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These efficient contextual models have 
delivered the largest quality improvement
to the Bing search results in the last 6 years!

https://tinyurl.com/tzhj3o8
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In this talk…

How to efficiently represent 
long documents?

How to efficiently retrieve 
documents?

How can efficient neural IR 
advance machine learning 
research?
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Multi-Stage Cascaded Retrieval

Ranker 1 Ranker 2 Ranker N…
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BERT for Document Ranking

Reduce online computations
Reduce the quadratic complexity of self-
attention in Transformer
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Linformer, Longformer, Sparse Transformer, etc.

Transformer Conformer
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Conformer-Kernel

[Mitra, Hofstätter, Zamani, Craswell; SIGIR 2021]
[Hofstätter, Zamani, Mitra, Craswell, Hanbury; SIGIR 2020]
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Results
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Intra-Document Cascading Model (IDCM)

[Hofstätter, Mitra, Zamani, Craswell, Hanbury; SIGIR 2021]
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Training IDCM

[Hofstätter, Mitra, Zamani, Craswell, Hanbury; SIGIR 2021]
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Results
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How to efficiently retrieve 
documents?
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Multi-Stage Cascaded Retrieval

Ranker 1 Ranker 2 Ranker N…

Can we replace multi-stage cascaded architectures with 
standalone retrieval models?
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Dense Retrieval

Query Encoder
(e.g., BERT)

Document 
Encoder

(e.g., BERT)

dot product

Document 
Encoder

(e.g., BERT)

ANN Index
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Negative Sampling for Neural IR

17

• Random?
• Based on BM25?
• Hard negative based on the model?



Teacher-Student Learning:
A Common Recipe for Training Dense Retrieval Models
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[Dehghani, Zamani, Severyn, Kamps, Croft, SIGIR ’17]



Curriculum Learning for Dense Retrieval 
Distillation

19
[Zeng, Zamani, Vinay; SIGIR 2022]



Curriculum Learning for Dense Retrieval 
Distillation
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[Zeng, Zamani, Vinay; SIGIR 2022]



Results
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[Zeng, Zamani, Vinay; SIGIR 2022]



sigir reneuir
aardvark → 𝑑𝑑1,𝑑𝑑10,𝑑𝑑1501, …
abase → 𝑑𝑑603,𝑑𝑑415,𝑑𝑑10493, …
.
.
.
reneuir → 𝑑𝑑213,𝑑𝑑716,𝑑𝑑1003, …
.
.
.
sigir → 𝑑𝑑301,𝑑𝑑716,𝑑𝑑3125, …
.
.

Inverted Index

Ranker 1

The sparsity nature of natural languages enables 
us to do efficient retrieval using inverted index!
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Standalone Neural Retrieval Model

[Zamani, Dehghani, Croft, Learned-Miller, Kamps; CIKM 2018]
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Training

Efficiency -> Sparsity
• Maximizing sparsity ratio, i.e., 

equivalent to minimizing 

𝐿𝐿0 𝑣⃗𝑣 = ∑𝑖𝑖=1
𝑣𝑣 𝑣𝑣𝑖𝑖 0. 

• A differentiable approximator for 𝐿𝐿0.

𝑞𝑞 𝑑𝑑

[Zamani, Dehghani, Croft, Learned-Miller, Kamps; CIKM 2018]
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Training

Efficiency -> Sparsity
• Maximizing sparsity ratio, i.e., 

equivalent to minimizing 

𝐿𝐿0 𝑣⃗𝑣 = ∑𝑖𝑖=1
𝑣𝑣 𝑣𝑣𝑖𝑖 0. 

• A differentiable approximator for 𝐿𝐿0.

Effectiveness
• A learning-to-rank loss function (e.g., 

Hinge loss)

[Zamani, Dehghani, Croft, Learned-Miller, Kamps; CIKM 2018]
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𝑑𝑑 =
1

𝑑𝑑 − 𝑛𝑛 + 1
�
𝑖𝑖=1

𝑑𝑑 −𝑛𝑛+1

𝜙𝜙ngram(𝑤𝑤𝑖𝑖 ,𝑤𝑤𝑖𝑖+1, … ,𝑤𝑤𝑖𝑖+𝑛𝑛−1)

|q|-n+1 << |d|-n+1 and 
𝜙𝜙ngram is shared.

# of non-zero dimensions (out of 10,000) per document.

[Zamani, Dehghani, Croft, Learned-Miller, Kamps; CIKM 2018]
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Inverted Index
Construction

Inverted Index

[Zamani, Dehghani, Croft, Learned-Miller, Kamps; CIKM 2018]
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Query Time

Inverted Index

[Zamani, Dehghani, Croft, Learned-Miller, Kamps; CIKM 2018]
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Effectiveness

[Zamani, Dehghani, Croft, Learned-Miller, Kamps; CIKM 2018]
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Metric mean stdev
Term matching 662 ms 746 ms
SNRM 612 ms 640 ms

Efficiency

Average running time per query in milliseconds for 
the ClueWeb collection.

[Zamani, Dehghani, Croft, Learned-Miller, Kamps; CIKM 2018]
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How can efficient neural IR 
advance machine learning 
research?
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Retrieval-Enhanced Machine Learning

[Zamani*, Diaz*, Dehghani, Metzler, Bendersky; SIGIR 2022]
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A Generic Framework for REML

[Zamani*, Diaz*, Dehghani, Metzler, Bendersky; SIGIR 2022]
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Some Case Studies

• Knowledge Grounding
• REALM [Guu et al., ICML 2020]

• RetGen [Zhang et al., AAAI 2020]

• Entities-as-Expert [Févry et al., EMNLP 2020] or Facts-as-Expert [Verga et al., NAACL 2021]

• Memory-Augmented ML
• Memory network [Sukhbaatar et al., NeurIPS 2015]

• Neural Turing Machine [Graves et al., arXiv 2014]

• Retrieval-Enhanced Input Representation
• Pseudo-Relevance Feedback [Attar and Fraenkel, JACM 1977][Croft and Harper, Jdoc 1978]

• Guided Transformer [Hashemi et al., SIGIR 2020]

• RETRO [Borgeaud et al., arXiv 2021]

34
[Zamani*, Diaz*, Dehghani, Metzler, Bendersky; SIGIR 2022]



More Case Studies!

• Generalization through Memorization
• KNN-LM [Khandelwal et al., ICLR 2020]
• BERT-KNN [Kassner and Schütze, EMNLP 2020]
• HybridNCM [Yang et al., CIKM 2019]

• Efficient Access to Longer Context
• MemViT [Wu et al., arXiv 2022]
• IDCM [Hofstätter et al., SIGIR 2021]

• Retrieval-Enhanced Optimization
• Weak supervision for IR [Dehghani et al., SIGIR 2017]
• Hard negatives in IR optimization, e.g., ANCE [Xiong et al., ICLR 2021]
• Unsupervised machine translation [Wu et al., NAACL 2019]
• CLIP [Radford et al., ICML 2021] and VideoCLIP [Xu et al., EMNLP 2021]
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[Zamani*, Diaz*, Dehghani, Metzler, Bendersky; SIGIR 2022]



Efficient and effective Neural IR can potentially 
revolutionize machine learning research through 

retrieval-enhanced models.
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Results on the KILT Benchmark

38[Hofstätter, Cao, Raman, Zamani; 2022]



Efficient Neural Information Retrieval Retrieval-Enhanced Machine Learning

Hamed Zamani
zamani@cs.umass.edu
Twitter: @HamedZamani

Thank you!
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