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Abstract001

Decoder-only LLM rerankers struggle with002
long documents: inference is costly and rel-003
evance signals can be diluted by irrelevant con-004
text. Motivated by an attention analysis in-005
dicating a consistent degradation trend when006
non-relevant text is appended, we propose007
EviRerank, an evidence-based long-document008
reranking framework for decoder-only LLMs.009
EviRerank (i) scores document blocks with010
a lightweight selector (BM25, bi-encoder,011
or cross-encoder), (ii) constructs a compact012
reranking context under a hard token cap by013
dynamically budgeting evidence blocks with014
Adaptive Evidence Budgeting (AEB) and015
adding a global summary cue via Summary016
Augmentation (SA), and (iii) reranks with017
a decoder-only LLM. Across TREC DL’19,018
DL’23, and MLDR-zh, EviRerank consistently019
outperforms full-document LLM reranking and020
strong block-selection baselines while sub-021
stantially reducing the required input length.022
On TREC DL’19, EviRerank achieves 0.743023
nDCG@10 and 0.307 MAP, establishing a new024
best result and improving over RankLLaMA025
(0.701/0.288) by +0.042 nDCG@10 (+6.0%)026
and +0.019 MAP (+6.6%).027

1 Introduction028

Large language models (LLMs) (Touvron et al.,029

2023) have become strong rerankers ((e.g., RankL-030

LaMA (Ma et al., 2024)) ) for web search and other031

retrieval settings, thanks to advances in modeling032

capacity and generalization. However, real-world033

documents are often long, decoder-style LLMs in-034

cur rapidly growing inference cost as input length035

increases. Moreover, when relevant evidence is036

sparse and scattered, the reranker input may fail037

to cover the decisive signals, leading to unstable038

ranking quality.039

A common workaround is to decompose a doc-040

ument into smaller blocks and rerank based on a041

subset (Li et al., 2023b; Li and Gaussier, 2022).042
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Figure 1: Effectiveness-efficiency trade-off on DL’19.
We plot nDCG@10 against reranking latency per 100
documents (top-left better).

This “block-first” strategy introduces a new ques- 043

tion: how should we construct an evidence context 044

under a hard token cap? Most existing block-based 045

pipelines (e.g., KeyB (Li et al., 2023b) / IDCM- 046

style (Hofstätter et al., 2021) selection) primarily 047

address which blocks to keep, and often rely on an 048

implicit fixed allocation rule (e.g., always taking 049

a fixed number of top blocks or always filling the 050

budget). However, documents differ greatly in in- 051

formation density: some contain one or two highly 052

relevant blocks followed by many weak ones, while 053

others have many moderately relevant blocks. As 054

a result, a fixed allocation wastes tokens on low- 055

utility tail blocks for the former, yet may still fail 056

to allocate enough evidence for the latter. 057

In this work, we propose EviRerank, a 058

lightweight evidence-guided reranking framework 059

for decoder-only LLMs that constructs a com- 060

pact reranker input under a hard maximum token 061

cap. Given a query-document pair, EviRerank 062

first scores document blocks with a local scorer 063

(e.g., BM25 (Robertson et al., 2009), bi-encoder, 064

or cross-encoder), and then performs evidence con- 065

struction by allocating the capped context budget 066

to block evidence and global cues. Crucially, we 067
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introduce Adaptive Evidence Budgeting (AEB), a068

density-aware budgeting rule that determines how069

much block evidence to include: instead of always070

filling the cap, it halts further budget allocation071

when additional blocks provide low marginal util-072

ity, yielding a query-adaptive evidence length. In073

addition, we incorporate Summary Augmentation074

(SA) within the same cap to inject global document075

cues, and isolate its effect with controlled ablations.076

Experiments on TREC DL’19, DL’23, and MLDR-077

zh show consistent gains over strong baselines and078

a better accuracy-efficiency trade-off.079

Research questions. We study five questions:080

RQ1 Mechanism: What does attention reveal081

about long-document evidence construction? (Ap-082

pendix B) RQ2 Generalization: Do gains hold083

across DL’19, DL’23, and MLDR-zh? RQ3 Selec-084

tors: How do BM25/bi-/cross-encoder selectors085

affect the effectiveness-efficiency trade-off? RQ4086

SA: Does Summary Augmentation improve effec-087

tiveness under the same cap? RQ5 Efficiency:088

What are the latency and training-memory bene-089

fits?090

Contributions. Our main contributions are:091

• Evidence construction for long-document092

LLM reranking. We cast long-document093

reranking as constructing a compact evidence094

context under a token cap and reranking with095

a decoder-only LLM (EviRerank), compatible096

with BM25/bi-/cross-encoder selectors.097

• Adaptive Evidence Budgeting (AEB). We098

introduce a model-agnostic, normalized-score099

ratio stopping rule that adaptively determines100

how much block evidence to include.101

• Summary Augmentation (SA). We add a102

compact summary cue within the same cap103

and evaluate it with controlled baselines to104

rule out “just more tokens” effects.105

• Results and analysis. We show consistent106

gains on DL’19, DL’23, and MLDR-zh, and107

provide a 2×2 factorial ablation isolating the108

effects of AEB and SA.109

The remainder of this paper is organized as fol-110

lows. Section 2 reviews related work. Section 3111

presents EviRerank, including AEB and SA. Sec-112

tion 4 and 5 describes experimental settings and113

main results, followed by ablations and efficiency114

analyses in Section 6.115

2 Related Work 116

2.1 Neural IR Selectors: Cross- and 117

Bi-encoders 118

Neural IR with PLMs is commonly instanti- 119

ated as (i) cross-encoders that jointly encode 120

query-text pairs for accurate reranking (Devlin 121

et al., 2019; Nogueira and Cho, 2019), (ii) bi- 122

encoders that learn dense representations for ef- 123

ficient scoring or retrieval (Karpukhin et al., 2020; 124

Reimers and Gurevych, 2019), and (iii) late- 125

interaction models that balance token-level match- 126

ing and efficiency (Khattab and Zaharia, 2020; 127

Santhanam et al., 2022). In this work, we lever- 128

age these paradigms as lightweight local selectors 129

(BM25/bi/cross) to score document blocks before 130

LLM reranking. 131

2.2 Long-Document Reranking 132

Long documents challenge Transformer rerankers 133

due to quadratic attention and diluted relevance 134

signals. Efficient/sparse Transformers extend con- 135

text length (e.g., Longformer (Beltagy et al., 2020), 136

BigBird (Zaheer et al., 2021), and related sparse 137

designs (Child et al., 2019)), and IR-specific vari- 138

ants such as TKL (Hofstätter et al., 2020) and 139

QDS-Transformer (Jiang et al., 2020) further tai- 140

lor attention patterns. A complementary line seg- 141

ments documents into passages and aggregates sig- 142

nals, using simple pooling (Dai and Callan, 2019) 143

or learned aggregation (e.g., PARADE (Li et al., 144

2023a)). More recently, block selection reduces 145

noise by identifying salient passages before ap- 146

plying stronger rankers: IDCM (Hofstätter et al., 147

2021), ICLI (Li and Gaussier, 2022), and KeyB (Li 148

et al., 2023b) report strong results by selecting and 149

concatenating blocks. 150

Different from prior work that primarily treats 151

block selection as a pre-processing step for BERT- 152

style rerankers or simple concatenation, we study 153

budget-aware evidence construction tailored to 154

decoder-only LLM rerankers: selecting query- 155

salient evidence blocks, composing them into a 156

compact context under a fixed token budget, and 157

optionally augmenting it with a lightweight sum- 158

mary cue. 159

2.3 LLM-based Reranking 160

Finetuned LLM rerankers such as RankL- 161

LaMA (Ma et al., 2024) demonstrate strong ef- 162

fectiveness, but long-document reranking remains 163

challenging due to context limits and high infer- 164
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Figure 2: Architecture of EviRerank. The framework
composes the reranker input from query-focused ev-
idence blocks, optionally augmented with a compact
query-agnostic summary augmentation (SA). Adaptive
Evidence Budgeting (AEB) enables early stopping un-
der the same budget.

ence cost. Recent work explores progressive adap-165

tation (Zhang et al., 2024) and context compres-166

sion for efficiency (e.g., PERank (Liu et al., 2024)).167

In contrast to full-document LLM reranking or168

aggregation-only pooling, our approach explic-169

itly constructs a compact evidence context before170

LLM scoring, improving both effectiveness and171

efficiency on long documents.172

3 EviRerank: Evidence-Guided LLM173

Reranking with Adaptive Budgeting174

Fig. 2 illustrates EviRerank, an evidence-guided175

reranking framework for long documents. EviR-176

erank decomposes each document into blocks,177

scores blocks with a lightweight local scorer, and178

then composes a compact LLM input for a decoder179

reranker. Two components are optional and can180

be toggled independently: (i) Adaptive Evidence181

Budgeting (AEB) for information-density-aware182

early stopping, and (ii) Summary Augmentation183

(SA) that injects a short, query-agnostic summary184

cue under the same total budget.185

3.1 Passage Segmentation186

We segment each document into blocks using the187

CogLTX decomposition method (Ding et al., 2020),188

which favors strong punctuation boundaries and189

uses dynamic programming to ensure each block190

length is bounded. Following Li et al. (2023b),191

we set the maximum block length to B=63. For192

consistency with the final reranker, block segmen-193

tation uses the reranker tokenizer (Llama2/Llama3194

accordingly), and we extend the punctuation set for195

Chinese to better detect sentence boundaries.196

3.2 Local Block Scoring 197

After splitting a long document into blocks, EviR- 198

erank scores each block locally and then performs 199

global reranking with a decoder LLM. The local 200

scoring stage is lightweight (orders of magnitude 201

cheaper than LLM inference) and model-agnostic: 202

any standard IR scorer can be plugged in. In our 203

experiments, we instantiate three widely used op- 204

tions; full formulas and details are provided in Ap- 205

pendix C. 206

BM25 (term matching). We adopt the stan- 207

dard BM25 with (k1, b) and smoothed IDF (com- 208

puted with scikit-learn (Pedregosa et al., 2011)). 209

BM25 provides a strong term-matching baseline 210

and is robust for long documents. For Chinese 211

texts we apply standard word segmentation before 212

scoring. 213

Cross-encoder (interaction). A pretrained en- 214

coder (e.g., BERT (Devlin et al., 2019)) takes the 215

concatenated [query; block] as input; the [CLS] 216

representation is fed to a linear head to yield a 217

relevance score. Because each block is short, per- 218

block inference is still efficient while retaining fine- 219

grained token-level interactions. 220

Bi-encoder (dense retrieval). A shared encoder 221

maps queries and blocks to vectors; local relevance 222

is computed by a dot product (or cosine). Block 223

embeddings can be precomputed offline, making 224

scoring efficient at runtime while capturing seman- 225

tic similarity beyond lexical overlap. 226

3.3 Composing the LLM Input: Evidence 227

Blocks with a Summary Cue 228

Setup. Given a query Q and a document 229

segmented into blocks {bi}ni=1, a local scorer 230

(BM25/bi-encoder/cross-encoder; Sec. 3.2) pro- 231

duces block relevance scores si and block lengths 232

L(bi). Let the decoder reranker token cap for 233

document-side content be B. We allocate this cap 234

between evidence blocks and the summary cue: 235

B = BK +BS , where BK is the maximum budget 236

for evidence blocks K, and BS is the maximum 237

budget for the summary cue S (with BS = 0 when 238

SA is disabled). Let ks be the number of blocks 239

used to form the summary cue. 240

Step 1: Adaptive Evidence Budgeting (AEB) 241

via information-density-aware early stopping. 242

Naive packing fills the token budget by appending 243

blocks, but long documents often exhibit highly 244

skewed information density (a few decisive blocks 245

followed by a low-utility tail). To avoid diluting 246
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strong evidence with weak blocks, we introduce247

AEB, which early-stops evidence packing when248

the marginal relevance of newly considered blocks249

falls below a threshold, producing a query-adaptive250

evidence length that does not necessarily fill the251

cap BK .252

Score normalization. Raw block scores si can253

have heterogeneous scales across local scorers254

(e.g., BM25 vs. cross-encoder logits), making ratio-255

based stopping brittle. We transform scores into a256

bounded, monotonic scale s̃i before early stopping:257

s̃i = g(si), (1)258

where g(·) is either identity (NONE) or Min-Max259

normalization:260

g(si) =

si, NONE,

si − smin

smax − smin + ϵ
, MIN-MAX,

(2)261

with smin = minj sj , smax = maxj sj , and a small262

constant ϵ (set to 10−12).263

Dynamic selection with ratio-based stopping.264

Let π sort blocks by descending normalized score265

s̃: s̃π1 ≥ · · · ≥ s̃πn . We scan blocks in this order266

and greedily add bπj into K if it fits the evidence267

budget (T + L(bπj ) ≤ BK); otherwise, we stop268

(i.e., blocks are packed atomically rather than split).269

To avoid selecting low-density tail blocks, we ap-270

ply a ratio-based early stopping rule after selecting271

at least m blocks:272

stop if |K| ≥ m ∧ s̃πj < ρ s̃π1 . (3)273

Here s̃π1 is the best normalized block score and274

s̃πj is the current block score in the sorted order.275

The hyperparameter ρ ∈ [0, 1] controls how ag-276

gressively we truncate the long tail: once the score277

drops below a fixed fraction of the best block, we278

stop adding further blocks even if budget remains.279

Setting ρ = 0 disables ratio-based stopping, reduc-280

ing the procedure to budget-only selection.281

Finally, we restore the original document order282

of selected blocks in K. As a safety measure, we283

apply a hard truncation after composing the final284

input (Step 3) to ensure the total document-side285

content does not exceed B tokens, accounting for286

tokenization and prefix tokens.287

Step 2: Summary Augmentation (SA) as a288

query-agnostic cue. We build a compact sum-289

mary cue from blocks. We obtain block embed-290

dings {ei}ni=1 from the bi-encoder (shared with291

the selector by default) and cache them offline for 292

efficiency, then compute the centroid 293

ĉ =

∑
i ei

∥
∑

i ei∥
, (4) 294

score each block by its similarity to the centroid 295

ssum
i = ei ·ĉ, (5) 296

and select the top-ks blocks by ssum
i (preserving 297

original order) to form a short summary S. 298

Step 3: Compose and score with the decoder 299

reranker. We first compose the document-side 300

content as 301

D̃ = K ∥ S, (6) 302

and then enforce the hard token cap by truncation: 303

D′ = TruncB
(
D̃
)
, (7) 304

where K is constructed under the evidence budget 305

BK and S under the summary budget BS , with 306

B = BK +BS . 307

We format the decoder-only reranker input in a 308

RankLLaMA-style prompt: 309

input = “query: {Q} document: {D’}”. (8) 310

The final relevance score is produced from the last 311

hidden state: 312

RSV(Q,D) = Linear
(
Decoder(input)[−1]

)
.

(9) 313

Rationale. AEB adaptively allocates the evidence 314

budget per query-document pair, avoiding low- 315

utility tail blocks. SA adds a compact query- 316

agnostic global cue that complements the selected 317

evidence blocks. Both are lightweight: scoring op- 318

erates on short blocks, and SA is a top-k selection 319

over cached block embeddings. 320

4 Experimental Settings 321

We evaluate EviRerank on multiple long- 322

document reranking benchmarks and compare it 323

with strong baselines, mainly targeting RQ2-RQ5 324

introduced in Section 1. 325

4.1 Datasets 326

We use three datasets emphasizing long or full- 327

article documents: 328

• TREC DL 2019 (document reranking) 329

(Craswell et al., 2020): MS MARCO v1- 330

based document reranking with human rel- 331

evance judgments. 332
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• TREC DL 2023 (document reranking): built333

on MS MARCO v2 with web-page style doc-334

uments.335

• MLDR-zh (Chen et al., 2024): the Chinese336

subset of MLDR, sourced from Wikipedia and337

Wudao (Yuan et al., 2021).338

Dataset statistics are reported in Appendix D.339

4.2 Baselines340

We compare against competitive first-stage and341

reranking systems. Baseline sets align with prior342

work while remaining consistent across datasets343

where applicable. Most baselines are described in344

Appendix D.1.345

4.2.1 RankLLaMA-MaxP / AvgP346

To align with block-based designs, we segment347

each document into blocks, compute per-block348

scores with RankLLaMA, and then aggregate:349

MaxP takes the maximum block score and AvgP350

averages block scores. These serve as strong351

aggregation-only counterparts to evidence selec-352

tion and composition.353

4.3 Experimental Design and Implementation354

Details355

Variants of EviRerank. We evaluate EviRerank356

as an LLM-augmented reranker with fine-tuning.357

To ensure fair comparison with RankLLaMA358

(LLaMA2-7B1 backbone), we fine-tune EviRerank359

using the same backbone. EviRerank adopts local360

block scorers as modular components:361

EviRerankBM25, EviRerankbi, EviRerankcross,362

corresponding to BM25, bi-encoder, and cross-363

encoder selectors. We by default enable Adaptive364

Evidence Budgeting (AEB) (dynamic stopping)365

and Summary Augmentation (SA).366

Implementation summary. We use PyTorch 2.4367

with CUDA 11.8 on a single NVIDIA A100368

(40GB). We fine-tune with LoRA (Hu et al., 2021)369

while freezing the backbone, using pairwise hinge370

loss (Li et al., 2023b) and AdamW with warmup-371

decay in FP16. Default LoRA hyperparameters are372

r=32, α=64, learning rate 5×10−5, batch size 2,373

and gradient accumulation steps 8. All models train374

for one epoch on the same triplets. RankLLaMA375

uses gradient checkpointing (for longer inputs) and376

1https://huggingface.co/meta-llama/Llama-2-7
b-hf

batch size 1; otherwise hyperparameters mirror 377

EviRerank. All models are evaluated as rerankers 378

over the same first-stage candidates (official runs 379

for DL tracks; for MLDR-zh, BM25 top-k). 380

Training data and evaluation metrics are in Ap- 381

pendix E. 382

Input length and packing. Queries are truncated 383

to 32 tokens following (Ma et al., 2024). Un- 384

less otherwise specified, we enforce a hard maxi- 385

mum cap of pmax=600 document-side tokens. Un- 386

der this cap, we compose the reranker context 387

from (i) query-focused evidence blocks and (ii) 388

a lightweight summary cue (SA), while never ex- 389

ceeding the cap. By default, we allocate up to 480 390

tokens to evidence blocks and up to 120 tokens 391

to the summary cue (within the same pmax cap). 392

With AEB, evidence blocks are allocated dynam- 393

ically: selection may terminate early when addi- 394

tional blocks provide low marginal utility, yield- 395

ing a shorter query-adaptive evidence length under 396

the same hard cap. For controlled ablations, we 397

remove SA and reallocate its token budget to evi- 398

dence blocks, while keeping the same pmax=600 399

cap; we also compare against a 3-block random 400

summary cue under the same cap (Table 6). In con- 401

trast, RankLLaMA directly consumes up to 4,096 402

document-side tokens. 403

Block selectors and pretrained encoders. We 404

use language-specific cross-encoders and a multi- 405

lingual bi-encoder and as selectors in EviRerank 406

(Table 1); Unless otherwise specified, the same 407

bi-encoder is used for both block selection and 408

summary cue construction. 409

Encoder Lang HF checkpoint

Cross EN cross-encoder/ms-marco-MiniL
M-L-6-v2

Cross ZH BAAI/bge-reranker-base
Bi EN/ZH intfloat/multilingual-e5-sma

ll

Table 1: Encoders used by EviRerank (HF checkpoints).

AEB hyperparameters. AEB applies ratio- 410

based early stopping with threshold ρ (Eq. 3). For 411

score normalization, we use NONE for BM25 and 412

Min-Max normalization for neural selectors, com- 413

puted over blocks within each document. This de- 414

sign reflects that BM25 scores are derived from a 415

fixed lexical matching function and are typically 416

more comparable across blocks for the same query, 417

whereas neural relevance scores can vary in scale 418

5
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and dynamic range across queries/documents, mak-419

ing the ratio criterion sensitive without normal-420

ization. We select ρ on the dev set by sweeping421

{0.05, 0.10, 0.15, . . . , 0.65} and then fix it for test.422

We also tune the minimum number of kept blocks423

m (Eq. 3) on the dev set by sweeping {2, 3, 4, 5, 6},424

while other AEB parameters follow the default set-425

ting (e.g., maximum kept blocks).426

BM25 settings. For English, we use Anserini427

defaults (k1=0.9, b=0.4). For MLDR-zh, we ap-428

ply Chinese word segmentation with jieba2; other429

settings follow English. For EviRerankBM25 and430

KeyB models, IDF statistics are computed with431

scikit-learn on each corpus.432

5 Experimental Results433

Table 2: Results on TREC DL’19 document rerank-
ing, compared with sparse-attention rerankers and prior
block-selection methods. Best results are in bold. † and
‡ indicate statistically significant improvements under a
paired two-sided t-test at p < 0.05 over RankLLaMA
and KeyB(BERT)BinB, respectively.

TREC 2019 DL Track Document Reranking
Model NDCG@10 MAP

Baseline models
BM25 0.488 0.234
TKL 0.644 0.277
PARADE 0.655 0.280

Sparse attention models
Sparse-Transformer 0.634 0.257
Longformer-QA 0.627 0.255
Transformer-XH 0.646 0.256
QDS-Transformer 0.667 0.278

Select blocks models
IDCM 0.679 0.273
KeyB(PARADE5)BM25 0.672 0.280
KeyB(PARADE5)BinB 0.676 0.277
KeyB(PARADE5)BinB2 0.678 0.279
KeyB(BERT)BM25 0.683 0.281
KeyB(BERT)BinB 0.697 0.283

LLM
RankLLaMA 0.701 0.288
RankLLaMA-MaxP 0.643 0.269
RankLLaMA-AvgP 0.654 0.264

Ours: EviRerank (AEB+SA)
EviRerankBM25 0.744†‡ 0.302‡

EviRerankcross 0.743†‡ 0.307‡
EviRerankbi 0.743†‡ 0.300‡

5.1 Dataset-wise Effectiveness Results434

Tables 2-4 report results on three benchmarks.435

Significance is assessed by a paired two-sided436

t-test (p ≤ 0.05) on per-query metric scores.437

2https://github.com/fxsjy/jieba

Table 3: Results on TREC DL’23 document reranking.
Best results are in bold.† and ‡ indicate statistically
significant improvements under a paired two-sided t-test
at p < 0.05 over RankLLaMA and KeyB(BERT)BinB,
respectively.

TREC 2023 DL Track Document Reranking
Model NDCG@10 MAP

Baseline models
BM25 0.295 0.105
KeyB(BERT)BM25 0.352 0.123
KeyB(BERT)BinB 0.364 0.128

LLM
RankLLaMA 0.386 0.133
RankLLaMA-MaxP 0.341 0.112
RankLLaMA-AvgP 0.349 0.117

Ours: EviRerank (AEB+SA)
EviRerankBM25 0.457†‡ 0.154†‡

EviRerankcross 0.475†‡ 0.157†‡
EviRerankbi 0.465†‡ 0.156†‡

Table 4: Results on MLDR-zh. Best results are in bold.
† and ‡ indicate statistically significant improvements
under a paired two-sided t-test at p < 0.05 over RankL-
LaMA and KeyB(BERT)BinB, respectively.

Model P@1 MAP NDCG@8

Baseline models
BM25 0.201 0.259 0.277

BERT based models
KeyB(BERT)BM25 0.423 0.586 0.685
KeyB(BERT)BinB 0.804† 0.876† 0.907†

LLM
RankLLaMA 0.649 0.755 0.814
RankLLaMA-MaxP 0.374 0.554 0.661
RankLLaMA-AvgP 0.228 0.433 0.567

Ours: EviRerank (AEB+SA)
EviRerankBM25 0.909†‡ 0.939†‡ 0.954†‡

EviRerankcross 0.945†‡ 0.964†‡ 0.973†‡

EviRerankbi 0.951†‡ 0.968†‡ 0.976†‡

Superscripts † and ‡ denote statistically sig- 438

nificant improvements over RankLLaMA and 439

KeyB(BERT)BinB, respectively. 440

TREC DL’19. The best configuration is 441

EviRerank (AEB+SA)cross with nDCG@10 0.743 442

and MAP 0.307 (Table 2). This corresponds 443

to clear improvements over the full-document 444

LLM reranker RankLLaMA (0.701/0.288) and the 445

strongest BERT-based block-selection baseline 446

KeyB(BERT)BinB (0.697/0.283). Across selec- 447

tors (BM25/bi/cross), EviRerank consistently 448

outperforms RankLLaMA-MaxP/AvgP, showing 449

that simple score pooling is inferior to explic- 450

itly selecting and composing evidence before 451

reranking. Moreover, all EviRerank (AEB+SA) 452

variants are statistically significant (p ≤ 0.05) 453

over RankLLaMA (†) and KeyB(BERT)BinB (‡) 454

6
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on nDCG@10, and they are also significant over455

KeyB(BERT)BinB on MAP (Table 2).456

TREC DL’23. On DL’23, the strongest result457

is obtained by EviRerank (AEB+SA)cross, reach-458

ing nDCG@10 0.475 and MAP 0.157 (Ta-459

ble 3). Relative to RankLLaMA (0.386/0.133) and460

KeyB(BERT)BinB (0.364/0.128), this yields sub-461

stantial gains on both metrics. Again, evidence462

construction (selection + composition) dominates463

aggregation-only baselines (MaxP/AvgP), reinforc-464

ing that allocating the input budget to high-utility465

evidence is more effective than pooling over block466

scores. All EviRerank (AEB+SA) variants yield467

statistically significant gains (p ≤ 0.05) over both468

RankLLaMA (†) and KeyB(BERT)BinB (‡) on both469

metrics (Table 3).470

MLDR-zh. On MLDR-zh, the best configuration471

is EviRerank (AEB+SA)bi, achieving the strongest472

scores across the reported metrics (Table 4). Com-473

pared with RankLLaMA and KeyB(BERT)BinB,474

EviRerank yields large improvements, highlighting475

its robustness for very long Chinese documents.476

Notably, the bi-encoder selector is particularly ef-477

fective in this setting, likely because it provides a478

strong semantic prior under domain- and language-479

matched encoders. All EviRerank (AEB+SA)480

variants are statistically significant (p ≤ 0.05)481

over RankLLaMA (†) and KeyB(BERT)BinB (‡)482

on all reported metrics (Table 4). Interestingly,483

KeyB(BERT)BinB also significantly outperforms484

RankLLaMA on MLDR-zh (†), suggesting that485

strong BERT selectors can remain competitive for486

very long Chinese documents.487

Cross-dataset takeaway (RQ2). EviRerank488

consistently outperforms RankLLaMA-style and489

prior block-selection baselines across all bench-490

marks, with significant gains (p ≤ 0.05) over491

RankLLaMA and KeyB(BERT)BinB for the best492

setting in each dataset (Tables 2-4). Selec-493

tor choice is collection-dependent: BM25/cross-494

encoder work best on MS MARCO-style web495

corpora (DL’19/DL’23), while the bi-encoder is496

strongest on MLDR-zh. Overall, evidence budget-497

ing matters as much as block choice.498

5.2 Selector Choice and499

Effectiveness-Efficiency Trade-off (RQ3)500

Which selector to use. The optimal selector de-501

pends on the collection:502

• Cross-encoder yields the highest effective-503

ness on MS MARCO-style web documents 504

(DL’19/DL’23), benefiting from fine-grained 505

token interactions, at the cost of higher online 506

scoring. 507

• Bi-encoder provides a strong accuracy- 508

efficiency balance when the encoder matches 509

the language/domain (MLDR-zh). With 510

cached block embeddings, query-time scor- 511

ing is efficient. 512

• BM25 remains a strong efficiency-oriented op- 513

tion and is robust under lexical matching, es- 514

pecially when dense encoders are mismatched 515

or unavailable. 516

5.3 Does Summary Augmentation help? 517

(RQ4) 518

Summary Augmentation (SA) appends a com- 519

pact, query-agnostic cue constructed from pre- 520

segmented blocks under the same total budget. This 521

provides a high-level semantic anchor that can com- 522

plement query-focused evidence blocks. 523

Effectiveness. On both DL’19 and DL’23, enabling 524

SA improves the best-performing configurations 525

and yields consistent gains for the cross-encoder 526

selector (Tables 2 and 3). On MLDR-zh, SA yields 527

smaller and selector-dependent changes, suggest- 528

ing that summary cues are more beneficial when 529

the evidence distribution is fragmented across mul- 530

tiple facets (web documents) than when the se- 531

lector already captures strong semantic coverage 532

(bi-encoder on MLDR-zh). We further validate SA 533

with controlled ablations under a fixed total budget 534

in Section 6. 535

5.4 Efficiency (RQ5) 536

5.4.1 Inference Speed 537

We measure end-to-end reranking latency under 538

identical inference settings and report the wall- 539

clock time to rerank 100 candidate documents 540

per query. Fig. 1 plots effectiveness (nDCG@10) 541

against cost (latency per 100 documents; lower is 542

better). 543

Observations. Full-document RankLLaMA 544

is slower and less effective (50.65s, 0.701 545

nDCG@10) than our evidence-based variants, 546

while EVIRERANK (AEB+SA) achieves higher ef- 547

fectiveness at much lower latency (0.743-0.744; 548

9.02-11.81s). Pooling variants (MaxP/AvgP) run at 549

comparable latency (11.54-11.64s) but incur large 550

effectiveness drops (0.643-0.654), indicating that 551
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explicit evidence construction is essential under552

tight budgets.553

5.4.2 Training Memory Requirements554

Appendix A shows the training memory require-555

ment comparisons, showing EviRerank offers556

a practical accuracy-resource trade-off for long-557

document reranking.558

6 Ablation Study559

6.1 Factorial Ablation: AEB and SA560

We conduct a 2×2 factorial ablation on DL19 to561

isolate the effects of (i) AEB (dynamic stopping)562

and (ii) SA. We enforce pmax=600 as a hard upper563

bound on doc-side content; the realized length can564

be below the cap because blocks are packed atomi-565

cally (we do not force filling the remaining budget566

by splitting a block). All runs use the same reranker,567

candidate set, minmax normalization, and random568

seed; we only toggle these two components.569

Setting nDCG@10 MAP

No-AEB/No-SA (AEB×, SA×) 0.728 0.305
AEB only (AEB✓, SA×) 0.735 0.304
SA only (AEB×, SA✓) 0.739 0.305
AEB+SA (AEB✓, SA✓) 0.743 0.307

Table 5: 2×2 factorial ablation on DL19 (cross selector).

Table 5 disentangles the contributions of AEB570

and SA. AEB is primarily an efficiency mecha-571

nism: it reduces redundant low-utility tail blocks572

while maintaining ranking quality (0.728→0.735573

nDCG@10; MAP remains comparable). SA is the574

main driver of effectiveness gains (0.728→0.739575

nDCG@10), and combining SA with AEB yields576

the best result (0.743/0.307), suggesting the two577

components are complementary.578

Budget utilization evidence. We report doc-side579

token usage (tokenized document-side length af-580

ter concatenation/truncation, before padding) as581

a proxy of the consumed evidence budget. As582

shown in Fig. 3, AEB substantially reduces av-583

erage doc-side tokens: 560.0→478.7 for EviR-584

erank (−14.6%), while under SA the reduction is585

smaller (595.5→572.5, −3.9%) since SA already586

consumes a larger fraction of the shared cap.587

6.2 Ablation on Summary Augmentation588

We evaluate whether SA can be replaced under589

the same cap (pmax=600) by fixing the non-AEB590

setting and comparing SA against (i) a random591

No-AEB/No-SA AEB SA AEB+SA

480

500

520

540

560

580

600

Av
g.

 d
oc

-s
id

e 
to

ke
ns

560.0

478.7

595.5

572.5

Figure 3: Average doc-side token usage of the 2×2
ablations on DL19. Values are annotated at each point.

Variant nDCG@10

EviRerank (SA, default) 0.739
Random blocks summary 0.731
EviRerank (no SA) 0.728

Table 6: Summary augmentation ablation on DL19 un-
der the same max cap.

same block count summary and (ii) a no-summary 592

control (using the full cap for evidence blocks) (Ta- 593

ble 6). SA performs best, showing that adding our 594

SA cue under the same cap improves effectiveness 595

beyond allocating the entire budget to additional 596

query-focused blocks or using a random-block cue. 597

7 Conclusion 598

We presented EviRerank, an evidence-guided 599

framework for long-document reranking that se- 600

lects salient blocks under a hard token cap and 601

scores the resulting evidence context with a 602

decoder-only LLM. EviRerank introduces Adap- 603

tive Evidence Budgeting (AEB) to pack evidence 604

query-adaptively via early stopping, improving the 605

accuracy–efficiency trade-off under the same cap. 606

We also studied Summary Augmentation (SA) 607

and show via controlled ablations that its gains 608

are not merely from longer inputs. Across TREC 609

DL’19, DL’23, and MLDR-zh, EviRerank consis- 610

tently outperforms full-document LLM reranking, 611

pooling variants, and strong block-selection base- 612

lines. Overall, EviRerank shows that even though 613

decoder-only LLM rerankers are powerful, effec- 614

tive long-document reranking hinges on evidence 615

construction under a fixed input cap: deciding not 616

only which blocks to select, but also how much 617

evidence to include and whether to add a global 618

summary cue. 619
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Limitations620

First, our SA module is lightweight and query-621

agnostic; although it is budget-friendly and works622

well in practice, richer cues (e.g., multi-facet sum-623

maries) may be beneficial for documents with di-624

verse intents. Second, our evaluation focuses on625

three long-document reranking benchmarks and626

one decoder-only reranker family; broader cover-627

age (more domains and different reranker archi-628

tectures) would strengthen generalization claims,629

which would be future work.630
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A Training Memory Comparison 802
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Figure 4: Peak GPU memory during training on DL19
(MB), measured on an NVIDIA H20 (96 GB). Note:
full-document RankLLaMA (4096-token input, batch
size 1) exceeds 96 GB and is reported as > 96GB.

Fig. 4 reports peak GPU memory usage dur- 803

ing training on an NVIDIA H20 (96 GB). Full- 804

document RankLLaMA, which consumes up to 805

4096 tokens per query-document pair, exceeds the 806

96 GB capacity even with batch size 1; we therefore 807

mark it as > 96GB in the figure. This highlights 808

the high memory footprint of full-context training 809

under long inputs. 810

In contrast, EVIRERANK trains within a much 811

smaller memory budget by constructing a compact 812

evidence context under a strict cap. Across selec- 813

tors, peak memory stays around 22-23 GB. 814

Pooling-based baselines (RankLLaMA- 815

MaxP/AvgP) are the most memory-efficient 816

(17,235/17,233 MB), but they are substantially less 817

effective than EVIRERANK (Sec. 5.1). Overall, 818

budget-aware evidence construction offers a practi- 819

cal accuracy-resource trade-off for long-document 820

reranking. 821
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B Attention Analysis: Why Block822

Selection Still Matters823

With the advent of PLMs like BERT, IR systems824

have seen substantial improvements in document825

ranking accuracy. Among these, re-ranking mod-826

els, often referred to as cross-encoders, harness the827

power of fine-tuned PLMs or decoder-only LLMs828

for downstream IR tasks. Despite the impressive829

performance of decoder-only LLMs like RankL-830

LaMA, the inner workings of these LLMs, specif-831

ically how they assess and rank the relevance of832

passages, remain underexplored.833

B.1 Attention Heatmaps of Specific Examples834

To shed light on this and answer RQ1, we propose835

first analyzing the attention heatmaps of the Ran-836

kLLaMA model with several specific examples,837

which has been fine-tuned on the MSMARCO pas-838

sage ranking dataset3. Clark et al. (2019) propose839

a similar investigation for BERT and find a sig-840

nificant portion of BERT’s attention is focused on841

the delimiter token, and certain attention heads842

align well with linguistic features such as syntax843

and coreference. However, recent LLMs are uni-844

directional and decoder-only, especially for the IR845

focused LLMs, and may display a different behav-846

ior regarding how tokens attend to each other. We847

used the BertViz tool (Vig, 2019) to explore these848

attention patterns in the decoder-only LLM Ran-849

kLLaMA when processing various query-passage850

pairs.851

We begin with a simple and arbitrary text pair:852

the query text is "where is Paris", and the docu-853

ment text is "Paris is a city in France". With the854

format "query: [query] document: [document]",855

after Llama2 tokenizer, the input tokens are: ‘<s>’,856

‘_query’, ‘:’, ‘_where’, ‘_is’, ‘_Paris’, ‘_document’,857

‘:’, ‘_Paris’, ‘_is’, ‘_a’, ‘_City’, ‘_in’, ‘_France’.858

We check several attention heads which are shown859

in Fig. 5, Fig. 6, Fig. 7 and Fig. 8. To help show-860

ing weak attention weights, the last three figures861

are sharpened. Our findings are summarized in the862

following points:863

• Attention to delimiter, current and broad to-864

kens: Similar to (Clark et al., 2019) in BERT,865

we observe that a substantial portion of atten-866

tion is directed towards the delimiter token867

<s>, e.g., Fig. 5a. Clark et al. (2019) specu-868

3available at: https://huggingface.co/castorini/r
ankLlama-v1-7b-lora-passage

late that attention over the <s> delimiter to- 869

kens might be used as a sort of “no-op”, and 870

we conjecture that the attention over the be- 871

ginning <s> is also "no-op" for IR scenario. 872

Besides, we also observe a small amount of 873

attention is directed towards the current token 874

(Fig. 5b), and that some attention heads at- 875

tend broadly over all tokens (Fig. 5c, Fig. 5d), 876

which is consistent with (Clark et al., 2019). 877

• Attention focusing on relevant tokens: Be- 878

yond delimiter-focused or self-focused heads, 879

we observe several attention heads that di- 880

rectly capture semantic relations between rel- 881

evant tokens in the query and document. In 882

particular, as shown in each above three sub- 883

figures in Fig. 6, Fig. 7, and Fig. 8, these 884

relevance-focused heads consistently high- 885

light key cross-token alignments: for head 23 886

in layer 1, tokens such as “Paris” and “France” 887

in the document primarily attend to corre- 888

sponding relevant tokens in both query and 889

document segments; for head 25 in layer 8, 890

tokens “Paris” and “France” focus strongly 891

on the query token “Paris”; for head 24 in 892

layer 31, similar alignment between query 893

and document relevance tokens is also pre- 894

served. These patterns suggest that a subset 895

of attention heads are able to capture fine- 896

grained token-level relevance signals, forming 897

direct associations between query intents and 898

document content—an essential mechanism 899

underlying accurate relevance estimation. 900

• Attention with irrelevant information: To in- 901

vestigate the effect of irrelevant tokens, we 902

insert unrelated content such as “An apple is a 903

fruit” into the document. This setting is illus- 904

trated in the three subfigures in Fig. 6, Fig. 7, 905

and Fig. 8. The attention head 25 in layer 8 906

(Fig. 7e) effectively suppresses the irrelevant 907

content, maintaining strong attention on the 908

relevant query token “Paris.” This head ap- 909

pears to filter out the noise (e.g., apple) and 910

prioritize query-relevant content. 911

In contrast, head 23 in layer 1 (Fig. 6e) con- 912

tinues to exhibit broad attention across all to- 913

kens. Although the attention may be weak, it 914

reveals that the head does not clearly distin- 915

guish between relevant and irrelevant content. 916

Similarly, head 24 in layer 31 (Fig. 8e) shows 917

that the token “Paris” in the document attends 918
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(a) Delimiter heads (b) Local heads (c) Broad heads (d) Broad heads

Figure 5: Examples of attention heads that focus on delimiters, local context, or attend broadly.

not only to the query token “Paris” but also919

weakly to irrelevant tokens such as “apple,”920

“is,” and “a.”921

Importantly, except for head 25 in layer 8,922

the introduction of irrelevant tokens leads923

to a noticeable reduction in the attention924

weight toward the query token “Paris.” For925

instance, in Fig. 6f and Fig. 8f, the attention926

from the final document token “France” to927

the query token “Paris” becomes weaker after928

inserting irrelevant information.929

To support this observation quantitatively, Ta-930

ble 7 presents the measured attention scores931

from “France” to “Paris” in the query across932

the three heads. All heads exhibit decreased933

attention scores following the insertion of ir-934

relevant tokens. Notably, while the decline for935

Layer 8 Head 25 is mild, the other two heads936

show substantial drops. This degradation may937

impair the model’s ability to correctly assess938

the relevance between document and query,939

which is particularly critical in information940

retrieval scenarios. These irrelevant tokens941

will inevitably result in noisy information in942

the representation of the last token, which is943

the basic building block for computing the944

relevance score for RankLLaMA.945

B.2 Aggregated Attention Heatmaps Across946

Examples947

The previous section illustrates attention be-948

haviours on individual examples. To investigate949

whether these patterns generalize across real-world950

long documents, we conduct a dataset-level ag-951

gregation analysis. Specifically, we sample 500952

query–relevant document pairs from the TREC953

DL19 document ranking’s development set (MS954

MARCO) (Craswell et al., 2020). The RankL-955

LaMA model fine-tuned for document-level rerank-956

ing4 is used for evaluation. All documents are 957

truncated to 1200 tokens. 958

For each example, we compute the average at- 959

tention scores from document tokens to query to- 960

kens across all heads in every layer. The attention 961

scores are then averaged across the sampled set to 962

produce an overall heatmap summarizing attention 963

behaviour across layers and heads. 964

To assess robustness against irrelevant context, 965

we also create two additional test settings. For each 966

query–relevant document pair, we randomly sam- 967

ple a negative document, extract its first 800 tokens 968

as noise, and insert the noise either before or after 969

the relevant document. The aggregated attention 970

heatmaps under these two noise injection settings 971

are similarly computed. The resulting heatmaps for 972

the clean and noisy cases are shown in Fig. 9. 973

B.2.1 Findings 974

As shown in Fig. 9a, certain heads—primarily 975

located in the beginning and middle layers, as 976

well as several heads in the final layers—exhibit 977

strong attention from document tokens to query 978

tokens, aligning with relevance-focused behaviour 979

observed earlier. However, when noise is inserted, 980

both Fig. 9b and Fig. 9c display a general attenu- 981

ation of attention scores, indicating that irrelevant 982

content weakens the focus on relevant tokens. No- 983

tably, inserting noise after the relevant content ap- 984

pears to cause greater attention dispersion, likely 985

because the model processes text autoregressively 986

from left to right. 987

These aggregated patterns confirm that a fraction 988

of attention heads identify relevance signals, and 989

that irrelevant text can dilute these signals, motivat- 990

ing selective block extraction before LLM rerank- 991

ing. 992

4https://huggingface.co/castorini/rankllama-v
1-7b-lora-doc
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(a) Overall map (b) Token view #1 (c) Token view #2

(d) Overall (noise) (e) Token #1 (noise) (f) Token #2 (noise)

Figure 6: Attention maps of Layer 1 Head 23 on a clean document (top) and with appended noise (bottom).

B.3 Quantitative Analysis with993

Attention-Relevance Alignment Score994

(ARAS) and Positive Correlation Rate995

(PCR)996

To complement the above qualitative attention ob-997

servations and provide a more systematic and quan-998

titative understanding of how LLM rerankers be-999

have (addressing RQ1), we propose two evalua-1000

tion metrics: the Attention-Relevance Alignment1001

Score (ARAS) and the Positive Correlation Rate1002

(PCR). These metrics aim to measure how well the1003

model’s attention aligns with true relevance signals1004

in long documents.1005

B.3.1 Metric Definitions1006

• Attention weight per chunk: Given a query-1007

document pair (q, d), we first segment the1008

document d into M non-overlapping chunks1009

{C1, C2, . . . , CM}, where each chunk con-1010

tains a fixed number of tokens. For a given 1011

attention head and layer, let A ∈ RL×L de- 1012

note the attention matrix for the entire input 1013

sequence of length L. 1014

Let Q = {q1, q2, . . . , q|Q|} represent the to- 1015

ken indices of the query portion in the in- 1016

put sequence. Then, for each document 1017

chunk Ci (corresponding to token indices 1018

{ci,1, . . . , ci,K}), we compute its average at- 1019

tention weight toward the query tokens as: 1020

AttentionWeight(Ci) =
1

K

∑
t∈Ci

1

|Q|
∑
j∈Q

At,j 1021

This reflects how much attention the docu- 1022

ment chunk as a whole assigns to the query 1023

tokens. 1024
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(a) Overall map (b) Token view #1 (c) Token view #2

(d) Overall (noise) (e) Token #1 (noise) (f) Token #2 (noise)

Figure 7: Attention maps of Layer 8 Head 25 on a clean document (top) and with appended noise (bottom).

• Relevance score per chunk: For each chunk1025

Ci, we estimate its relevance with respect1026

to the query using an external cross-encoder1027

model5 which serve as an approximate1028

"ground-truth" relevance score:1029

RelevanceScore(Ci) = CrossEncoder(q, text(Ci))1030

where text(Ci) denotes the surface text of1031

chunk Ci.1032

• Attention-Relevance Alignment Score1033

(ARAS): For each query-document pair1034

(q, d), the ARAS is defined as the Spearman1035

rank correlation coefficient between the1036

attention weights and relevance scores across1037

5https://huggingface.co/cross-encoder/ms-mar
co-MiniLM-L6-v2

all chunks: 1038

ARAS(q, d) = Spearman(a, r) ,

a =
(
Attn(Ci)

)M
i=1

,

r =
(
Rel(Ci)

)M
i=1

.

(10) 1039

This measures how well the ranking induced 1040

by attention weights aligns with the ranking of 1041

relevance scores across chunks. For reporting, 1042

we compute the overall mean ARAS across 1043

the samples: 1044

ARAS =
1

N

N∑
j=1

ARAS(qj , dj) 1045

This average ARAS indicates the typical align- 1046

ment strength per query-document pair. 1047

• Positive Correlation Rate (PCR): Given a 1048

collection D = {(qj , dj)}Nj=1 of N query- 1049

14

https://huggingface.co/cross-encoder/ms-marco-MiniLM-L6-v2
https://huggingface.co/cross-encoder/ms-marco-MiniLM-L6-v2


(a) Overall map (b) Token view #1 (c) Token view #2

(d) Overall (noise) (e) Token #1 (noise) (f) Token #2 (noise)

Figure 8: Attention maps of Layer 31 Head 24 on a clean document (top) and with appended noise (bottom).

document pairs, we compute PCR as the pro-1050

portion of pairs whose ARAS is positive:1051

PCR =
1

N

N∑
j=1

I (ARAS(qj , dj) > 0)1052

where I(·) is the indicator function. PCR1053

reflects how consistently attention correlates1054

positively with relevance across the dataset.1055

ARAS focuses on the alignment strength be-1056

tween attention and relevance for individual query-1057

document pairs, while PCR reflects alignment sta-1058

bility across the dataset. Together, these metrics1059

offer both instance-level and corpus-level inter-1060

pretability.1061

B.3.2 Experimental Setup 1062

We conduct controlled experiments on 500 query- 1063

relevant document pairs sampled from the same 1064

development set (MS MARCO) as Section B.2. 1065

Each document is truncated to 1200 tokens, and 1066

segmented into 64-token chunks for analysis. The 1067

ARAS and PCR metrics are then computed across 1068

three representative attention heads previously iden- 1069

tified: Layer 1 Head 23, Layer 8 Head 25, and 1070

Layer 31 Head 24. The figures are shown in 1071

Fig. 10. 1072

To simulate long irrelevant contexts, we insert 1073

800 to 1800 noise tokens either before or after the 1074

relevant document content, allowing us to test at- 1075

tention stability under varying noise levels. 1076

B.3.3 Results and Findings 1077

Layer 1, Head 23. Under clean input, ARAS 1078

achieves 0.349 and PCR reaches 83.9%, suggesting 1079
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Table 7: The attention weights between “France” to “Paris” in the query when inserting noise tokens.

Layer 1 Head 23 (Fig 6) Layer 8 Head 25 (Fig 7) Layer 31 Head 24 (Fig 8)
no noise tokens 0.2097 0.6500 0.1296
with noise tokens 0.1154 (↓44.97%) 0.6492 (↓0.12%) 0.0858 (↓33.80%)

moderate attention-relevance alignment at shallow1080

layers. However, performance degrades signifi-1081

cantly as noise is inserted, particularly when noise1082

follows the relevant content. ARAS drops to nega-1083

tive values and PCR falls below 50% under heavy1084

noise, indicating this head is highly sensitive to1085

positional disruptions.1086

Layer 8, Head 25. This head shows the strongest1087

relevance alignment: baseline ARAS reaches 0.6021088

and PCR 96.6%. Although both metrics decline1089

with added noise, PCR remains relatively stable1090

(above 70%), suggesting that this mid-layer head1091

is better at resisting irrelevant information. Never-1092

theless, ARAS still declines sharply as more noise1093

accumulates, indicating that although the head con-1094

sistently identifies relevant regions, the precision1095

of its attention distribution becomes less aligned1096

with true relevance as noise increases.1097

Layer 31, Head 24. This deep-layer head ex-1098

hibits relatively weak alignment, with a baseline1099

ARAS of 0.284 and PCR of 79.6%. As with ear-1100

lier heads, both metrics decline in the presence1101

of noise. Although its performance degrades more1102

slowly than Layer 1, it still suffers substantial drops1103

under high noise levels: ARAS falls below 0.1 and1104

PCR drops to approximately 56%.1105

Overall Observations. Across all heads, insert-1106

ing irrelevant tokens after the relevant content con-1107

sistently causes more severe alignment degradation1108

than inserting noise before, likely because autore-1109

gressive LLMs encounter relevant content later,1110

reducing the usable attention capacity.1111

B.4 Summary: Implications for Long1112

Document Retrieval1113

These findings provide a direct answer to RQ1,1114

showing that while certain attention heads do ex-1115

hibit relevance-focused behaviors, their ability to1116

preserve this alignment diminishes substantially1117

when irrelevant content accumulates. This degrada-1118

tion is especially pronounced when noise appears1119

later in the sequence, likely due to the left-to-right1120

processing nature of decoder-only LLMs such as1121

RankLLaMA.1122

These results reinforce the need for explicit 1123

block selection before LLM reranking—not only 1124

to reduce computational overhead, but also to pre- 1125

serve attention focus, mitigate distraction from ir- 1126

relevant text, and prevent attention dispersion. This 1127

insight validates the core motivation behind KeyB2: 1128

block selection remains necessary even in the era 1129

of large language models. By selecting and ranking 1130

the most relevant content blocks, we enable LLMs 1131

to concentrate attention on relevant information, 1132

thereby improving both retrieval effectiveness and 1133

computational efficiency. 1134

C Details of Local Ranking Approaches 1135

in EviRerank 1136

This section provides the formal definitions and 1137

implementation details for the three local scorers 1138

used in EviRerank: BM25, cross-encoder, and bi- 1139

encoder. 1140

C.1 BM25 1141

Given a query q and a block blk, the Retrieval 1142

Status Value (RSV) is: 1143

RSVBM25(q, blk) =
∑

w∈q∩blk
IDF (w) · s(w, blk),

(11) 11441145

s(w, blk) =
tf blk

w

k1

(
1− b+ b lblk

lavg

)
+ tf blk

w

. (12) 1146

where tf blk
w denotes the frequency of term w in 1147

block blk, lblk denotes the block length, and lavg 1148

denotes the average block length. 1149

In this paper, we use the scikit-learn (Pedregosa 1150

et al., 2011) package to calculate the IDF dictionary 1151

with IDF smoothing. IDF (w) is defined by: 1152

IDF (w) = log
N + 1

dfw + 1
+ 1, 1153

where N and dfw are added one with default scikit- 1154

learn smooth IDF setting. The added 1 after the 1155

fraction, makes sure terms with zero IDF don’t get 1156

suppressed entirely. Besides, lblk is the length of 1157

block, lavg the average length of the blocks in d, 1158

and k1 and b two hyperparameters of BM25. 1159
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(a) The overall attention heatmaps for relevant documents
(without inserting noise)

(b) The overall attention heatmaps when inserting noise
before relevant documents

(c) The overall attention heatmaps when inserting noise
after relevant documents

Figure 9: The overall attention heatmaps across samples,
comparing with inserting noise tokens.

For Chinese documents, word w is recognized 1160

using the Jieba6 Chinese text segmentation tool to 1161

obtain meaningful terms. 1162

C.2 Cross-encoder (interaction) 1163

For each block bi, a pretrained encoder (e.g., 1164

BERT) takes concatenated query and block tokens: 1165

bclsi = PLM([CLS], q_tokens, [SEP ], bi_tokens), 1166

where bclsi is the [CLS] embedding. A linear layer 1167

maps it to a relevance score: 1168

RSV (q, bi) = Wbclsi , 1169

with W the learnable weights. Because blocks are 1170

short, this remains efficient while retaining rich 1171

interactions. 1172

C.3 Bi-encoder (dense retrieval) 1173

A shared encoder independently maps queries and 1174

blocks: 1175

qcls = PLM
(
[CLS], qtok

)
,

bcls
i = PLM

(
[CLS], bi,tok

)
.

(13) 1176

Local relevance is computed as cosine similarity: 1177

RSV (q, bi) = cos
(
qcls, bcls

i

)
. (14) 1178

Block embeddings can be precomputed offline, 1179

making this approach extremely efficient at run- 1180

time. 1181

D Datasets Statistics and Baselines 1182

Table 8 summarizes genres, corpus sizes, test query 1183

counts, and average document lengths (tokenized 1184

by LLaMA2). 1185

D.1 More Baseline Details 1186

We compare against competitive first-stage and 1187

reranking systems. Baseline sets align with prior 1188

work while remaining consistent across datasets 1189

where applicable. 1190

D.1.1 DL’19 baselines (following (Li et al., 1191

2023b)) 1192

• Traditional IR: BM25 (Anserini) (Yang et al., 1193

2018). 1194

• Neural IR: TKL (Hofstätter et al., 2020), PA- 1195

RADE (Li et al., 2020), Sparse-Transformer 1196

(Child et al., 2019), Longformer-QA (Beltagy 1197

et al., 2020), Transformer-XH (Zhao et al., 1198

2020), QDS-Transformer (Jiang et al., 2020). 1199

6https://github.com/fxsjy/jieba
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Table 8: Datasets statistics (with LLaMA2-7B tokenizer).

Dataset genre #documents #test query Avg. Num. of Tokens

TREC DL19 doc (MS MARCO) Web Documents 3,213,835 49 1958
TREC DL23 doc (MS MARCO v2) Web Documents 11,959,635 82 3782
MLDR-zh Wikipedia + Wudao 200,000 800 12899

• Key-block selection: IDCM (Hofstätter et al.,1200

2021), KeyB(PARADE5) and KeyB (Li et al.,1201

2023b).1202

• LLM reranker: RankLLaMA (Ma et al., 2024)1203

and our segment-level variants RankLLaMA-1204

MaxP / RankLLaMA-AvgP (defined below).1205

D.1.2 DL’23 / MLDR-zh unified baselines1206

• BM25: Anserini for English; for MLDR-zh,1207

we apply Chinese word segmentation.1208

• KeyB family: KeyB with BM25-based / bi-1209

encoder-based selection; English uses BERT1210

and MLDR-zh uses Chinese BERT-style en-1211

coders.1212

• LLM reranker: RankLLaMA and our MaxP /1213

AvgP variants.1214

E Training Data and Evaluation Metrics1215

Training data. We adopt standard triplet con-1216

struction:1217

• DL’19: 200K triplets from MS MARCO v11218

(positives from qrels; negatives from top-100).1219

• DL’23: 200K triplets from MS MARCO v21220

(same protocol).1221

• MLDR-zh: 10K labeled queries with one pos-1222

itive and one negative each.1223

Metrics. We follow community practice per1224

dataset:1225

• DL’19/’23: NDCG@10, MAP.1226

• MLDR-zh: The test file for each query, has1227

1 positive document, together with 7 nega-1228

tive documents. So we report P@1, MAP,1229

NDCG@8.1230
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(a) ARAS of Layer 1 Head 23 (b) PCR of Layer 1 Head 23

(c) ARAS of Layer 8 Head 25 (d) PCR of Layer 8 Head 25

(e) ARAS of Layer 31 Head 24 (f) PCR of Layer 31 Head 24

Figure 10: Mean ARAS scores and positive correlation rates for different layers across various noise lengths and
different noise insertion positions. Baseline is the score without inserting noise tokens.
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