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monoBERT (Pointwise) [Nogueira and Cho, arXiv’'19]
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Issue: The model scores each document independently.
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=» Listwise (and pairwise) models enable interactions between documents.
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Issue: Relevance scores are not symmetric.
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RankGPT (Listwise) [sunetal, EMNLP23]
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Documents 8 Python is a great language to learn.

Pythons live in the rainforest.
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RankGPT (Listwise) [sunetal, EMNLP23]

Prompt: ... Query: Q [1]: B [2]: B [3]: B
Prompt: ... Query: Q [1]: B [3]: B [2]: B
Prompt: ... Query: Q[2]: B[1]: B[8]: @ =P
Prompt: ... Query: Q [2]: B [3]: B [1]: B

Issue: Relevance preference order is not consistent.
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2. Allow a document to attend to all
other documents’ [INT] tokens

o [INT] tokens aggregate semantic
information and shares
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o Permutation-invariant because all
[INT] tokens share the same
positional encoding
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NDCG@10 on TREC Deep Learning 2019 and 2020 passage and TIREx

Model TREC DL 19 TREC DL 20 TIREx
BM25 0.480 0.494 0.286
monoT5 3B 0.705 0.715 0.313
RankT5 3B 0.710 0.711 0.322
RankGPT-40 0.725 0.719 —
RankZephyr 0.719 0.720 0.320
Set-Encodergasr 0.724 0.710 0.311
Set-Encoder; argr 0.727 0.735 0.321

1. Set-Encoder is on-par with SOTA re-rankers in-domain and out-of-domain.
2. Despite being distilled from RankZephyr, the Set-Encoder is more effective.

=» LLM-rankers are not permutation-invariant and affected by the first-stage.
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Re-ordering input documents affects previous listwise model’s ranking preferences.

We create corrupted BM25 rankings to test a model’s robustness to permutations.

1. Inverse ideal ranking 2. Randomly shuffled ranking
3. Original BM25 ranking 4. Ideal ranking
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1. Previous listwise re-rankers are biased by the order of the input documents.

2. Set-Encoder is invariant to the order of the input documents.
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We build a synthetic task which requires document interactions.
MS MARCO contains many lexical near-duplicates.

Python is a great language to learn.
Python is a great language to learn now.
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Guido van Rossum invented Python.

Fine-tune models to rank according to relevance and put duplicates at the end.
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Set-Encoder
Listwise Re-Ranking

We build a synthetic task which requires document interactions.

a-NDCG@10 (o = 0.99) on the synthetic task

Model TREC DL 19 TREC DL 20
First Stage 0.700 0.722
RankGPT-40 0.741 0.773
RankZephyr 0.700 0.760
monoELECTRA 0.785 0.753
Set-Encoder 0.821 0.803

=» Set-Encoder improves over baselines in novelty-aware re-ranking.
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Previous listwise re-rankers are biased by the order of the input documents.

What do these biases look like? =» Plot the original vs re-ranked position.
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Listwise Re-Ranking

Previous listwise re-rankers are biased by the order of the input documents.

What do these biases look like? =» Plot the original vs re-ranked position.

RankGPT-40 RankZephyr Set-Encoder
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A substantial number of previous works attempt to mitigate these positional biases.
[Zhuang et al., SIGIR’24; Parry et al., arXiv'24]

=» Making the model permutation-invariant is a more principled approach.
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TREC DL

Model Size TREC DL 19 TREC DL 20

BM25 CBv2 BM25 CBv2
First Stage — 0.4807 0.732 0.4947 0.724t
RankGPT-40 N/A 0.725 0.784 0.719 0.793
RankGPT-4o Full N/A 0.732 0.781 0.711 0.796
RankZephyr 7B 0.719 0.749 0.720 0.798
LiT5-Distil 220M 0.696 0.753 0.679' 0.744t
monoT5 3B 3B 0.705 0.745 0.715 0.757
RankT5 3B 3B 0.710 0.752 0.711 0.772
noELECTRA 110M 0.720 0768 0.711 0.770

330M 0.733 0.765 0.727 0.799

Set-Encoder

110M 0.724 0.788 0.710" 0.777
330M 0.727 0.789 0.735 0.790
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TREC DL Novelty

Model Prompt / Loss nDCG a~-nDCG
2019 2020 2019 2020
1)  First Stage — 0.732 0.724 0.700" 0.722f
2 Relevance 0.7847 0.793" 0.750 0.759
g) RankGPT-40 Novelty 0.778! 0.806' 0.741 0.773
4 Relevance 0.781f 0.796" 0.738 0.763
5) RankGPT-4o Full oo 0.785' 0.803' 0.750 0.771
6 RankZeohvr Relevance 0.749 0.798" 0.699' 0.765
7 Phy Novelty 0.753 0.800" 0.7007 0.760
Model 1st L 2nd £

Cramnet 0.7687 0.7707 0.7187 0.745
MONOELECTRA  Linonce ' 0.704 0.675 0.785 0.753

LRankNet 0.780" 0.757 0.733" 0.7471
LNA-RankNet 0.714  0.651 0.779 0.743f

r LRankNet 0.788" 0.7777 0.740" 0.7521
DA-INNCE — p 4 manknet 0.710  0.690 0.821 0.803

Set-Enc.HNII'—} EDA_|nfoNCE LNA-RankNet 0.707 0.670 0.773 0.748T

LinfoNCE
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Set-Encoder
Out-of-Domain Re-Ranking

Oy, O 0 P
Apy. Aro ey, Yoy, Cop, Cry, s o, FCo, a G
Yoy, 98 8, b, R0, N, k. G Ory, 98 Wep ™ W
Model Size e “Ste 2009 075 Onzg Mefy g G0y, TOUy iy Vbyg W, aR, e,
First Stage — 5161 .405 1771 .3647 5861 .012 4247 2507 4671 385 .2811 4471 3647 286

RankZephyr 7B 5347 3647 213 .303 .767" .009 .542 .349 560 .4607 .314 512 .508 .320
LiT5-Distill 220M 576" 395 .214 2757 686 .011 .495" 304" 534" 3547 293" 4297 470 .302
monoT5 3B 3B 590 .415 .188" .323 .649f .011 .526 .345 .529f 395 .319 .474f 469 .313
RankT5 3B 3B .598 .421 .227 .336 .713 .010 .538 .353 .528" .406 .323 .4597 .468" .322

110M 593 .3757 209 .295 .692 .010 .507f .3057 .5417 .399 .306 .522 .4587 .309
330M 575" 369" .221 .313 .716 .008 .546 .344 572 .419 .316 .526 .504 .318
110M 594 3757 216 .299 .683 .010 .513"7 .306"7 .543" .396 .306 .523 .4617 .311
330M .606 .409 .226 .310 .702 .009 .534 .334 .573 .405 .313 .530 .508 .321

m.ELECTRA

Set-Encoder




Set-Encoder

Efficiency
Model Size Time Memory
RankGPT-40 N/A 18.773 N/A
RankGPT-40 Full N/A 7.362 N/A
RankZephyr 7B 24.047 15.48
LiT5-Distill 220M 2.054 2.69
monoT53p 3B 0.998 29.36
RankT535 3B 0.942 29.04
MonoELECTRA 110M 0.139 1.18

330M 0.215 2.69

110M  0.147 1.25
330M 0.219 2.60

Set-Encoder




