
Student Paper Presentation
 

Ensemble of Retrievers: Unraveling and Mitigating Retriever 
Inconsistencies in Retrieval-Augmented Large Language Models

Mingda Li, Xinyu Li, Yifan Chen, Wenfeng Xuan, Weinan Zhang
ACL. 2024

Team 5
Yifei Liu (20264042)

Mohammad Saadq (20254033)

https://arxiv.org/search/cs?searchtype=author&query=Li,+M
https://arxiv.org/search/cs?searchtype=author&query=Li,+X
https://arxiv.org/search/cs?searchtype=author&query=Chen,+Y
https://arxiv.org/search/cs?searchtype=author&query=Xuan,+W
https://arxiv.org/search/cs?searchtype=author&query=Zhang,+W


 2

Team 4 - Previous Presentation

●
Think-on-graph



 3

Overview

● Motivation and problem statement: Why would retrievers be inconsistent ?

● Proposed framework: Ensemble of Retrievers (EoR)

● Experiment setup and result

● Conclusion and limitations
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Motivation & problem statement

RALMs don’t always help
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Motivation & problem statement

Why RALMs fail?
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Ensemble of Retrievers

How EoR works

● Query → M retrievers → M answers
● Voter module scores each answer by 

semantic similarity to all others
● Highest scoring answer is the final 

answer
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How EoR Learns

● ωs — how much to trust each similarity metric (Exact Match, BEM, NLI entailment score)
● ωr — how much to trust each retriever (ωr < 0.1 are automatically dropped)

Goal: find weights that maximize correct answers across all queries

where the best answer is picked by the voter:

Ensemble of Retrievers

voter score = retriever weight × average similarity to other answers
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Experiment setup
● Zero-shot in-context RALM — retrieved document prepended to query
● 3 base LMs: Llama2-7B, Llama2-13B, ChatGPT 3.5
● 15 retrievers: search engine, Wikipedia, parametric knowledge
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Experiment setup

The operation priority order follows @RR >@k>& >@CP. For example, SE@RR@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 
Knowledge Discovery and Data Mining (KDD)

Retriever Processing Methods
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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.

5 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@RR@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@RR@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 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 API 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.
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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

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

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

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
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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.

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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Severe and random

Wiki and PK fix each 
other's failures. 

Reader robustness 
is unpredictable

Experiment Results:
Single Retriever Performance

One retriever's lucky 
rarely repeats for 
another

Figure 4: Error Relative Win Ratio between different Retrievers with ChatGPT as base LM, evaluated 
on NQ validation set. 0 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. 
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Experiment results: EoR

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.

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

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 

(RALMs) across different retrievers.

Their analysis show:

● Intrinsic differences between knowledge sources
● 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.
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Limitations

● Voting assumes a single correct answer
○ Breaks down when multiple valid answers exist
○ e.g., "What city is in America?" → retrievers return different correct cities, all get 

penalized
● Restricted to single-hop short-form QA

○ Multi-hop and long-answer settings are unverified
● Retriever pool design is not well justified

○ 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

Code:


