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Problem: Short-Sighted Similarity Experimental Setup The Secret
Information Retrieval finds documents that are rele-  We compare state-of-the-art Neural Embedding Retrieval Systems (NERS) against LLM-
vant to a query. Modern systems use embedding sim-  based Relevance Judgement Systems (LLM-RJS) with and without reasoning. We test 04 2700 = 2099
llarity between vector embeddings as a proxy for rel-  several proprietary and open-source models on TREC-DL 2019 passage retrieval.
evance. Similarity can be a “short-sighted” proxy for M e .
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Figure 2. Documents are ranked based on the relevance score with respect to the
document: query. NDCG measures similarity to human ground-truths. 0
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Figure 1. Short-sightedness problem. Embeddings R e — z
(NERS) only look at similarity as a proxy for o B
elevance. An LLM (LLM-RJS) can solve this by o It 3
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elevance where humans do not. This is

- Evaluated on human annotation, NERS performs .
necause humans are also short-sighted!

hest at minimal inference cost (Fig. 3).
- But LLM-RJS Is able to find relevant documents

Figure 3. Short-sighted NERS models match marginally better with human annotated
oround-truths than comparable LLM-RJS models.

that the humans missed (Fig. 4). Humans and Query Passage _ . Ruman LLMARIS NERS
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- Embedding similarity Is used in many domains, but 54% in 2000, 58% in 2004 [...]
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reasoning can overcome this fundamental Table 1. Examples where LLM-RJS sees maximal relevance but human annotations do not. Of the 94 such cases, only 5 were

short-sightedness problem. cenuine false positives.
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