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Abstract001

The generation of Retrieval-Augmented Gener-002
ation (RAG) models is affected by factors such003
as the quality and order of input documents,004
indicating that their ability to utilize documents005
remains underdeveloped. This ability encom-006
passes not only identifying useful documents007
from inputs but also minimizing positional bias008
and filtering irrelevant documents. To achieve009
this, key challenges include the model’s inter-010
nal estimation of document importance and po-011
sitional bias. In this paper, we conduct a com-012
prehensive study on the properties of attention013
weights, examining the impact of factors like014
aggregation methods, document quality, doc-015
ument position, token type, and so on. Based016
on our findings, we propose strategies to en-017
hance document utilization from three perspec-018
tives: document ranking, placement, and filter-019
ing. Comprehensive experiments show that our020
method outperforms baselines and improves021
document utilization effectiveness in a training-022
free manner. Our code is submitted with the023
paper and will be publicly available.024

1 Introduction025

As large language models(LLMs) advance, Re-026

trieval Augmented Generation(RAG) has emerged027

as a helpful paradigm that improves factual accu-028

racy and reliability by integrating external knowl-029

edge as context (Gao et al., 2023; Asai et al., 2023).030

However, the quality of input documents is vari-031

able (Shi et al., 2023; Yoran et al., 2024; Wu et al.,032

2024) due to ineffective retrievers (Yan et al., 2024)033

or misalignment between the retriever and genera-034

tor (Ke et al., 2024; Li and Ramakrishnan, 2025).035

How to improve a model’s ability to utilize doc-036

uments with inputs of varying quality is a signif-037

icant research challenge, closely associated with038

model robustness (Shi et al., 2023; Yoran et al.,039

2024; Zhou et al., 2025). Previous works im-040

prove document utilization by integrating irrelevant041

and interfering documents during supervised fine- 042

tuning (Pan et al., 2024; Yoran et al., 2024; Tu et al., 043

2025), which requires additional training resources. 044

In contrast, we examine the internal mechanisms 045

of document utilization without requiring training. 046

In traditional RAG models, documents are 047

placed in sequence according to scores from an ex- 048

ternal retriever or reranker (Gao et al., 2023). This 049

approach, however, faces several limitations. First, 050

external rankings may not align optimally with 051

LLM generation due to a gap between the retriever 052

and generator (Ke et al., 2024; Li and Ramakrish- 053

nan, 2025). Second, the model is prompt-sensitive 054

and exhibits positional bias, preventing it from 055

fairly utilizing information from all positions (Liu 056

et al., 2024; Cuconasu et al., 2024; Wu et al., 2024). 057

Furthermore, irrelevant documents can negatively 058

impact results (Cuconasu et al., 2024; Yan et al., 059

2024). The ideal scenario involves identifying im- 060

portant documents, filtering out irrelevant ones, and 061

prioritizing useful information to maximize docu- 062

ment utilization. 063

In this paper, inspired by Peysakhovich and 064

Lerer (2023), we investigate the distinct proper- 065

ties of attention weights and propose strategies to 066

enhance document utilization from three perspec- 067

tives: document ranking, placement, and filtering. 068

The framework is shown in Figure 1. We first an- 069

alyze the impact of different aggregation methods 070

on ranking results and establish that aggregation 071

based on answer tokens is more effective. Subse- 072

quently, we explore the influence of positional bias 073

on attention weights both horizontally (input-level) 074

and vertically(layer-level). Based on this analysis, 075

we propose a method for dynamically placing doc- 076

uments to adapt to positional bias. Additionally, 077

we examine the feasibility of filtering documents 078

using attention weights. The strategies we propose 079

are orthogonal. Each can individually enhance per- 080

formance, and they can also be combined to com- 081

prehensively improve overall document utilization. 082
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We conduct comprehensive experiments on sev-083

eral multi-document QA datasets using various084

widely adopted LLMs. The results demonstrate085

that our strategies consistently outperforms base-086

lines and enhance response quality. Our approach087

requires no additional training and can be directly088

applied to diverse models and datasets.089

2 Preliminaries090

2.1 Notations091

We formulate the task as generating the answer092

based on a given question and retrieved documents,093

following standard RAG settings. For each sample,094

let q denote the question. The retrieval documents095

are denoted as D = {d0, d1, ..., dN−1}, where di096

is a document, and N is the total number of doc-097

uments. x = {x0, x1, ..., xk−1} is the input, and098

k is the number of tokens contained in the input,099

i.e., token length. The input x is constructed from100

q, D, and a prompt template T . The output answer101

is y = {y0, y1, ..., ym−1}, where m is the token102

length of y. The language model, denoted by θ,103

generates y in an auto-regressive style.104

2.2 Preliminary Experiments105

We first evaluate model performance under two106

standard configurations: unordered documents and107

externally ranked documents. These settings reflect108

common practices in both RAG evaluation and real-109

world applications.110

Datasets We utilize datasets processed by Pan111

et al. (2024), which include both randomized (Un-112

ordered) and retrieval-ranked (Ordered) versions to113

minimize processing-related randomness. Due to114

computational constraints, our experiments are con-115

ducted on three widely-used open-domain multi-116

document QA benchmarks: HotpotQA (Yang117

et al., 2018), Musique (Trivedi et al., 2022), and118

2WikiMHQA (Ho et al., 2020). The details can be119

found in the original paper or Appendix A.1.120

Models and Metrics We test four open-source121

LLMs: Vicuna-7B (Chiang et al., 2023), Llama-122

3.1-8B (Dubey et al., 2024), Qwen2.5-7B and123

Qwen2.5-7B-Instruct (Yang et al., 2024). Follow-124

ing Pan et al. (2024), we employ Exact Match (EM)125

as the metric, which checks whether the answers126

provided are exact substrings of the generation.127

Results We conduct experiments under a zero-128

shot setting, and the details of our implementation129

are provided in Appendix A.2. The results of the130

LLM Prompt  
  Instruction: You're a 
helpful AI assistant. ...

Doc[0]:
......

Doc[N-
1]: ......

......

 Query:Who is Constantine
... 's  grandmother?

Answer:

LLM

Token-level Attention Weights

Document-level Aggregation:

Document Ranking: Aggregation
based on Answer tokens

Attention
Weight
Scores

ins d0 </s>dN-1 Q Answer: A

Document Placement:

ins d0 </s>dN-1 Q Answer: A
tb te

U-shaped Placement
Left_Scores= score
if di is placed in left

If Left_Scores > Right_Scores，
Place di in left and update l

Otherwise, 
Place di in right and update r

Right_Scores= score
if di is placed in right

l
r

Document Filtering:  based on
Attention weight scores Sd,A
1. Top Nk :retaining only the top
Nk documents based on Sd,A
2. Mean: Filter out documents
based on the average of Sd,A

  Influencing factors:

 Aggregation Method, Document
Quality, Document Position, Input
Prompt, Token Type, Model Type...

Investigation: Strategies:

Figure 1: The overall framework.

EM values are presented in Table 1. The discrep- 131

ancy between our results and those reported by Pan 132

et al. (2024) is likely due to differences in evalu- 133

ation settings, specifically our use of a zero-shot 134

setup, as well as potential variations in hugging- 135

face versions and hardware environments. The 136

results indicate that all models exhibit sensitivity 137

to document order. They fail to utilize document 138

equally across different positions and struggle to 139

capture useful information under varying document 140

arrangements. This suggests that models’ ability to 141

utilize documents requires improvement. 142

2.3 Attention Weight Aggregation 143

Attention weights capture the influence of docu- 144

ment tokens on answer tokens at the token level 145

during generation. Prior work (Peysakhovich and 146

Lerer, 2023) introduced a document-level aggre- 147

gation of attention weights to derive a relevance 148

score for each document. Formally, the score for a 149

document is computed as follows: 150

si,j =
1

H

1

|L|
∑
l∈L

H∑
h=1

al,hi,j (1) 151

Sd,j =
1

|d|t

∑
i∈d

si,j (2) 152

where al,hi,j denotes the attention weight from token 153

i (belonging to document d whose token length is 154

2



Prompt Vicuna-7b Llama-3.1-8b Qwen2.5-7b Qwen2.5-7b-ins

H M W H M W H M W H M W

Unordered 0.392 0.238 0.452 0.292 0.192 0.35 0.376 0.298 0.39 0.468 0.458 0.48
Ordered 0.4 0.312 0.482 0.302 0.238 0.358 0.408 0.342 0.41 0.472 0.5 0.526

Table 1: Original zero-shot model performance in HotpotQA(H), Musique(M) and 2WikiMHQA(W) datasets of
CAGB benchmark (Pan et al., 2024).

|d|t) to token j by attention head h at layer l. H155

is the total number of attention heads, and L is the156

set of selected layers. si,j is the attention weights157

of token i relative to token j. The aggregated score158

Sd,j combines the contributions of all tokens in159

document d and performs length normalization to160

produce the document-level score on token j. Sj =161

{Sd0,j , ..., SdN−1,j} is the overall set of document162

scores towards token j. Using this aggregation163

method, we explore the impact of various factors164

and further applications of the resulting scores.165

3 Investigation on Attention Weights166

In this paper, we investigates three key dimensions167

for improving document utilization: document168

ranking, placement, and filtering. Our proposed169

strategies are based on attention weight properties170

and aim to enhance LLMs’ document utilization in171

a training-free manner. This section presents the172

individual contributions of each strategy, while Sec-173

tion 4 demonstrates their combined effectiveness.174

The framework is shown in figure 1.175

3.1 Document Ranking176

Prior work (Peysakhovich and Lerer, 2023) intro-177

duced the use of aggregated attention weight scores178

to estimate document importance for subsequent179

ranking. In their implementation, token j corre-180

sponds to the first generated token. Later stud-181

ies proposed aggregating over query tokens (Chen182

et al., 2024; Liu et al., 2025). However, we argue183

that aggregating solely over query tokens or the184

first generated token does not accurately reflect a185

document’s influence on the final answer. A more186

direct approach is to aggregate over all answer to-187

kens. Therefore, we compare three aggregation188

methods: aggregation over query tokens, aggrega-189

tion over the first generated token, and aggregation190

over answer tokens. For query and answer tokens,191

we sum the individual token-level contributions and192

compute the average to ensure a fair comparison.193

The CAGB benchmark (Pan et al., 2024) pro-194

vides data in various arrangements along with man-195

ual annotations of document quality, categorized196

Figure 2: The relationship between attention weight
scores obtained through different methods and the cor-
responding document quality of Qwen2.5-7B model.

as high, medium, or low. Therefore, we sample 197

100 examples to visualize the relationship between 198

the scores obtained through different aggregation 199

methods and corresponding document quality. Due 200

to space constraints, only results for the Qwen2.5- 201

7B model are included in the main text, and results 202

for the other models are provided in Appendix H.1. 203

Figure 2 supports several conclusions. First, at- 204

tention weight scores partially reflect document 205

quality, indicating that ranking documents based 206

on these scores can capture the model’s internal 207

assessment of document importance. Second, the 208

order of input documents influences the results, 209

with document quality being more difficult to dis- 210

tinguish when documents are unordered. The effect 211

of document arrangement will be analyzed in the 212

next section. Most importantly, among the aggrega- 213

tion methods compared, aggregating over answer 214

tokens (orange) more effectively distinguishes doc- 215

ument quality than aggregating over query tokens 216

or the first generated token. 217
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In addition to visual analysis, we further com-218

pare different aggregation methods based on down-219

stream task performance. Experimental results220

for Vicuna-7B in Table 2 confirm that the answer-221

based aggregation method outperforms prior ap-222

proaches. Results for other models are provided223

in Appendix H.2. Intuitively, the reliability of this224

attention-weight-based ranking method is related225

to the model’s inherent capabilities. We validated226

this by having Vicuna-7B generate answers using227

rankings produced by Qwen2.5-7B. The observed228

performance improvement suggests the promise of229

hybrid approaches that leverage multiple models230

during generation. We also conducted experiments231

on token types within documents, as detailed in232

Appendix B.233

Prompt Method H M W

Unordered

First Token 0.386 0.291 0.484
Query 0.386 0.265 0.468
Answer 0.406 0.293 0.474
Answer(qwen) 0.408 0.295 0.488

Ordered

First Token 0.404 0.3 0.474
Query 0.398 0.301 0.49
Answer 0.406 0.305 0.494
Answer(qwen) 0.412 0.329 0.512

Table 2: Results of the different aggregation methods of
vicuna-7b model.

Aggregating answer tokens can yield better per-234

formance, but the gains from altering aggregation235

methods are limited. Unless otherwise specified,236

the attention weight scores mentioned in the follow-237

ing sections are based on aggregation over answer238

tokens.239

3.2 Document Placement240

This section investigates the impact of different241

document arrangements under the assumption that242

a predefined order of document relevance is pro-243

vided, such as one derived from retrieval ranking,244

attention-weighted ranking, or any other relevance245

ranking methods.246

As shown in Figure 2, for the same dataset,247

ordered inputs (right) allocate higher attention248

weights to high-quality documents placed at the249

end compared to unordered inputs (left). And un-250

der ordered conditions, the distinction in attention251

weights between middle- and low-quality docu-252

ments becomes less clear. Low-quality documents253

even receive higher weights than middle-quality254

ones in some datasets. This pattern, also observed255

in other models (see Appendix H.1), highlights the 256

effect of positional bias. As noted by Liu et al. 257

(2024), language models tend to exhibit U-shaped 258

positional bias, assigning greater attention to the 259

beginning and end of the input while often over- 260

looking content in the middle. 261

To examine this phenomenon, we analyze it from 262

both horizontal and vertical perspectives. Horizon- 263

tal analysis investigates the relationship between 264

attention weight scores and document positions un- 265

der ordered and unordered input. Vertical analysis 266

involves controlling the selected attention layers 267

by dividing all layers into upper and lower halves. 268

Given that positional bias was most evident on the 269

2wikiMHQA dataset in prior experiments, we vi- 270

sualize results from various models on this dataset 271

in Figure 3. Results for other datasets are provided 272

in Appendix H.3. Figure 3(a) presents the horizon- 273

tal comparison, revealing a U-shaped distribution 274

across document positions under both ordered and 275

unordered input conditions. Figure 3(b) shows the 276

vertical comparison, indicating that positional dis- 277

tinctions are more pronounced in the lower layers. 278

This observation aligns with the widely accepted 279

view that lower layers are more sensitive to po- 280

sitional information, while higher layers focus on 281

processing semantic content. In summary, attention 282

weight scores are influenced not only by document 283

relevance but also by positional bias. Isolating 284

positional effects from attention weights and strate- 285

gically leveraging favorable positions constitute the 286

focus of our subsequent research. 287

To eliminate the impact of semantic relevance, 288

we consider aggregating attention weights from to- 289

kens that carry minimal semantic meaning. Since 290

the goal is to obtain the positional information of 291

answer tokens, we examine the tokens preceding 292

and following the answer tokens. In the construc- 293

tion of prompt templates, the final token preceding 294

the answer often serves a structural rather than se- 295

mantic role, such as “Answer:”, “:” or "is". Sim- 296

ilarly, the generated output typically ends with a 297

special token that does not convey semantic con- 298

tent. Therefore, we combine the attention weights 299

of these two tokens into a positional score, focus- 300

ing on lower layers where positional signals are 301

more distinct. The results are visualized in Fig- 302

ure 3(c). Comparing Figure3 (a) and (c) reveals 303

that the scores derived from tokens surrounding 304

the answer vary little across different inputs. They 305

consistently display the same U-shaped trend un- 306

der both ordered and unordered conditions. To as- 307
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Figure 3: Relationship between attention weight scores and document positions on the 2wikiMultiHopQA dataset.
Figure (a) shows comparison between ordered and unordered inputs(horizontal). Figure (b) compares different
layers under unordered inputs(vertical).Figure (c) compares extracted position scores under ordered and unordered.

sess robustness, we repeated the experiments using308

different random seeds for unordered input. The309

results, provided in the Appendix C, demonstrate310

that the calculated outcomes remain stable even311

with multiple randomizations of document order.312

Algorithm 1 U-shaped Placement

Input Relevance ranking R, attention weight Aθ,
preceding token tb and terminating token te of
answer, the collection of token lengths for all
documents Tl = {T0, ..., TN−1|Ti = |di|t}.

1: Ensure that the relevant ones in R come first;
2: Get Spbe = {si,{tb,te}} based on Aθ; � (1)
3: Initialization: l = 0, r =

∑N−1
i=0 Ti, lidx =

0, ridx = N − 1, Ru = [0] ∗N ;
4: for i ∈ R do
5: Ti = Tl[i];
6: Left_Scores = Spbe[l : l + Ti].sum();
7: Right_Scores = Spbe[r − Ti : r].sum();
8: if Right_Scores ≥ Left_Scores then
9: Ru[ridx] = i, ridx = ridx−1,r = r−Ti;

10: else
11: Ru[lidx] = i, lidx = lidx + 1,l = l + Ti;
12: end if
13: end for
Output: The new ranking Ru

After obtaining the positional scores which are313

relevance-independent, we aim to enhance the314

model’s ability to utilize documents by placing315

higher-quality documents in more favorable posi-316

tions. A direct strategy would be to rank docu-317

ments in descending order of aggregated positional318

scores. However, this approach faces a practical319

limitation due to length variability. Because atten-320

tion weight scores are length-normalized (Equation321

2) to remove document length effects, the actual to-322

ken capacity corresponding to each score can vary 323

significantly. For instance, the highest-scoring po- 324

sition may accommodate only 100 tokens, while 325

longer documents would occupy positions associ- 326

ated with lower scores. To address this issue, we 327

operate directly on token-level scores (Equation 328

1) rather than document-level aggregates. Addi- 329

tional experiments on this issue are presented in 330

the appendix L. The underlying principle remains 331

consistent: to place high-quality documents in posi- 332

tions that receive higher attention. Specifically, we 333

propose a placement strategy that processes docu- 334

ments in descending order of relevance and uses 335

the observed U-shaped attention pattern to place 336

each document at either the beginning or end of 337

the available context. At each step, the algorithm 338

evaluates whether placing the document on the left 339

or right side of the remaining prompt space yields a 340

higher token-level score, and assigns it accordingly. 341

This continues until all documents are placed, re- 342

sulting in a dynamic U-shaped arrangement that 343

aligns with the model’s inherent attention bias. The 344

complete procedure, termed U-shaped Placement, 345

is formalized in pseudocode in Algorithm 1. 346

The U-shaped Placement approach is compati- 347

ble with all kinds of document ranking methods. 348

We first integrate it with retrieval ranking to illus- 349

trate the effect of placement alone. The results are 350

presented in Table 3. The results of combining 351

it with attention-weight ranking will be presented 352

in section 4. “Default” refers to placing relevant 353

documents close to the question, while different 354

settings indicate whether favorable positions are 355

assigned to high-quality (original) or low-quality 356

(reverse) documents (see Appendix D for details). 357

The results show that: (1) The proposed U-shaped 358

Placement, which aligns with the model’s posi- 359
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Placement Setting Vicuna-7b Llama-3.1-8b Qwen2.5-7b Qwen2.5-7b-ins

H M W H M W H M W H M W

Default
Original 0.4 0.312 0.482 0.302 0.238 0.358 0.408 0.342 0.41 0.472 0.5 0.526
Reverse 0.378 0.24 0.464 0.28 0.2 0.348 0.37 0.323 0.39 0.456 0.477 0.5

U-shaped (Our)
Original 0.397 0.314 0.524 0.31 0.252 0.376 0.416 0.369 0.414 0.486 0.509 0.522
Reverse 0.367 0.216 0.446 0.268 0.186 0.338 0.368 0.3 0.39 0.454 0.435 0.476

Table 3: Results of different placements with relevance ranking based on external retrieval.

tional bias, constitutes an effective arrangement360

that enhances the model’s ability to utilize docu-361

ments. (2) Among reverse-placement configura-362

tions, the reversed U-shaped Placement leads to the363

most pronounced performance degradation, high-364

lighting the importance of leveraging positional365

bias appropriately.366

3.3 Document Filtering367

In addition to placing good documents in advanta-368

geous positions, removing irrelevant documents is369

also a way to enhance document utilization. This370

section explores the removal of documents based371

on attention weight scores while preserving their372

original relative order.373

We consider two heuristic filtering methods. The374

first retains a fixed number of documents: given375

a predefined number Nk, we compute attention376

weight scores for each document and keep only377

the top Nk highest-scoring documents. The second378

uses a dynamic threshold. As illustrated in Figure379

2, the attention weight scores for high-quality docu-380

ments are higher than those for other quality levels,381

and there is no significant difference in the num-382

ber of documents across different quality levels.383

We therefore filter out documents whose attention384

weight score falls below the average score across385

all documents, resulting in a variable number of386

retained documents. The actual document count387

for this method is detailed in the Appendix E.

Prompt Method H M W

Unordered

No Filter 0.392 0.238 0.452
Random Nk 0.318 0.195 0.368
Top Nk 0.396 0.275 0.428
Mean 0.394 0.268 0.4

Ordered

No Filter 0.4 0.312 0.482
Random Nk 0.308 0.208 0.366
Top Nk 0.388 0.316 0.472
Mean 0.412 0.316 0.424

Table 4: Results of the different filtering methods of
vicuna-7b model.388

We experimentally investigate the effectiveness 389

of the filtering methods, with the results shown in 390

Table 4. The results for other models are presented 391

in Appendix H.4. For the fixed-document method, 392

Nk is set to half the original number of documents 393

(Nk = 1
2N ). The results show that both heuristic 394

filtering methods based on attention weight scores 395

significantly outperform random filtering, confirm- 396

ing that attention weight scores reliably distinguish 397

between documents of varying quality. Between 398

the two methods, Top Nk yields more stable per- 399

formance, whereas the Mean method retains fewer 400

documents (see Appendix E). Across datasets, on 401

HotpotQA and Musique datasets, our filtering ap- 402

proach achieves performance comparable or su- 403

perior to using the full document set, suggesting 404

that irrelevant documents notably affect these two 405

datasets. In contrast, 2wikiMHQA benefits from 406

retaining more documents, indicating a greater re- 407

liance on comprehensive information extraction. 408

4 Main Experiments 409

In this section, we explore the combined effect of 410

our proposed strategies. The experimental setup 411

follows the preliminary experiments in Section 2.2. 412

Since our approach essentially involves a two- 413

round iteration of the LLM, we compare it with 414

similarly structured baselines for a fair evaluation. 415

The baselines include: Vanilla, RankGPT (Sun 416

et al., 2023), Attention Sorting (Peysakhovich and 417

Lerer, 2023), ICR (Chen et al., 2024), and SELF- 418

ELICIT (Liu et al., 2025). Descriptions of each 419

baseline are provided in Appendix F. 420

4.1 Results Without Filtering 421

We first keep the number of documents fixed and 422

do not apply filtering. To demonstrate the overall 423

effect, we combine our proposed document rank- 424

ing (denoted as DR) with the U-shaped Placement 425

strategy (denoted as U). The complete pipeline is 426

formalized as pseudocode in Appendix I. 427

The results are shown in Table 5. The results 428

show that: (1) Our method outperforms previous 429
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Prompt Methods Vicuna-7b Llama-3.1-8b Qwen2.5-7b Qwen2.5-7b-ins All

H M W H M W H M W H M W A

Unordered

Vanilla 0.392 0.238 0.452 0.292 0.192 0.35 0.376 0.298 0.39 0.468 0.458 0.48 0.365
RankGPT 0.401 0.22 0.46 0.278 0.196 0.334 0.372 0.343 0.402 0.466 0.51 0.526 0.376
AttentionSort 0.386 0.291 0.484 0.296 0.216 0.336 0.398 0.375 0.4 0.462 0.495 0.484 0.385
ICR 0.421 0.305 0.478 0.298 0.237 0.368 0.379 0.385 0.384 0.469 0.511 0.522 0.396
SELFELICIT 0.378 0.257 0.462 0.308 0.229 0.359 0.393 0.298 0.43 0.417 0.311 0.382 0.352
Our DR 0.406 0.293 0.474 0.298 0.236 0.36 0.398 0.378 0.424 0.476 0.515 0.52 0.398
Our DR + DP 0.414 0.31 0.506 0.302 0.245 0.372 0.402 0.393 0.434 0.482 0.513 0.536 0.409

Ordered

Vanilla 0.4 0.312 0.482 0.302 0.238 0.358 0.408 0.342 0.41 0.472 0.5 0.526 0.396
RankGPT 0.403 0.28 0.502 0.284 0.21 0.342 0.391 0.358 0.416 0.493 0.516 0.53 0.394
AttentionSort 0.404 0.3 0.474 0.294 0.218 0.342 0.408 0.385 0.432 0.492 0.485 0.518 0.396
ICR 0.413 0.307 0.512 0.301 0.254 0.353 0.406 0.378 0.4 0.487 0.537 0.504 0.404
SELFELICIT 0.393 0.314 0.482 0.314 0.261 0.372 0.411 0.342 0.432 0.417 0.447 0.372 0.379
Our DR 0.406 0.305 0.494 0.302 0.257 0.366 0.405 0.387 0.428 0.49 0.525 0.53 0.408
Our DR + DP 0.426 0.315 0.51 0.304 0.267 0.378 0.412 0.401 0.436 0.495 0.555 0.542 0.420

Table 5: Zero-shot model performance in HotpotQA(H), Musique(M) and 2WikiMHQA(W) datasets of CAGB
benchmark (Pan et al., 2024). A is the average of all models and datasets’ performance.

baselines on most datasets and models, under both430

unordered and ordered input settings. This demon-431

strates the effectiveness of the ranking method, and432

combining it with placement strategy that align433

with positional bias can further improves document434

utilization. (2) Improvements are more substan-435

tial under unordered inputs. This can be partly at-436

tributed to the greater potential for enhancement in437

unordered settings. Notably, our approach applied438

to unordered inputs can surpass the performance439

of the vanilla ordered baseline that relies on ex-440

ternal retrieval rankings, demonstrating its ability441

to infer an effective document order even without442

prior ranking. The gains under ordered inputs fur-443

ther confirm that our method enhances the model’s444

capacity to utilize documents effectively. (3) Im-445

provements are more pronounced on datasets with446

more documents, such as Musique. Our method447

can be applied to settings with varying document448

counts, as verified in Appendix J. In terms of mod-449

els, greater gains are observed on the Qwen series450

compared to Vicuna-7b, which may be related to451

the base capability of the model: stronger models452

provide more reliable internal state signals. Results453

for the larger model (13B) are presented in the454

Appendix K. We also experimented with a calibra-455

tion method involving position score subtraction,456

detailed in Appendix M.457

Nevertheless, our method delivers consistent per-458

formance improvements across diverse models and459

datasets.460

4.2 Results With Filtering461

In this section, we combine document filtering with462

ranking to achieve further performance improve-463

ments. Again, we employ two rounds of iteration: 464

document filtering and ranking based on the atten- 465

tion weight scores from the first round. Since the 466

position scores obtained in the first round corre- 467

spond to the original N documents and cannot be 468

directly transferred to the filtered subset, we em- 469

ploy the default placement method here rather than 470

U-shaped placement. The setup primarily evalu- 471

ates the combined effect of document filtering and 472

ranking. 473

Following the setup in Section 3.3, for methods 474

using a fixed number of documents, Nk is set to 475

half the original number of documents (Nk = 1
2N ). 476

Under both ordered and unordered inputs, we con- 477

sider four scenarios: (1) Vanilla-N : Results before 478

filtering, where the full set of N documents is used. 479

(2) Retrieval-Nk: The top Nk documents are se- 480

lected according to the retrieval ranking. (3) DR + 481

Top Nk: Documents are filtered by attention weight 482

scores, retaining the top Nk documents, which are 483

then sorted by score. (4) DR + Mean: Documents 484

with attention weight scores below the average are 485

filtered out and the remaining documents are sorted 486

by score. For scenarios (3) and (4), filtering and 487

ranking is applied to the original N documents. 488

The results in Table 6 show that: (1) Compared 489

to the results in Table 4, incorporating ranking can 490

further improve performance without additional in- 491

ference cost. (2) Overall, on the HotpotQA and 492

Musique datasets, filtering by external retrieval 493

degrades performance, whereas our method out- 494

performs the unfiltered baseline while using fewer 495

documents. This demonstrates that filtering irrele- 496

vant documents based on attention weight scores is 497

more effective than using an external retriever, high- 498
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Prompt Methods Vicuna-7b Llama-3.1-8b Qwen2.5-7b Qwen2.5-7b-ins

H M W H M W H M W H M W

Unordered

Vanilla-N 0.392 0.238 0.452 0.292 0.192 0.35 0.376 0.298 0.39 0.468 0.458 0.48
Retrieval-Nk 0.394 0.232 0.428 0.29 0.174 0.288 0.36 0.298 0.388 0.452 0.371 0.428
DR + TopNk 0.398 0.292 0.431 0.294 0.242 0.292 0.382 0.402 0.396 0.474 0.494 0.436
DR + Mean 0.396 0.261 0.422 0.284 0.241 0.296 0.382 0.391 0.384 0.476 0.487 0.416

Ordered

Vanilla-N 0.4 0.312 0.482 0.302 0.238 0.358 0.408 0.342 0.41 0.472 0.5 0.526
Retrieval-Nk 0.384 0.256 0.462 0.304 0.194 0.29 0.4 0.296 0.396 0.458 0.413 0.446
DR + TopNk 0.404 0.318 0.478 0.288 0.236 0.288 0.38 0.396 0.394 0.47 0.511 0.46
DR + Mean 0.426 0.312 0.426 0.304 0.246 0.318 0.418 0.376 0.406 0.462 0.492 0.442

Table 6: Results of filtering methods in HotpotQA(H), Musique(M) and 2WikiMHQA(W) datasets of CAGB
benchmark (Pan et al., 2024).

lighting a gap between retrieval ranking and LLM499

generation needs. (3) On 2wikiMHQA dataset, per-500

formance degrades as the number of documents501

decreases, which is a characteristic inherent to the502

dataset. Our approach alleviates this decline and503

achieves better results than retrieval-based filtering504

under the same conditions.505

5 Related Works506

Retrieval-Augmented Generation RAG has507

proven effective in mitigating issues such as halluci-508

nations by introducing external knowledge into con-509

text or training objectives (Gao et al., 2023; Asai510

et al., 2023; Tu et al., 2025; Luo et al., 2024, 2025).511

However, irrelevant and distracting information can512

adversely affect the generated quality (Shi et al.,513

2023; Yoran et al., 2024; Wu et al., 2024). Pre-514

vious works have explored various improvement515

strategies, such as improving the retriever (Shi516

et al., 2024), designing new rerankers (Kim and517

Lee, 2024), bridging the gap between the retriever518

and generator (Ke et al., 2024; Li and Ramakrish-519

nan, 2025), and improving model robustness to520

interference (Xiang et al., 2024; Yoran et al., 2024).521

In contrast to methods that directly incorporate522

documents into training or fine-tuning (Pan et al.,523

2024; Yoran et al., 2024; Tu et al., 2025), we study524

how language models internally utilize documents525

and dynamically modify inputs based on attention526

weights to improve performance.527

Document Utilization The relevance and ar-528

rangement of prompt significantly influence the529

output generated by LLM(Cuconasu et al., 2024).530

In the RAG workflow, documents are convention-531

ally ranked using scores from external retrievers or532

rerankers (Gao et al., 2023; Shi et al., 2024; Kim533

and Lee, 2024). There are also some works that en-534

able the model itself to assess document relevance535

through prompt engineering (Qin et al., 2024; Sun536

et al., 2023; Niu et al., 2024), adding probing struc- 537

tures (Baek et al., 2024; Wang et al., 2024), or 538

internal attention weight (Peysakhovich and Lerer, 539

2023; Chen et al., 2024; Liu et al., 2025). Filtering 540

operations are generally also based on document 541

relevance scores(Cuconasu et al., 2024). The de- 542

fault placement method is sequential placement 543

based on relevance. However, the LLMs are unable 544

to treat the information in the prompt equally and 545

have a positional bias. This "Lost in the Middle" 546

phenomenon was first identified in Liu et al. (2024). 547

Subsequent studies in RAG and long-context mod- 548

eling have examined performance variations due to 549

this bias (Cuconasu et al., 2024; Wu et al., 2024; 550

Xu et al., 2024) In this paper, we leverage atten- 551

tion weights not only for ranking purposes but also 552

to investigate the impact of different aggregation 553

methods, the utilization of positional bias, and the 554

role of filtering techniques. These approaches col- 555

lectively enhance the model’s ability to effectively 556

utilize documents. 557

6 Conclusion 558

In this paper, We conduct our research based on 559

attention weights and their document-level aggrega- 560

tion. We first investigate the impact of different ag- 561

gregation methods, demonstrating that aggregating 562

over answer tokens yields superior ranking perfor- 563

mance. Then, leveraging the nature of positional 564

bias, we propose a placement method called U- 565

shaped Placement that aligns with positional bias. 566

Additionally, we introduce two heuristic methods 567

to filter irrelevant documents. Each of the three 568

distinct strategies can independently improve per- 569

formance in a training-free manner, and when com- 570

bined, they comprehensively enhance the model’s 571

ability to utilize documents. Our approach requires 572

no training and can be applied in a plug-and-play 573

fashion to any open-source model and dataset. 574
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Limitations575

There are several limitations of our current work576

that we plan to address in the future:577

(1) Our work is based on attention weight to578

determine the importance judgment of documents579

and positional bias within the model, so access580

to the model internals is needed. Consequently,581

its applicability may be limited to white-box mod-582

els. Closed-source models, such as ChatGPT and583

GPT4, may not be compatible with our method due584

to the lack of access to internal attention weight.585

(2) Our work is essentially a two-round iteration586

of LLM that utilizes the internal information from587

the first round to modify the inputs of the second588

round, which increases the inference cost compared589

to the normal generation process. How to utilize590

the internal state during one round of generation591

and modify the generated results directly is our592

future research direction. In addition, from another593

direction, it is also possible to increase the number594

of iterations to make the results more stable and595

reliable, however, due to resource constraints, we596

did not do experiments with multiple rounds of597

iterations in this paper, and we will carry out related598

research when we have the conditions to do so.599

(3) Our method itself also has some points that600

can be studied in depth, for example, finer aggrega-601

tion granularity, from document level to sentence602

level. Moreover, we use the meaningless tokens at603

the beginning and end of the answer as the source604

of position information in this paper, in which there605

may be better ways of choosing meaningless to-606

kens, such as aggregating meaningless tokens in607

the whole answer, constructing meaningless an-608

swers, meaningless query, and so on. In this paper,609

we only propose one feasible way, and there may610

be more feasible ways to be explored.611
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A Details of Datasets and Implementation805

A.1 Datasets806

We applied the datasets processed by Pan et al.807

(2024) in our paper. Due to resource limitations,808

we mainly focus on several open-domain variants809

of the datasets.810

HotpotQA (Yang et al., 2018) and811

2WikiMHQA (Ho et al., 2020) both require812

reasoning across multiple documents, and feature813

a high proportion of distracting documents.814

Importantly, the data from HotpotQA is extracted815

from the dev subset, whereas our training dataset816

is derived from the train subset. Musique (Trivedi817

et al., 2022) questions are of higher complexity,818

with up to 90% of distracting passages. The819

statistics on the number of documents included in820

the dataset are shown in Table 7.821

HotpotQA Musique 2WikiMHQA

N 10 20 10

Table 7: N is the number of documents for each sample.

See original paper (Pan et al., 2024) for more822

details.823

A.2 Implementation Details824

Hyperparameters including temperature and in-825

struction format remain consistent with the setting826

of Pan et al. (2024). Unlike their work, however, we827

conduct experiments under a zero-shot setting to828

better isolate and examine the model’s intrinsic po-829

sitional bias and relevance assessment mechanisms.830

The placement of documents in the prompt adheres831

to Pan et al. (2024), positioning the most relevant832

documents closest to the question when documents833

are ordered. Previous researches (Cuconasu et al.,834

2024; Liu et al., 2025) have also confirmed that this835

placement is a widely applied paradigm and strong 836

baseline. 837

Furthermore, the seed is set to 42. The temperate 838

is set to 0.01 and the number of max_new_tokens 839

is 300. The same prompt template is used for all 840

datasets and all models in the experiments to ex- 841

clude template interference, which is presented as 842

follows: 843

You’re a helpful AI assistant. The assistant
answers questions based on given passages.

Docs:{{d0.title}}:{{d0.text}}
{{d1.title}}:{{d1.text}}
{{d2.title}}:{{d2.text}}

(more passages) ...

Question: {{question}}

Answer:

844

B Token Type 845

In this paper, we aggregate all tokens within 846

the document to obtain document-level attention 847

weight scores. However, not all tokens in a doc- 848

ument carry semantic information, and there will 849

always be stopwords such as punctuation marks 850

that lack semantic meaning. In this section, we 851

discuss the impact of removing stopwords such as 852

punctuation marks during the aggregation of atten- 853

tion weight scores. The results are shown in Table 854

8. The results indicate that removing stopwords 855

such as punctuation marks yielded outcomes simi- 856

lar to the original, with no significant improvement 857

in effectiveness. 858

C Random Variation of Positional Scores 859

To eliminate the impact of random variation while 860

enhancing the credibility of our conclusions, we 861

conduct repeated experiments using different ran- 862

dom number seeds for experiments in Figure 3. We 863

plotted the range of variation in the results from 864

five repeated experiments as shaded areas in the 865

figure 4 . 866

The results demonstrate that even with multiple 867

randomizations of document order, the calculated 868

outcomes exhibit a certain degree of stability. 869
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Prompt Methods Vicuna-7b Qwen2.5-7b

H M W H M W

Unordered
Answer 0.406 0.293 0.474 0.398 0.378 0.424
Answer(Remove Stopwords) 0.4 0.285 0.482 0.406 0.368 0.426

Ordered
Answer 0.406 0.305 0.494 0.405 0.387 0.428
Answer(Remove Stopwords) 0.394 0.303 0.5 0.396 0.391 0.42

Table 8: Results of removing stopwords within documents.

Figure 4: The results from five repeated experi-
ments.The shaded area indicates the range of score vari-
ations across these five random experiments.

D Placement Strategies870

We evaluate four placement strategies: placing871

relevant documents near the question, U-shaped872

Placement, and the reverse variants of both. In the873

original versions, higher-relevance documents are874

assigned to positions that inherently receive more875

attention, while the reverse versions deliberately876

assign lower-relevance documents to these favored877

positions. All four configurations use identical878

prompt templates, varying only in document order,879

thereby isolating the effect of placement on model880

performance.881

As an example, if the dataset has 10 documents,882

the order of documents under the ordered input is883

[0,1,.... ,9], the question is placed at the end, docu-884

ment 9 has the best relevance, and document 0 has885

the worst relevance. After placing the documents886

according to the positional bias under the U-shaped887

Placement, the order of documents may become888

[6,5,4,2,0,1,3,7,8,9], and the question is placed at889

the end as well. While the reverse version of or-890

dered has the input document order as [9,8,... ,0],891

and the reverse version of U-shaped Placement has892

the document order [3,4,5,7,9,8,6,2,1,0], with bad893

documents prioritized to occupy the default good894

placements in each reverse order.895

E Document Count Statistics896

We propose two filtering methods: one with a fixed897

number of documents and another that dynamically898

determines the filtering threshold (Mean). To fa- 899

cilitate comparison, we statistically analyzed the 900

number of documents retained by the Mean method 901

and present the results in Table 9. 902

F Baselines 903

Our work is essentially a two-round iteration of 904

the LLM, so we mainly consider similarly set-up 905

baselines for fair comparison, and the following 906

is a brief description of the baselines we consider: 907

(1)Vanilla: The most basic baseline, generating an- 908

swers directly based on inputs. (2)RankGPT (Sun 909

et al., 2023): Two rounds of iteration, the first 910

round uses the model to sort the documents in list- 911

wise style and the second round generates the an- 912

swer. The prompt template used in the first round 913

is shown in the Appendix G. (3)Attention Sorting 914

(Peysakhovich and Lerer, 2023): Two rounds of 915

iteration, average per-document attention is com- 916

puted for the first generated token in the first round, 917

and then documents are sorted based on the atten- 918

tion scores for the second round. (4)ICR (Chen 919

et al., 2024):Two rounds of iteration, the first round 920

aggregates the contextual attention weight corre- 921

sponding to all query tokens and calibrates it with 922

the meaningless query to get the document order, 923

and the second round generates the answers based 924

on the reordered document. (5)SELFELICIT (Liu 925

et al., 2025): Two rounds of iteration, average per- 926

sentence attention is computed for the first gener- 927

ated token in the first round and then important 928

sentences are selected to be emphasized with spe- 929

cial token in the input for the second round. 930

G RankGPT 931

The prompt template used during the first round 932

of RankGPT generation is as follows, based on 933

which the prompts are constructed to allow LLM 934

to perform listwise document sorting. 935
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Methods Vicuna-7b Llama-3.1-8b Qwen2.5-7b Qwen2.5-7b-ins

H M W H M W H M W H M W

No Filter 10 20 10 10 20 10 10 20 10 10 20 10
Top Nk 5 10 5 5 10 5 5 10 5 5 10 5
Mean (Unordered) 3.45 6.58 3.84 3.44 6.09 3.74 3.23 5.72 3.62 3.18 5.55 3.76
Mean (Ordered) 2.93 5.15 3.34 2.88 4.72 3.42 2.61 4.32 3.19 2.73 4.40 3.42

Table 9: The number of retaining documents of filtering methods in HotpotQA(H), Musique(M) and
2WikiMHQA(W) datasets of CAGB benchmark (Pan et al., 2024).

This is RankGPT, an intelligent assistant
that can rank passages based on their
relevancy to the query.

The following are {{num}} passages, each
indicated by number identifier []. I can rank
them based on their relevance to query:
{{query}}

[1] {{passage_1}}

[2] {{passage_2}}

(more passages) ...

The search query is: {{query}}

I will rank the {{num}} passages above
based on their relevance to the search
query. The passages will be listed in
descending order using identifiers, and the
most relevant passages should be listed first,
and the output format should be [] > [] >
etc, e.g., [1] > [2] > etc.

The ranking results of the {{num}} passages
(only identifiers) is:

936

H Full Experimental Results937

Due to space constraints in the main text, we have938

included the detailed experimental results for each939

model across various datasets in this section.940

H.1 Relation Between Scores and Quality941

The visualizations of the relationship between the942

scores obtained through different methods and doc-943

ument quality for Vicuna-7b, Llama-3.1-8B and944

Qwen2.5-7B-Instruct are shown in Figure 5, 6, 7 .945

H.2 Attention-Weighted Ranking946

In Section 3.1, we explored the impact of different947

aggregation methods on results and discussed the948

Figure 5: The relationship between attention weight
scores obtained through different methods and the cor-
responding document quality of Vicuna-7B model.

influence of token types. The complete experimen- 949

tal results are shown in Table 10. 950

H.3 Relation Between Scores and Quality 951

The visualizations of relationship between attention 952

weight scores and document positions on the Hot- 953

potQA and Musique dataset are shown in Figure 8 954

and 9. 955

H.4 Document Filtering 956

In Section 3.3, we explored document filtering 957

based on attention weights. The complete experi- 958

mental results are as shown in Table 11. 959

I Pipeline 960

The workflow combining attention-weighted doc- 961

ument ranking with U-shaped placement is as fol- 962

lows: 963
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Prompt Methods Vicuna-7b Llama-3.1-8b Qwen2.5-7b Qwen2.5-7b-ins All

H M W H M W H M W H M W A

Unordered
First Token 0.386 0.291 0.484 0.296 0.216 0.336 0.398 0.375 0.4 0.462 0.495 0.484 0.385
Query 0.386 0.265 0.468 0.304 0.214 0.358 0.404 0.363 0.41 0.474 0.479 0.502 0.386
Answer 0.406 0.293 0.474 0.298 0.236 0.36 0.398 0.378 0.424 0.476 0.515 0.52 0.398

Ordered
First Token 0.404 0.3 0.474 0.294 0.218 0.342 0.408 0.385 0.432 0.492 0.485 0.518 0.396
Query 0.398 0.301 0.49 0.29 0.232 0.352 0.396 0.363 0.412 0.464 0.503 0.496 0.391
Answer 0.406 0.305 0.494 0.302 0.257 0.366 0.405 0.387 0.428 0.49 0.525 0.53 0.408

Table 10: Results of different aggregation methods in HotpotQA(H), Musique(M) and 2WikiMHQA(W) datasets of
CAGB benchmark (Pan et al., 2024). A is the average of all models and datasets’ performance.

Prompt Methods Vicuna-7b Llama-3.1-8b Qwen2.5-7b Qwen2.5-7b-ins

H M W H M W H M W H M W

Unordered

No Filter 0.392 0.238 0.452 0.292 0.192 0.35 0.376 0.298 0.39 0.468 0.458 0.48
Random Nk 0.318 0.195 0.368 0.213 0.145 0.298 0.301 0.223 0.312 0.412 0.391 0.409
Top Nk 0.396 0.275 0.428 0.288 0.222 0.276 0.38 0.358 0.39 0.471 0.481 0.428
Mean 0.394 0.268 0.4 0.278 0.231 0.281 0.381 0.341 0.381 0.468 0.48 0.402

Ordered

Vanilla-N 0.4 0.312 0.482 0.302 0.238 0.358 0.408 0.342 0.41 0.472 0.5 0.526
Random Nk 0.308 0.208 0.366 0.221 0.154 0.291 0.298 0.245 0.321 0.422 0.402 0.411
TopNk 0.388 0.316 0.472 0.272 0.212 0.281 0.39 0.403 0.384 0.468 0.502 0.448
Mean 0.412 0.316 0.424 0.293 0.241 0.302 0.4 0.371 0.392 0.468 0.481 0.437

Table 11: Results of filtering methods in HotpotQA(H), Musique(M) and 2WikiMHQA(W) datasets of CAGB
benchmark (Pan et al., 2024).

Figure 6: The relationship between attention weight
scores obtained through different methods and the cor-
responding document quality of Llama-3.1-8B model.

Figure 7: The relationship between attention weight
scores obtained through different methods and the cor-
responding document quality of Qwen2.5-7B-Instruct
model.
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Figure 8: Relationship between attention weight scores and document positions on the HotpotQA dataset. Figure (a)
shows comparison between ordered and unordered inputs(horizontal). Figure (b) compares different layers under
unordered inputs(vertical).Figure (c) compares extracted position scores under ordered and unordered.

Figure 9: Relationship between attention weight scores and document positions on the Musique dataset. Figure (a)
shows comparison between ordered and unordered inputs(horizontal). Figure (b) compares different layers under
unordered inputs(vertical).Figure (c) compares extracted position scores under ordered and unordered.

Algorithm 2 Attention Weight Based Ranking and
U-shaped Placement

Input Prompt Template T , LLM θ, Question q,
Documents D = {d0, ..., dN−1}.

1: Construct input: x = T (q,D);
2: Get the output from LLM: y,Aθ = θ(x);
3: Calculate Sy,Lh

; � (2)
4: Rank the documents based on Sy,Lh

as Ra;
5: Get token lengths of each document from x to

construct Tl, and locate tb and te from x;
6: Ru= U-shaped Placement(Ra, Aθ, tb, te, Tl);
7: Reconstruct the input based on Ru: xu =

T (q,Ru(D));
8: Get the final answer: y = θ(xu)

Output: The output answer y

J Number of Documents964

Our method can be applied to experiments involv-965

ing any number of documents. While the effec-966

tiveness of our method has been demonstrated on967

datasets of 10 and 20 documents in the main ex-968

periments, we have also conducted experiments969

with a small number of input documents to prove970

the method’s versatility and efficacy. We take the971

original ten-document 2wikiMultiHopQA dataset 972

and only intercepted the first three and five docu- 973

ments for the experiment. Experimental results in 974

the Table 12 demonstrate that our proposed rank- 975

ing method and U-shaped Placement remain high 976

efficiency across varying numbers of documents. 977

K Results on 13B Model 978

To demonstrate that our approach is effective across 979

different model scales, we conduct experiments 980

on Vicuna-13B. The results are shown in Table 981

13. Due to computational resource constraints, 982

we were unable to conduct experiments on larger 983

model scales, such as 70B. 984

The results are similar to those in Table 5, 985

demonstrating that our method outperforms the 986

previous baseline on the 13B model and enhances 987

the model’s ability to utilize documentation. 988

L Length Issue 989

We place the documents according to the U-shape 990

in our proposed method, however, the positional 991

bias does not exactly fit the U-shape and there may 992

be zigzag in the middle, as shown in previous analy- 993

sis. Aggregating the token-level position scores by 994
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Prompt Methods Vicuna-7b Qwen2.5-7b-ins

3doc 5doc 10doc 3doc 5doc 10doc

Unordered

Vanilla + Default 0.286 0.296 0.452 0.316 0.334 0.48
Vanilla + U-shaped 0.334 0.35 0.48 0.34 0.358 0.501
Our Ranking + Default 0.344 0.358 0.474 0.342 0.35 0.51
Our Ranking + U-shaped 0.356 0.374 0.506 0.35 0.36 0.536

Ordered

Vanilla + Default 0.38 0.424 0.482 0.366 0.428 0.526
Vanilla + U-shaped 0.398 0.47 0.524 0.37 0.464 0.522
Our Ranking + Default 0.39 0.456 0.494 0.376 0.444 0.53
Our Ranking + U-shaped 0.401 0.463 0.51 0.394 0.466 0.542

Table 12: Results of varying number of input documents.

Prompt Method H M W

Unordered

Vanilla 0.386 0.264 0.442
RankGPT 0.388 0.303 0.438
AttentionSort 0.41 0.305 0.458
ICR 0.406 0.313 0.479
SELFELICIT 0.382 0.294 0.447
Our DA + DU 0.42 0.311 0.484

Ordered

Vanilla 0.406 0.313 0.482
RankGPT 0.408 0.301 0.456
AttentionSort 0.408 0.301 0.474
ICR 0.405 0.343 0.475
SELFELICIT 0.402 0.334 0.478
Our DA + DU 0.414 0.357 0.497

Table 13: Zero-shot model performance in Hot-
potQA(H), Musique(M) and 2WikiMHQA(W) datasets
of CAGB benchmark on Vicuna-13B model.

document and then placing the document directly995

according to the result of document-level has no996

zigzag problem, but it has length problem as said997

in section 3.2. Is the length issue more important or998

the zigzag issue? We compare these two placement999

and list the result in Table 14. The results show that1000

placement according to the U-shape is more in line1001

with the positional bias, and the length mismatch1002

has a greater impact on performance compared to1003

the zigzag problem.1004

M Calibration1005

In previous experiments, we directly use the doc-1006

ument scores as the basis. The calibration pro-1007

posed in Chen et al. (2024) is inspiring, so we1008

also try to remove the positional effect from the1009

attention scores. Specifically, we similarly subtract1010

the scores indicating position from the document1011

scores. However, this does not result in a signifi-1012

cant improvement, probably because we are using1013

the scores from the answer aggregation, while the1014

position is a representation of the beginning and 1015

end, which does not strictly correspond to each 1016

other. Another explanation is that relevance estima- 1017

tion and positional bias jointly form the attention 1018

weight, but they do not follow a simple additive 1019

relationship; instead, they exhibit a more complex 1020

combinatorial relationship. The results are pre- 1021

sented in Table 15. 1022
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Placement Vicuna-7b Llama-3.1-8b Qwen2.5-7b Qwen2.5-7b-ins

H M W H M W H M W H M W

Default 0.4 0.312 0.482 0.302 0.238 0.358 0.408 0.342 0.41 0.472 0.5 0.526
U-shaped (Our) 0.397 0.314 0.524 0.31 0.252 0.376 0.416 0.369 0.414 0.486 0.509 0.522
Direct-U 0.39 0.291 0.49 0.31 0.232 0.356 0.406 0.361 0.406 0.472 0.495 0.516

Table 14: Results of different placements after sorting them for relevance based on external search scores. Default
means directly placing the relevant ones close to the questions, while U-shaped is our proposed method in accordance
with positional bias. Direct-U means aggregating token-level position scores by document and then placing the
document directly according to the result of document-level.

Ranking Aggregation H M W

Retrieval - 0.4 0.312 0.482

Attention Weight
answer 0.406 0.305 0.494
calibration 0.398 0.279 0.486

Table 15: Results of the different document relevance
sorting methods of vicuna-7b model under ordered input.
Calibration means subtracting positional influence from
attention scores.
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