied for re- 360

trieval tasks through thinking and embedding. First, 361

O1 embedder is prompted to generated multiple 362

thoughts towards the input query which compre- 363

hensively uncover the query’s hidden information 364

needs: ti ← M.think(q), i = 1, ..., k. Next, the 365

thought-augmented queries are independently en- 366

coded and aggregated. In this place, we simply 367

adopt mean pooling as the aggregation function 368

in Eq. 3, which produces the following thought- 369

augmented embedding: 370

v̂q ←
∑
k

M. enc(q, ti)

/
k (11) 371
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Finally, the top-N documents D∗ are retrieved372

based on their embedding similarity with v̂q:373

D∗ ← top-N({⟨v̂q,vd⟩|D}) (12)374

3 Experiment375

We make comprehensive evaluation of our ap-376

proach with a focus on the following research ques-377

tions.378

RQ 1. Can O1 Embedder outperform baselines af-379

ter fine-tuning, generalize out-of-domain, and380

excel at complex tasks?381

RQ 2. What is the impact of the thinking operation?382

RQ 3. How does joint multi-task training benefit per-383

formance? Is a unified model better than sep-384

arate ones for thinking and retrieval?385

With these research questions, we design our ex-386

perimental studies, whose settings are presented in387

the Appendix B.388

3.1 In-domain Performance389

Method
MS MARCO Dev DL’19 DL’20

MRR@10 Recall@1k nDCG@10 nDCG@10
BM25 18.4 85.3 50.6 48.0
HyDE - - 61.3 57.9

query2doc 41.5 98.7 74.9 72.5
ANCE 33.0 95.9 64.8 61.5
TAS-B 34.3 97.6 72.2 69.2

coCondenser 38.2 98.4 69.8 68.4
SimLM 41.1 98.7 71.4 69.7

RetroMAE 41.6 98.8 68.1 70.6
RepLLaMA 41.2 99.4 74.3 72.1
Promptriever 41.0 99.4 73.2 72.3
O1-E w/o T 41.7 99.4 73.7 72.3

O1-E 43.1* 99.5 75.3* 74.4*

Table 1: In-domain evaluation results evaluated on MS
MARCO, DL’19, and DL’20. O1-E means the O1 Em-
bedder and O1-E w/o T indicates the variational form
of O1 embedder, which disables the thinking operation.
* indicates that the difference between O1-E and O1-E
w/o T is statistically significant at 0.05 level by paired
t-test.

The in-domain evaluation results are presented390

in Table 1, where the O1 Embedder outperforms all391

other models across all evaluation metrics, includ-392

ing MRR@10, Recall@1k, and nDCG@10, on the393

MSMARCO, DL’19, and DL’20 datasets. Specif-394

ically, our model achieves an MRR@10 of 43.1395

(+1.9% improvement) and a Recall@1k of 99.5 on396

MSMARCO, along with nDCG@10 scores of 75.3397

(+1.0% improvement) and 74.4 (2.1% improve- 398

ment) on DL’19 and DL’20, respectively, com- 399

pared to RepLLaMA. These results demonstrate 400

the effectiveness of our model and its enhanced 401

thinking capabilities in retrieval tasks. We also 402

compared our method with some query expansion 403

methods, including HyDE and query2doc. The 404

main difference between our method and these 405

methods is that they still rely on external large mod- 406

els, which increases the complexity of the chain. 407

At the same time, our method also performed bet- 408

ter in terms of results. Against query2doc (41.5 409

MRR@10, 74.9/72.5 nDCG@10), O1-E shows 410

consistent gains in MRR@10 (+1.6%), DL’19 411

(+0.4%), and DL’20 (+1.9%), while maintaining 412

top-tier Recall@1k (99.5). These improvements 413

validate the effectiveness of our joint training strat- 414

egy integrating thinking and embedding abilities. 415

Furthermore, when comparing LLM-based 416

model with BERT-based model, it is clear that 417

larger models, such as the LLM-based RepLLaMA 418

and Promptriever, generally outperform smaller 419

BERT-based models like SimLM, coCondenser. 420

For example, RepLLaMA achieves an nDCG@10 421

of 74.3 on DL’19 and 72.1 on DL’20, surpassing 422

all smaller models. The O1 Embedder without 423

thinking (O1 embedder w/o T), a variation that 424

disables the thinking operation, yields similar re- 425

sults as RepLLaMA, suggesting that the embed- 426

ding capability is effectively established through 427

multi-task training. However, with the addition 428

of thinking, the full O1 Embedder demonstrates a 429

substantial improvement, highlighting the power of 430

the "thinking" enhancement. 431

3.2 O.O.D. Performance 432

The out-of-distribution (o.o.d.) evaluation results 433

are shown in Table 2, where the O1 Embedder con- 434

sistently outperforms across all nine datasets. On 435

average, our model achieves a 2.3% improvement 436

over the baseline, which is a significant boost and 437

underscores the strong generalization capabilities 438

of our approach. Additionally, for each of the nine 439

datasets, our model sets the highest performance ex- 440

cept for FiQA, where it falls behind CPT-XL 175B. 441

This highlights that our model excels across various 442

scenarios, especially the retrieval tasks involving 443

complex reasoning, such as HotPotQA (multi-hop 444

question-answering) and CosQA (code-search). 445

Several interesting conclusions can be derived 446

from the table. The thinking mechanism leads to 447

more significant improvements on certain OpenQA 448
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Method Model size T-Covid NQ HQA FiQA Touche DBPedia FEVER SciFact CosQA Average
Contriever 0.1B 59.6 49.8 63.8 32.9 23.0 41.3 75.8 67.7 14.2 47.6

CPT-L 6B 56.2 - 64.8 45.2 30.9 41.2 75.6 74.4 - -
CPT-XL 175B 64.9 - 68.8 51.2 29.1 43.2 77.5 75.4 - -

OpenAI-Ada-002 - 81.3 48.2 65.4 41.1 28.0 40.2 77.3 73.6 28.9 53.7
RepLLaMA 7B 84.7 62.4 68.5 45.8 30.5 43.7 83.4 75.6 32.3 58.5
Promptriver 7B 84.6 62.6 69.5 46.6 32.0 45.2 82.8 76.3 32.8 59.2
O1-E w/o T 7B 84.5 62.9 69.8 45.0 33.8 44.4 82.5 75.8 32.9 59.1

O1-E 7B 85.6* 66.8* 72.8* 46.6* 36.7* 47.3* 84.9* 77.4* 34.1* 61.4*

Table 2: Out-of-domain evaluation results measured by nDCG@10. The symbols are the same as those in Table 1.

datasets. For instance, the NQ dataset shows a449

3.9% improvement, while HotPotQA sees a 3.0%450

boost. However, while there are improvements451

in some specialized domains, they are not as sub-452

stantial. For example, in TREC-Covid (medical453

domain), FiQA (financial domain), and SciFact454

(scientific domain), the improvements brought by455

the thinking mechanism are only 0.9%, 1.7%, and456

1.6%, respectively. We believe this is because457

LLMs perform well on general OpenQA questions458

after training on large-scale corpora, but often lack459

specialized domain data. As a result, the generated460

content can sometimes be noisy or even halluci-461

nated. While the thinking mechanism still provides462

some enhancement, its impact is not as pronounced463

in these domains. Thus, refining the generated464

thoughts will be an important issue for future re-465

search.466

3.3 Complex Task Performance467

Bio. Earth. Econ. Psy. Rob. Stack. Sus. AVG

No Thought

BM25 18.9 27.2 14.9 12.5 13.6 18.4 15 17.21
RepLLaMA 10.7 19.1 14.9 17.7 12.5 9.6 11.3 13.69
Promptriever 10.3 19.0 16.8 16.6 11.1 9.1 14.5 13.91

E5 18.6 26.0 15.5 15.8 16.3 11.2 18.1 17.36
GritLM 24.8 32.3 18.9 19.8 17.1 13.6 17.8 20.61

O1-E w/o T 23.4 32.9 16.0 19.6 16.7 15.2 16.9 20.10

With Thought Augmentation

E5 + GritLM 24.1 36.7 18.3 21.1 10.7 16.1 14.7 20.24
GritLM 24.7 31.5 18.5 21.1 14.0 12.3 20.7 20.40
O1-E 27.9* 38.9* 21.8* 24.3* 20.4* 16.2* 18.7* 24.03*

Table 3: Complex task evaluation results on Bright-
StackExchange measured by nDCG@10. Except for
O1-E, all other thinking enhancement methods use
GritLM as the generation model to generate the thought,
which is comparable in 7B size to O1-E. The symbols
are the same as those in Table 1.

To address the research question of whether468

O1 Embedder can outperform baselines on com-469

plex tasks, we evaluate all models on the Bright-470

StackExchange dataset (Su et al., 2025), which 471

focuses on challenging retrieval scenarios requir- 472

ing deep reasoning across diverse domains (e.g., 473

biology, economics, psychology, and sustainabil- 474

ity). Results measured by nDCG@10 are presented 475

in Table 3, with comparisons between models op- 476

erating without explicit thought processes ("No 477

Thought") and those leveraging thought augmenta- 478

tion ("With Thought Augmentation"). 479

In the No Thought setting, O1-E w/o T performs 480

comparably to strong dense baselines such as E5 481

and GritLM, while overall performance remains 482

limited across models, highlighting the difficulty 483

of the benchmark. With thought augmentation, O1- 484

E demonstrates clear and consistent improve- 485

ments across domains. Under a controlled com- 486

parison where all baselines employ GritLM (7B) 487

for thought generation, O1-E achieves the highest 488

nDCG@10 on six out of seven tasks, and obtains 489

the best average performance overall. Specifically, 490

O1-E reaches an average nDCG@10 of 24.03, out- 491

performing the strongest augmented baseline by 492

3.63 points and improving over its non-thought 493

variant by 3.93 points. 494

These results show that O1-E generalizes ef- 495

fectively to complex, reasoning-intensive retrieval 496

tasks, and can robustly leverage thought signals 497

to achieve superior performance across diverse do- 498

mains. 499

3.4 Impact of Thought 500

The comparisons between the O1 Embedder and 501

the O1-E w/o T in Tables 1 and 2 clearly demon- 502

strate the significant impact of incorporating the 503

thinking mechanism. Specifically, on the MS 504

MARCO benchmark (Table 1), the O1 Embed- 505

der shows substantial improvements across all met- 506

rics, with notable gains in MRR@10 (+1.4%) and 507

nDCG@10 for both DL’19 (+1.6%) and DL’20 508

(+2.1%). Similarly, in the zero-shot evaluation 509
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(Table 2), the O1 Embedder outperforms its coun-510

terpart across all datasets, achieving an average511

nDCG@10 score of 61.4, 2.3 points higher than512

the O1-E w/o T. This performance boost can be513

attributed to the thinking mechanism, which al-514

lows the model to generate additional contextual515

information during the encoding process. By in-516

corporating this supplementary information, the517

model enhances its understanding of the user’s518

query, leading to more accurate and effective re-519

trieval. Additionally, it is worth noting that even in520

its "fast" mode (represented by O1-E w/o T), the521

model achieves results comparable to those of Re-522

pLLaMA. This highlights that our model maintains523

competitive retrieval performance, even without524

the generated thought, underscoring its flexibility525

and adaptability.526

3.5 One Model vs Seperate Model527

Seperate Model One Model
Base with T ∆ Base with T ∆

DL’19 74.3 72.4 -1.9 73.7 75.3 +1.6
DL’20 72.1 72.6 +0.5 72.3 74.4 +2.1

Trec-Covid 84.7 79.7 -5.0 84.5 85.6 +1.1
NQ 62.4 65.1 +2.7 62.9 66.8 +3.9

HotPotQA 68.5 71.7 +3.2 69.8 72.8 +3.0
FiQA 45.8 40.2 -5.6 45.0 46.6 +1.6

Touche 30.5 33.3 +2.8 33.8 36.7 +2.9
DBPedia 43.7 44.2 +0.5 44.4 47.3 +2.9
FEVER 83.4 85.5 +2.1 82.5 85.0 +2.5
SciFact 75.6 74.2 -1.4 75.8 77.4 +1.6
CosQA 32.3 33.0 +0.7 32.9 34.1 +1.2

Avg 61.2 61.1 -0.1 61.6 63.8 +2.2

Table 4: Exploration of joint training. With the joint
training of thinking and embedding ability, O1 embed-
der achieves a substantial improvement in retrieval per-
formance. In contrast, two seperate models leads to a
suboptimal performance due to the incompatibility of
the two modules. In this table, "Base" denotes retrieval
directly with query, "with T" denotes retrieval using the
query with thought, "∆" denotes the improvement.

To analyze the impact from joint training, we528

make analysis on whether existing retrieval models529

can make effective use of the generated thoughts530

in a training-free manner. For this purpose, we in-531

troduce a stand-alone generator for a well-trained532

retriever, which generates thoughts for its pre-533

sented queries. In our experiment, we leverage534

RepLLaMA as the retriever and GPT-4o-mini as535

the generator for our experiments.536

The results of this approach are shown in Table 537

4. While incorporating thoughts results in mild im- 538

provements on datasets like NQ and HotPotQA, it 539

causes declines on others, such as Trec-Covid and 540

FiQA. Overall, this approach leads to only minor 541

gains on some tasks but results in a slight decrease 542

of 0.1 in overall performance. In contrast, our 543

model consistently improves the retrieval perfor- 544

mance across all datasets. This suggests that, with 545

joint training, our model can better utilize the gen- 546

erated thoughts. The untrained RepLLaMA model, 547

however, appears to be negatively impacted by the 548

potential noise within the generated thoughts, lead- 549

ing to worse results, particularly in specialized do- 550

mains like Trec-Covid, FiQA, and SciFact. In brief, 551

the above observation indicates that our method 552

not only generates useful thoughts for retrieval, but 553

also learns to make effective use of the thoughts 554

through joint training. 555

4 Conclusion 556

In this paper, we introduce O1 Embedder, a novel 557

retrieval model that performs slow-thinking before 558

executing retrieval actions. This approach allows 559

the model to better understand the underlying in- 560

formation needs within the query, aiding in the 561

identification of semantic relevance for complex 562

retrieval tasks. Leveraging our tailored data pro- 563

duction method, we generate long-form thoughts 564

optimized for retrieval utility. Additionally, our 565

proposed multi-task training method effectively es- 566

tablishes both the model’s thinking and embedding 567

capabilities. We conduct comprehensive experi- 568

ments on popular evaluation benchmarks, and the 569

results demonstrate that O1 Embedder significantly 570

outperforms existing methods, achieving substan- 571

tial improvements in retrieval performance across 572

both in-domain, out-of-domain and complex task 573

scenarios. 574

Our work lays the foundation for future research 575

in advanced retrieval models with thinking capa- 576

bilities. Future directions include expanding the 577

thinking process to multi-round interactions, ex- 578

ploring lightweight distillation techniques, and ap- 579

plying the approach to other retrieval tasks. The O1 580

Embedder marks a promising paradigm for next- 581

generation IR systems, showcasing the potential 582

of integrating the classic dense retrieval methods 583

with large language models’ outstanding thinking 584

abilities. 585
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5 Limitations586

This work has several limitations. First, the effec-587

tiveness of O1 Embedder depends on the quality of588

the thoughts generated by the expert LLM, which589

may be noisy or less informative in specialized590

domains where the LLM lacks sufficient domain591

knowledge. Second, introducing the thinking pro-592

cess incurs additional inference-time cost, as multi-593

ple thoughts must be generated and encoded, which594

may limit applicability in latency-sensitive or large-595

scale retrieval settings; the current framework does596

not yet adaptively decide when slow-thinking is597

necessary. Finally, the thinking module is restricted598

to single-round, unstructured thoughts with a fixed599

mean pooling aggregation, leaving more expres-600

sive reasoning structures and adaptive aggregation601

strategies unexplored.602
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A Related Work 999

In this section, we make discussions on the related 1000

literature from two perspectives: the progress on 1001

dense retrieval, and the introduction of reasoning 1002

capability to LLMs. 1003

A.1 Dense Retrieval 1004

Dense retrieval has made significant strides in re- 1005

trieval precision, driven by the advancements in 1006

foundation models and training techniques. Early 1007

breakthroughs involved fine-tuning preliminary 1008

pre-trained models, such as BERT and RoBERTa 1009

(Devlin, 2018; Liu, 2019), for dense retrieval, 1010

which already demonstrated competitive perfor- 1011

mance compared to traditional methods like BM25. 1012

At the same time, the scope of dense retrieval 1013

was substantially expanded thanks to the adop- 1014

tion of multi-lingual (Izacard et al., 2022; Chen 1015

et al., 2024a) and multi-modal pre-trained models 1016

(Wei et al., 2024; Zhou et al., 2024). The intro- 1017

duction of more advanced training strategies, such 1018

as retrieval-oriented adaptation (Xiao et al., 2022; 1019

Liu et al., 2023; Wang et al., 2023a), hard negative 1020

mining (Xiong et al., 2020), batch size expansion 1021

(Qu et al., 2020), and knowledge distillation from 1022

cross-encoders (Hofstätter et al., 2021), has con- 1023

tinually contributed to the improvement of dense 1024

retrieval’s performance. 1025
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In addition to the improvement on retrieval ac-1026

curacy, it becomes increasingly emphasized to de-1027

velop multi-task retrievers for general-purpose re-1028

trieval applications. Recent studies showed that1029

the retrievers’ generalization ability can be sub-1030

stantially enhanced by scaling-up the training scale1031

(Su et al., 2022) and model architecture (Ni et al.,1032

2022). Based on these inspirations, people have1033

made significant expansion of pre-training and fine-1034

tuning tasks, leading to a series of popular re-1035

trievers for general-purpose applications, such as1036

BGE, E5, and GTE (Wang et al., 2022; Li et al.,1037

2023). Meanwhile, people also introduce large1038

language models (LLMs) as the retrievers’ back-1039

bones, which brings forth significant improvements1040

in retrieval performance. For example, RepLLaMA1041

presents a powerful dense retriever by directly fine-1042

tuning a pre-trained Llama (Wang et al., 2023b).1043

Llama2Vec further enhances RepLLaMA by incor-1044

porating unsupervised adaptation of the pre-trained1045

Llama (Li et al., 2024a). Promptriver (Weller1046

et al., 2024), built on RepLLaMA, equips the re-1047

trieval model with the capability to follow instruc-1048

tions. Methods like NV-Embed, ICL-Embedder1049

and Qwen-3-Embedding achieves additional im-1050

provement through continual training with exten-1051

sive fine-tuning data (Lee et al., 2024; Li et al.,1052

2024b; Zhang et al., 2025). Today, LLM-powered1053

retrievers have dominated nearly all major bench-1054

marks in IR-related evaluation.1055

Despite these remarkable advancements, exist-1056

ing methods are primarily designed for direct se-1057

mantic matching in popular applications like web1058

search and question-answering. They still face chal-1059

lenges with zero-shot retrieval in completely new1060

scenarios that differ significantly from their source1061

domains (Gao et al., 2022; Zhu et al., 2023). In1062

addition, they are insufficient for more complex1063

retrieval tasks which require intensive reasoning to1064

identify semantic relationships (Su et al., 2024).1065

A.2 LLMs’ Reasoning Ability1066

The reasoning capabilities of large language mod-1067

els (LLMs) have been significantly enhanced1068

with techniques that simulate human-like problem-1069

solving processes. A major breakthrough in this1070

area is Chain-of-Thought (CoT) (Wei et al., 2022),1071

which prompts LLMs to tackle complex problems1072

by decomposing them into multiple reasoning steps.1073

Building on this progress, the Self-Consistency1074

method improves reasoning robustness by sam-1075

pling multiple reasoning paths from the LLM and1076

selecting the final answer through majority vot- 1077

ing (Feng et al., 2024). For scenarios requiring 1078

more exploratory reasoning, the Tree of Thoughts 1079

(ToT) method (Yao et al., 2024) extends CoT by 1080

structuring the problem-solving process as a tree. 1081

At each node, the LLM generates candidate in- 1082

termediate steps, evaluates their feasibility, and 1083

backtracks from dead ends. Further advancing this 1084

paradigm, Graph of Thoughts (GoT) (Besta et al., 1085

2024) replaces the tree structure with a directed 1086

acyclic graph (DAG), enabling LLMs to merge 1087

or refine reasoning steps as needed. The reason- 1088

ing capability of large language models (LLMs), 1089

or the "think before action" workflow, represents 1090

a new paradigm that sets them apart from tradi- 1091

tional language models. In addition to the usual 1092

strategies of scaling model size, datasets, and train- 1093

ing computation (Kaplan et al., 2020; Hoffmann 1094

et al., 2022), the expansion of inference computa- 1095

tion, or test-time scaling (Wu et al., 2024; Chen 1096

et al., 2024b; Sardana et al., 2023), becomes an- 1097

other important factor in driving the improvement 1098

of LLMs. This capability has been significantly en- 1099

hanced and showcased by recent reasoning-capable 1100

LLMs, such as OpenAI’s O1 and O3, DeepSeek’s 1101

R1 (Guo et al., 2025), and Gemini 2.0/3.01. These 1102

models adopt a "slow-thinking" approach when 1103

handling complex problems: instead of providing 1104

an immediate answer, they first generate verbose, 1105

structured reasoning before arriving at a final so- 1106

lution. This method has allowed LLMs to achieve 1107

elite-level performance in areas like coding and 1108

mathematical proofs. 1109

The reasoning capability also offers a significant 1110

advantage in addressing the challenges posed by 1111

traditional retrieval methods. However, current 1112

embedding models primarily focus on generating 1113

discriminative data representations, which leaves 1114

the development of reasoning capabilities largely 1115

unexplored. 1116

B Experimental Settings 1117

B.1 Datasets 1118

O1 embedder is trained by the thought-augmented 1119

queries created from the MS MARCO (pas- 1120

sage retrieval) dataset (Bajaj et al., 2018). 1121

The well-trained model is evaluated based on 1122

in-domain, out-of-domain and complex tasks 1123

datasets. For in-domain evaluation, we utilize 1124

1https://deepmind.google/technologies/gemini/flash-
thinking/
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MS MARCO (dev), TREC DL19 (Craswell et al.,1125

2020), and TREC DL20 (Craswell et al., 2021)1126

datasets. For out-of-domain evaluation, we in-1127

corporate the following eight question-answering1128

datasets from BEIR (Thakur et al., 2021), in-1129

cluding SciFact (Wadden et al., 2020), TREC-1130

COVID (Voorhees et al., 2021), DBpedia (Ha-1131

sibi et al., 2017), NQ (Kwiatkowski et al., 2019),1132

HotPotQA (Yang et al., 2018), FiQA (Maia1133

et al., 2018), Touche (Bondarenko et al., 2020),1134

FEVER (Thorne et al., 2018), along with a popu-1135

lar dataset on code-search: CosQA (Huang et al.,1136

2021). For complex tasks, we ultilize Bright-1137

StackExchange dataset (Su et al., 2025). This1138

dataset contains seven challenging tasks, includ-1139

ing difficult problems in biology, physics, coding,1140

and other fields. Furthermore, this dataset does not1141

contain any training data, so it relies entirely on1142

the model’s zero-shot capability to retrieve relevant1143

documents. All of these datasets consist of asym-1144

metric retrieval tasks, where the query and docu-1145

ment are presented in very different forms. As a re-1146

sult, the relationships between query and document1147

can be more effectively identified through appropri-1148

ate reasoning. We exclude common paraphrasing1149

datasets, such as Quora, as they only involve simple1150

similarity comparisons. Following prior works (Ma1151

et al., 2024; Weller et al., 2024; Muennighoff et al.,1152

2024), we use MRR@10 and Recall@1k as met-1153

rics for MS MARCO-related tasks, and NDCG@101154

for other datasets. Evaluations on o.o.d. datasets1155

strictly adhere to the BEIR protocol, which pro-1156

hibits task-specific fine-tuning.1157

B.2 Baselines1158

We choose a wide variety of popular retrievers as1159

our baselines, such as BM25, a commonly used1160

sparse retrieval method, and ANCE (Xiong et al.,1161

2020), TAS-B (Hofstätter et al., 2021), coCon-1162

denser (Gao and Callan, 2022), SimLM (Wang1163

et al., 2023a), which fine-tune BERT-based pre-1164

trained models using MS MARCO dataset. We also1165

compared some classic query expansion methods:1166

HyDE (Gao et al., 2022) and query2doc (Wang1167

et al., 2023c). This method uses an external large1168

model for query expansion to generate possible1169

candidate documents. In addition, We introduce1170

the LLM-based methods, including RepLLaMA1171

(Wang et al., 2024), Promptriver (Weller et al.,1172

2024). RepLLaMA fine-tunes a pre-trained LLM1173

on MS MARCO, resulting in superior retrieval per-1174

formance across various downstream tasks. While1175

Promptriever builds on RepLLaMA by enhanc- 1176

ing the model’s instruction-following capabilities, 1177

which further improves the retrieval performance 1178

on top of tailored prompts. Both LLM-based meth- 1179

ods are fine-tuned from the same pre-trained back- 1180

bone (Llama-2-7B) as our default setting, thus en- 1181

suring a fair comparison in terms of model scale. 1182

Note that we exclude several other popular retriev- 1183

ers from our O.O.D. evaluation on BEIR bench- 1184

mark, including BGE (Xiao et al., 2024), E5 (Wang 1185

et al., 2022), M3 (Chen et al., 2024a), and recent 1186

LLM-based methods like E5-Mistral (Wang et al., 1187

2023b), GRITLM (Muennighoff et al., 2025), ICL- 1188

Embedder (Li et al., 2024c), and NV-Embed (Lee 1189

et al., 2024). These models utilize significantly 1190

more training data beyond MS MARCO (the only 1191

training dataset used by our method and our in- 1192

cluded baselines), many having strong overlaps 1193

with the evaluation tasks on BEIR. This overlap 1194

makes it difficult to assess zero-shot retrieval per- 1195

formance in out-of-distribution (o.o.d.) settings. 1196

B.3 Implementation Details 1197

During the data preparation stage, we leverage 1198

a powerful open-source LLM: Llama-3.1-70B- 1199

Instruct2, to generated the candidate thoughts. We 1200

employ BM25, BGE-EN-large-v1.5, GTE-large, 1201

and Stella-EN-1.5B-v5, to serve the retrieval com- 1202

mittee. The evaluation is primary made based on a 1203

Llama-2-7B backbone (Touvron et al., 2023), with 1204

other alternative LLMs analyzed in the extended 1205

study. The training process follows RepLLaMA’s 1206

recipe (Ma et al., 2024), where all projection layers 1207

(q_proj k_proj v_proj o_proj gate_proj down_proj 1208

up_proj) of the LLM are fine-tuned via LoRA, with 1209

rank set to 32 and alpha set to 64. We used BF16 1210

for training, with learning rate set to 1×10−4. The 1211

training process takes place on 8xA800 GPUs, with 1212

a batch size set to 64 (8 per-device). We introduce 1213

15 hard negatives for each query. The maximum 1214

query length was set to 32, and the maximum pas- 1215

sage length was set to 192. The max tokens were 1216

set to 256 for thought generation. 1217

C Memory-Efficient Joint Training 1218

During training, we employ a memory-efficient 1219

joint training strategy that shares query encodings 1220

between the thought generation and contrastive 1221

learning tasks(See Section 2.3.3). Table 5 show 1222

2https://huggingface.co/meta-llama/Llama-3.1-70B-
Instruct
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the specific experimental data of the strategy to1223

save GPU memory.1224

Setting Share query No share

Qwen1.5B/BS=64 19.1G 27.8G

Table 5: GPU memory consumption comparison be-
tween joint training with and without query encoding
sharing.

D Robustness1225

In this section, we verify the robustness of our1226

method from two perspectives. First, we implement1227

our method based on different pre-trained architec-1228

tures, including Llama, Mistral, Qwen. Second,1229

we also introduce LLMs of different sizes (ranging1230

from 0.5B to 8B) for evaluation.1231

In-Domain o.o.d.
MS MARCO DL’19 DL’20 AVG

Llama-2-7B 43.1 75.3 74.4 61.4
Mistralv0.3-7B 43.5 77.0 75.6 61.4
Llama-3.1-8B 43.5 76.2 74.5 61.6
Qwen2.5-7B 43.3 76.4 74.7 61.2
Qwen2.5-3B 42.5 76.3 74.5 60.3

Qwen2.5-1.5B 41.9 74.0 73.5 58.7
Qwen2.5-0.5B 40.5 73.6 71.4 55.4

Table 6: The impact from using different backbone
models of variant pre-trained architectures and model
sizes. O1 Embedder well maintains a strong perfor-
mance throughout these settings.

Impact of different model backbone. The pre-1232

vious experiments primarily used Llama-2-7B as1233

the backbone, which is consistent with RepLLaMA1234

and promptriever. To verify the generalizability1235

of our approach, we repeat the same experiment1236

with implementations on different backbone LLMs.1237

The results in Table 6 demonstrate our effective-1238

ness across different settings. Notably, our ap-1239

proach well maintains a strong retrieval perfor-1240

mance in both in-domain and out-of-domain evalu-1241

ations. This observation suggests that our method1242

is generally effective with various architectures,1243

regardless of their difference in pre-trained capabil-1244

ities.1245

Impact of different model sizes. We can also1246

clearly observe the significant impact of model1247

size on performance in Table 6. As the size of the1248

Qwen2.5 models decreases, there is a noticeable1249

drop in effectiveness across all evaluated datasets. 1250

While the 3B model performs similarly to the 7B 1251

model, further reductions in size lead to more pro- 1252

nounced performance declines. This is partly be- 1253

cause larger models tend to have better generaliza- 1254

tion capabilities, benefiting from training on more 1255

extensive corpora during pre-training. It’s worth 1256

noting that even a 1.5B model, through retrieval 1257

with thought, performs comparably to the 7B Re- 1258

pLLaMA, which further highlights the advantage 1259

of our approach. 1260

E Algorithm 1261

Algorithm 1 Data Production Process
Require:

Query-document dataset D = {(qi, di)}N
Teacher model for generating thoughts LLM
Retrieval models R = {r1, r2, ..., r|R|}
Example count m, candidate thoughts k
Prompt tamplate: PROMPT, Instruction: Ins
Functions:

• SAMPLEEXAMPLES: Samples m exam-
ples from D

• σr: Similarity score function of Retrieval
model r

• VOTING: majority voting function
Ensure:

Enhanced dataset D̂ = {(qi, ti, di)}N
1: Initialize D̂ ← ∅
2: for each (qi, di) ∈ D do
3: for j = 1 to k do
4: E ← SAMPLEEXAMPLES(D)
5: P ← PROMPT.format(Ins,E, qj)
6: tj ← LLM.generate(P )
7: end for
8: for j = 1 to |R| do
9: t∗r ← ARGMAX({σr(tj , d)}j=1...k)

10: end for
11: ti ← VOTING(t∗r)r∈R
12: D̂ ← D̂ ∪ {(qi, ti, di)}
13: end for
14: return D̂

The Algorithm 1 outlined in the Data production 1262

process in section 2.2. For each query-document 1263

pair (qi, di) in the dataset, the algorithm first sam- 1264

ples m examples from D to create a prompt, which 1265

includes specific instructions. It then generates 1266

k candidate thoughts tj by formatting the prompt 1267

with the sampled examples. Next, for each retrieval 1268

15



model r, it calculates the similarity scores between1269

the candidate thoughts and the document di, select-1270

ing the thought with the highest score as t∗r . Fi-1271

nally, the algorithm aggregates these top thoughts1272

through a majority voting mechanism to determine1273

the final thought ti. The enhanced dataset D̂ is1274

then constructed, consisting of the original queries,1275

the generated thoughts, and their corresponding1276

positive documents.1277

F Theoretical Analysis1278

We conduct a brief theoretical analysis to illustrate1279

the effectiveness of the O1 Embedder. Given a1280

query q and its relevant document d, their normal-1281

ized embeddings are denoted by vq and vd, respec-1282

tively. The O1 Embedder generates k thoughts1283

{ti}ki=1, each of which is encoded into a corre-1284

sponding normalized embedding vti =M.enc(ti).1285

To obtain the thought-augmented query embedding,1286

each thought ti is concatenated with the original1287

query q to form a query-thought pair (q, ti), which1288

is then encoded into a vector. Then a mean pooling1289

operation is applied over the resulting embeddings1290

to get the final embedding:1291

v̂q =
1

k

k∑
i=1

M.enc(q, ti).1292

Since each thought is generated by a fine-tuned1293

generator, its relevance to the relevant document is1294

guaranteed. Therefore, we propose the following1295

hypothesis:1296

Hypothesis 1 (Thought Alignment Hypothesis).1297

There exists a constant κ > 0 such that for every1298

generated thought ti, its embedding satisfies1299

⟨vti ,vd⟩ ≥ κ, ∀i = 1, . . . , k.1300

Motivated by empirical observations that1301

transformer- based encoders exhibit a degree of1302

linearity in their latent spaces, the encoding func-1303

tionM.enc(·) is assumed to approximately satisfy1304

a linear compositionality property with respect to1305

concatenation, such that the embedding of the con-1306

catenated text (q, ti) can be well approximated by a1307

convex combination of the individual embeddings:1308

M.enc(q, ti) ≈ λvq + (1− λ)vti , λ ∈ (0, 1),1309

where λ reflects the relative contribution of the1310

original query embedding within the concatenated1311

representation. Based on this, we make the follow-1312

ing hypothesis about the final thought-augmented1313

query embedding:1314

Hypothesis 2. The thought-augmented query em- 1315

bedding, aggregated over k thoughts, can be ap- 1316

proximated as 1317

v̂q =
1

k

k∑
i=1

M.enc(q, ti) ≈ λvq+(1−λ)·1
k

k∑
i=1

vti . 1318

Theorem 1 (Similarity Boost from Thought Aug- 1319

mentation). Under Hypothesis 1 and Hypothesis 2, 1320

it holds that 1321

⟨v̂q,vd⟩−⟨vq,vd⟩ ≥ (1−λ) (κ− ⟨vq,vd⟩)−O
(
1

k

)
. 1322

Proof. By linearity of the inner product, we have 1323

⟨v̂q,vd⟩ − ⟨vq,vd⟩ = v̂⊤
q vd − v⊤

q vd

≈

(
λvq + (1− λ) · 1

k

k∑
i=1

vti

)⊤

vd − v⊤
q vd

= (1− λ)

(
1

k

k∑
i=1

⟨vti ,vd⟩ − ⟨vq,vd⟩

)

≥ (1− λ) (κ− ⟨vq,vd⟩)−O
(
1

k

)
.

1324

1325

The above analysis explains why the O1 Embed- 1326

der improves retrieval performance: by augmenting 1327

the original query with thoughts closely aligned 1328

to the target document, the resulting embedding 1329

achieves higher similarity with relevant documents. 1330

The guaranteed relevance of each thought ensures 1331

that meaningful semantic information is injected. 1332

As more high-quality thoughts are added, approxi- 1333

mation error decreases, leading to more stable and 1334

consistent similarity gains. 1335

G Prompts 1336

Table 7 shows the example of complete prompts 1337

and the response of the teacher model used to gen- 1338

erate the training data. For each specific query, we 1339

randomly select 3 query and positive document pair 1340

to form the in-context examples. During the data 1341

generation process, we found that a significant por- 1342

tion of the responses duplicated the query provided. 1343

So we add "Don’t repeat the query, just give the 1344

response." in the system prompts. 1345

H Case Study 1346

In Table 8, we demonstrate an example of the 1347

generated thought and the ground-truth document 1348
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System Prompt
You are a helpful assistant. Your anwer should
be follow the task description. Do not ask the
user for further clarification. Don’t repeat the
query, just give the response.
User Prompt
Task:
Think about a plausible response to address
the query

Examples:
Query: love ranch movie cast
Response: Love Ranch Love Ranch. Love
Ranch is ...<omit>

Query:
what does physical medicine do
Response:
Response
Physical medicine, also known as physiatry, is
a branch of medicine that focuses on helping
patients with physical disabilities or impair-
ments to achieve maximum function and inde-
pendence. Physiatrists, or physical medicine
doctors, use a multidisciplinary approach to
diagnose and treat a wide range of conditions,
...<omit>

Table 7: Example of the Prompt and the Response of the
teacher model for data generation. For presentation pur-
poses, we use <omit> to omit the long documentation
in the example.

to a complex multi-hop query. In this case, the1349

query asks about Martin Luther King’s age upon1350

his admission to college. Our thought generated1351

effectively uncovers useful contextual information,1352

highlighting that King was admitted to Morehouse1353

College at the age of 15 in 1944. This generated1354

content not only answers the query directly but also1355

enriches the context by providing additional details1356

about the college and the timeframe of his atten-1357

dance. By generating such useful patterns, the1358

embedding model can obtain crucial informa-1359

tion related to the query, which results in a more1360

precise retrieval result.1361

To better understand why thought can better help
with retrieval, we further analyzed the attention
scores of the model for the simple example in Ta-
ble 9. We calculate the attention weight of the

Query: what age was martin luther king when
he was admitted
Thought: Martin Luther King Jr. was admit-
ted to Morehouse College in Atlanta, Geor-
gia at the age of 15. He attended the college
from 1944 to 1948, where he earned a Bache-
lor of Arts degree in sociology.
Positive Doc: Dr. Martin L. King, Jr. and His
Mentors: A Message for America Today If it
was not for Benjamin Mays... Benjamin Mays
was the president of Morehouse College in
Atlanta when he met Martin Luther King, Jr.
In 1944, Martin Luther King was admitted to
the college at age 15. ...

Table 8: Examples of the original query, thinking con-
tent and the positive document. The similar patterns be-
tween gnenrated content and the groundtruth are marked
in green.

Query: Hayden is a singer-songwriter from
Canada, but where does Buck-Tick hail from?
Thought: Buck-Tick is a Japanese rock
band, and its members are from various parts
of Japan and their music is a unique blend of
alternative rock, gothic rock, and visual kei
styles.
Positive Doc: Buck-Tick Buck-Tick (stylized
as BUCK-TICK) is a Japanese rock band,
formed in Fujioka, Gunma in 1983. The group
has consisted of ...

Table 9: Another Example from HotPotQA (zero-shot).

<emb> token with each token tj in the thought:

emb_att(tj) =
∑
i

exp (qi<emb> · kij)∑|L|
l=1 exp (q

i
<emb> · kil)

where qi<emb> and kij are the "query" vector and 1362

the jth token’s "key" vector of the ith attention 1363

head. |L| is the total length of input sequence. 1364

To enhance the clarity of our findings, we present 1365

the top 20 attention scores from the "<emb>" to- 1366

ken in the generated thought, illustrated in Fig- 1367

ure 4. The results reveal that the model assigns 1368

high scores to similar patterns found between the 1369

thought and the positive document, indicating its 1370

effectiveness in recognizing and focusing on rele- 1371

vant generated patterns. Notably, the word "Japan" 1372

emerges with the highest attention score, despite 1373

not appearing in the original query. This highlights 1374

the critical role of the generated thought in the 1375
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Figure 4: Top 20 Attention score from <emb> token in
the thought

retrieval process, as it enables the model to supple-1376

ment essential information that may be absent from1377

the query.1378

In addition, we present another case from1379

CosQA dataset demonstrating the capabilities of1380

O1 embedder in Table 10, to effectively generate1381

and retrieve relevant code snippet. The query posed,1382

"python check if a directory is writable" illustrates1383

a common programming challenge. The O1 em-1384

bedder responds by generating a comprehensive1385

thought that not only provides a direct solution1386

using the os.access() function but also includes1387

an example code snippet. This case highlights1388

the model’s ability to synthesize information and1389

present it in an accessible format, thereby aiding1390

more accurate query representation. Additionally,1391

the thought generated by the model incorporates1392

alternative methods, such as verifying if the path1393

is indeed a directory before checking write permis-1394

sions. This demonstrates the O1 embedder’s depth1395

of understanding by providing multiple approaches1396

to the problem. Through this case, we illustrate that1397

the O1 embedder is capable of producing coherent,1398

contextually relevant outputs that significantly im-1399

prove the utility of code retrieval systems.1400

18



Query: python check if a directory is writable
Thought:
To check if a directory is writable in Python, you can use the os.access() function. This function
takes two arguments: the path to the directory and the mode you want to check (e.g. os.W_OK
for writing). If the directory is writable, the function returns True, otherwise it returns False.
Here’s an example:

import os
path = '/path/to/directory'
if os.access(path, os.W_OK):

print('The directory is writable')
else:

print('The directory is not writable')

Alternatively, you can also use the os.path.isdir() function to check if the path is a directory,
and then use the os.access() function to check the write permissions:

import os
path = '/path/to/directory'
if os.path.isdir(path) and os.access(path, os.W_OK):

print('The directory is writable')
else:

print('The directory is not writable')

Positive Doc:
def _writable_dir(path):

"""
Whether `path` is a directory, to which the user has write access.
"""
return os.path.isdir(path) and os.access(path, os.W_OK)

Table 10: An example of O1 Embedder solving a complex code retrieval problem.
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