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What is the majority party now in the country where Canberra is located?
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Overview

e Motivation and problem statement: Why would retrievers be inconsistent ?
e Proposed framework: Ensemble of Retrievers (EoR)
e Experiment setup and result

e Conclusion and limitations
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RALMs don’t always help

Problem

Retrieval augmentation

effective at corpus level, but can
hurt individual example performance

Inconsistency among retrievers

different retrievers fail on different
guestions — no single retriever wins

Motivation & problem statement

Key finding
4 N
of failures fixed by another retriever
A 4
' i
Consistent across all models
Llama2-7B, 13B, ChatGPT
- 4

Evaluated on 15 retrievers across NQ, WebQ, TriviaQA
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Motivation & problem statement

Why RALMs fail?

‘ Input query g J

Retriever [ ______ Retriever error
fetches document d d has no answer

‘ Document d ’ N
Extraction error

d has answer,

E reader picks wrong )
Reader LLM T -3 Hallucination error
generates answer y =i y not grounded in d
1 N
E____> Lucky guess

wrong d, yet correct y
\ _
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Ensemble of Retrievers

How EoR works

e Query — M retrievers — M answers
Voter module scores each answer by
semantic similarity to all others

e Highest scoring answer is the final
answer

Retriever 1

Document d

Reader LLM
call1:q +d:

Answer y;

[ Input query q ‘

‘ Retriever 2

‘ Document d»

Reader LLM
call2: q + d

‘ Answer y, ‘

Retriever M

Document drm,

Reader LLM
callM: g + dm

Answer ym

Voter module
scores each answer by similarity to all others

Final answer y*
highest scoring response wins
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Ensemble of Retrievers

How EoR Learns

e w° — how much to trust each similarity metric (Exact Match, BEM, NLI entailment score)
e w"— how much to trust each retriever (w" < 0.1 are automatically dropped)

voter score = retriever weight x average similarity to other answers

Goal: find weights that maximize correct answers across all queries

1 N
maz = 9(Ym;, i)

=1

where the best answer is picked by the voter:

s.t. m; = argmax Svoter({yfn} ‘ws,wr)
m
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Experiment setup

e Zero-shot in-context RALM — retrieved document prepended to query
e 3 base LMs: Llama2-7B, Llama2-13B, ChatGPT 3.5
e 15 retrievers: search engine, Wikipedia, parametric knowledge

‘ Input query q
Retriever 1 Retriever 15
e.g. SE@1 e.g. HB@RR@10
15 retrievers total
[doc] + [query] [doc] + [query]
prepended prepended
Reader LM Reader LM
greedy decoding T greedy decoding
(@
Answer y1 <o Answer yis
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Experiment setup

Retriever Processing Methods

Processing Methods

— N

Truncation @k Concatenation & Reranking @RR Compression @CP

Select top-k chunks Combine chunks WebGLM Contriever LLM-based summary

The operation priority order follows @RR >@k>& >@CP. For example, SE@QRR@5&Wiki@5
stands for first reranking the search engine results and then concatenating the top-5 reranked
search engine text chunks and the top-5 wiki chunks.

WebGLM: Towards An Efficient Web-Enhanced Question Answering System with Human Preferences(Liu et al., 2023b), Conference on M|ST
9 Knowledge Discovery and Data Mining (KDD)



Details of Retrievers

No Retrievers processing method

1 Wiki@10 We directly select the top-10 passages returned from DPR (implement with pyserini) and concatenate them. Each passage
has an average length of 100 words.

2 SE@1 We fetch and extract contents from the top-1 URL returned by Google API and them truncate it to 1000 words.

3 SE@4 We fetch and extract contents from the top-4 URLs returned by Google API. For the content in each URL, we select 250
words from the beginning including the title. Then concatenate them.

4 PK We prompt the base LM to generate background documents to answer the query.

) SE@RR@10 We fetch and extract contents from all URLs returned by Google API. Then we split all contents into chunks with an average
of 100 words. We then use the reranking module introduced, a retrained contriever model from WebGLM, to encode the
query and each chunk, and select the top-10 chunks with highest cosines similarity.

6 SE@2&Wiki@5 We concatenate the top-2 chunks from SE@4 and top-5 chunks from Wiki@10.

7 SE@QRR@5&Wiki@5 We concatenate the top-5 chunks from SE@RR@10 and top-5 chunks from Wiki@10.

8 HB@RR@10 Similar to SE@RR@10, we fetch and extract contents from all URLs returned by Google API and then split all contents as
long as the document returned by PK into chunks with an average of 100 words. We then put them with the top-20 chunks
returned by DPR and use reranking module to rerank all chunks. We select the top-10 as the final result.

9 Wiki@10@CP We summarize Wiki@10 with our compression model.

10 SE@1@CP We summarize SE@1 with our compression model.

11 SE@4@CP We summarize SE@4 with our compression model.

12 SE@QRR@10@CP We summarize SE@RR@10 with our compression model.

13 SE@2&Wiki@5@CP We summarize SE@2&Wiki@5 with our compression model.

14 SE@RR@5&Wiki@5@CP We summarize SE@RR@5&Wiki@5 with our compression model.

15 [I HB@RR@10@CP We summarize HB@RR@10 with our compression model.

Table 1: Full list of 15 retrievers and corresponding processing methods used in experiment
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Experiment Setup

® Datasets: Experiment on three English ODQA datasets:

® Natural Questions (Kwiatkowski et al., 2019): questions collected from real Google
search queries and the answers are extracted from Wikipedia by humans.

® \Web Questions (WebQ); Berant et al., 2013): questions collected from the Google
Suggest APl and answers collected by Amazon mechanical turk workers based on
Freebase.

® TriviaQA (Joshi et al., 2017): question-answer pairs from several trivia and quiz-league
websites.

11 KAIST



Experiment Setup

® Evaluation Metrics:

® BEM score to evaluate the correctness of answers, a semantic similarity metric

® Mean Relative Win Ratio (MRWR) and Mean Relative Lose Ratio (MRLR) to evaluate the
example-level inconsistency

RWR(i, j) = 2=t () x (1~ F(n))

25:1 1—Ti(n)

Of all the questions j fails on, what
fraction does i get right?

1

MRWR (i) = o
(7) T E . RWR (i, j)
J#i
1
MRLR(z) = E RWR(j,7
(Z) M = 1 ];éz (]7?’)

12

Models o
3 ChatGPT
I Uama-chat-7b
045 = [ Uama-chat-13b

(D a0

. TI T
T T Jll

(2) 015 i - l R

0.10

MRLR

0.05
NQ WebQ TriviaQA

Figure 1: Boxplot displaying the distribution of MRLR of 15
different retrievers across different dataset and models. IST



Experiment Results:

Single Retriever Performance

® Figure 2 shows that even for the
top-performing retriever, Wiki@10 (62.2%
BEM Acc), 26% of its failed questions can be
correctly answered by the lowest-ranked
retriever, SE@1 (54.0% BEM Acc)
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Figure 2: Retriever-to-Retriever Relative Win Ratio
heatmap on Natural Questions with ChatGPT as LM.
proportion of questions answered incorrectly by the column
retriever that was correctly answered by the row retriever.

In above heatmap, 0 represents all questions correctly
answered by the row retriever can be correctly answered by

the column retriever
KAIST



Experiment Results:
Single Retriever Performance

® Figure 3 shows the BEM accuracy of individual retrieval on TriviaQA, NQ, and WebQ with
ChatGPT as the base LM.

® The performance curve of different retrievers on TriviaQA and WebQ do not consistently show
a monotonic trend as the sorted NQ curve.
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Figure 3: Corpus-level performance of different retrievers evaluated by BEM Accuracy on different
datasets with ChatGPT as base LM. The order of retrievers is sorted by performance on NQ.
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Experiment Results:
Single Retriever Performance

Retriever Error Extraction Errar
Wiki and PK fix each

Reader robustness
is unpredictable

0.25 EUEREX-Y]

0.62 | 0.58

other's failures.

0.29 0.00 NeOATRNOVE
031 ﬁ 000 RN 025

({0l 0.74 | 0.72 0.00 [NOE:E]

Lucky Guess

-
Severe and random

One retriever's lucky
rarely repeats for
another

Q Gl ‘2
CA é*@ PO f& FES S S
« & ¢ &8 8 & s ¢ < o &
& &8 & & & F 4 & K
42 &

Figure 4: Error Relative Win Ratio between different Retrievers with ChatGPT as base LM, evaluated
on NQ validation set. O represents the column retriever consistently outperforms the row retriever

concerning error occurrence and -1 means at least one of the retrievers is free of this error. MIST
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Experiment results: EoR

e More retrievers = higher upper bound accuracy (Fig. 5)

0.85

0.80

0.75

BEM Accuracy

o
~
o

0.65

Figure 5: The upper bound (by assuming a perfect voting mechanism) of BEM Accuracy by ensembling
different retrievers on NQ with ChatGPT as base LM. The dashed line shows the best single retriever

performance.
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size of retriever pool

KAIST



17

Experiment results: EoR

® EoR exhibits more consistent behavior than single retriever models.

® The only exception is Llama2-chat13B’s performance on WebQ, which results from the
discrepancy in retriever performance between the train and test set

Base R NQ WebQ TriviaQA

Models BEM EM MRLR BEM EM MRLR BEM EM MRLR

ReFree  34.35 26.70 23.64 51.82 38.34 2447 5557 5129 4884

Llama2-chat;g  Top R 55.57 46.32 1633 56.25 43.16 15.66 77.34 7250 20.11

EoR 58.92 50.22 1236 59.45 46.16 10.66 80.62 7585 10.62

ReFree  46.43 3584 32.84 58.76 4488 19.44 6636 60.54 4792

Llama2-chat;sg  Top R 62.30 5094 1540 62.20 49.11 1148 8237 7599 18.69

EoR 64.24 53.07 12.05 60.63 47.19 1286 83.80 77.77 11.68

ReFree 5240 44.60 2546 59.20 46.00 20.69 81.60 76.8 37.90

ChatGPT Top R 60.20 49.60 16.15 61.00 49.20 18.63 84.40 80.60 23.08

EoR 63.00 52.80 1297 61.60 50.60 13.38 87.40 83.00 12.00

Table 2: Main results on the test split of NQ, WebQ and TriviaQA. Top R represents the best-performed single retrieval model on
the corresponding test set. Bold number indicates the best performance across retrievers with the same base model and test set.
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Conclusion

This work investigates performance inconsistency in Retrieval-Augmented Language Models

(RALMSs) across different retrievers.

Their analysis show:

e Intrinsic differences between knowledge sources
e Unpredictable degeneration of the reader model

To address this, they propose EoR, which adaptively selects from multiple knowledge sources.

Results show that EOR consistently improves RALM performance.

KAIST
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Limitations

e Voting assumes a single correct answer
o Breaks down when multiple valid answers exist
o e.g., "What city is in America?" — retrievers return different correct cities, all get
penalized
e Restricted to single-hop short-form QA
o Multi-hop and long-answer settings are unverified
e Retriever pool design is not well justified
o No ablation or reasoning for why these specific 15 retrievers were chosen
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Any Questions?
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Quiz

Link: https://forms.gle/6YC6s1C2NBfDV3jP6
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