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Information Retrieval (IR)

Seeking answer for a query from a database



Typical IR Pipeline

Retrieve (embedding based) then Rerank (strong language model)



Role of LLMs in IR

LLMs have proven to be strong re-rankers especially as in-context listwise ranker



Challenges

● Inefficient with ranking list size 
O(N^2) attention

● Positional bias of in-context 
documents - lost in the middle!

● Interpretability - does the model 
retrieve the right information?



BlockRank

Can we use the special structure in an ICR task for efficient training and inference
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Analysis Setup

We analyze blockwise attention patterns inside a ranking LLM performing ICR



Inter-document Block Sparsity

● Attention has structured sparsity

● Documents tend to attend to 
themself and instruction
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Query-document Block Relevance

● Certain tokens (“:”, “[”) have strong 
correlation between attention 
concentration and relevance

● With SFT on ICR data this 
correlation improves significantly 
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Attention Architecture

Enforce Inter-document sparsity - doc blocks only attend to self + instruction block



Attention Architecture

Resulting effective attention mask ~ triangular boundary



Permutation-invariant Position Encoding

“lost-in-the-middle” problem 
in ICR

BlockRank allows/employs permutation 
invariant position encodings



Loss

Explicitly optimize query-document block attention using a contrastive loss



Inference

Two modes of inference: (1) decode answer; (2) measure attention concentration



Results on BEIR

BlockRank achieves strong results while being much efficient and scalable



Ablation

● Block sparse attention doesn’t hurt 
decoding performance

● Contrastive loss important for 
attention-based inference

● Attention-based inference is better 
for inferring multiple predictions
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Better Modeling?

● Clustered Block Attention

● Memory Layers

● Landmark Attention



Pre/mid-training tasks for ICR?

Can we structure web pre-training data in a way that improve ICR quality?



A progressive end-to-end approach?

Use initial few layers to do retrieval, next few layers to do ranking and response 

generation while reusing the intermediate representations of the retrieval layers.



Thank You!
Arxiv - 2510.0596, 

Github - nilesh2797/BlockRank
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