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Abstract001

In this paper, we introduce MultiConIR, the002
first benchmark specifically designed to eval-003
uate retrieval models in multi-condition sce-004
narios. Unlike existing datasets that primarily005
focus on single-condition queries from search006
engines, MultiConIR captures real-world com-007
plexity by incorporating five diverse domains:008
books, movies, people, medical cases, and legal009
documents. We propose three tasks to system-010
atically assess retrieval and reranking models011
on multi-condition robustness, monotonic rel-012
evance ranking, and query format sensitivity.013
Our findings reveal that existing retrieval and014
reranking models struggle with multi-condition015
retrieval, with rerankers suffering severe per-016
formance degradation as query complexity in-017
creases. We further investigate the performance018
gap between retrieval and reranking models,019
exploring potential reasons for these discrep-020
ancies. Finally, we highlight the strengths of021
GritLM and Nv-Embed, which demonstrate en-022
hanced adaptability to multi-condition queries,023
offering insights for future retrieval models.024

1 Introduction025

Information retrieval (IR) systems are critical for026

helping users find relevant information across027

various domains. Traditionally, these systems028

match queries to documents using lexical simi-029

larity (Carpineto and Romano, 2012; Ponte and030

Croft, 2017). Recent advances in Dense Re-031

trieval have significantly improved retrieval effec-032

tiveness by encoding queries and documents into033

embeddings, capturing deeper semantic relation-034

ships (Karpukhin et al., 2020; Zhan et al., 2021).035

These retrieval systems are highly effective when036

the relationship between the query and document037

is simple and direct (Su et al., 2024). However,038

as user needs become more complex—especially039

in real-world scenarios—retrieval systems increas-040

ingly struggle to capture the full range of user in-041

tent (Zhu et al., 2023; Su et al., 2024).042

Figure 1: From single-condition to multi-conditional
retrieval. Standard retrieval relies on single-condition queries,
while instruction-following retrieval enhances queries with
explicit instructions. Traditional SQL-based filtering handles
predefined attributes, whereas real-world multi-condition re-
trieval involves queries specifying multiple conditions, which
can be attribute-level or semantic-level.

A significant challenge in information retrieval 043

arises with multi-conditional queries, where users 044

specify multiple requirements simultaneously, as 045

illustrated in Fig 1. Whether searching for a movie 046

with specific attributes or selecting a product that 047

meets various criteria, multi-conditional search has 048

become an integral part of modern information- 049

seeking behavior. Traditional IR systems handle 050

such scenarios using structured filtering mecha- 051

nisms, such as SQL-based queries that retrieve in- 052

formation from backend databases based on prede- 053

fined conditions (e.g., release year, genre). How- 054

ever, this approach is inherently rigid and limited, 055

as it relies on explicitly defined attributes and lacks 056

the flexibility to accommodate evolving or diverse 057

user preferences. As a result, it struggles to support 058

nuanced or semantic-level queries that go beyond 059

structured data filtering. 060

The advent of Large Language Models (LLMs) 061

has enhanced IR by introducing instruction- 062

1



following capabilities (Asai et al., 2023; Weller063

et al., 2024a; Oh et al., 2024). This approach064

augments standard queries with explicit instruc-065

tions, which serve as additional constraints to re-066

fine search results, as shown in Fig.1. Despite067

these advancements, existing evaluation bench-068

marks remain predominantly focused on single-069

condition queries and binary relevance assess-070

ments—classifying documents as either relevant or071

irrelevant (Nguyen et al., 2016; Kwiatkowski et al.,072

2019; Muennighoff et al., 2022)—thus overlook-073

ing the nuanced challenges of multi-conditional074

queries, where relevance depends on the degree to075

which multiple conditions are satisfied.076

An ideal multi-conditional retrieval system077

should exhibit the following properties: (1) Com-078

plexity Robustness: The system should maintain079

high performance regardless of query complexity080

(i.e., the number of conditions specified); (2) Rele-081

vance Monotonicity: The relevance scores should082

scale monotonically with the number of matched083

conditions; for example, a document matching all n084

conditions should be ranked higher than one match-085

ing n − 1; (3) Format Invariance: The system086

should yield consistent results regardless of the087

query format, whether presented as a structured list088

or as free-form natural language.089

Existing benchmarks do not offer a structured090

framework for evaluating multi-conditional re-091

trieval along these dimensions. To address this092

gap, we introduce MultiCondIR—the first bench-093

mark designed to comprehensively evaluate multi-094

conditional retrieval systems. Through systematic095

experiments on 12 state-of-the-art models (includ-096

ing dense retrievers, cross-encoders, and LLM-097

based agents), we uncover several critical insights:098

• Multi-Condition Struggle: Retrieval and099

reranking models degrade as the number of100

query conditions increases, struggling to dis-101

tinguish positives from hard negatives.102

• Monotonicity Failure: Models fail to main-103

tain a consistent ranking hierarchy, with per-104

formance declining when differentiating HNn105

from HNn−1.106

• Reranker Breakdown: While effective in107

single-condition tasks, rerankers struggle sig-108

nificantly in multi-condition retrieval and are109

more sensitive to query format variations.110

By quantifying these gaps, our work provides ac-111

tionable guidelines for developing IR systems that112

truly understand multi-conditional intent, laying 113

the groundwork for advancing IR toward human- 114

like reasoning in complex search scenarios. 115

2 Related Works 116

Retriever: From Sparse To Dense Traditional 117

sparse retrieval methods are based on BM25 118

(Robertson and Zaragoza, 2009), TF-IDF (Ramos 119

et al., 2003), etc., rely on keyword matching and 120

statistical weighting to evaluate relevance, which 121

suffers from the well-known issue of lexical gap 122

(Berger et al., 2000), restricting their ability to 123

effectively capture semantic relationships (Luan 124

et al., 2021; Nian et al., 2024). 125

Dense retrieval addresses this limitation by en- 126

coding both queries and documents as embeddings 127

within a joint latent space, where the semantic rela- 128

tionship is captured through the similarity scores 129

between their embeddings (Li et al., 2023a). Pre- 130

trained language models like BERT (Devlin et al., 131

2019) and T5 (Raffel et al., 2020), are widely used 132

as backbone encoders for dense retrieval (Li et al., 133

2023b; Sturua et al., 2024; Xiao et al., 2023). 134

Recent advancements have shown that LLMs of- 135

fer significant potential as backbone encoders for 136

dense retrieval (Wang et al., 2024a; Weller et al., 137

2024c; BehnamGhader et al., 2024). For instance, 138

Repllama (Ma et al., 2023) enhanced retrieval per- 139

formance by fine-tuning Llama-2 to serve as dense 140

retrievers. GritLM (Muennighoff et al., 2024) uni- 141

fied text embedding and generation within a single 142

LLM. LLM2Vec (BehnamGhader et al., 2024) in- 143

troduced an unsupervised approach for transform- 144

ing decoder-only LLMs into dense retrievers. 145

Benchmarks In Complex Retrieval Tasks Ex- 146

isting datasets for information retrieval, such as MS 147

MARCO (Nguyen et al., 2016), Natural Questions 148

(Kwiatkowski et al., 2019), and MTEB (Muen- 149

nighoff et al., 2022), primarily focus on queries 150

sourced from search engines. The relationships be- 151

tween queries and documents are typically simple 152

and direct (Su et al., 2024). 153

Recent studies have expanded retrieval bench- 154

marks to address more complex scenarios. 155

Instruction-based datasets (Weller et al., 2024a; 156

Qin et al., 2024; Oh et al., 2024), for instance, 157

evaluate the instruction-following capabilities of 158

retrieval models by embedding explicit instructions 159

within queries to better represent users’ retrieval 160

intents. Furthermore, some works have assessed 161

retrieval models’ abilities to handle logical rea- 162
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soning tasks, including Boolean logic (Mai et al.,163

2024; Zhang et al., 2024c), negation (Zhang et al.,164

2024a; Weller et al., 2024b), and multi-hop reason-165

ing (Su et al., 2024). These efforts mark significant166

progress in increasing query complexity. However,167

while research in the generative modeling domain168

has explored the ability of LLMs to handle multi-169

constraint instructions (He et al., 2024; Ferraz et al.,170

2024; Zhang et al., 2024b), studies on retrieval171

models in multi-condition scenarios remain sparse.172

3 MultiConIR173

We introduce MultiConIR, a benchmark designed174

to evaluate the capacity of retrieval models to pro-175

cess multi-conditional queries. Formally, given176

a query qk composed of k conditions C =177

{c1, c2, . . . , ck} with k ∈ {1, . . . , 10}, we con-178

struct a structured retrieval setup consisting of:179

(1) Two query formulations, denoted as qinst
k180

and qdesc
k , where qinst

k corresponds to a structured181

instruction-style query, formally expressed as a tu-182

ple qinst
k = ⟨f, C⟩ where f is an explicit function183

describing retrieval constraints, and qdesc
k is a natu-184

ral language descriptive-style query, represented as185

an unstructured sequence about the same set C,186

(2) A positive document d+ that satisfies all k187

conditions, i.e., d+ |= C,188

(3) A sequence of hard negative documents189

{d0, d1, . . . , dk−1}, where each dj satisfies exactly190

j out of k conditions, formally expressed as dj |=191

{c1, . . . , cj} and dj ̸|= {cj+1, . . . , ck}.192

This controlled design enables a principled evalu-193

ation of multi-conditional retrieval along three fun-194

damental axes: (1) Complexity Robustness: The195

model’s retrieval effectiveness as k increases, mea-196

sured by its ability to distinguish d+ from dk−1; (2)197

Relevance Monotonicity: The extent to which the198

retrieval model enforces a strict ordering such that199

S(qk, dj) > S(qk, dj+1) for all j, ensuring that200

documents satisfying more conditions are ranked201

higher; and (3) Format Invariance: The stability202

of retrieval performance under transformations of203

query representation, quantified by discrepancies204

in ranking outcomes across query formats.205

3.1 Domain Selection206

MultiConIR was constructed from real-world207

datasets from five diverse domains: books, movies,208

people, medical cases, and legal documents. These209

domains were carefully chosen for their practi-210

cal significance and their intrinsic requirement211

for multi-condition retrieval. Books & Movies: 212

Queries in these domains often blend attribute- 213

based (e.g., a sci-fi movie) with narrative-based 214

(e.g., a story about time travel), requiring semantic 215

understanding beyond keyword matching. People: 216

Queries are often based on vague recollections or 217

specific but incomplete information about a person 218

(e.g., a Nobel laureate in Physics who studied black 219

holes) Medical Case & Legal Document: These 220

domains require fine-grained condition matching, 221

where case-based reasoning is essential (e.g., a pa- 222

tient with breathing issues and antibiotic allergies), 223

demanding models understand condition dependen- 224

cies, not just match isolated terms. 225

3.2 Dataset Construction Pipeline 226

To construct MultiConIR, we design a multi-step 227

data generation framework as shown in Fig. 2, this 228

pipeline is highly adaptable across multiple do- 229

mains, enabling the generation of queries and hard 230

negative (HN) documents that progressively sat- 231

isfy 1 to 10 conditions. To preserve dataset in- 232

tegrity and mitigate the generalization issues asso- 233

ciated with fully synthetic datasets (Li et al., 2023c; 234

Wang et al., 2024b), we employ LLM-based genera- 235

tion (GPT-4o) exclusively for modifying sentences 236

within hard negatives, rather than altering entire 237

documents.1 The data creation process consists of 238

the following steps, with detailed prompt templates 239

provided in Appendix B: 240

Step 1: Condition Sentence Extraction. To 241

capture the fine-grained constraints for multi- 242

condition retrieval, we prompt GPT-4o to extract 243

ten key sentences from each document, where 244

each sentence represents a distinct and semanti- 245

cally complete condition. To ensure robustness, 246

extracted sentences must be contextually relevant, 247

non-redundant, and representative of the docu- 248

ment’s core information. 249

Step 2: Query Generation. Given the extracted 250

condition sentences, we prompt GPT-4o to gener- 251

ate ten hierarchical queries (Query1 to Query10), 252

each incorporating an increasing number of condi- 253

tions (from 1 to 10). To enhance linguistic diversity, 254

queries are formulated in two distinct styles: (1) 255

Instruction-style (explicitly listing conditions in a 256

structured format). (2) Descriptive-style (embed- 257

ding conditions naturally within a coherent sen- 258

tence). 259

1Discussion about the challenges associated with fully
LLM-generated datasets can be found in Appendix E.1.
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Figure 2: MultiCon Dataset Construction Pipeline.

Step 3: Hard Negative Sentence Construc-260

tion. To create hard negatives, we prompt GPT-4o261

to modify extracted condition sentences into Hard262

Negative Sentences (HNS) that subtly deviate from263

the original meaning while preserving lexical plau-264

sibility. Unlike naive negation, these modifications265

introduce semantic shifts that retain fluency but fail266

to satisfy the original retrieval conditions, thereby267

making retrieval harder. We experimented with268

two approaches for HNS construction: one mod-269

ifies key information (applied to books, movies,270

medical cases, and legal documents), while the271

other retains keywords but adds dummy informa-272

tion (used for the people dataset). 2273

Step 4: HN Document Generation. To con-274

struct multi-condition retrieval datasets, we sys-275

tematically assemble documents: (1) Positive doc-276

uments: Composed of all ten original condition277

sentences, ensuring full query relevance. (2) Hard278

Negative documents d1 to d10: Generated by pro-279

gressively replacing 1 to 10 original condition sen-280

tences with their corresponding hard negative ver-281

sions, creating a continuum of relevance degrada-282

tion. This structured data generation ensures that283

each query condition incrementally refines docu-284

ment ranking, allowing for fine-grained retrieval285

performance assessment.286

3.3 Evaluation Metrics287

Complexity Robustness Queries range from288

query1 to query10, each progressively incorporat-289

ing 1 to 10 conditions. The candidate set comprises290

2The differences between these two approaches are dis-
cussed in Appendix E.2.

a Positive document that fully satisfies all condi- 291

tions and a HN1 document, which is derived from 292

the positive by modifying a single condition. 293

Complexity robustness is measured using Win 294

Rate (WR) under various k, defined as: 295

WRk =
1

N

N∑
i=1

1(S(qk, d
+) > S(qk, dk−1)), 296

where S(qi, d
+) and S(qi, d

−) denote similarity 297

scores for the positive document and hard negative. 298

Relevance Monotonicity The query is fixed as 299

query10 (containing all 10 conditions), while the 300

candidate set includes one positive and ten hard 301

negatives (d0−d9), each containing 0–9 conditions. 302

We evaluate performance using Win Rate be- 303

tween adjacent hard negatives: 304

WRk,k−1 =
1

N

N∑
i=1

1
(
S(q10, dk)

> S(q10, dk−1)
)
,

(1) 305

Format invariance. We compare two query for- 306

mats: (1) Instruction-style, which explicitly lists 307

conditions (e.g., Find a movie that meets the fol- 308

lowing conditions: 1. Action genre, 2. Directed by 309

James Cameron). (2) Descriptive-style, which in- 310

tegrates conditions into a natural query (e.g., Find 311

an action movie directed by James Cameron). 312

To quantify ranking variability between query 313

styles, we define the Flip Rate (FR): 314

FR =
1

N

N∑
i=1

1
(
1(Sinst(q10, dk) > Sinst(q10, dk−1))

̸= 1(Sdesc(q10, dk) > Sdesc(q10, dk−1))
)
,

315
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where Sinst and Sdesc denote similarity scores under316

instruction-style and descriptive-style queries. The317

indicator function returns 1 if the ranking order318

of positive and hard negative documents changes319

between query styles and 0 otherwise. A higher FR320

indicates greater sensitivity to query formulation.321

4 Experiments322

We evaluate 13 representative retrieval models from323

diverse architectures and varying model sizes, in-324

cluding one spare retrieval model: BM25 (Robert-325

son and Zaragoza, 2009); Two BERT-based326

retrieval models: gte-large-en-v1.5 (Li et al.,327

2023b) and jina-embeddings-v3 (Sturua et al.,328

2024); Seven LLM-based retrieval models: NV-329

Embed-v2 (Lee et al., 2024), bge-en-icl (Li330

et al., 2024), gte-Qwen2-7B-instruct (Li et al.,331

2023b), gte-Qwen2-1.5B-instruct (Li et al.,332

2023b), e5-mistral-7b-instruct (Wang et al.,333

2024a), GritLM-7B (Muennighoff et al., 2024),334

LLM2Vec (BehnamGhader et al., 2024); Three335

reranking models: bge-reranker-v2-m3 (Chen et al.,336

2024), bge-reranker-v2-gemma (Chen et al., 2024),337

FollowIR-7B (Weller et al., 2024a). Details of each338

model are provided in Appendix A.339

4.1 Results for Complexity Robustness340

Table 1 presents the average Win Rate scores341

for evaluating complexity robustness across five342

datasets, with individual dataset performances de-343

tailed in the Appendix D.1. To visualize how model344

performance evolves as the number of query condi-345

tions increases, we plot a line graph with Gaussian346

smoothing (window size = 1), as shown in Fig. 3.347

The results reveal several notable trends:348

Performance decline with increasing query con-349

ditions As the number of conditions in the query350

increases, the performance of both retrieval and351

reranking models declines. This suggests that with352

more conditions, models struggle to accurately353

distinguish between positives and HNs. Among354

all models, GritLM-7B exhibits the lowest perfor-355

mance degradation, declining by only 6.13% from356

Query1 to Query10. NV-Embed-v2 follows with a357

relatively low decline of 12.51%.358

Reranking models exhibit steeper performance359

drop Initially, reranking models outperform re-360

trieval models when queries contain fewer condi-361

tions. However, as the number of conditions in-362

creases, their performance declines more sharply.363

As shown in Table 1, at Query1, rerankers almost 364

outperformed all retrieval models. bge-reranker-v2- 365

gemma achieves a Win Rate of 91.07% at Query1 366

but drops to 56.09% at Query10, a drastic 34.98% 367

decrease. Similarly, bge-reranker-v2-m3 declines 368

from 87.14% to 44.87%, a drop of 42.27%, and 369

followIR shows a drop from 83.41% to 43.52%, 370

with a drop of 39.89%. According to Table 1, the 371

average Win Rate decline for rerankers reaches 372

39.05%, while for retrievers, it is 14.06%. 373

Sparse retrieval models show performance im- 374

provement Unlike dense retrievers and rerankers, 375

BM25’s performance improves with query com- 376

plexity, increasing from 28.59% (Query1) to 377

39.87% (Query10). This is likely due to its lex- 378

ical matching mechanism, where more query con- 379

ditions lead to greater lexical overlap with candi- 380

date documents, enhancing retrieval effectiveness. 381

However, BM25’s overall win rate remains lower 382

than dense retrievers, and positives rank below HNs 383

(win rate < 0.5), suggesting that hard negatives con- 384

sistently outrank positives. This may stem from 385

dataset construction, where queries and HNs were 386

generated or paraphrased by GPT-4o, potentially in- 387

troducing lexical bias. Appendix E further explores 388

challenges in using generated datasets. 389

4.2 Results for Relevance Monotonicity 390

Fig. 4 shows the trend of average Win Rate in the 391

multi-condition retrieval setting of Task 2. The 392

complete results, provided in Appendix D.2, evalu- 393

ate the model’s ability to differentiate the relevance 394

hierarchy among documents with varying condi- 395

tions. The findings reveal key insights: 396

Relevance monotonicity failure As documents 397

become increasingly hard (i.e., satisfying more con- 398

ditions in the query), retrieval and reranking models 399

struggle to distinguish between dk and dk−1, lead- 400

ing to a decline in Win Rate performance. This 401

failure emphasizes the challenge of preserving rel- 402

evance monotonicity in multi-conditional retrieval 403

settings and highlights a gap in current model ca- 404

pabilities when handling complex queries. 405

Sensitive to “ exact matches” and “ complete 406

mismatches” We observe a slight upward trend 407

at the end of win rate curves for most dense re- 408

trievers, likely due to their contrastive learning- 409

based training. Dense retrievers aim to pull query- 410

positive pairs closer while pushing negatives fur- 411

ther apart, which may weaken their ability to dis- 412
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Figure 3: Effect of Condition Quantity on Average Win Rate
(reflecting complexity robustness). Win Rate measures the
success rate of Positive over Hard Negatives as query conditions
increase. Blue lines represent Dense Retrievers; Green lines
represent Rerankers; Red line represents BM25.

Figure 4: Relevance Monotonicity Distinction. Win Rate
reflects the success rate between documents satisfying dif-
ferent numbers of conditions under a multi-condition query
(query10), i.e., dk vs. dk−1.

Model Query1 Query2 Query3 Query4 Query5 Query6 Query7 Query8 Query9 Query10 Decline

Spare Retriever

BM25 28.59 34 33.14 36.53 37.38 37.95 38.08 38.41 38.86 39.87 -11.28

Dense Retriever

jina-embeddings-v3 76.09 71.26 71.84 71.04 65.59 65.65 64.75 64.24 64.62 60.71 15.38
gte-large-en-v1.5 75.87 77.26 73.79 70.22 70.71 67.40 67.53 64.97 65.36 61.36 14.51

NV-Embed-v2 80.53 80.32 78.81 75.70 75.68 72.61 73.28 71.54 70.00 68.02 12.51
bge-en-icl 83.42 80.65 78.44 76.77 74.54 73.00 74.23 73.25 69.70 68.00 15.42

gte-Qwen2-7B-instruct 70.75 72.22 69.99 68.51 65.20 63.53 62.22 62.20 59.15 56.17 14.58
gte-Qwen2-1.5B-instruct 73.64 74.97 72.23 71.37 69.94 67.46 66.92 64.64 63.65 58.68 14.96

e5-mistral-7b-instruct 75.05 70.85 68.18 67.45 63.70 61.60 59.70 59.07 57.85 58.12 16.93
GritLM-7B 82.08 80.32 78.38 76.40 76.40 73.50 75.69 74.62 74.53 75.95 6.13
LLM2Vec 83.13 77.42 75.49 75.48 72.49 72.56 70.56 70.73 68.71 67.00 16.13

Reranker

bge-reranker-v2-m3 87.14 85.56 78.62 76.05 74.29 68.41 67.86 59.48 55.59 44.87 42.27
bge-reranker-v2-gemma 91.07 90.02 86.70 84.99 83.17 79.00 75.89 72.29 67.11 56.09 34.98

followIR 83.41 79.72 76.25 74.60 70.12 67.94 62.62 55.93 48.59 43.52 39.89

Table 1: Impact of increasing condition quantity in queries on average Win Rate (Task 1). The Decline reflects the
degree of Win Rate reduction from query1 to query10.

tinguish hard negatives, especially when HNn and413

HNn−1 are highly similar. In contrast, they per-414

form more reliably in clear-cut “exact match” or415

“complete mismatch” cases.416

4.3 Results for Format Invariance417

Table 2 presents the Flip Rate induced by query418

format variations. The results reveal that most mod-419

els exhibit a Flip Rate exceeding 10%, indicating420

a substantial impact of query formulation on re-421

trieval performance. BM25 achieves a Flip Rate of422

16.19%, which serves as a baseline for the lexical423

differences caused by query format variations.424

Dense retrieval models show relatively lower425

sensitivity to changes in query format, with Flip426

Rates ranging from 8% to 16%. Among them,427

GritLM-7B (8.21%), NV-Embed-v2 (9.12%), and428

LLM2Vec (9.78%) exhibit less variation, suggest-429

ing higher robustness to query styles.430

Model People Books Movies Medical Legal Avg.

Spare Retriever

BM25 14.86 17.88 16.84 19.25 12.14 16.19

Dense Retriever

jina-embeddings-v3 10.55 8.65 10.24 14.72 13.10 11.45
gte-large-en-v1.5 11.74 8.84 12.96 15.70 15.16 12.88

NV-Embed-v2 10.17 8.80 7.52 10.17 8.94 9.12
bge-en-icl 13.48 12.74 15.18 19.81 14.44 15.13

gte-Qwen2-7B-instruct 12.71 15.56 13.62 16.37 17.56 15.16
gte-Qwen2-1.5B-instruct 12.38 13.26 10.48 16.81 12.51 13.09

e5-mistral-7b-instruct 9.17 9.92 8.20 10.75 12.25 10.06
GritLM-7B 8.52 5.35 8.32 8.98 9.86 8.21
LLM2Vec 12.81 7.93 9.56 8.12 10.49 9.78

Reranker

bge-reranker-v2-m3 42.40 32.22 34.82 28.35 31.24 33.81
bge-reranker-v2-gemma 27.50 18.94 16.52 13.42 24.41 20.16

followIR 35.81 31.60 23.70 25.07 28.43 28.92

Table 2: Flip Rate for query format shift (Task 3). The Flip
Rate reflects the win rate reversal when switching the query
format from instruction-style to descriptive-style.

In contrast, reranking models show significantly 431

higher sensitivity to query format changes, with 432

Flip Rates exceeding 20%. The highest Flip Rate 433
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observed is 33.81% for bge-reranker-v2-m3, indi-434

cating that reranking models are more susceptible435

to changes in query formulation.436

5 Analysis437

5.1 Retrievers vs. Rankers438

In our experiments, we observed significant differ-439

ences in the performance of retrieval models and440

reranking models across the three tasks—retrieval441

models demonstrate greater robustness to query442

complexity, better preservation of relevance mono-443

tonicity, and stronger query format invariance com-444

pared to reranking models. We attempt to explain445

this from the perspectives of relevance computation446

mechanisms and attention mechanisms.447

Retrieval models: robustness induced by bidi-448

rectional attention and dual-encoder. Retrieval449

models typically employ a dual-encoder architec-450

ture, where queries and documents are indepen-451

dently encoded before computing their similarity452

using dot-product or cosine similarity. This inde-453

pendent computation ensures that the generation454

of query and document embeddings remains un-455

affected by each other. At the same time, bidirec-456

tional attention enables the model to capture the457

overall semantic meaning of the query better.458

Reranking models: sensitivity to query com-459

plexity. Unlike retrieval models, rerankers com-460

pute relevance by jointly processing the query and461

document as input. There are two main reranker462

architectures: (1) cross-encoders, which perform463

token-level relevance comparison through cross-464

attention (e.g., bge-reranker-v2-m3), and (2) gener-465

ative relevance estimation using LLM agents (e.g.,466

bge-reranker-v2-gemma and FollowIR). Both re-467

quire deep query-document interaction, making468

them more susceptible to input length variations.469

Our experiments reveal that in traditional single-470

condition retrieval tasks, rerankers outperform re-471

trieval models in ranking effectiveness. This sug-472

gests that rerankers are better at capturing query-473

document relevance when dealing with short and474

simple queries. However, as query complexity475

increases, the performance of rerankers deterio-476

rates more rapidly than retrieval models, eventually477

falling behind them. According to Table 1, the av-478

erage decline in Win Rate score for rerankers is479

39.05%, more than twice the average decline of480

retrieval models, which is 14.06%.481

These findings highlight a key limitation in ex- 482

isting reranking models: their reliance on fine- 483

grained query-document interactions becomes 484

a bottleneck in multi-condition scenarios. While 485

reranking models outperform retrieval models for 486

queries with fewer conditions, their effectiveness 487

diminishes as query complexity grows. 488

5.2 Effect Of Document Length 489

Figure 5 shows the impact of document length 490

(512 vs. 1024 words) on relevance monotonicity 491

in multi-condition retrieval, with full results in Ap- 492

pendix D.3. Figure 4 presents win rate results for 493

original documents (without length modification). 494

Comparing Figures 4 and 5, we find that increasing 495

document length does not change the overall trend 496

in Task 2: as hard negatives (HNs) become more 497

challenging, models struggle more to distinguish 498

relevance between documents satisfying k vs. k−1 499

conditions. This decline is more pronounced when 500

document length increases to 1024 words. 501

Rerankers exhibit greater sensitivity to docu- 502

ment length, as evidenced by a sharper decline 503

in win rate compared to retrieval models. This 504

phenomenon also explains the performance degra- 505

dation of rerankers—since they process both the 506

query and document together as input, their ar- 507

chitectures, whether cross-encoder-based or LLM- 508

based generative relevance estimation, struggle 509

with longer inputs, leading to a decline. 510

5.3 Robustness of GritLM and NV-Embed 511

GritLM and hybrid attention. GritLM ex- 512

hibits strong robustness in multi-condition retrieval, 513

likely due to its hybrid attention mechanism, which 514

integrates causal attention for generative tasks 515

and bidirectional attention for embedding learn- 516

ing. Prior research has shown that unidirectional 517

attention constrains a model’s ability to gener- 518

ate effective embeddings (Wang et al., 2020; Lee 519

et al., 2024). Recent studies have explored in- 520

troducing bidirectional attention to improve em- 521

bedding representations in LLMs. For instance, 522

LLM2Vec (BehnamGhader et al., 2024) introduces 523

a masked prediction task to warm-up the bidirec- 524

tional attention, while Nv-Embed (Lee et al., 2024) 525

removes causal attention masks during contrastive 526

learning. GritLM (Muennighoff et al., 2024) uti- 527

lizes a hybrid objective with both bidirectional rep- 528

resentation learning and causal generative training. 529

However, both LLM2Vec and NV-Embed discard 530

the causal attention mechanism after transforming 531

7



(a) Impact of document length (512 words) on retrieval (b) Impact of document length (1024 words) on retrieval

Figure 5: Effect of document length on retrieval performance. Figures (a) and (b) show the retrieval performance
when padding the document set to 512 words and 1024 words. We use repeated filler text, e.g., “The grass is green.
The sky is blue. The sun is yellow. Here we go. There and back again.”, following the setting in Wang et al. (2023).

the model into an embedding model, which may532

limit their ability to handle complex, constraint-533

heavy queries. In contrast, GritLM retains both534

causal and bidirectional attention, enabling fine-535

grained semantic modeling while preserving the536

structural understanding of multi-condition queries.537

This likely contributes to its superior adaptability538

in multi-condition retrieval.539

Nv-Embed and latent attention layer pooling.540

Nv-Embed exhibits suboptimal performance across541

most multi-condition retrieval tasks, which we at-542

tribute to its Latent Attention Layer pooling strat-543

egy. Common embedding methods include: 1)544

mean pooling, and 2) the last <EOS> token embed-545

ding. Mean pooling averages all token representa-546

tions to generate a global representation, but this547

approach can dilute critical information. In con-548

trast, last <EOS> token embedding relies solely on549

the final token, which introduces recency bias.550

Despite its overall suboptimal retrieval perfor-551

mance, Nv-Embed demonstrates notable robust-552

ness to increasing document length. Results in553

Appendix D.3 indicate that while most models554

suffer significant performance drops when docu-555

ment length expands from 512 to 1024 words, Nv-556

Embed not only maintains its performance but also557

achieves the highest average win rate at 1024 words.558

We hypothesize that this resilience stems from its559

latent attention layer pooling mechanism, which560

mitigates information loss more effectively than561

conventional pooling methods.562

Both methods offer distinct advantages: GritLM563

preserves bidirectional and causal attention, en-564

hancing reasoning capabilities in embeddings,565

while Nv-Embed’s pooling strategy prevents in-566

formation degradation, particularly in longer docu-567

ments. These complementary strategies contribute 568

to multi-condition retrieval, balancing semantic 569

richness, reasoning capacity, and information reten- 570

tion, offering insights for future model design. 571

6 Conclusion 572

In this paper, we introduce MultiConIR, the first 573

benchmark specifically designed to evaluate re- 574

trieval models in multi-condition scenarios. Un- 575

like existing datasets that primarily focus on single- 576

condition queries from search engines, MultiConIR 577

captures real-world complexity by incorporating 578

five diverse domains: books, movies, people, medi- 579

cal cases, and legal documents. 580

We propose three tasks to systematically assess 581

retrieval and reranking models on multi-condition 582

robustness, monotonic relevance ranking, and 583

query format sensitivity. Through extensive exper- 584

iments, we analyze model performance across ar- 585

chitectures and sizes, examining their ability to dis- 586

tinguish fine-grained conditions, preserve semantic 587

information, and adapt to contextual variations. 588

Our findings reveal that existing retrieval and 589

reranking models struggle with multi-condition re- 590

trieval, with rerankers suffering severe performance 591

degradation as query complexity increases. We 592

further investigate the performance gap between 593

retrieval and reranking models, exploring poten- 594

tial reasons for these discrepancies. Finally, we 595

highlight the strengths of GritLM and Nv-Embed, 596

which demonstrate enhanced adaptability to multi- 597

condition queries, offering insights for future re- 598

trieval models. 599
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Limitations600

While MultiConIR provides a novel benchmark601

for evaluating retrieval models in multi-condition602

scenarios, several limitations should be acknowl-603

edged. First, our dataset relies on automated query604

generation and hard negative creation, which may605

introduce biases in condition representation despite606

efforts to ensure accuracy. These biases could af-607

fect retrieval models’ ability to distinguish fine-608

grained differences. Second, our evaluation focuses609

on retrieval tasks and does not cover reasoning-610

based retrieval or interactive search scenarios. Real-611

world systems often incorporate reranking, user612

feedback, and hybrid retrieval, which are not ex-613

plicitly modeled. Lastly, our dataset does not fully614

consider query reformulation strategies or multi-615

turn retrieval, limiting its applicability to dynamic616

search environments. These limitations highlight617

the need for further research into multi-condition618

retrieval, particularly in addressing dataset biases,619

expanding evaluation scopes, and integrating re-620

trieval with realistic user interactions.621

Ethics Statement622

This study adheres to ethical standards in AI re-623

search, ensuring transparency and reproducibility624

in dataset construction and model evaluation while625

exclusively using publicly available pre-trained626

models for experiments. Dataset Considerations:627

MultiConIR is built from publicly available sources628

and does not contain sensitive or personally identi-629

fiable information. Given its inclusion of medical630

and legal documents, we apply strict data filtering631

and safety measures to respect model safety con-632

straints and prevent the generation of harmful or633

misleading content. Additionally, we recognize634

that automatically generated queries and hard neg-635

atives may introduce biases. Therefore, during636

dataset construction, we take measures to mini-637

mize the impact of inherent language model biases638

on retrieval tasks. MultiConIR aims to advance639

multi-condition retrieval research while ensuring640

data fairness and ethical compliance. We encour-641

age future research to further explore bias detection642

strategies in retrieval dataset, enhancing model fair-643

ness and reliability in diverse corpus environments.644
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A Details of Models870

For each model used in this paper, Table 3 provides details on model size, architecture, maximum input871

context length, and whether instructions is included.872

Model Size Architecture Instruction Max length

Sparse Retriever

BM25 (Robertson and Zaragoza, 2009) N/A Sparse No N/A

Dense Retriever

jina-embeddings-v3 (Sturua et al., 2024) 572M Encoder No 4K
gte-large-en-v1.5 (Li et al., 2023b) 434M Encoder No 8K
NV-Embed-v2 (Lee et al., 2024) 7.8B Decoder Yes 32K

bge-en-icl (Li et al., 2024) 7.1B Decoder Yes 32K
gte-Qwen2-7B-instruct (Li et al., 2023b) 7.6B Decoder Yes 131K

gte-Qwen2-1.5B-instruct (Li et al., 2023b) 1.5B Decoder Yes 131K
e5-mistral-7b-instruct (Wang et al., 2024a) 7.1B Decoder Yes 32K

GritLM-7B (Muennighoff et al., 2024) 7.2B Decoder Yes 4K
LLM2Vec (BehnamGhader et al., 2024) 7.5B Decoder Yes 8K

Reranker

bge-reranker-v2-m3 (Chen et al., 2024) 568M Cross-Encoder No 8k
bge-reranker-v2-gemma (Chen et al., 2024) 2.5B Decoder Yes 1k

followIR (Weller et al., 2024a) 7.2B Decoder Yes 4k

Table 3: Details of models used in experiments. We list the number of parameters of each model except the
sparse model (BM25). Regarding the model architecture, we distinguish between sparse models, dense models, and
rerankers. When known, dense models are further classified as Encoders or Decoders. Rerankers are categorized
into Cross Encoders and Decoders (LLM-based generative relevance scoring). Max length denotes the maximum
input length used for each model in the experiments. The Instruction column indicates whether instructions are
included in the retrieval process.

For Dense Retrieval models that require instructions (NV-Embed-v2, bge-en-icl, gte-Qwen2-7B-instruct,873

gte-Qwen2-1.5B-instruct, e5-mistral-7b-instruct, GritLM-7B, and LLM2Vec), we use the following874

instruction:875

“Given a domain retrieval query, retrieve documents that meet the specified conditions.”876

For LLM-based rerankers (bge-reranker-v2-gemma and followIR), we adopt the model’s default prompt.877

For example, bge-reranker-v2-gemma uses the following prompt:878

“Given a query A and a passage B, determine whether the passage contains an answer to the query by879

providing a prediction of either ‘Yes’ or ‘No’.”880

For models that do not require instructions, we directly input the query and document, such as jina-881

embeddings-v3, gte-large-en-v1.5, and bge-reranker-v2-m3.882

B Prompt Templates For Constructing MultiCon Dataset883

Table 4, 5, and 6 present the prompts used in Steps 1 to 3 for constructing our MultiCon dataset.884

For placeholders, {domain} ∈ {People, Books, Movies, Medical Case, Legal Document}. {do-885

main_features} specifies key attributes within a particular domain. In the medical case domain, {do-886

main_features} ∈ { patient symptoms, clinical diagnosis, drug allergies, family medical history, surgical887

details, postoperative outcomes, hospitalization duration, recovery status.} In the legal document domain,888

{domain_features} ∈ { case type, involved parties, court ruling, legal provisions, evidence summary,889

defense strategy. } In the movies domain, {domain_features} ∈ { summary, lead actors, release date,890

release area, genre, detailed plots. } In the books domain, {domain_features} ∈ { author, publication891
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year, genre, main content, detailed plots. } In the people domain, {domain_features} ∈ { profession, 892

nationality, notable achievements, social impact, related events. }

Task Prompt
Step 1: Condi-
tion Sentence Ex-
traction

I will provide you a document of {domain}, you should extract ten detailed
sentences that represent the key conditions the document satisfies.

Please adhere to the following guidelines:
- Extract fine-grained condition-related sentences relevant to {domain}, such as
{domain_features}.
- Do not paraphrase; use the original sentences from the document.
- Ensure each sentence is semantically intact and not conflict with the context.
- Format the output as an array, e.g., ["sentence1", "sentence2", ..., "sen-
tence10"].

Here is the document: {domain_document}.
Return array only.

Table 4: Prompt for GPT-4o to extract condition sentence (Step 1).

893

C Details And Examples Of The MultiCon Dataset 894

Table 7 presents the five domains and their source data used for constructing our MultiCon dataset. Tables 895

9, 10, 8, 11, and 12 illustrate examples from their respective domains. 896

D Complete Results 897

D.1 Complete Results Of Task1 898

Table 13, 14, 15, 16, and 17 present the complete results of Task 1 for the five datasets: People, Books, 899

Movies, Medical Case, and Legal Document. 900

D.2 Complete Results Of Task 2 901

Table 18 presents the experimental results of Task 2, where Win Rate reflects the success rate between 902

documents that satisfy different numbers of conditions under a multi-condition query (query10, which 903

contains ten conditions), i.e., dk vs. dk−1. 904

D.3 Complete Results Of Document Length 905

Table 19 and Table 20 present the effect of document length on retrieval performance, with documents 906

padded to 512 and 1024 words, respectively. We use repeated filler text, such as “The grass is green. 907

The sky is blue. The sun is yellow. Here we go. There and back again.”, following the setting in Wang 908

et al. (2023). The filler text is inserted between the original document sentences until the total text length 909

reaches 512 or 1024 words. 910

E Findings In Constructing MultiCon Dataset 911

E.1 The Use Of LLM-generated Data in Retrieval 912

In recent years, artificial datasets generated by LLMs have become a common practice for training 913

and evaluating retrieval models (Su et al., 2024; Lee et al., 2024; Weller et al., 2024a). For instance, 914

E5-Mistral (Wang et al., 2024a) rely entirely on LLM-generated datasets for fine-tuning. While this 915

approach can significantly expand training corpora, prior studies have highlighted its potential drawbacks, 916

including introducing inherit linguistic biases of the underlying LLMs (Shumailov et al., 2024), potentially 917

constraining the retrieval model’s performance and generalizability. Furthermore, purely artificial data 918
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Task Prompt
Step 2: Query
Generation
(Instruction-style)

I will provide you {num} condition-related sentences; formulate a retrieval
query for me.

Here are a few examples for reference:
- {Instruction-style example 1}
- {Instruction-style example 2}

Please adhere to the following guidelines:
- Each sentence represents a condition; with {num} sentences, the number of
conditions is {num}.
- The query should be instruction-style, explicitly listing all conditions. - Each
condition should be around 10 words.
- Make conditions concise, summarizing each sentence.
- You can paraphrase and modify keywords while maintaining meaning.

Here are the sentences: {info}.
Return one query only. Do not include extra information.

Step 2: Query
Generation
(Descriptive-style)

I will provide you {num} condition-related sentences; formulate a retrieval
query for me.

Here are a few examples for reference:
- {Descriptive-style example 1}
- {Descriptive-style example 2}

Please adhere to the following guidelines:
- Each sentence represents a condition; with {num} sentences, the number of
conditions is {num}.
- The query should be descriptive-style, integrating and describing all conditions
in natural language.
- Each condition should be around 10 words.
- Make conditions concise, summarizing each sentence.
- You can paraphrase and modify keywords while maintaining meaning.

Here are the sentences: {info}.
Return one query only. Do not include extra information.

Table 5: Prompt for GPT-4o to generate queries with varying conditions (Step 2).

often lacks the contextual richness and complexity found in real-world retrieval scenarios (Li et al., 2023c;919

Wang et al., 2024b), making it difficult to capture the actual needs of users’ queries accurately.920

During our dataset construction, we observed similar issues. When using LLM-generated transforma-921

tions to modify positive documents into hard negatives, the model often restructured expressions to fit922

its learned patterns, even when explicitly instructed to modify only a few condition-related words while923

keeping the rest unchanged. For example, in the legal documents dataset, a positive sentence like: “The924

defendant was convicted of fraud under Section 420 of the Penal Code and sentenced to five years in925

prison.” was frequently modified by the LLM into a generic pattern, such as: “The defendant was found926

guilty of fraud and received a prison sentence.”927

Similarly, in medical case documents, a sentence like: “The patient reported experiencing persistent928

chest pain and shortness of breath, leading to a diagnosis of angina.” was often transformed into a929

standardized version: “The patient was diagnosed with a heart condition after reporting chest pain.”930
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Task Prompt
Step 3: Hard
Negative Sentence
Making (For
Books, Movies,
Medical Case, and
Legal Document
Datasets)

I will provide you one query and one sentence, generate a modified sentence
for me.

Here are a few examples for reference:
Query: - {query}
Sentence: - {condition sentence}
Modified: - {hard negative sentence}

Please adhere to the following guidelines:
- Modify the sentence so that its meaning no longer aligns with the query.
- Keep key terms unchanged.
- Ensure the new sentence is semantically different from the original.

Here is the query: {query}.
Here is the Sentence: {information}.
Return only the modified sentence.

Step 3: Hard
Negative Sentence
Making (For
People Dataset)

I will provide you one query and one sentence, generate a modified sentence
for me.

Here are a few examples for reference:
Query: - Who is the American artist that went to RISD?
Sentence: - He went to RISD for graduate school.
Modified: - He went to ACCA for graduate school, but his sister went to RISD.

Please adhere to the following guidelines:
- Modify the sentence so that its meaning no longer aligns with the query.
- Keep key terms unchanged, but introduce dummy information to mislead the
retrieval model. For example, if the original sentence states, "He went to RISD
for graduate school," you can modify it to, "He went to ACCA for graduate
school, but his sister went to RISD," where the key term (RISD) remains but is
assigned to an irrelevant entity (his sister).
- Ensure the new sentence is semantically different from the original by using
different wording and synonymous substitution.
- The changed sentence should prevent the query from retrieving it as relevant
information.

Here is the query: {query}.
Here is the sentence: {information}.
Return only the modified sentence.

Table 6: Prompt for GPT-4o to modify the condition sentence to hard negative sentence (Step 3).

These modifications eroded the diversity and long-tail characteristics of real-world data, reducing the 931

fine-grained variability necessary for retrieval tasks. Instead of preserving rich domain-specific details, 932

LLM-generated transformations tended to normalize distinct cases into overly generic patterns, which 933

could misrepresent real-world retrieval challenges. 934

Empirical results further confirm the limitations of fully LLM-generated training data. The E5-Mistral 935

model, which relies entirely on synthetic data, performs the worst on MultiConIR. In Task 1, as shown 936

in Table 1, it exhibits the highest performance decline (16.93%) among retrieval models, and in Task 2, 937

as shown in Table 18, its average win rate (60.36%) is the lowest among retrieval models, trailing the 938
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Domain Records Source Data
People 420 People Wikipedia Dat(Mahajan, 2017)
Books 482 Books Dataset (Rustamov, 2021)
Movies 500 Wikipedia Movie Plots (Robischon, 2018)

Medical Case 479 Medical Cases (HPE AI Solutions, 2023)
Legal Document 426 LexGLUE (Chalkidis et al., 2022)

Table 7: Domain-specific Source Data References. The Records column indicates the number of data entries for
each domain in the MultiCon dataset.

second-worst model (Jina-Embeddings-V2) by 5%. These results reinforce the generalization challenges939

posed by fully synthetic datasets in retrieval tasks, highlighting the importance of incorporating real-world940

document structures and constraints in training data.941

To mitigate this, our pipeline minimizes document-wide modifications, instead restricting LLM inter-942

ventions to condition sentences only. This targeted approach preserves real-world data authenticity while943

introducing controlled semantic perturbations, ensuring that retrieval models are trained on meaningful944

and realistic hard negatives rather than fully synthetic documents.945

E.2 Impact of Different Hard Negative Construction Strategies946

To systematically examine the impact of hard negative sentence (HNS) construction on retrieval models,947

we experimented with two distinct approaches: (1) Key Information Modification – altering critical948

details while maintaining overall sentence structure (applied to books, movies, medical cases, and legal949

documents). (2) Keyword Retention with Dummy Information – keeping all original keywords intact950

while injecting irrelevant dummy information (used for the people dataset).951

A key objective of this study was to investigate how different HNS construction strategies affect retrieval952

difficulty. Our initial hypothesis was that the second approach (retaining keywords but adding dummy953

information) would pose a greater challenge for retrieval models, particularly Dense Retrievers, since hard954

negatives in this setting contain all the key terms present in positive documents.955

However, our experimental results contradicted this expectation. As shown in Fig.6 on the people956

dataset, Dense Retrieval models remained highly stable, demonstrating a strong ability to differentiate957

semantic nuances even when all keywords were retained. This suggests that Dense Retrieval primarily958

relies on contextual embeddings rather than simple keyword matching, allowing it to distinguish between959

truly relevant documents and distractors with superficial lexical overlap.960

In contrast, Reranker models exhibited a significant performance drop when dealing with dummy-961

information-based HNS. This suggests that Rerankers are more sensitive to this type of negative con-962

struction, likely due to their cross-encoder or generative architectures, which process both the query and963

document jointly. Since Rerankers typically assign scores based on fine-grained textual relevance, the964

presence of keyword overlap without genuine semantic alignment may mislead them more than Dense965

Retrieval models.966

These findings highlight important considerations for hard negative sampling in multi-condition retrieval.967

While Dense Retrievers appear robust to surface-level keyword retention, Rerankers are more vulnerable968

to semantically misleading negatives, suggesting that future retrieval pipelines should adapt negative969

sampling strategies based on the target retrieval model architecture.970
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Query 10 Positive HN 1
Find a notable individual who
meets these criteria:

1. Studies plasma mela-
tonin to assess biological
rhythm disorders.

2. Identified 25-hour circa-
dian rhythms in totally
blind individuals.

3. Worked at NIMH in
Bethesda, Maryland be-
fore 1981.

4. Collaborated closely
with Robert Sack in
Oregon.

5. Researches chronobio-
logic sleep and mood dis-
orders.

6. Graduated from Univer-
sity of Chicago in nine-
teen seventies with MD
and PhD.

7. Had around 90 publi-
cations on PubMed by
2005.

8. Is a full professor and
vice-chair of Psychiatry
at OHSU.

9. Focuses on bright light
exposure and melatonin
treatments.

10. Studies disorders like
winter depression, jet
lag, and shift work mal-
adaptation.

Relying on a very precise as-
say for plasma melatonin, a hor-
mone that has a clearly defined
24-hour pattern of secretion, bio-
logical rhythm disorders can be
assessed and their treatment can
be monitored. Totally blind in-
dividuals have 25-hour circadian
rhythms, drifting an hour later
each day unless they take a mela-
tonin capsule at a certain time ev-
ery day. Prior to moving to Ore-
gon in 1981, Lewy was at the Na-
tional Institute of Mental Health
(NIMH) in Bethesda, Maryland,
working with senior colleague
Thomas Wehr. In Oregon, he
has worked closely with Robert
L. Sack. He describes his re-
search as follows: ’My labora-
tory studies chronobiologic sleep
and mood disorders.’ Alfred J.
Lewy, aka Sandy Lewy, gradu-
ated from University of Chicago
in 1973 after studying psychia-
try, pharmacology, and ophthal-
mology. As of December 2005,
he had 94 publications available
on PubMed. He is a full pro-
fessor and vice-chair of the De-
partment of Psychiatry at OHSU
(Oregon Health Science Univer-
sity) and holds an MD and PhD.
Current research is focused on
developing bright light exposure
and melatonin administration as
treatment modalities for these
disorders. These disorders in-
clude winter depression, jet lag,
maladaptation to shift work,
and certain types of sleep dis-
turbances.

Relying on a very precise as-
say for plasma melatonin, a hor-
mone that has a clearly defined
24-hour pattern of secretion, bio-
logical rhythm disorders can be
assessed and their treatment can
be monitored. Totally blind in-
dividuals have 25-hour circadian
rhythms, drifting an hour later
each day unless they take a mela-
tonin capsule at a certain time ev-
ery day. Prior to moving to Ore-
gon in 1981, Lewy was at the Na-
tional Institute of Mental Health
(NIMH) in Bethesda, Maryland,
working with senior colleague
Thomas Wehr. In Oregon, he
has worked closely with Robert
L. Sack. He describes his re-
search as follows: ’My labora-
tory studies chronobiologic sleep
and mood disorders.’ Alfred J.
Lewy, aka Sandy Lewy, gradu-
ated from University of Chicago
in 1973 after studying psychiatry,
pharmacology, and ophthalmol-
ogy. As of December 2005, he
had 94 publications available on
PubMed. He is a full professor
and vice-chair of the Department
of Psychiatry at OHSU (Oregon
Health Science University) and
holds an MD and PhD. Current
research is focused on develop-
ing bright light exposure and
melatonin administration as treat-
ment modalities for these disor-
ders. These lifestyle changes ad-
dress issues like winter depres-
sion, jet lag, shift work mal-
adaptation, and certain types
of sleep disturbances.

Table 8: An example in domain of Famous People
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Query 10 Positive HN 1
Find a notable individual who
meets these criteria:

1. Details Bernie Madoff’s
$65B Ponzi collapse.

2. Covers the impact on na-
tional media.

3. Investigates Madoff’s
history of fraud.

4. Offers deep insight into
Madoff’s family.

5. Contains exclusive news
and material.

6. Includes Bernie’s Little
Black Book.

7. Features Madoff’s past
calendars.

8. Provides details on the
origins of his scam.

9. Includes cooperation
from Eleanor Squillari.

10. Reveals SEC connec-
tions to Madoff.

The collapse of Bernie Madoff’s
Ponzi scheme led to the instant
evaporation of $65 billion of
wealth. The effects of Mad-
off’s brazen fraud were felt most
closely in New York and Palm
Beach but the story was, and con-
tinues to be, front page news
across the country. Brian Ross
and his team of investigators shed
an unyielding light onto Mad-
off’s scheme–how he got started,
how he succeed for so long, who
helped him, and who shielded
him from early investigations.
This is an incisive and voyeuristic
look into this first family of finan-
cial crime. The Madoff Chroni-
cles includes a vast array of news
and material that readers won’t
find anywhere else. Contains a
reproduction of Bernie’s Little
Black Book. Ross has also se-
cured Madoff’s calendar for the
past three years and other never-
before-seen documents from in-
side the Madoff empire, straight
from his desk. Read key details
of how Madoff carried out his
scam and the revelation that he
began the fraud from almost the
first day, in the 1960s. Exten-
sive cooperation by Madoff’s per-
sonal assistant, Eleanor Squillari.
Contains incriminating connec-
tions between Madoff and cer-
tain members of the SEC.

The collapse of Bernie Madoff’s
Ponzi scheme led to the instant
evaporation of $65 billion of
wealth. The effects of Mad-
off’s brazen fraud were felt most
closely in New York and Palm
Beach but the story was, and con-
tinues to be, front page news
across the country. Brian Ross
and his team of investigators shed
an unyielding light onto Mad-
off’s scheme–how he got started,
how he succeed for so long, who
helped him, and who shielded
him from early investigations.
This is an incisive and voyeuristic
look into this first family of finan-
cial crime. The Madoff Chroni-
cles includes a vast array of news
and material that readers won’t
find anywhere else. Contains a
reproduction of Bernie’s Little
Black Book. Ross has also se-
cured Madoff’s calendar for the
past three years and other never-
before-seen documents from in-
side the Madoff empire, straight
from his desk. Read key details
of how Madoff carried out his
scam and the revelation that he
began the fraud from almost the
first day, in the 1960s. Exten-
sive cooperation by Madoff’s per-
sonal assistant, Eleanor Squillari.
Contains no documented com-
munications between Madoff
and SEC members.

Table 9: An example in domain of Book
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Query 10 Positive HN 1
Find a movie that matches all
conditions:

1. Originated from Ameri-
can.

2. Plot: Mrs. Lowe and
Black were lovers.

3. Plot: Terry carelessly
spends money.

4. Plot: Terry promoted to
ship foreman.

5. Cast: Mary Miles
Minter, Allan Forrest.

6. Plot: Julia Deep works
behind exchange desk.

7. Director: Lloyd Ingra-
ham.

8. Plot: Terry’s spending
takes a toll.

9. Plot: Lottie sees Terry
and Julia at park.

10. Release Year: 1918.

Origin/Ethnicity: American
Meanwhile, it is revealed Mrs.
Lowe and Black were once
lovers. He is spending his
money carelessly and doesn’t
put any time in paying the bills,
much to the dislike of the depart-
ment store owner Timothy Black.
Soon, Terry is promoted to a fore-
man on a ship.
Cast: Mary Miles Minter, Al-
lan Forrest Julia Deep is a young
woman working behind the ex-
change desk at a department
store.
Director: Lloyd Ingraham
After a while, Terry’s money
spending takes its toll. Lottie
gets distracted and does not no-
tice Terry and Julia at the park.
Release Year: 2022

Origin/Ethnicity: American
Meanwhile, it is revealed Mrs.
Lowe and Black were once
lovers. He is spending his
money carelessly and doesn’t
put any time in paying the bills,
much to the dislike of the depart-
ment store owner Timothy Black.
Soon, Terry is promoted to a fore-
man on a ship.
Cast: Mary Miles Minter, Al-
lan Forrest Julia Deep is a young
woman working behind the ex-
change desk at a department
store.
Director: Lloyd Ingraham
Eventually, Terry’s frugality
leads to financial growth. Lot-
tie gets distracted and does not
notice Terry and Julia at the park.
Release Year: 2022

Table 10: An example in domain of Movie

(a) Task1 on Peole dataset (b) Task1 on Legal dataset

Figure 6: Impact of different HNS construction strategies.
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Query 10 Positive HN 1
Find a case where the patient:

1. Underwent ascending
aortic arch angiogram.

2. Had left common carotid
artery angiogram.

3. Received right com-
mon carotid artery
angiogram.

4. Undergone left subcla-
vian artery angiogram.

5. Had right iliac an-
giogram with runoff.

6. Performed bilateral cere-
bral angiograms.

7. Experienced TIA and
moderate carotid steno-
sis.

8. Had 400 ml blood loss.

9. Provided informed con-
sent for the procedure.

10. Received a 6-French
sheath in the right
femoral artery.

PROCEDURE PERFORMED:
1. Selective ascending aortic arch
angiogram. 2. Selective left com-
mon carotid artery angiogram. 3.
Selective right common carotid
artery angiogram. 4. Selective
left subclavian artery angiogram.
5. Right iliac angio with runoff.
6. Bilateral cerebral angiograms
were performed as well via right
and left common carotid artery
injections.
INDICATIONS FOR PROCE-
DURE: TIA, aortic stenosis, post-
operative procedure. Moderate
carotid artery stenosis.
ESTIMATED BLOOD LOSS:
400 ml.
After obtaining informed con-
sent, the patient was brought to
the cardiac catheterization suite
in postabsorptive and nonsedated
state. Using modified Seldinger
technique, a 6-French sheath
was placed into the right com-
mon femoral artery and vein
without complication.

PROCEDURE PERFORMED:
1. Selective ascending aortic arch
angiogram. 2. Selective left com-
mon carotid artery angiogram. 3.
Selective right common carotid
artery angiogram. 4. Selective
left subclavian artery angiogram.
5. Right iliac angio with runoff.
6. Bilateral cerebral angiograms
were performed as well via right
and left common carotid artery
injections.
INDICATIONS FOR PROCE-
DURE: TIA, aortic stenosis, post-
operative procedure. Moderate
carotid artery stenosis.
ESTIMATED BLOOD LOSS:
400 ml.
After obtaining informed con-
sent, the patient was brought to
the cardiac catheterization suite
in postabsorptive and nonsedated
state. A 6-French sheath was
used in the left femoral artery
and vein with minor complica-
tions, employing the modified
Seldinger technique.

Table 11: An example in domain of Medical Case
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Query 10 Positive HN 1
Find a case where:
1. Michigan Leg-
islature enacted a
statute in 1987.
2. Petitioners chal-
lenged the statute
under Contract
Clause and Due
Process Clause.
3. The statute
affected workers
injured before
March 31, 1982.
4. Petitioners
argued a 1981 law
allowed reduction
of workers’ com-
pensation benefits.
5. The Michigan
Supreme Court ac-
cepted petitioners’
interpretation in
1985.
6. Legislature
introduced a bill to
overturn the court’s
decision.
7. House Bill 5084
was introduced in
October 1985.
8. The bill became
law on May 14,
1987.
9. Petitioners were
ordered to refund
nearly $25 million.
10. Michigan
Supreme Court
upheld the statute
for lacking vested
rights and rational
purpose.

In 1987, the Michigan Legislature en-
acted a statute that had the effect of re-
quiring petitioners General Motors Cor-
poration (GM) and Ford Motor Com-
pany (Ford) to repay workers’ com-
pensation benefits GM and Ford had
withheld in reliance on a 1981 work-
ers’ compensation statute. Petitioners
challenge the provision of the statute
mandating these retroactive payments
on the ground that it violates the Con-
tract Clause and the Due Process Clause
of the Federal Constitution. The benefit
coordination provision did not specify
whether it was to be applied to workers
injured before its effective date, March
31, 1982. Petitioners took the posi-
tion that the 1981 law allowed them
to reduce workers’ compensation ben-
efits to workers injured before March
31, 1982, who were receiving benefits
from other sources. In 1985, petition-
ers’ interpretation was accepted by the
Michigan Supreme Court. Chambers
v. General Motors Corp., decided to-
gether with Franks v. White Pine Cop-
per Div., Copper Range Co., 422 Mich.
636, 375 N.W.2d 715. The Michigan
Legislature responded almost immedi-
ately by introducing legislation to over-
turn the court’s decision. On October
16, 1985, before the Michigan Supreme
Court had ruled on the motion for re-
hearing in Chambers, House Bill 5084
was introduced. The amended Sen-
ate bill passed into law on May 14,
1987. 1987 Mich.Pub.Acts No. 28.
As a result of the 1987 statute, peti-
tioners were ordered to refund nearly
$25 million to disabled employees. The
Michigan Supreme Court upheld the
statute against these challenges, on
the ground that the employers had
no vested rights in coordination for
Contract Clause purposes, and that
the retroactive provisions furthered a
rational legislative purpose. 436 Mich.
515, 462 N.W.2d 555 (1990).

In 1987, the Michigan Legislature en-
acted a statute that had the effect of re-
quiring petitioners General Motors Cor-
poration (GM) and Ford Motor Com-
pany (Ford) to repay workers’ com-
pensation benefits GM and Ford had
withheld in reliance on a 1981 work-
ers’ compensation statute. Petitioners
challenge the provision of the statute
mandating these retroactive payments
on the ground that it violates the Con-
tract Clause and the Due Process Clause
of the Federal Constitution. The benefit
coordination provision did not specify
whether it was to be applied to workers
injured before its effective date, March
31, 1982. Petitioners took the posi-
tion that the 1981 law allowed them
to reduce workers’ compensation ben-
efits to workers injured before March
31, 1982, who were receiving benefits
from other sources. In 1985, petition-
ers’ interpretation was accepted by the
Michigan Supreme Court. Chambers
v. General Motors Corp., decided to-
gether with Franks v. White Pine Cop-
per Div., Copper Range Co., 422 Mich.
636, 375 N.W.2d 715. The Michigan
Legislature responded almost immedi-
ately by introducing legislation to over-
turn the court’s decision. On October
16, 1985, before the Michigan Supreme
Court had ruled on the motion for re-
hearing in Chambers, House Bill 5084
was introduced. The amended Senate
bill passed into law on May 14, 1987.
1987 Mich.Pub.Acts No. 28. As a re-
sult of the 1987 statute, petitioners were
ordered to refund nearly $25 million
to disabled employees. The Michigan
Supreme Court found the statute in-
valid on the grounds that the retroac-
tive provisions did not further a ra-
tional legislative purpose and that the
employers had vested rights in coordi-
nation for Contract Clause purposes.
436 Mich. 515, 462 N.W.2d 555 (1990).

Table 12: An example in domain of Legal Document
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Model Query1 Query2 Query3 Query4 Query5 Query6 Query7 Query8 Query9 Query10 Decline

Spare Retriever

BM25 23.10 25.24 22.62 26.43 26.19 23.57 24.05 22.14 22.38 23.81 -0.71

Dense Retriever

jina-embeddings-v3 88.81 78.33 78.33 76.90 72.14 68.57 67.38 66.19 67.62 65.95 22.86
gte-large-en-v1.5 72.14 76.19 73.10 68.57 69.29 61.43 66.19 62.38 69.05 63.81 8.33

NV-Embed-v2 82.14 89.52 85.48 85.48 87.38 84.05 87.38 84.05 84.05 86.67 -4.52
bge-en-icl 85.00 85.95 86.43 85.00 83.81 84.29 86.43 87.14 85.48 83.81 1.19

gte-Qwen2-7B-instruct 58.10 70.95 69.05 70.71 71.90 71.43 71.43 69.76 72.62 69.76 -11.67
gte-Qwen2-1.5B-instruct 61.90 74.76 70.24 71.19 73.57 70.48 73.81 66.90 65.71 65.00 -3.10

e5-mistral-7b-instruct 76.43 77.86 73.33 75.48 68.10 71.43 67.62 68.81 69.05 73.57 2.86
GritLM-7B 79.05 84.52 80.71 81.67 81.67 77.86 83.10 82.62 81.43 82.62 -3.57
LLM2Vec 79.05 74.76 71.90 75.71 74.05 75.95 75.00 78.81 76.19 80.00 -0.95

Reranker

bge-reranker-v2-m3 90.00 85.95 78.57 73.81 74.29 62.14 63.57 56.67 52.14 36.67 53.33
bge-reranker-v2-gemma 92.62 93.33 91.67 88.33 89.29 84.76 81.43 72.38 69.52 50.71 41.90

followIR 84.52 80.48 76.43 68.57 60.71 56.90 50.00 34.05 20.95 8.57 75.95

Table 13: Win Rate Score as the Number of Conditions in the Query Increases on the People Dataset (Task 1)

Model Query1 Query2 Query3 Query4 Query5 Query6 Query7 Query8 Query9 Query10 decline

Spare Retriever

BM25 45.85 47.93 47.93 49.17 47.72 51.24 50.21 48.34 53.94 46.06 -0.21

Dense Retriever

jina-embeddings-v3 76.14 72.41 71.99 71.37 67.01 64.73 67.43 63.07 63.28 58.51 17.63
gte-large-en-v1.5 73.86 75.93 71.99 70.33 68.67 69.71 65.77 66.60 64.32 70.95 2.90

NV-Embed-v2 78.01 73.65 75.93 68.88 69.71 69.50 68.46 68.05 67.84 71.58 6.43
bge-en-icl 78.42 76.76 75.31 72.20 72.41 69.29 70.54 70.12 70.95 72.41 6.02

gte-Qwen2-7B-instruct 71.99 63.90 64.52 61.83 54.77 50.00 50.00 49.17 48.55 50.83 21.16
gte-Qwen2-1.5B-instruct 70.54 69.09 70.33 69.92 65.98 60.58 64.11 62.45 64.11 56.85 13.69

e5-mistral-7b-instruct 73.03 65.77 68.88 65.98 60.58 59.96 59.34 60.58 60.37 68.67 4.36
GritLM-7B 80.91 74.69 81.33 73.86 75.73 73.86 79.25 77.80 78.01 80.50 0.41
LLM2Vec 80.08 70.12 72.41 70.12 68.05 66.80 64.32 65.35 65.15 64.52 15.56

Reranker

bge-reranker-v2-m3 83.20 79.05 76.35 71.99 72.20 72.82 74.48 68.67 60.58 51.66 31.54
bge-reranker-v2-gemma 87.76 84.44 82.78 81.74 80.08 75.31 74.48 72.82 70.75 70.54 17.22

followIR 85.89 78.22 77.59 72.41 68.67 68.46 61.41 60.37 53.11 47.30 38.59

Table 14: Win Rate Score as the Number of Conditions in the Query Increases on the Books Dataset (Task 1)

Model Query1 Query2 Query3 Query4 Query5 Query6 Query7 Query8 Query9 Query10 decline

Spare Retriever

BM25 28.60 34.60 33.60 37.20 34.80 36.80 37.00 38.40 37.60 39.00 -10.40

Dense Retriever

jina-embeddings-v3 77.60 77.00 75.20 75.40 70.80 72.00 69.40 68.40 71.80 67.20 10.40
gte-large-en-v1.5 78.40 81.00 76.60 75.60 73.80 71.00 71.00 69.00 67.20 59.40 19.00

NV-Embed-v2 81.00 81.80 80.40 78.60 80.00 76.00 77.40 76.60 72.20 67.00 14.00
bge-en-icl 84.40 83.20 80.60 79.20 78.80 77.00 76.00 75.80 70.40 66.60 17.80

gte-Qwen2-7B-instruct 74.60 80.00 74.60 72.80 72.40 72.00 68.80 75.00 67.60 67.40 7.20
gte-Qwen2-1.5B-instruct 80.40 83.00 76.00 74.80 73.00 73.80 71.00 74.60 72.20 68.40 12.00

e5-mistral-7b-instruct 73.40 71.80 66.00 64.80 70.00 61.20 65.60 62.80 63.00 55.60 17.80
GritLM-7B 85.00 83.60 80.00 80.80 79.80 72.80 76.40 72.60 71.40 73.80 11.20
LLM2Vec 87.20 89.40 86.40 84.40 81.80 81.60 79.60 77.80 75.40 74.20 13.00

Reranker

bge-reranker-v2-m3 92.80 90.80 80.20 81.60 79.20 75.60 71.00 63.40 67.00 60.40 32.40
bge-reranker-v2-gemma 92.20 91.60 86.00 89.20 83.40 79.40 77.60 78.20 70.80 61.60 30.60

followIR 92.60 86.40 83.40 88.00 81.00 81.00 83.40 81.40 82.60 85.00 7.60

Table 15: Win Rate Score as the Number of Conditions in the Query Increases on the Movies Dataset (Task 1)
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Model Query1 Query2 Query3 Query4 Query5 Query6 Query7 Query8 Query9 Query10 Decline

Spare Retriever

BM25 25.68 28.18 31.52 32.99 37.37 36.33 35.49 39.25 37.16 40.71 -15.03

Dense Retriever

jina-embeddings-v3 68.89 64.93 65.34 65.55 55.32 59.08 56.16 63.67 60.54 59.29 9.60
gte-large-en-v1.5 77.24 81.84 76.83 75.57 71.82 70.56 70.35 67.01 68.48 62.42 14.82

NV-Embed-v2 77.24 73.07 74.53 73.70 65.97 62.63 67.43 68.68 67.22 63.67 13.57
bge-en-icl 80.79 78.91 76.41 77.04 68.89 68.68 72.23 71.19 69.31 67.64 13.15

gte-Qwen2-7B-instruct 71.61 73.70 73.49 72.65 66.60 67.64 66.18 64.72 60.75 51.57 20.04
gte-Qwen2-1.5B-instruct 73.90 72.86 72.03 70.77 67.43 65.55 63.47 64.09 60.13 53.86 20.04

e5-mistral-7b-instruct 69.31 67.01 67.64 64.09 57.83 55.53 56.16 51.98 50.10 48.64 20.67
GritLM-7B 79.75 82.25 76.62 78.08 77.66 75.16 75.16 77.87 78.91 78.29 1.46
LLM2Vec 84.34 81.21 79.12 83.09 80.58 79.75 78.71 79.33 80.79 78.50 5.85

Reranker

bge-reranker-v2-m3 81.21 91.02 86.64 86.43 79.33 75.37 75.78 66.39 72.65 62.00 19.21
bge-reranker-v2-gemma 89.35 92.48 90.19 92.90 91.02 85.80 85.39 82.67 80.79 70.35 19.00

followIR 92.28 90.81 89.35 89.56 86.22 84.97 81.42 86.22 76.41 71.82 20.46

Table 16: Win Rate Score as the Number of Conditions in the Query Increases on the Medical Case Dataset (Task 1)

Model Query1 Query2 Query3 Query4 Query5 Query6 Query7 Query8 Query9 Query10 decline

Spare Retriever

BM25 19.72 34.04 30.05 36.85 40.85 41.78 43.66 43.90 43.19 49.77 -30.05

Dense Retriever

jina-embeddings-v3 69.01 63.62 68.31 65.96 62.68 63.85 63.38 59.86 59.86 52.58 16.43
gte-large-en-v1.5 77.70 71.36 70.42 61.03 69.95 64.32 64.32 59.86 57.75 50.23 27.46

NV-Embed-v2 84.27 83.57 77.70 71.83 75.35 70.89 65.73 60.33 58.69 51.17 33.10
bge-en-icl 88.50 78.40 73.47 70.42 68.78 65.73 65.96 61.97 52.35 49.53 38.97

gte-Qwen2-7B-instruct 77.46 72.54 68.31 64.55 60.33 56.57 54.69 52.35 46.24 41.31 36.15
gte-Qwen2-1.5B-instruct 81.46 75.12 72.54 70.19 69.72 66.90 62.21 55.16 56.10 49.30 32.16

e5-mistral-7b-instruct 83.10 71.83 65.02 66.90 61.97 59.86 49.77 51.17 46.71 44.13 38.97
GritLM-7B 85.68 76.53 73.24 67.61 67.14 67.84 64.55 62.21 62.91 64.55 21.13
LLM2Vec 84.98 71.60 67.61 64.08 57.98 58.69 55.16 52.35 46.01 37.79 47.18

Reranker

bge-reranker-v2-m3 88.50 80.99 71.36 66.43 66.43 56.10 54.46 42.25 25.59 13.62 74.88
bge-reranker-v2-gemma 93.43 88.26 82.86 72.77 72.07 69.72 60.56 55.40 43.66 27.23 66.20

followIR 61.74 62.68 54.46 54.46 53.99 48.36 36.85 17.61 9.86 4.93 56.81

Table 17: Win Rate Score as the Number of Conditions in the Query Increases on the Legal Documents Dataset
(Task 1)

Model d1_vs_d0 d2_vs_d1 d3_vs_d2 d4_vs_d3 d5_vs_d4 d6_vs_d5 d7_vs_d6 d8_vs_d7 d9_vs_d8 d10_vs_d9 Avg.

Spare Retriever

BM25 13.91 16.50 16.81 18.14 22.10 29.04 37.78 38.87 39.93 40.19 25.90

Dense Retriever

jina-embeddings-v3 73.43 70.52 67.45 66.66 65.32 63.40 63.15 62.82 65.13 60.35 65.82
gte-large-en-v1.5 76.74 73.85 72.70 69.91 70.32 68.05 67.39 64.09 65.14 62.58 69.08

NV-Embed-v2 82.57 76.39 74.45 72.10 73.27 69.15 69.48 66.74 68.75 71.57 72.45
bge-en-icl 79.40 70.58 69.36 68.13 64.80 63.12 63.01 61.72 61.31 63.69 66.51

gte-Qwen2-7B-instruct 79.84 74.02 70.57 69.97 65.44 60.54 61.35 59.42 59.55 60.40 66.11
gte-Qwen2-1.5B-instruct 74.30 71.80 72.28 68.49 69.32 65.69 67.08 64.97 63.46 65.09 68.25

e5-mistral-7b-instruct 75.11 67.88 62.73 58.61 56.87 54.52 55.26 54.03 56.68 61.94 60.36
GritLM-7B 79.59 77.73 73.40 74.71 75.56 72.15 73.52 71.87 72.01 75.21 74.58
LLM2Vec 83.50 74.25 73.43 72.24 70.36 67.21 66.99 67.07 66.49 67.48 70.90

Reranker

bge-reranker-v2-m3 76.08 68.06 63.83 62.06 60.65 58.35 54.79 50.60 48.57 44.96 58.80
bge-reranker-v2-gemma 87.98 82.08 78.07 77.10 76.21 72.13 68.84 65.63 62.32 56.13 72.65

followIR 61.99 59.82 60.87 60.76 59.91 56.41 51.63 47.93 44.71 43.52 54.76

Table 18: Average Win Rate Comparison Between Documents in Task 2
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Model d1_vs_d0 d2_vs_d1 d3_vs_d2 d4_vs_d3 d5_vs_d4 d6_vs_d5 d7_vs_d6 d8_vs_d7 d9_vs_d8 d+_vs_d9 Avg.

Spare Retriever

BM25 11.91 14.34 14.75 14.45 15.99 24.75 36.58 37.68 38.02 39.34 24.78

Dense Retriever

jina-embeddings-v3 64.8 60.11 58.61 58.31 57.83 56.36 56.42 57.20 58.56 58.59 58.68
gte-large-en-v1.5 66.63 61.15 57.66 59.44 56.26 55.10 53.64 53.14 51.34 54.51 56.89

NV-Embed-v2 68.83 62.87 60.97 62.16 61.78 61.80 62.04 61.10 62.75 64.78 62.91
bge-en-icl 70.55 62.18 59.35 60.33 59.70 60.19 59.28 58.95 60.16 60.23 61.09

gte-Qwen2-7B-instruct 68.63 64.87 61.91 60.28 61.98 58.70 59.28 59.06 60.28 59.69 61.47
gte-Qwen2-1.5B-instruct 69.51 66.38 63.47 61.89 60.13 58.76 58.57 57.36 58.62 62.11 61.68

e5-mistral-7b-instruct 69.98 63.50 60.30 59.3 56.77 54.52 53.05 53.14 51.47 53.99 57.60
GritLM-7B 73.46 70.37 69.19 70.36 68.36 67.05 68.34 61.55 58.38 59.57 66.66
LLM2Vec 70.57 68.37 67.10 67.10 66.35 58.73 36.04 36.81 35.37 37.03 54.35

Reranker

bge-reranker-v2-m3 73.65 66.55 63.28 61.65 54.60 38.54 28.42 27.92 28.14 28.02 47.08
bge-reranker-v2-gemma 82.39 77.63 71.80 70.00 65.10 56.91 41.75 32.01 28.84 29.96 55.64

followIR 50.48 51.78 49.64 46.27 37.60 25.22 24.41 24.51 25.67 24.71 36.03

Table 19: Effect of document length on retrieval performance (padded to 512 words).

Model d1_vs_d0 d2_vs_d1 d3_vs_d2 d4_vs_d3 d5_vs_d4 d6_vs_d5 d7_vs_d6 d8_vs_d7 d9_vs_d8 d+_vs_d9 Avg.

Spare Retriever

BM25 12.25 14.32 14.86 14.81 15.97 24.48 36.00 37.53 38.85 39.53 24.86

Dense Retriever

jina-embeddings-v3 64.56 59.74 58.13 57.20 55.47 55.90 55.33 53.70 54.75 54.81 56.96
gte-large-en-v1.5 68.62 61.61 58.47 54.77 54.97 54.52 54.44 49.88 39.09 38.34 53.47

NV-Embed-v2 59.23 61.26 62.58 62.81 64.57 63.95 62.98 63.49 65.65 67.55 63.41
bge-en-icl 66.08 61.93 60.83 59.63 59.34 61.04 61.08 51.67 36.00 35.95 55.36

gte-Qwen2-7B-instruct 66.06 63.23 63.36 61.35 59.63 58.56 56.62 57.97 36.61 35.96 55.94
gte-Qwen2-1.5B-instruct 68.46 63.66 62.02 62.21 59.47 60.78 59.38 58.71 35.01 34.91 56.46

e5-mistral-7b-instruct 66.97 61.11 59.05 54.53 54.40 54.47 53.02 54.55 53.88 53.57 56.56
GritLM-7B 71.47 67.97 69.41 56.02 54.49 52.58 54.21 56.35 54.87 57.26 59.46
LLM2Vec 74.81 72.05 71.55 26.85 26.68 26.35 25.24 26.16 26.04 27.27 40.30

Reranker

bge-reranker-v2-m3 76.56 70.75 56.83 18.33 19.86 19.09 18.55 20.75 19.88 21.78 34.24
bge-reranker-v2-gemma 83.48 77.02 66.34 19.76 20.54 19.81 20.64 19.34 20.65 21.46 36.90

followIR 52.36 51.43 19.70 18.35 17.15 17.11 17.78 16.94 17.77 18.75 24.73

Table 20: Effect of document length on retrieval performance (padded to 1024 words).
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