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Background and Motivation

RAG mitigates hallucinations by grounding answers in retrieved documents.
Prior work has shown that RALMSs are sensitive to irrelevant or counterfactual

grounding data — a well-known RAG robustness issue. However, these

studies all examine explicit noise that alters semantics.

In practice, the Internet is saturated with documents that share the same

meaning while differing in style, format, source, ordering, or metadata.

We instead study implicit noise: spurious features, i.e., semantic-agnostic

perturbations, and ask whether they likewise affect RALM responses.

The Phenomenon: Sensitive to Spurious Features
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SURE Framework: Perturb then Evaluate
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Rule-based Modification
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Evaluation Metrics

[P Robustness Rate

.’ Accuracy

P Win Rate

‘P Lose Rate

4

RAG Systems

|

» Retriever _’[Cnntriever-msmarm QJ

[LImm.i.l—SB—lustrucl r’e"ﬁ]

How to Quantify Robustness

Dataset-level metrics hides the Sensitivity
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:, Dataset Level Variation: Acc w/ Raw = Acc w/ Medified
glnstance Level Variation: Robustness Rate = 50%

Robustness Rate Win Rate (WR) Lose Rate (LR)
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. Known-Golden Known-Noise Unknown-Golden U-N
Taxtmom}' Perturbations Q query v correct ans X incorrect ans
LR RR WR Org Acc LR RR  WR Org Acc LR RR  WR Org Acc RR
- G Golden Doc g(G) Perturbed Doc
St Simple 779  83.04 9.18 66.03 6742 1.70 9580 2.50 412 492 843 8288 8.69 51.42 51.68 9945
Y Complex 6.00 8560 8.40 ’ 6843 191 9659 1.50 7371 671 8486 843 ’ 53.13 99.57 V¥ Pair Q with Gand g(G) V¥V
- y 5, 8643 7. 43 43 96.83 E 445 6.2 5. 2 51.04 9.5
- LLM-Generated 89 6 69 65.62 67 1.4 96.8 1.74 413 : 0 8571 8.09 49.15 1.04  99.56 SFT DPO
Self-Generated 6.55 8501 8.44 67.52 1.55 9637 2.09 4.67 652 8636 7.12 49.74  99.57
Train model to produce v Prefer v > X under both G
Reverse 506 9082 4.12 6201 1.13 9782 1.06 436 573 89.71 4.56 44.66 99.67 on both 6 and g(@) . and o(c) .
Logic Random 391 9316 293 6295 6197 086 9831 083 443 440 421 91.67 4.12 4584 4574 9972 2 training samples per instance 2 preference pairs per instance
LLM-Ranked 3.24 9393 283 62.54 0.82 9843 0.74 436 358 9336 3.00 45.32  99.76
JSON 7.01 8825 4.74 6l.64 1.70 9725 1.05 3.21 592 89.63 445 47.88 99.61
Format HTML 11.85 8446 3.69 63.01 5575 270 9690 040 387 1.56 933 B6.78 3.90 19,35 4392 9961
YAML 526 8994 480 T 6345 126 9741 133 T 394 479 90.80 441 T 4897 99.67 METHOD  STYLE SOURCE LOGIC FORMAT META
: 92.2 ' : ;
 Markdown 232 9223 545 S ISR S i iisiliiilbiiicn ol Liama-3.1-88-t  10.0 155 200 240 940
Timestamp (pre) 2.08 9581 211 55.80 028 9942 0.29 1.59 254 9556 1.90 42,66 99.95
5 2 g 212 99 + SFT 96.5 94.5 99.0 99.5 99.7
NSt Timestamp [pr?st.} 2.04 95.8(} 2.10 5577 55.84 0.25 9),43 0.32 158 1.64 2_8[ 95.56 1.63 4331 4212 99.95
Datasource (wiki) 2,11 9345 4.44 58.10 0.23 9896 .81 2,17 325 9247 4.27 44.33  99.86 +DPO 96.5 96.0 96.0 98.0 98.0
Datasource (twitter) 2.27 94.11 3.62 57.11 031 9925 043 1.70 2797 9397 3.25 43.79 9991 ’ ’ ’ ’ ’
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Further Analysis
g ; Traditional strategies for improving robustness against explicit noise
SipEn O fominives e @ widlegprend Not every spurious feature is harmful — WR > LR on d v s cous f P 8 . SUgRE }I: ol o
g —9 X . 0 not work for spurious features; training on -synthesized pairs
robustness gap in RAG — independent of some perturbations shows certain features can even help. P . . ) g. o Y P
internal knowledge, architecture, and scale. (SFT / DPO) effectively mitigates this sensitivity.
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