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o Context Compression

Conclusion
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Xu, Fangyuan, Weijia Shi, and Eunsol Choi. "Recomp: Improving retrieval-augmented Ims with compression and
selective augmentation." arXiv preprint arXiv:2310.04408 (2023).
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G Training

o Two-stage training strategy
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o Dataset
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o Knowledge Intensive Tasks

NQ TriviaQA WebQA  HotpotQA Trutuful QA FactKG Average # Doc
Task Type Open-Domain QA Multihop QA Long-form QA Fact Checking Length
P (EM) (EM) (F1/R-L) (Acc)
Mistral-7b
w/o retrieval  30.25 57.08 34.89 27.02 26.23 2551 54.78 36.54 (0.0%) 0
w retrieval  42.71 65.88 37.84 38.79 26.50 25.92 67.76 43.63 (19.4%) 175.1
*with Compression
LLMLingua " 30.64 57.94 32.63 29.91 25.70  25.10 64.17 38.01 (4.0%) 98.6
LLMLingua * 28.81 57.09 32.33 29.13 26.10 25.39 63.57 37.48 (2.5%) 61.1
TF-IDF  30.25 58.49 35.43 26.62 26.33  25.83 59.56 37.49 (2.6%) 1
xRAG 39.10 65.77 39.40 34.05 28.10 27.71 63.08 42.46 (16.2%) 1
Mixtral-8x7b
w/o retrieval 41.99 71.10 40.31 32.87 25.60 2490 62.64 42.76 (0.0%) 0
w retrieval  45.15 70.34 41.26 43.46 27.10 25.80 70.42 46.22 (8.0%) 175.1
*with Compression
LLMLingua’ 37.65 67.70 36.02 35.66 25.99 25.39 67.98 42.32 (-1.0%) 96.6
LLMLingua* 37.81 67.81 35.78 35.27 25.68 25.00 68.03 44.17 (-1.3%) 61.1
TF-IDF 41.19 69.94 41.63 32.05 26.80 26.00 66.17 4341 (1.4%) 1
xRAG 47.28 74.14 44.50 39.66 27.80 26.64 68.20 46.91 (9.7%) 1
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Preliminary
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Method

Experiments

Conclusion

Table 2: Comparison of RAG and xRAG performance in CUDA Time and GFLOPS.

CUDA Time (ms) GFLOPs
RAG xRAG Improvement RAG xRAG Improvement
FactKG  431.5 215.6 x2.01 4683.8 1289.5 x3.63
NQ 918.7 6113 x1.51 1338.6  384.0 x3.48
TriviaQA  807.1 512.1 x1.57 1667.2 492.3 x3.38
WebQA  872.6 5773 x1.51 1405.1 386.8 x3.63
Average x1.64 x3.53
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o Resilience & Boost
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Figure 4: Resilience rate and boost rate of three augmentation methods: LLMLinuga, xRAG and
RAG over a Mixtral-8x7b baseline without retrieval augmentation.
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o Ablation Study

Method

Experiments

Table 3: Ablation on different training strategy for xRAG.

Conclusion

. Averaged
NQ TriviaQA WebQA HotpotQA Performance Resilience Boost
Mistral-7b

xRAG 39.10 65.77 39.40 34.05 44.58 82.3% 22.2%
w/o finetune 30.14 59.48 35.19 26.70 37.87 66.6% 20.8%
w/o pretrain  31.25 59.07 41.19 24.32 38.95 79.8% 14.1%
w/onll 35.46 65.27 39.57 31.80 43.02 83.7% 19.4%
w/o self-kd  34.99 64.33 39.22 27.45 41.49 76.2% 20.8%
w LoRA 35.71 60.14 40.45 22.91 39.80 76.0% 18.0%

Mixtral-8x7b
xRAG 47.48 74.14 44.50 39.66 51.45 84.9% 20.0%
w/o finetune 34.46 64.08 34.89 30.43 40.96 65.9% 17.8%
w/o pretrain  42.54 71.17 47.44 31.23 48.09 85.0% 14.2%
w/onll 45.10 72.85 45.03 37.11 50.02 84.8% 18.9%
w/o self-kd 42.38 72.26 44.73 32.41 47.94 79.8% 18.9%
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Case Study

o Case Study

RAG
Refer to the background document and answer the question:

Background: The Old Man and the Key | " several ""washed-up™ celebrities, was composed by Alf Clausen and
written by Vitti. Even though Vitti received sole credit for writing the song, parts of the lyrics were written by Simpsons
writer Carolyn Omine, which were then revised by fellow writer Matt Selman. Selman was especially satisfied with the
rhyme sung by Mr. T; he stated that whenever he feels down, he thinks of that rhyme and that it "boosts [him] up
inside." The episode features American actress Olympia Dukakis as Grampa's love interest Zelda. American
comedian Bill Saluga also makes an appearance, as his television character Ray J. Johnson. The owner of the

minivan is portrayed by series regular Hank Azaria, who imitated the voice of Clark Gable for the character.” x
Question: Which US comedian/actor is credited with saying 'A man is only as old as the woman he feels'?

Output: Bill Saluga. 3 -/

|wlo Retrieval I\

/Answer the question: /I_?efer to the background document and answer the question:

Question: Which US comedian/actor is Background: [X]
credited with saying 'A man is only as old

as the woman he feels'? Question: Which US comedian/actor is credited with saying 'A man is only
as old as the woman he feels'?
\Output: Groucho Marx. J J \Output: Groucho Marx. J j

Figure 5: Given the misleading document, RAG model tend to generate a wrong answer based on the
document, while xRAG demonstrate its robustness by leveraging the internal knowledge of LLM.
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