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Background: IR in the LLM Era
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» AIGC develops by leaps and bound
» difficult to distinguish
» Unattributed content sources

» IR systems dominate navigation
» Control dissemination influence
» Determine creative income

\

Previous Research: PLM-based retrieval
models exhibit a preference for LLM-
generated content, assigning higher
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relevance scores to AIGC documents.

Offline Training

I Write & IR " Online
| Lt _ System = Serving
ot LY
Q Query

Expose & Interact

(a) IR in the Pre-LLM Era

Offline Training
P e %
Write \\(_:_OE’E_S/
XA IR | Online

. System | Serving

=

Expose & Interact

(b) IR in the LLM Era
Source : Dai et al., 2023

> Potential Risk: Earn creative incentives through LLM plagiarism

Dai et al., Neural Retrievers are Biased Towards LLM-Generated Content, KDD 2024.
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Source Bias: Common in Many Domains

Video Retrieval Feedback Loop in Recommendation
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Source: Xu et al., 2024

Source: Zhou et al., 2024

Invisible Relevance Bias: Text-Image Retrieval Models Prefer AI-Generated Images, SIGIR 2024

Source Echo Chamber: Exploring the Escalation of Source Bias in User, Data, and Recommender System Feedback Loop.

Generative Ghost: Investigating Ranking Bias Hidden in AI-Generated Videos
Judging llm-as-a-judge with mt-bench and chatbot arena, Neurips 2024
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LLM-Generated v.s. Human-Authored 0.08 Fiumen ] Human
Core Difference: Log Likelihood: 20,06/ i 50061 | o (1=10)
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AIGC owns lower perplexity 000 0 15 20 25 30 0005510 15 20 25 30
. . PPL PPL
Epy;p(dS|at) [PPL(d ,B) — PPL(d ’B)] < 0. Source: Dai et al., 2023
4 )

» Whether PPL causally impact Rel. estimation?
» 1If so, Why causal impact of PPL exists?

\> Is it possible to eliminate the effects of PPL? )

Dai et al., Neural Retrievers are Biased Towards LLM-Generated Content, KDD 2024.
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Motivation: Intervention Experiment )

» Explore the effect of PPL on Rel. ? Control query-document semantics & document source.
» Keep Golden Rel. the same: Only use relevant query-document pairs

» Keep Semantic and Source the same: Only manipulating sampling temperatures.

» 'Two variables are highly correlated, there may be causal relationship!

PPL and Rel.(estimated by ANCE) at different sampling temperatures. Pearson coefficients are all lower than -0.9.

Pearson coefficient: -0.91

Pearson coefficient: -0.99 Pearson cocfficient: -0.93
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Perplexity =& Relevancy Score Perplexity —8— Relevancy Score Perplexity kelevancy Score

1.76960 - F0.57800 1.67380 F0.50210 1.65460 1 r0.98570
176377 - 057645 1.66893 1 L 0.49515 1.64677 [ 0.98318
175793 1 FO.57490 166407 L 0.48820 B 028067
1.75210 - 0.57335 1.65920 1 L0.48125 1.631107 F0.97815
174627 4 FO.5TI80 165433 L 0.47430 162327 897563
174043 1 F0.57025 1649471 F0.46735 161543 (97312
1.73460 4 L 056870 1.64460 b 046040 1.60760 1 F0.97060

1.59977 . , . . . ; 0.96808
172877 . . . . . ' 0.56715 1.63973 ' ' . ' ' . 0.45345 : -

0.0 02 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 02 04 06 0.8 1.0

a. DL19 b. NQ c. TREC-COVID



) BN T b

Gaoling School of Artificial Intelligence

i

Hypothesis: Retrieval Causal Graph

— AIGC possess lower perplexity than the original document.

Source
— Different document semantics lead to different Perplexity.

, — . Golden Rel. is determined by query-document semantics.
Document Estimated
Semantic Relevance -~ ) . .

Score . — Retrievers are trained to estimate golden Rel.
Relevance -
Score —> Experimental Results indicates this unexpected effect.

Query
Semantic 6
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5 e, Quantified causal effects (and corresponding -value) for PPL on estimated
Rel. Bold indicates -value <0.05. Significant negative causal effects are
prevalent across various PLM-based retrievers in different domain datasets.

BERT RoBERTa ANCE

DL19 -10.42(1e-4)  -31.48(2e-12) -0.58(8e-3)

TREC-COVID  -1.73(2e-2) 2.47(7e-2) 0.09(0.21)

SCIDOCS -2.41(6e-2) -6.34(2¢-3) -0.23(%¢-2)
TAS-B Contriever  coCondenser

DL19 -1.08(1e-2) 20.02(0.33) -0.77(3¢-2)

TREC-COVID  -0.48(5¢-3) -0.05(6e-7) -0.33(8¢-3)

SCIDOCS -0.39(1e-1) -0.02(0.24) -0.26(0.41)

For PLM-based retrievers, document PPL has a causal effect on estimated Rel.
Lower perplexity can lead to higher Rel.
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Uncover Mechanism: Theoretical Settin 1

> Model Architecture
~L1(d) = —117[d O logg(f(d))|1p

1 Encoder: X X
n Decoder: : =

MLP g(z; Wyxp) | £2(d.@) = —tr((§1d™)T (F1g™)]

f I Simplify: Replace softmax with linear
emp) Gemp € REXN Pooling » Task Objectives

Cross Entropy for Masked Language Modeling
PLM o
f(x;0) L1(d) = =71, [d O logg(f(d))1p
I Mean Pooling & Dot product for document retrieval
d, q (= TLXD

ﬁz(d, q) - _t,.,.[(%1Ldemb)T(%1Lqemb)]
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MLM & IR Overlap: Aligned Gradients'=

Theorem Given the following three conditions:

* Representation Collinearity: the embedding vectors of relevant query-document
pairs are collinear after mean pooling

1rxrf(q) = Al f(d), A > 0.
* Semi-Orthogonal Weight Matrix: decoder weight is semi-orthogonal

* Encoder-decoder Cooperation: fine-tuning does not disrupt the corresponding

function between encoder and decoder
— -1

Then, there exists a matrix: K = {%] € REN by =37 (d™P W)

8[:2 :KG) a£1 9

8demb 8demb )
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From Aligned Gradients to Source Bias

9Ls _ g o 24 How to use 1-st order gradients? Taylor Expansion.

8demb 8demb )

Corollaryl Assume LLM-rewritten documents possess lower perplexity at token level
L (dy)  D(d5™),
a(dg™),  ods

According to Theorem I and Ist-order approximation of -

OL:(d5™), ods™
ademb dd;

-vec(dy —dz) >0, 1=1,...,L,

Li(dy) — Li(ds) =

A~ ~

Rga, — Rq,d, = —[L2(d1) — La(d2)] = —rvec(K ©

’ VGC(dl — dg)

_ Z ki 0Ly(d2) O(ds™),
L= k) 8(ds™),  ads

Vec(dl ds) = Z #ﬁ]ﬂ) (ﬁ (d1) — L} 1(dy)) <

Thus, human-written document will receive lower relevance estimation than its LLM-written

counterpart.
10
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Deductive Experiments Justification

OLs
ademb

0L
8demb )

=Ko Similarly, expansion w.r.t model parameter 1 and »

Corollary2 Ifretriever ; 1 possesses more powerful language / For PLM-based \

modeling ability than | o , its ranking performance will be better. retrievers, the
gradients of MLM
-20.0 .
- | 4 | O coCondenser and IR loss functions
-22.5
< " BERTmini 5 52 -l I
2 25.0 e = 5 o] 00, oo 8 (metrics) possess
= coCondenser = 41 ANCE e JEVer
o -27.51 RoBE Contriever 5 e, 1
& i BERT—baseg S = — % 481 i linear overlap,
8 irs ANCE TASB g 0 46 e leading to the biased
b amo]- 2 DorlRae RewoMAE OB~ 2 g4 effect of perplexity on
z O Neural Re-ranker O 2 (5 e .
s | ot s imuly i DRAGON 42 - T estimated relevance
-40.0 ; : - - ; ; - . . . : s
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Source: Dai et al., 2024
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Algorithm 1: The Proposed CDC: Debiasing with Causal Diagnosis and Correction

Input: training set D, test query set Q, test corpus C, estimation budget M
Output: unbiased estimated relevance scores R
// Bias Diagnosis
Initialize the estimation set for estimating biased effect De < ()
for training pairs (q;, d!*) € D and |D.| < M do
Instruct LLM to generate doc dg via rewriting the original human-written doc d}*
Predict the estimated 1c]evancc scores 71t i g for pairs (¢i, d!*) and (g, dg)
Calculate perplexity pit, p for doc d!* and do(. dg respectively
Updating the estimation set D, + D, U (7%, ,g,pH pg)
end
Estimate the biased effect coefficient 32 with 2-stage regression using Eq. (2) on D.
// Bias Correction
for test query q; € Q do
Predict the estimated relevance scores 7, for each pair (q¢,d;) with d; € C
Calculate document perplexity p; for each doc d; € C
Debias the original model prediction 7 using Eq. (), add the calibrated score 7 to R
end

return 7~2
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Source

Document
Semantic

Estimated
Relevance
Score

Golden
Relevance
Score

Query
Semantic

12
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Generalization through Data Domains

Training on DL19 and generalize through different data Domains. Eliminate Source bias
without significant loss of ranking performance.

DL19 (In-Domain) TREC-COVID (Out-of-Domain) SCIDOCS (Out-of-Domain)

Miode Performance Bias Performance Bias Performance Bias
Raw  +CDC Raw +CDC Raw +CDC Raw +CDC Raw +CDC Raw +CDC
BERT 7592 7765 -23.68 5.90 5372 4588 -3958 -1840 10.80 10.44 -2.85 29.19
Roberta 72.79 7133 -36.32 4.45 4631 4586 -48.14 -10.51 8.85 8.24 -3090 32.13
ANCE 69.41 67.73 -21.03 3495 71.01 6994 -3359 -1.94 12.73 12.31 -1.57 26.26
TAS-B 7497 7563 -49.17 997 6395 6284 -7336 -3742 1504 14.15 -1.90 23.48
Contriever 72.61 73.83 -21.93 -5.33 63.17 6135 -6226 -31.33 1545 15.09 -6.96 1.63
coCondenser 7550 7536 -18.99 9.60 7094 71.07 -6795 -4539 1393 13.79 -5.95 1.06

Compare with Constrained Training baseline, achieve comparable results :) e
DLI9 TREC-COVID SCIDOCS Separate biased
Performance Bias Performance Bias Performance Bias effect of per pIEXity is
Con(0.0001) 62.66 6.25 32.63 46.68 12.76 -8.23 . .
Con(0.0005)  62.69 118.83 51.35 39.10 12.45 26.91 effective and ef.ﬁc1ent
Con(0.001) 62.66 12725 45.43 85.54 12.41 56.31 for source bias.
Con(0.005) 61.17 175.47 54.00 163.41 10.70 118.87
Con(0.01) 57.62 175.86 39.69 179.84 11.30 111.51

CDC 67.73 34.95 67.94 -1.94 12.31 26.26 13
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Generalization through LLLM Rewriters

CDC show good generalization across different LLMs.

Llama-2 (In-Domain) GPT-4 (Out-of-Domain) GPT-3.5 (Out-of-Domain) Mistral (Out-of-Domain)

Model ; ; ; :
Performance Bias Performance Bias Performance Bias Performance Bias

Raw +CDC Raw +CDC Raw +CDC Raw +CDC Raw +CDC Raw +CDC Raw +CDC Raw +CDC

BERT 35.67 35.08 -12.37 6.75 36.47  35.75 -3.69 604 35897 3527 -5.03 1808 35.13 33.08 0.73 13.07
RoBERTa 38.09 36.76 -2954 -0.88 3853 37.70 -1198 452 39.17 38.00 -3539 14.09 38.29 37.28 -1795 16.78
ANCE 4213  42.13 -8.81 459 42,67 4299  -5.353 328 42776 4296  -13.59  6.09 4262 4271 -8.59 1.82
TAS-B 5295 5394 -15.04 -796 5212 5244  -494 -0.05 52.83 5290  -5.65 5.57 52.18 52.69 -8.71 -2.00
Contriever 3519 3537 287 1.07 35718 5570 532 -4.44 5611  56.17 -7.43 281  56.13  56.28 -4.13 -2.39
coCondenser 49.53 4940 -1298 -9.26 4857 4891 5.04 6.04  48.59  48.81 -1.00 530 4957 4992  -590 -0.76

» Much fewer training data while good debiasing performance.
» Well Generalization ability to adapt real scenario.

» Document perplexity can be computed and indexed offline without increasing online latency.

> Controllable trade-off between retrieval accuracy and unbiasedness by adjusting .

14
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Thanks!

Contact 1f you have any question :)
wanghaoyu0924(@ruc.edu.cn



