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The Distracting Effect: Understanding Irrelevant Passages in RAG

Main Problem
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Distracting Passages

Measuring the Distracting Effect
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Obtaining Distracting Passages

Retrieving Distracting Passages (E5-Base)

= Standard Retrieval (R_{st})
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Obtaining Distracting Passages

Generating Distracting Passages
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Analyzing the Distracting Effect

Distracting Effect of Retrieved Passages
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Figure 2: Average distracting effect at different rank po-
sitions for various retrieval methods. Results are shown
for Llama-3.1-8B, averaged across datasets. Higher-
ranked passages consistently demonstrate greater poten-
tial to mislead the model. Similar trends were observed
across all tested LLMs (see Figures 20 and 21).
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Analyzing the Distracting Effect
—
Comparing Distracting Effects of Different Methodologies “ '
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Figure 1: Distribution of distracting effect for passages obtained through different methods, as measured by Llama-
3.1-8B. Methods are ordered by their mean distracting effect (shown by vertical black lines), with higher means
indicating a greater ability to distract the model.
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Figure 4: Spearman correlation of distracting effect
computed using different LLMs (abbreviated, e.g.,
Llama — L). The strong correlations suggest that the
distracting effect of a passage is relatively consistent
across models despite architectural differences.
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Prompting with Relevant and Distracting Passages
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LLM Only Gold Gold + WD Gold + HD

Llama-3.2-3B 82.6 79.4 71.5
Llama-3.1-8B 80.6 80.1 73.9
Llama-3.3-70B 81.1 80.1 75.2
Falcon-3-3B 78.5 74.1 67.1
Falcon-3-7B 84.1 81.5 73.3
Qwen-2.5-3B 80.9 75.5 69.4
Qwen-2.5-7B 82.4 80.4 73.7

Table 1: Answer accuracy when prompting the LLM
with the gold passage only, gold passage with a weak
distracting passage (WD), and gold passage with a hard
distracting passage (HD). Values that are NOT under-
lined are different in a statistically significant way w.r.t.
the gold-only case (Wilcoxon test with p-value < 0.01).
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Application: RAG Fine-Tuning
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Tost Set  Train Se 112ma-32-3B  Llama-3.1-8B
ACCy GCCQ acc ACCy ﬂ.CCQ acc

None 152 514 379 128 567 40.3

NQ Retrieve 133 571 40.7 21.0 624 46.9
Rerank 115 56.5 39.7 19.9 63.2 47.0

Hard 214 556 428 320 59.8 49.4

None 84 557 359 87 613 39.3

Retrieve 88 62.6 40.1 16.6 73.2 49.5

PopQA  porank 9.6 60.3 391 18.0 751 512
Hard 149 63.6 432 21.6 712 504

None 380 79.2 67.8 39.8 864 73.5
Iiiviaga Kefrieve 369 794 676 568 .1 787
TVIaYA Rerank 333 767 64.7 58.4 81.5 79.4
Hard 541 823 745 689 87.0 82.0

None 214 544 419 19.0 53.8 40.6

Retrieve  20.7 551 42.1 28.4 59.9 48.0

WebQA  porank 203 541 41.3 304 59.6 48.6
Hard 350 587 49.7 368 59.7 510

Table 2: Answer accuracy averaged over all 4 test sets.
None is the non-fine-tuned baseline, Retrieve, Rerank
and Hard are fine-tuning strategies. Metrics: (1) ace,,
accuracy on ungrounded instances, (2) accgy, accuracy
on grounded instances, and (3) ace, overall accuracy.
Bold values indicate the highest per model and dataset.
The LLMs fine-tuned on the Hard dataset achieve statis-
tically significant superior acc in all test sets besides
Llama-3.1-8B on PopQA where results are slightly
lower than training on Rerank, but in a non-statistically
significant manner (Wilcoxon test with p-value < 0.01).
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Motivation
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Figure 1. Performance evolution with an increasing number of re-
trieved documents on two datasets. Traditional RAG requires more
documents for better performance, while our method CORE-RAG
achieves superior results with significant context compression.
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Pipeline
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Overview
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Figure 2. Overview of our method CORE. The upper section illustrates the inference pipeline. The lower section depicts the training
framework for the compression model.
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Table 3. QA results on four benchmarks with Llama-3.1-8B-Instruct as the LLM (M ). We report the zero-shot transfer performance on
this unseen LLM.

Main Resu It NQ TriviaQA HotpotQA 2WikiMultihopQA

EM F1 #tok EM F1 #tk EM F1 #twok EM F1  #tok

No Retrieval 2404 3491 0 5564 6257 0 1993 2775 0 2764 3118 0
Table 1. QA results on four benchmarks with Qwen2.5-14B-Instruct as the LLM (M). Both our compressor (CORE) and all trainable - -
compression baselines (RECOMP, NoiseFilter-IB, LongLLMLingua, QGC) are trained using Qwen2.5-1.5B-Instruct to ensure a fair RAG without compression
comparison. The reported token counts represent the length of in-context documents, excluding few-shot examples. Top 1 Document 33.80 4406 142 59.17 67.50 143 2795 3749 147 2841 3343 153
Top 3 Documents 3687 4781 427 6113 7006 430 30.17 4071 442 2867 3423 460
N TriviaQA HotpotQA 2WikiMultihopQA
Q Q otpotQ °pQ Top 5 Documents 37.65 4887 712 6226 7104 715 3144 4216 737 2943 3518 766
EM F1 #wk EM F1 #tk EM F1_#tk EM F1 #tok Top 10 Documents  38.12 4993 1425 6395 7271 1428 32.19 4262 1471 3045 3604 1531
No Retrieval 2136 3097 0 5323 5998 0 2105 2948 0 2611 2951 0 Compression of top 5 documents
?G]“gz'cﬂmﬂmﬂioﬂ f{:f:ﬂﬂﬁ-‘fl 2 608 6570 143 2990 3893 147 2679 &7 153 Qwen2.5-1.5B 3260 4421 36 5676 6577 30 2686 3690 33 2545 3088 32
Tﬁsmﬁﬁﬁis 1778 4545 427 260 7102 430 3164 4187 442 2789 1is8 460 DeepSeck-V3 (671B) 3756 50.11 54 6252 7234 50 3305 4425 48 2864 3387 92
Top 5 Documeats 3803 4916 712 6410 7248 715 3299 4369 737 2064 3521 766 RECOMP-Abs (1.5B) 3341 4550 58 5850 6737 53 2885 3976 56 3163 3781 52
Top 10 Documents 3867 5003 1425 6440 7292 1428 3395 4488 1471 31.04 3675 1531 RECOMP-Ext (1.5B) 33.12 4506 60 5798 6684 55 2903 4004 52 3185 3802 55
Comprowsion of top 5 dosnmonts CORE (1.5B) 4072 5000 46 6408 7113 32 3217 4371 36 3599 4142 49
BM25 2523 3647 37 5536 6390 39 2418 3573 71 2542 3029 68 Generalization te top 10 documents (with the compressor trained on top 5 documents)
Qwen2.5-1.5B-Instruct 3194 4303 36 5799 6670 30 2736 3747 33 2593 3118 32 )
DeepSeek-V3 (671B)  37.73 5039 54 6413 7320 S50 3359 4483 48 27.99 3267 92 g“‘;z'sklgf 611B gi‘ig :g :2 gg gg':g :: i':i i;;; :g ﬁ'ig 2;3 i;
RECOMP-Abs (1.5B)  34.18 4626 58 6031 6850 53 2896 3995 56 3025 3673 52 eepSeck-V3 (671B) : : - : : : s :
RECOMP-Ext (1.5B) 3384 4605 56 60.18 6839 48 2993 4109 45 3078 3707 51 RECOMP-Abs (1.5B) 34.18 4680 59 59.69 6889 52 30.17 4142 55 3361 3978 44
NoiseFilter-IB (1.5B) 35.15 4594 48 5951 68.15 35 27.97 3862 38 27.85 3469 40 RECOMP-Ext (1.5B) 3406 4655 60 5933 6871 50 3052 4198 55 3352 3942 44
LongLLMLingua (1.5B) 3365 43.15 152 5896 6682 148 2803 3849 149 2937 3362 153 CORE (1.5B) 4177 5127 52 6525 7245 33 3325 4509 37 3759 4287 48
QGC (1.5B) 3623 4588 49 6102 6845 47 2016 4005 45 3114 3683 51
CORE (1.5B) 4102 5040 46 6563 7255 32 3367 4506 36 3672 4205 49
g;g? ot Mdn;;:msmm;s s;‘; élﬁmm:?Sb;%m;sol 68 2561 3054 65 Tuble 5, Comperison. trevits on S LoagHench heas apecli-
: - ' : : ' ' ' ically focusing on the three Multi-Doc QA tasks.

Qwen2.5-1.5B-Instruct 3294 4484 40 5845 6731 33 2817 3848 36 2622 3157 34
DeepSeek-V3 (671B) 3779 5107 56 6529 7445 53 3462 4569 S50 29.00 3464 40

RECOMP-Abs (1.5B) 3440 4693 59 6142 69.88 52 3154 4292 52 3198 3816 49 LongBench

RECOMP-Ext (1.5B) 3396 4634 60 6103 6951 50 3192 43.18 55 3252 3887 44 MuSiQue HotpotQA  2WikiMultibopQA

NoiseFilter-IB (1.5B) 3536 4624 S0 5992 6832 38 2821 3883 38 2863 3516 42

LongLLMLingua (1.5B) 3378 4337 154 5917 6697 150 2833 3895 148 29.62 3411 151 Flscore Moken Flscore #oken Flscore  Moken

QGC (1.5B) 3603 4562 50 6123 6874 49 29.12 3963 46 3171 3752 50 No Context 26.49 0 51.13 0 43.95 0

CORE (1.5B) 4188 5126 52 6676 73.64 33 3468 4635 37 3799 4328 48 Full Context WAL 11214 6222 9151 §7.97 4887
LongliMLingua  31.18 983 51.69 907 53.26 4K9
CORE L L) 129 6158 126 59.73 108
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Lossless Compression

Compression of Top § Documents Compression of Top 10 Documents
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Figure 5. Robustness and Scalability: Consistent effectiveness of the proposed method across varying compressor backbones (LLaMA vs. - W/O disti"ation :

Qwen) and model scales (1B to 3B). More detailed results are provided in Table 7 and Table 8 in the Appendix.
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