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Abstract001

Large Language Models (LLMs) are often de-002
ployed in tasks that require selecting an item003
from a long list provided in the model’s con-004
text. LLMs’ native selection behavior is brittle:005
predictions are sensitive to the surface form of006
the identifiers, their placement within the con-007
text, and the ordering of candidate items. We008
present OLR-heads, a robust method for list009
selection that harnesses attention patterns avail-010
able from a single forward call on the LLM.011
OLR-heads learns the logic for item selection012
using a few in-context examples, and a simple013
online position-debiasing mechanism to correct014
attention distortion. Across multiple database015
and tool selection benchmarks, OLR-heads016
consistently improves selection performance017
over direct generation and prior attention-based018
methods, while remaining robust to prompt019
variations and item ordering, and incurring neg-020
ligible overheads. The LLM’s KV cache states021
are unaffected, and can be reused for subse-022
quent response generation. In contrast, existing023
approaches either entail additional LLM calls,024
or task-specific offline learning, or position de-025
biasing methods that modify the attention or026
encoding rendering the KV states unusable for027
subsequent generation.028

1 Introduction029

With the prevalence of agents, LLMs are often used030

in scenarios where they need to select an item, such031

as a tool, a function, or a database from a long032

list of options in its prompt, and encoded in its033

long context. Several studies have reported that034

LLM’s native selection of relevant tools is often035

unreliable: predictions are sensitive to the ordering036

of candidate items (Liu et al., 2023; Zhang et al.,037

2024; Schilcher et al., 2025), and we will show038

also to the surface form of the identifiers, and their039

placement within the context.040

Existing approaches to fix this limitation can be041

categorized two ways: (1) Methods that use the042

LLM to generate the selection either via logits of 043

item identifiers (Gangi Reddy et al., 2024; Hao 044

et al., 2024), or explicit rank permutations (Sun 045

et al., 2024; Liu et al., 2025b) often requiring mul- 046

tiple LLM calls or fine-tuning. (2) Methods that 047

harness the attention from the query to the items 048

in the list. These work only after identification of 049

relevant heads requiring task-specific offline dis- 050

covery (Zhang et al., 2025; Tran et al., 2025) and 051

position debiasing performed either via a separate 052

LLM with a dummy query (Chen et al., 2025) or 053

modifying position embeddings (Xiao et al., 2025; 054

Yu et al., 2025). 055

Our goal was to design a method that can allow 056

in-context item selection with existing KV cache 057

states of a long context, without incurring any fur- 058

ther LLM calls. Thus, ours is an online, read-only 059

method that does not modify document layout or 060

how attention is computed so that the LLM can 061

reuse the KV cache for further processing needed 062

to generate a response. This is unlike existing meth- 063

ods discussed above that view selection as a stand- 064

alone step and have one or more of these require- 065

ments: additional LLM calls, offline task-specific 066

training, custom attention, or fine-tuning. 067

We propose OLR-heads which builds upon re- 068

cent attention-based selection methods by making 069

them online through two simple ideas: (1) harness 070

in-context examples that are typically provided to 071

teach models new tools or functions, to online dis- 072

cover a sparse set of retrieval heads, and (2) correct 073

position bias with in-context anchor tokens separat- 074

ing documents from in-context examples. 075

Across seven tasks spanning tool selection and 076

database routing, we show that OLR-heads provide 077

better selection accuracy, greater robustness than 078

generative methods to prompt variations, identifier 079

type and placement, and item ordering, while in- 080

curring negligible additional overheads beyond a 081

normal LLM forward call. 082
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Contributions083

1. We propose a low-overhead, read-only, online084

method of improving the accuracy of list selec-085

tion from an LLM’s context. We propose a very086

simple method of position debiasing that does087

not involve a separate tool-call, and thus does088

not require tampering with the embeddings of089

the LLM.090

2. We compare with existing methods of harness-091

ing LLMs for reranking and list selection on092

seven datasets, and show our OLR-heads pro-093

vides competitive accuracy while incurring neg-094

ligible additional time overheads.095

3. We show that LLMs’ native selection is brittle:096

predictions are sensitive to the surface form of097

the identifiers, their placement within the con-098

text, and the ordering of candidate items. In099

contrast, OLR-heads is robust to these varia-100

tions.101

2 Related Work102

LLMs Generate Selections RankGPT (Sun103

et al., 2024) is one of the first methods to show that104

LLMs could perform zero-shot listwise reranking105

by generating a ranked list of identifiers. For long106

lists, it is effective only when performed over mul-107

tiple smaller sliding windows, but this entails multi-108

ple LLM calls. A number of alternatives have been109

proposed to handle this inefficiency but they all re-110

quire additional training. Gangi Reddy et al., 2024111

trains the output logits of the first generated identi-112

fier to output probabilities of each candidate ID in113

a single step. Further, Hao et al., 2024; Yakovlev114

et al., 2024 proposes to extend the vocabulary with115

tool names to allow selection via logits. Liu et al.,116

2025a proposes to compress long documents into117

a single dense embedding token. Pradeep et al.,118

2023 distills smaller models for ranking and Liu119

et al., 2025b trains a long-context models for full120

ranking.121

Attention for Reranking In contrast to the above122

approaches that ’generate’ the ranking using the123

LLM, some recent work harness attention patterns124

inside LLMs to score items. Wu et al., 2024 mech-125

anistically examine this phenomenon, showing that126

a small subset of attention heads, called as retrieval127

heads, are responsible for copying or reusing infor-128

mation from input spans in long-context settings.129

Zhang et al., 2025 build upon the retrieval-head130

concept by proposing Query-Focused Retrieval131

Heads (QR-Heads), with strong query-to-context132

attention. Using these heads, their QR-Retriever 133

aggregates attention signals to rank candidate pas- 134

sages, achieving significant improvements on long- 135

context reasoning and on IR tasks. Tran et al., 136

2025 further introduce a contrastive scoring-based 137

method for head selection. 138

These studies establish that a small number of 139

heads, typically in the middle layers, can deliver 140

state-of-the-art ranking performance. But these 141

methods require offline training for head selec- 142

tion which makes this approach applicable only for 143

tasks where offline training and storage of selected 144

heads is made part of the task-specific pipeline. 145

We build upon these studies, but propose a purely 146

online method applicable on-the-fly on any LLM 147

invocation requiring selection of items from a list. 148

Position correction methods Recent stud- 149

ies (Liu et al., 2023; Zhang et al., 2024; Schilcher 150

et al., 2025) have shown that LLMs exhibit po- 151

sitional bias, where changing the ordering of 152

items in the prompt significantly impacts LLM re- 153

sponse, particularly in the long-context. Several ap- 154

proaches have been proposed to mitigate this posi- 155

tional bias. Rotary Position Embeddings (Su et al., 156

2023) directly encode positional information in a 157

transformer. One category of methods (Xiao et al., 158

2025; Yu et al., 2025) attenuates that to change 159

the attention values before they are computed. A 160

second category encode documents differently to 161

incorporate position invariance (Wang et al., 2025; 162

Yoon et al., 2025), a third category debias with 163

learned focus directions (Zhu et al., 2025), while 164

others fine-tune for reduced position bias (Zhang 165

et al., 2024). All these methods change the way 166

attention is computed in the LLM, and view item 167

selection as a stand-alone operation. Our method 168

is designed to select an item in-place, where after 169

selection the LLM may use the same KV cache 170

state to do further processing needed to generate a 171

user response. As such, we are interested in read- 172

only methods that do not modify the default LLM 173

further processing. The closest to our approach is 174

the debiasing used in (Zhang et al., 2025) but their 175

method requires an additional LLM call to debias 176

with the attention from a neutral "N/A" query. 177

3 Our method 178

Let x denote a user query, and D(x) denote the 179

list of items (e.g. tools or databases or documents) 180

from which we need to select the small subset (typ- 181

ically one) that is relevant to x. We are consider- 182
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Figure 1: Overview of OLR-heads. The method first identifies a sparse set of retrieval-relevant attention heads
by selecting heads with high position-debiased query-to-gold attention averaged over in-context examples. The
selected heads are then reused to compute position-debiased attention scores between the test query and candidate
items, producing a final ranking.

ing settings where the number of items in D(x) is183

large, say O(100) We assume access to a small set184

of labeled in-context examples E = {(xi, d
⋆
i )}Ki=1185

where each query is paired with its ground-truth186

relevant item d⋆i ∈ D(x). Typically, E is small(5-187

10 examples), and we show that even this small188

size suffices for our method of item selection. Our189

objective is to rank items in D(x) using a single190

forward pass of a frozen model, by exploiting in-191

ternal attention signals computed during a forward192

pass over the model.193

Prompt Format. We assume a prompt contain-194

ing the candidate pool D(x), the small set E of195

in-context examples, and the test query x. Each196

candidate item, d ∈ D(x) is represented by a197

unique identifier followed by its description. Items198

in the pool are separated using a fixed delimiter(e.g199

\n\n) to ensure consistent token boundaries across200

prompts. We use T (d) to denote the token span of201

an item d ∈ D(x), T (xi) to denote the token span202

of an example in the ICL set and likewise the token203

space of the target query T (x).204

Attention Extraction. A forward pass with the205

LLM on the above prompt yields an attention ma-206

trix between queries and items. Let the model con-207

sists of L layers and H attention heads per layer,208

yielding a total of H = L×H attention heads. For209

each head h, the attention matrix is represented by210

Ah. We define a per-head attention score between a211

query x and an item d ∈ D(x) by aggregate atten-212

tion values from all query tokens to all item tokens213

as:214

ahx→d =
1

|T (x)|
∑

tx∈T (x)

∑
td∈T (d)

Ah[tx, td] (1)215

Position Debiasing. As several previous studies216

have shown, the raw attention values exhibit po-217

sition bias and as discussed in Section 2 several218

methods are proposed for correcting the bias, in- 219

cluding subtracting the attention from a special 220

call with a dummy query (Zhang et al., 2025). We 221

introduce an on-the-fly position debiasing as fol- 222

lows: We denote the instructional tokens between 223

the documents list D(x) and the first ICL example 224

as a special anchor span AT as shown in Figure 1. 225

The attention from AT to each of the documents 226

(ahAT→d) denotes an example-neutral attention to 227

each document d. Using this we define the position- 228

corrected attention as 229

ãhx→d = ahx→d − ahAT→d (2) 230

Intuitively, this subtraction removes attention mass 231

that arises due to positional bias as the text span AT 232

should have attended uniformly across all items in 233

the absence of position bias. 234

Head Detection via In-Context Examples. We 235

use the in-context examples to identify a small sub- 236

set of attention heads that encode retrieval signals, 237

i.e., heads that attend strongly from a query to its 238

relevant item. For each example (xi, d
⋆
i ), we com- 239

pute the position-corrected query-to-gold-item at- 240

tention for each head ahxi→d⋆i
using Equation 2. A 241

useful head would attend from the query to the gold 242

item across in-context examples. We therefore de- 243

fine the score of head as average corrected attention 244

across all K in-context examples, and choose the 245

top-R heads as: 246

Htop = TopK({
K∑
i=1

ãh
xi,→d⋆i

|h ∈ H}, R) (3) 247

Test query Scoring. Now, for the final user query 248

x, we compute the total de-biased attention over 249

the selected heads Htop for each item d ∈ D(x), 250

choose the item with the highest attention. 251

d̂ = argmaxd∈D(x)

∑
h∈Htop

ãhx→d (4) 252
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4 Experiments253

We evaluate OLR-heads with several existing meth-254

ods on accuracy of selecting the right item, robust-255

ness to prompt variation, and running time.256

4.1 Baselines257

We compare OLR-heads against a diverse set of lex-258

ical, dense, and LLM-based re-ranking baselines,259

covering both traditional IR methods and recent260

generation-based approaches.261

Direct generation (Direct Gen.). This is the de-262

fault method, where the LLM generates the se-263

lected item from the options in the context.264

LLM-based zero-shot re-rankers. We compare265

with these methods that rerank using an LLM with-266

out any task-specific training. (1) RankGPT (Sun267

et al., 2024): ranks documents incrementally us-268

ing sliding windows, and as such requires N−w−s
w−s269

calls to rerank N items using windows of size w270

and stride s. We report numbers with w = N ,271

that is a single LLM call, and for smaller w, s val-272

ues chosen so that w = 2s and number of calls273

is no more than 5. All configurations of sliding274

window are discussed in Appendix F. (2) In-Con-275

text-Re-ranking (ICR; Chen et al., 2025): computes276

document relevance using attention weights aggre-277

gated across all attention heads, using a separate278

dummy query’s attention to do position debiasing.279

LLM-based re-rankers with light training. QR-280

HEAD: closely follows ICR but performs offline281

attention head selection using the same labeled set282

as available to OLR-heads.283

Although our method is designed for in-context284

retrieval, for reference we provide results with stan-285

dard document retrievals baselines in Appendix C.286

4.2 Datasets287

We consider seven datasets spanning two task cat-288

egories: database selection and tool selection as289

summarized in Table 8. For database selection,290

we use Spider (Yu et al., 2019) and Bird (Li291

et al., 2023) datasets where Spider contains 166292

databases, while Bird contains 80 databases. Each293

database is described with its name and full schema.294

The task is to route each query to the one database295

that can answer this query (Wang et al., 2023).296

Number of test queries is 1000, randomly sam-297

pled from the combined training and development298

splits. For tool selection, we used five datasets.299

Each dataset includes a list of tools with a name300

and a brief textual description, and a user query301

needs to select one or more tools. The first dataset 302

is ToolE (Huang et al., 2023) where we evaluate on 303

2000 queries over 199 tools. The remaining four 304

are from the ToolRet repository (Shi et al., 2025). 305

We selected the four largest: CRAFT-TabMWP, 306

CRAFT-Algebra, APIBank and ToolEyes. 307

Evaluation Metric. We evaluate all queries using 308

Recall@1, treating tool retrieval as a single-item 309

selection problem. This design choice allows to as- 310

sess the robustness of retrieval under long prompts 311

while maintaining a fixed prompt structure consis- 312

tent with prior datasets and baselines. 313

Models and Setup We experiment with three 314

open-weight, instruction-tuned language models 315

from two families including Qwen2.5(7B and 7B- 316

1M) of Qwen family (Yang et al., 2024), and 317

LLaMA-3.1(8B) of Llama family (Dubey et al., 318

2024). For both QRHEAD and OLR-heads we se- 319

lect 20 heads and five examples for head selection. 320

Further experimentation details can be found in 321

Appendix A 322

4.3 Accuracy of Selection 323

Table 1 reports Recall@1 across different methods, 324

datasets, and models. Under the LLaMA back- 325

bone, OLR-heads achieves the strongest perfor- 326

mance across all datasets. It outperforms direct 327

generation(Direct Gen.), attention-based re-rankers 328

such as ICR and QRHEAD and both versions of 329

RankGPT on every benchmark. These results in- 330

dicate that retrieval-relevant attention signals in 331

LLaMA are strong and stable, and can be effec- 332

tively exploited online using just a few in-context 333

examples. RankGPT(without SW) that attempts to 334

output the ranking with a single LLM prompt, is 335

significantly worse than all methods. 336

For the Qwen-2.5-7B-Instruct model, OLR- 337

heads outperforms Direct Gen., ICR and QRHEAD 338

across datasets. RankGPT(with SW) performs ex- 339

ceptionally well on this model. This behavior is ex- 340

pected, as RankGPT decomposes long contexts into 341

smaller windows that fall within the model’s native 342

context length (32K tokens), allowing generation to 343

operate under favorable conditions. However, this 344

comes at the cost of multiple generation calls per 345

query, significantly blowing inference time as we 346

show in Section 4.5. As shown in the second row 347

of the table, except for ToolE, for all other datasets 348

the number of tokens exceeds 25K, and is beyond 349

32K tokens for four of seven the datasets. This is 350

also reflected in the abysmal performance of this 351
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Method ToolE Spider Bird APIbank Tooleyes Algebra Tabmwp
Prompt len 5k 42k 35k 25k 28k 64k 54k
Base LM: Llama-3.1-8B-Instruct
Direct Gen. 62.2 53.3 57.3 75.3 58.8 41.1 19.0
ICR 51.3 63.4 66.2 64.7 61.3 35.2 13.0
QRHEAD 53.9 67.3 71.4 68.2 62.5 51.7 17.0
RankGPT(with SW) 59.3 60.9 53.1 72.9 51.3 57.2 13.0
RankGPT(without SW) 15.4 6.4 11.1 48.2 13.7 0.4 0.6
OLR-headssim 62.5 67.0 73.4 77.6 68.8 60.2 19.0
Base LM: Qwen-2.5-7B-Instruct
Direct Gen. 55.5 42.6 48.1 69.4 42.5 11.9 4.8
ICR 44.5 31.7 27.7 41.2 52.5 11.0 8.1
QRHEAD 51.3 51.2 38.9 49.4 58.8 15.3 17.7
RankGPT(with SW) 67.4 73.5 66.6 80.0 65.0 77.1 27.2
OLR-headssim 59.4 59.4 65.4 76.5 55.0 52.1 17.7
Base LM: Qwen-2.5-7B-Instruct-1M
Direct Gen. 63.1 52.9 58.5 77.6 48.8 27.5 8.8
ICR 48.7 54.5 65.1 49.4 60.0 39.4 15.6
QRHEAD 52.5 63.7 67.8 60.0 62.5 47.5 18.4
RankGPT(with SW) 67.4 74.5 70.1 82.4 67.5 78.8 25.9
RankGPT(constrained SW) 52.1 68.2 68.1 51.7 61.3 36.4 17.0
RankGPT(without SW) 37.1 37.8 41.9 51.7 42.5 30.5 6.8
OLR-headssim 62.9 69.0 71.6 80.0 62.5 58.5 22.5

Table 1: Performance comparison (Recall@1) across database and tool selection datasets under different backbone
models. Candidate items are represented using the string-based variant. OLR-heads consistently outperforms direct
generation and attention-based re-ranking baselines across backbones. RankGPT with sliding windows performs
strongly under Qwen models but requires multiple generation calls; when constrained to 5 calls, performance
degrades considerably.

Qwen model compared to the Llama model even352

in the Direct Gen. setting.353

Consequently, we moved to the Qwen-2.5-354

7B-Instruct-1M, a long-context variant support-355

ing up to 1M tokens. With this model, OLR-356

heads shows consistent performance improvements357

across datasets compared to the standard Qwen-2.5-358

7B model. In contrast,RankGPT(with SW) shows359

only marginal gains when moving from Qwen-2.5-360

7B-Instruct to Qwen-2.5-7B-Instruct-1M. On the361

Craft-Algebra dataset, RankGPT(with SW) makes362

close to 30 LLM calls, when we constrain it down363

to 5, RankGPT(constrained SW) sees a massive364

drop in accuracy.365

Overall, attention-based retrieval using366

OLR-heads remains competitive or superior to367

generation-based approaches across backbones368

and datasets and benefits directly from improved369

long-context modeling.370

tool_id: WebsiteTool
tool description: Quickly create and deploy
websites, and publish content on them.

tool_id: [5]
tool name: WebsiteTool
tool description: Quickly create and deploy
websites, and publish content on them.

tool name: WebsiteTool
tool description: Quickly create and deploy
websites, and publish content on them.
tool_id: [5]

Figure 2: Prompt variants used in robustness exper-
iments. Top: string. Middle: id_top. Bottom:
id_bottom.

4.4 Robustness 371

We evaluate robustness by measuring performance 372

under prompt variations, while keeping the task, 373

candidate pool, and evaluation fixed. We show 374

that attention patterns in LLM that OLR-heads har- 375

nesses are significantly more robust than an LLM’s 376

generation pipeline. For these, we compare Direct 377
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Gen. and OLR-heads, under the same prompt.378

Sensitivity to Item Representation. Table 2 re-379

ports Recall@1 under three different item repre-380

sentations as shown in Figure 2. Our default is the381

string variant where each item is identified by its382

original name (e.g., database schema names such383

as Gymnast or Scholar in Spider) placed at the top.384

We first switch the identifier to a number (e.g., [1],385

[2]) as shown in the second row of Figure 2, call it386

the id_top variant. Next, we change the position387

of the numeric identifier to the bottom of the de-388

scription as shown in the third row and call it the389

id_bottom variant.390

As seen in Table 2, LLM’s direct generation391

shows substantial sensitivity to these variations. In392

particular, Direct Gen.id_top leads to large perfor-393

mance drops across all datasets and LLM models.394

Under LLaMA, generative performance on Spi-395

der and BIRD drops from 59.0 and 69.5 (Direct396

Gen.id_bottom) to 14.5 and 16.1 (Direct Gen.id_top),397

respectively, with similar degradation observed un-398

der Qwen. The transition from string to identi-399

fier based representations(id_top and id_bottom)400

also introduces noticeable performance fluctuations401

for generation. One likely explanation for the fail-402

ure of generation under id_top variant is that nu-403

meric identifiers appearing at the beginning of item404

descriptions are not contextualized and may instead405

bias the model toward previously seen identifiers406

in the prompt. Since OLR-heads does not rely on407

token generation and instead aggregates attention408

between query and item tokens, it is substantially409

less affected by such prompt-level artifacts.410

Sensitivity to Item Ordering. We compute the411

per-query rank variance1 of the gold item across412

six random item orderings on the BIRD dataset413

and the Llama model. We observed that Direct414

Gen.id_bottom has a substantially higher rank vari-415

ance of 6.3 compared to OLR-headsid_bottom’s vari-416

ance of 2.6. This indicates that OLR-heads pro-417

duces more stable rankings and is less sensitive to418

changes in item orderings.419

Overall, these results demonstrate that OLR-420

heads is significantly more robust to prompt varia-421

tions and item ordering than direct generation by422

the LLM.423

1Note, it does not make sense to observe change in average
accuracy across queries since every ordering is favorable to
some query.

Method ToolE Spider Bird
Base LM: Llama-3.1-8B-Instruct
Direct Gen. 62.2 53.3 57.3
Direct Gen.id_top 40.3 14.5 16.1
Direct Gen.id_bottom 60.5 59.0 69.5
OLR-heads 62.3 65.8 72.1
OLR-headsid_top 60.2 64.6 69.0
OLR-headsid_bottom 63.4 65.7 70.4
Base LM: Qwen-2.5-7B-Instruct
Direct Gen. 55.5 42.7 48.1
Direct Gen.id_top 30.8 13.1 19.6
Direct Gen.id_bottom 51.3 33.9 40.8
OLR-heads 61.7 57.4 64.8
OLR-headsid_top 55.9 53.6 60.9
OLR-headsid_bottom 62.8 55.2 63.0

Table 2: Recall@1 under different item representations.
By default, we use the string-based representation. Di-
rect Gen. exhibits large performance variations across
representations: changing the string identifier to a nu-
meric one (id_top) causes huge drop in accuracy, and
moving the identifier to the bottom (id_bottom) recov-
ers the loss. In contrast, OLR-heads remains relatively
stable across item representations.

Method Spider Bird
Direct Gen. 11.4 9.3
QRHEAD 11.1(+59) 8.8(+47)
RankGPT(with SW) 58.1 37.6
OLR-heads 11.6 9.6

Table 3: Inference time (in seconds) comparison on
long-context(>35k tokens) datasets. For QRHEAD, an
additional one-time overhead for head detection is re-
ported in parentheses.

4.5 Running time 424

Table 3 compares inference latency on long-context 425

inputs (>32K tokens) for Spider and Bird as mea- 426

sured on a single NVIDIA RTX 6000 Ada GPU (48 427

GB VRAM) using LLaMA-3.1-8B-Instruct. Re- 428

ported values correspond to average per-query in- 429

ference time. OLR-heads achieves inference la- 430

tency comparable to direct generation. When us- 431

ing similarity-based in-context example selection, 432

OLR-headssim incurs an additional overhead of ap- 433

proximately 0.3 seconds per query due to query en- 434

coding and searching. In contrast, RankGPT(with 435

SW) is substantially slower, incurring 5–6× higher 436

latency due to repeated generation calls over item 437

subsets. While QRHEAD shows similar per-query 438

inference time, it requires an additional one-time 439
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Method ToolE Spider Bird
Base LM: Llama-3.1-8B-Instruct
OLR-headsrand 62.3 65.8 72.1
OLR-headssim 62.5 67.0 73.4
Base LM: Qwen-2.5-7B-Instruct
OLR-headsrand 61.7 57.4 64.8
OLR-headssim 59.4 59.4 65.4

Table 4: Performance comparison of random ver-
sus similarity-based in-context example selection.
Similarity-based selection consistently improves Re-
call@1 across datasets and models.

K ToolE Spider Bird
2 61.9 64.1 71.0
5 62.3 65.8 72.1
10 63.3 65.3 71.5
20 63.9 65.7 71.3

Table 5: Effect of number of in-context examples (K)
on Recall@1 across datasets. Performance saturates
with a small K, indicating few in-context examples are
sufficient to select retrieval-relevant heads.

offline head selection step, which takes approxi-440

mately 59 seconds on Spider and 47 seconds on441

BIRD. OLR-heads does not require any such offline442

computation, making it more suitable for settings443

where candidate pools change over time.444

Overall, these results show that OLR-heads pro-445

vides competitive latency while avoiding the re-446

peated generation overhead of RankGPT and the447

offline preprocessing cost of QRHEAD.448

4.6 Ablation449

We conduct ablation studies to analyze the impact450

of key design choices in OLR-heads. In particular,451

we examine how in-context example selection, the452

number of in-context examples K, position debias-453

ing method, and the number of selected attention454

heads (in Appendix E) affect performance. All455

ablation experiments are conducted on LLaMA-456

3.1-8B-Instruct. Table 4 shows the effect of in-457

context example selection: whether examples are458

selected uniformly at random or based on semantic459

similarity to the test query. These results indicate460

that similar ICL examples provide slight edge over461

randomly selected examples.462

We next vary the number of in-context examples463

K in Table 5. On Spider and BIRD, performance464

saturates quickly, with as few as five examples suffi-465

cient to identify effective heads. In contrast, ToolE466

benefits from larger values of K, showing modest 467

improvements as more examples are added. We 468

attribute this difference to the higher semantic over- 469

lap among tools in ToolE, where additional exam- 470

ples help model to more query-tool interactions, 471

leading to better selection of heads. 472

Position Debiasing ToolE Spider Bird
both 62.3 65.8 72.1
None 58.4 65.9 71.5

Table 6: Effect of positional debiasing on Recall@1.
Positional debiasing is applied during head detection
and inference (both) or removed entirely (none).

Table 6 analyzes the effect of positional debi- 473

asing, which is applied both during head detec- 474

tion and at inference time (Section 3). We com- 475

pare against a variant where positional debiasing 476

is removed in both stages. Removing positional 477

debiasing leads to consistent performance degra- 478

dation, most notably on ToolE, where Recall@1 479

drops from 62.3 to 58.4. On Spider and BIRD, the 480

impact on Recall@1 is smaller, reflecting that the 481

correct item is often already ranked near the top in 482

these datasets. To further analyze this effect, we 483

report Recall@k for k ∈ [3, 5, 10] in Appendix D. 484

These results show that positional debiasing mainly 485

improves the relative ordering of top-ranked items, 486

even when changes in Recall@1 are modest. 487

5 Conclusions 488

In this paper, we addressed the challenge of unre- 489

liable item selection in LLMs with long-context 490

prompts by proposing a robust and efficient alter- 491

native that instead harnesses the internal attention 492

patterns of the LLM. Two salient features of our 493

proposed method OLR-heads are: (1) A small num- 494

ber of examples presented in-context suffice to do 495

head selection, in contrast to previous work that 496

depend on offline training. (2) A simple idea of 497

debiasing with in-context anchor tokens suffices 498

for position debiasing, in contrast to previous work 499

that either require a second LLM call or modify de- 500

fault attention computations. Across seven datasets 501

we demonstrate that OLR-heads provides superior 502

accuracy and robustness compared to existing meth- 503

ods that take comparable time. Crucially, our ap- 504

proach is read-only and preserves the existing KV 505

cache, making it seamlessly compatible with stan- 506

dard LLM workflows. 507
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6 Limitations508

While our work demonstrate the effectiveness and509

robustness of OLR-heads, some limitations remain.510

First, although we empirically show that a sparse511

set of retrieval-relevant attention heads is sufficient512

for item selection, we do not analyze the internal513

mechanisms that make these heads effective. A514

deeper interpretability analysis of how and why515

specific heads capture retrieval signals is left for516

future work.517

Second, our experiments are limited to English-518

language datasets for tool and database selection.519

Since LLM behavior and attention patterns can vary520

across languages, the effectiveness of OLR-heads521

in multilingual or cross-lingual settings remains an522

open question.523

Finally, our evaluation focuses on single-item524

selection, where each query is associated with one525

correct item. While OLR-heads naturally produces526

a ranked list of candidates, we do not explicitly527

evaluate its performance on multi-item selection528

or full re-ranking tasks. Extending the method to529

settings that require selecting or ranking multiple530

relevant items is a promising direction for future531

work.532
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A Experimentation Details686

Dataset Prompt Len. Avg. Item Len. Items Queries
ToolE 5932 28 199 1982
Spider 42360 253 166 982
Bird 35441 439 80 981
APIbank 25393 248 101 85
Tooleyes 28633 298 95 80
craft-algebra 64717 228 280 236
craft-Tabmwp 54637 301 180 147

Table 8: Dataset statistics.

Across all experiments, we use a fixed number of687

in-context examples unless stated otherwise. For688

ToolE, Spider, and Bird, we first sample a pool689

of N=200 queries. For each test query, we se-690

lect K = 5 in-context examples from this pool,691

either uniformly at random or based on similar-692

ity of cosine embeddings calculated using using693

the BAAI/bge-small-en-v1.5 model (Xiao et al.,694

2023).695

For the remaining datasets-APIBank, ToolEyes,696

CRAFT-Algebra, and CRAFT-TabMWP-the num-697

ber of available queries is smaller. Accordingly, we698

set the pool size to 16, 15, 44, and 27, respectively,699

while keeping the number of in-context examples700

fixed at K = 5.701

For consistency across attention-based methods,702

we fix the number of selected heads to 20 for all703

models and baselines. As shown in Table 10, per-704

formance is largely insensitive to this choice.705

By default, items are represented using a string-706

based format, where each item is described by its707

name followed by its description(Figure 2[Top]).708

Alternative representations are analyzed in the ab-709

lation studies Table 2.710

For the QRHEAD baseline, we follow the origi-711

nal protocol of offline head selection. Specifically,712

for each dataset, we first sample K = 5 queries713

from the same pool of size N used in our experi-714

ments. These queries are used once to identify the715

top attention heads. The selected heads are then716

fixed and reused for all test queries within the same717

dataset. No further head selection or adaptation is718

performed at inference time.719

B Details about per-query rank variance720

For generative baselines using the id_bottom721

prompt variant (Figure 2[Bottom]), where each can-722

didate is assigned a unique numeric identifier and723

the model is instructed to output the identifier at the724

end of the response, we derive a ranked list directly725

from the model’s next-token probabilities. After726

detecting the identifier prefix token("["), we rank 727

all candidates by the log-probability assigned to 728

their identifier token under the model’s next-token 729

distribution. This yields a top-K item rankings per 730

query. 731

C Performance of standard sparse and 732

dense retrieval methods 733

Although our method is designed for in-context 734

retrieval, for reference we provide results with 735

the following standard document retrievals base- 736

lines. (1) BM25 - a classic lexical retriever, 737

(2) strong dense retrievers such as ms-mar- 738

co-MiniLM-L6-v2 (Reimers and Gurevych, 2019), 739

a retriever trained on MS MARCO, (3) UAE (Li 740

and Li, 2024) - a bidirectional encoder model 741

trained with an additional angular loss to improve 742

embedding discrimination, and (4) ReasonIR (Shao 743

et al., 2025) - a LLaMA-8B backbone trained with 744

bidirectional attention for retrieval tasks. For both 745

ms-marco and UAE, the input length is truncated 746

to 512 tokens. 747

Results appear in Table 7. 748

D Positional Debiasing Analysis 749

Table 9 shows the effect of positional debiasing 750

using Recall@k metrics for k ∈ {3, 5, 10}. As 751

discussed in Section 4.6 positional debiasing is 752

applied both during retrieval head detection and at 753

inference time. 754

Across all datasets, positional debiasing consis- 755

tently improves Recall@k. On ToolE, positional de- 756

biasing yields improvements across all recall levels, 757

indicating more reliable ranking of the correct tool. 758

On Spider and Bird, while Recall@1 remains sees 759

small gains, Recall@3, Recall@5, and Recall@10 760

show consistent gains, suggesting that positional 761

debiasing primarily affects the relative ordering 762

among top-ranked candidates. 763

Dataset Debiasing R@1 R@3 R@5 R@10
ToolE Both 62.3 76.7 81.2 85.5
ToolE None 58.4 74.9 79.4 83.7
Spider Both 65.8 79.7 85.5 91.8
Spider None 65.9 79.5 85.1 91.4
BIRD Both 72.1 86.3 89.3 92.5
BIRD None 71.5 85.4 88.7 92.9

Table 9: Recall@k comparison with and without posi-
tional debiasing.
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Method ToolE Spider Bird APIbank Tooleyes Algebra Tabmwp
OLR-heads
Llama-3.1-8B-Instruct 62.5 67.0 73.4 77.6 68.8 60.2 19.0
Qwen-2.5-7B-Instruct 61.7 59.4 65.4 76.5 55.0 52.1 17.7
Qwen-2.5-7B-Instruct-1M 62.9 69.0 71.6 80.0 62.5 58.5 22.5
Single vector representation
msmarco-MiniLM 49.3 65.5 60.6 56.5 52.5 39.4 12.2
UAE-large-v1 54.4 54.2 59.6 65.9 55.0 54.2 14.3
reason-IR 65.7 63.4 71.2 71.8 65.0 73.7 25.2
BM25 19.4 20.9 22.2 24.7 23.8 40.3 10.9

Table 7: Performance comparison of single-vector representation models across datasets. We also report results for
OLR-heads under all three model variants. Algebra and Tabmwp denote the Algebra and TabMWP subsets of the
CRAFT benchmark, respectively.

E Determine the Number of Heads764

Table 10 analyzes the sensitivity of OLR-heads765

to the number of selected attention heads and the766

number of in-context examples K. Varying the767

number of selected heads has limited impact on per-768

formance across the three datasets. Performance769

saturates with a small number of heads; for exam-770

ple, under the LLaMA backbone, selecting 10–20771

heads (out of 1,024 total heads) is sufficient, in-772

dicating that retrieval-relevant signals are concen-773

trated in a small subset of attention heads.774

#Heads ToolE Spider Bird
10 62.3 65.5 71.9
20 62.3 65.8 72.1
40 62.4 65.6 71.7

Table 10: Performance with different numbers of se-
lected heads.

F RankGPT Sliding Window Settings775

We evaluate three ranking configurations.776

(1) RankGPT(with SW): Ranking is performed us-777

ing a sliding window with window size w = 20778

and stride s = 10.779

(2) RankGPT(constrained SW): the window size w780

and stride s are adjusted per dataset such that the781

total number of LLM calls does not exceed a fixed782

budget of 5, as summarized in Table 11.783

(3) RankGPT(without SW): Ranking is performed784

in a single step over the full candidate set, equiva-785

lent to setting w = N , where N denotes the total786

number of items.787

Dataset Items Window Size (w) Stride (s)
ToolE 199 80 40
Spider 166 80 40
Bird 80 40 20
APIbank 101 50 25
Tooleyes 95 48 24
CRAFT-Algebra 280 100 50
CRAFT-TabMWP 180 80 40

Table 11: Dataset specific sliding window parameters
used for incremental ranking.
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<|start_header_id|>user<|end_header_id|>
Here are all the available tools:

tool_id: HouseRentingTool
tool description: Tool that provide all sorts of information about house renting

tool_id: RestaurantBookingTool
tool description: Tool for booking restaurant

tool_id: keyplays_football
tool description: Latest live soccer standings, results, commentary, tv stations, keyplays (with and
without scores).

. . .

Now, follow these in-context examples to understand the task and format.

Query: Could you please tell me the current price of Bitcoin according to the latest
news?
Correct tool_id: FinanceTool

Query: Can you give me financial information about a UK company?
Correct tool_id: CompanyInfoTool

Query: How many emails have I sent to my colleague named ’John’ during past week?
Correct tool_id: EmailByNylas

Now, please output ONLY the correct tool_id for the query below.

Query: I’m curious about the pay-per-click ads that my competitor is using. Can you
show me the latest ones?
Correct tool_id:<|eot_id|><|start_header_id|>
assistant<|end_header_id|>

Figure 3: A sample prompt used by OLR-headson the ToolE dataset with Llama-3.1-8B-Instruct. The item
representation uses the string variant. The anchor text (AT) corresponds to the text between the final item and the
first in-context example (beginning with "Now, follow . . . ").
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