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Attribution-Guided Query Rewriting
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Problem Formulation
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Attribution-Guided Prompting for QueryRewriting
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Prompt for attribution-guided query rewriting.

prompt *="="You are given
11 An |:|FI.|;':I.I'|.=||. USEr QuUery

£ A list of query tokens with their attributiom scores .

where higher scores indicate a stronger positive

contribution to retrieval effectiveness , and lower

or neéegative scores indicate weak or misleading

contributions

Your Ltask i3 to resrite the query Lo IMprave retrieval

effectiveness

Guidel ines
Preserve the original user intent
Do mot remove important concepts
lokens with high attribution scores should be

preserved or |-'“I'I|:||'|.=|"-\. L e

lokens with low or negative attribution scores may be

clarified, specified, or disambiguated

Avoid adding new concepts that are not implied by the

griginal query
Produce 3 "..|.I'|R|l|' remritten queéry, CoOncClse and

-l-"'|.| |-|:|F'I'I|-"'|'|

Original query: "{original_query}"
loken attributions: “{ {tokens, attributions) }”
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» Original query: "{original_query}”
« Token attributions: "{zip(tokens, attributions)}"
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Datasets, Retrievers, and LLM
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Datasets, Retrievers, and LLM(1)

2. Retriever Models
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Baselines And Evaluation Metrics(2)

= Baselines

« Original Query (Org)
 LLM-only Rewriting (LLM) VS Attribution-guided LLM rewriting (GLLM)
« Top-Attribution Tokens Only (Tkn)

= Evaluation Metrics

« nDCG@k (Normalized Discounted Cumulative Gain)
- MAP@k (Mean Average Precision)
* Precision@k (P@k)

7F X7l k #4422 £ {1, 3, 5, 10, 100}0] ALE [0 Cret ZHO|of Mo HM §55 =l



Table 1: Retrieval effectiveness for original queries (Org), top-attribution tokens only (Tkn),
LLM-only rewriting (LLM), andattribution-guided LLM rewriting (GLLM). Best results are in bold -blue.

2 | | SPLADE | TCT-ColBERT

B k| NDCG | MAP | P | NDCG | MAP | p

S| | Org Tkn LIM GLIM|Org Tkn LIM GLIM|Org Tka LLM GLLM||Org Tkn LLM GLLM|Org Tkn LLM GLIM| Org Tkn LLM GLIM
- |l A33 260 394 461 | 055 026 M6 059 | 442 272 402 476 ||.444 249 373 AT6e (054 023 45 056 | 404 263 393 495
= | @3 582 250 357 398 | 095 052 0E1 099 | 368 244 332 375 || 416 231 354 428 (095 (46 075 098 | 401 229 345 407
E (a5 S6h 244 327 390 | 108 063 02 113 | 312 220 277 339 || 407 227 343 414 (117 055 093 120 | 367 210 321 369
:, @10 | 335 228 298 364 127 073 107 125 | 244 177 218 248 || 390 ZZE 339 394 | 149 071 (120 152 | 313 190 279 3513

(@100 (296 221 268 295 [.154 097 (131 (151 |074 070 066 079 ||399 254 353 401 227 120 (189 229 | 116 .0EB6 106 114

{1 333 214 266 337 |.173 113 144 QT8 | 533 214 266 338 ||.345 (158 2N 3382 |.175 080 147 1% | 345 .158 290 382
@3 298 209 252 308 | 233 (158 (197 236 |19 136 16D 195 || 319 157 279 328 [.243 (117 213 254 | 2Z11 .105 (184 218
@3 314 221 261 321 | 253 173 211 255 | 142 103 1l6 147 || 329 169 29 336 (262 130 231 272 | 154 081 140 150
@1l | 341 244 288 537 | 269 186 22T 278 | 091 069 077 099 ||356 192 324 366 (282 142 250 292 | 099 058 091 099
(@100 | 398 3506 351 389 (284 201 241 2E0 [.015 013 014 013 || 424 265 39 433 (299 157 267 309 | 016 013 016 0.7

a1 S0 19 546 603 | 530 172 524 572 | 560 1) 546 603 || 479 023 456 526 | 479 020 442 502 | 503 023 456 526
(a5 432 255 612 654 | o604 231 588 630 | 247 117 235 250 || 558 .44 559 602 | 558 038 52T 573 | 234 021 224 235
(71 ] 453 286 635 6Te (619 250 o4 646 | 162 DBE (156 165 || 567 051 571 615 | 567 042 535 582 | 150 0le (142 (151
@10 | 677 309 o660 696 | 631 260 616 656 | 09D D52 O0R7 090 || 577 066 5T 636 | 577 (ME 548 592 | LOBF 0133 02 .0DE3
@100 | 705 369 093 724 | 637 271 624 662 010 D07 010 010 || 585 122 631 668 | 5ES 05E 555 600 | 010 .04 010 01D

FiQA-2018

SciFact




Conclusion And Future Direction
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Introduction
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AT S EH (Research Objective)
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=H (Mathematical Objective)
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Query Variants Generation

1. X7| AM (Initial Retrieval)
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Query Variant Classification (1)

Query Variant Classification2] E2/d (Noise Problem)
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Query Variant Classification (2)

= 2R/7| 8llo]E e
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Query Variant Classification (3)
$(@q) =F(qDdl®S(qdl).qddie®s(qdl)
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Query Variant Classification (4)
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Datasets and Retrievers(1)

= Datasets
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Datasets and Retrievers(2)

Retrievers
« X|Qtot BiE o] dt
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Dual-Encoder (DE)
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Transformer Model & Training Set

= Query Generation Model

« Transformer Model: docT5query 22 ALE

= Training Set Construction
= Query Variant 4/d 2

o ZH 2= FH2| qOof CH3H 100702 CHOH FH2| A
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Classification Model & Hyperparameters

» Classification Model

« BERT-based-uncased”?} cross-encoder

« Sentence Transformers 2fO|E.2{2| A}

oo

= Hyperparameters

Parameter Value

Learning rate 2e-5

Warm-up M =tz EHAI2l 10%
Batch size 16

Epoch T




Improvements on hard queries of the MS MARCO Dev set

Architecture Number of Queries MHERGE10
Sparse 111 out of 4,224 0.165
DE-NN 321 out of 2,908 0.261
[ JE-LI 293 out of 2,834 0.217
1JE 319 out of 3,011 0.239

Table: Improvements on hard queries of the MS MARCO Dev set.



Conclusion
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