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• reputation at least at par with journals

• are typically a terminal venue for publication

• review full papers, and not just abstracts

Process is similar to distributed proposal reviews

Computer Science Conferences…



Growth of submissions in astronomy

“staggering increase of publications 
and proposals (doubling every 14 
years in astronomy)”



Meanwhile in my field…
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Automation in reviewer assignment helps with scale
Used for 3 decades in computer science

5-fold increase in 5 years



Stages

For every (proposal, potential reviewer) pair, 
compute a “similarity score”

• Topic intersection
• Text matching (demo)
• Bidding

(1) 
Compute 

similarities

(2) 
Assignment

Use similarity scores to assign reviewers to proposals
• Sum-similarity algorithm
• PeerReview4All algorithm (demo)

(0) 
Reviewer 

pool

Construct a pool of potential reviewers
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Construct pool of potential reviewers(0) 
Reviewer 

pool

• Invited based on publication history, previous reviewing 
experience, references, open calls

• Obtain their published papers
o Scrape: usually freely available in computer science
o Ask reviewers to submit their relevant papers

• Obtain conflicts of interest (CoI) information
o Co-author information from publication history
o Reviewers and authors asked to provide conflict domains 

(e.g., “cmu.edu”) and other individual conflicts



Stages

For every (proposal, potential reviewer) pair, 
compute a “similarity score”

• Topic intersection
• Text matching (demo)
• Bidding

(1) 
Compute 

similarities

(2) 
Assignment

Use similarity scores to assign reviewers to proposals
• Sum-similarity algorithm
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Topic intersection
• Pre-defined list of topics

(1) 
Compute 

similarities

• Authors select topics pertaining to their proposal
• Reviewers select topics of their expertise

Topic similarity = amount of intersection in selections

🟩 Bananas
✅ Apples
🟩 Potatoes
🟩 Plums
✅ Cauliflower

︙

• Challenges: 
o Coarse granularity
o Manually decided topics may not be exhaustive



Text matching

We propose to find exoplanets 
where the atmosphere rains 
bananas or if there are bananas in 
the ground. Our methods include 
the design of novel telescopes that 
can detect even the tiny amounts of 
banana radiation…

(1) 
Compute 

similarities

In this paper, we study the banana-
atmosphere phenomenon on the 
moon. Using a prototype version of 
our banana-radiation detectors, we 
are able to sniff banana peels from 
the moon’s core…

Submitted proposal: Potential reviewer’s published paper:

Objective: Compute similarity between these texts



Studied extensively in computer science

• Topic models / latent semantic indexing
• Dumais et al. 1992, Mimno et al. 2007, Anjum et al. 2019

• Term frequency - inverse document frequency (TF-IDF)
• Basu et al. 1999, Hettich and Pazzani 2006, Charlin et al. 2013
• Open source implementation: https://github.com/niharshah/TFIDFsimilarity
• Recently rediscovered in astrophysics [Kerzendorf et al. 2020]

• https://github.com/wkerzendorf/deepthought_web

• Deep-learning based language models
• Peters et al. 2018, Wieting et al. 2019, Cohan et al. 2020
• https://github.com/openreview/openreview-expertise

(1) 
Compute 

similarities

https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=ba09c7cf90d57712216835acc60477c557720d96
https://dl.acm.org/citation.cfm?id=1281247
https://aclanthology.org/D19-1049.pdf
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=bcd6cd7bdd661bd86c58b7251ae4633a6ba9979e
https://dl.acm.org/doi/pdf/10.1145/1150402.1150521?casa_token=7zzpn4iKzcYAAAAA:5HIOeIN1vOA6ONXsG1TEPBPx5jCw40rVPwq1Ux8uXr93KjRJmBdgz1Tkfku7DseuprTjRGZpLzLx
https://openreview.net/pdf?id=caynafZAnBafx
https://github.com/niharshah/TFIDFsimilarity
https://arxiv.org/pdf/2004.04165.pdf
https://github.com/wkerzendorf/deepthought_web
https://aclanthology.org/N18-1202.pdf
https://arxiv.org/pdf/1909.13872.pdf
https://arxiv.org/pdf/2004.07180.pdf
https://github.com/openreview/openreview-expertise


TF-IDF matching: High-level idea

We propose to find exoplanets 
where the atmosphere rains 
bananas or if there are bananas in 
the ground. Our methods include 
the design of novel telescopes that 
can detect even the tiny amounts of 
banana radiation…

(1) 
Compute 

similarities

In this paper, we study the banana-
atmosphere phenomenon on the 
moon. Using a prototype version of 
our banana-radiation detectors, we 
are able to sniff banana peels from 
the moon’s core…

Submitted proposal: Potential reviewer’s published paper:

• How frequently do words occurring in the submitted proposal also occur in the 
potential reviewer’s published paper(s)?
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Text matching: Demonstration of web-based tool

http://opensupernova.org:9999/

Wolfgang KerzendorfVicente Amado Olivo 

http://opensupernova.org:9999/






Text matching: Demonstration of code
• https://github.com/niharshah/TFIDFsimilarity

• You may have to install nltk package “pip install nltk”
• Create two folders:

• "Paper_Folder": Contains text files where each text file contains the text of a paper
• "Reviewer_Folder": Contains text files where each text file contains the text of a 

potential reviewer's past papers

• compute_similarities(Reviewer_Folder, Paper_Folder)
• Outputs: reviewer list, author list, similarity matrix
• Example:

Ø from TFIDFsimilarity import compute_similarities
Ø (reviewer_idx, paper_idx, similarity_matrix) = compute_similarities("r", "p")

https://github.com/niharshah/TFIDFsimilarity
https://www.nltk.org/


Our independent evaluations
Objective: Collect a publicly releasable “gold standard” dataset (to be released soon)

Method: 
• Ask researchers to think of 10 papers they read from the past year
• Give ranking of these papers in terms of their expertise
• Also give ratings in terms of their expertise

Results: 
• “SPECTER+MFR” algorithm is the best of the deep-learning based algorithms 
• Uses only title + abstract

• TF-IDF does worse if it uses only title+abstract
• “TF-IDF with full text” performance similar to “SPECTER+MFR with 

title+abstract”

(1) 
Compute 

similarities



Text matching: Challenges
(1) 

Compute 
similarities

• Does get confused (topic of active research)

• Black box (we are designing “explanation” methods)

• Deep-learning based “modern” language models
o Needs more time and computation
o Can often handle only abstracts and not full papers/proposals



Bidding
(1) 

Compute 
similarities

Proposal title

Finding bananas in exoplanets

Large apple collider

Radiations from superpotato star

Solving the black guacamole mystery

Challenges: 
• Reviewer lethargy [Section 3.1 of Shah et al. 2017]
• Biases [Fiez et al. 2020]
• Fraud via coalitions [Jecmen et al. 2022]

• Reviewers shown list of all proposals 
o May also be shown the computed similarities

• Can “bid” to review or not review any proposal

https://www.jmlr.org/papers/volume19/17-511/17-511.pdf
https://arxiv.org/pdf/2007.07079.pdf
https://ml-eval.github.io/assets/pdf/malicious_bids_submit.pdf


Putting things together
• These similarity measures are then combined to obtain a single similarity score 

for each (proposal, potential reviewer) pair

• Notation: Combined similarity score between proposal p and reviewer r is 
𝒔𝒑𝒓 ∈ [𝟎, 𝟏]

• How are the different similarity measures combined?
• Combined using some formula based on previous experiences, e.g., [Shah et al. 2017]

• Or via try-eyeball-iterate
• Or via regression-based methods [Leyton-Brown et al. 2022]
• See Saveski et al. 2022 for an evaluation

• If conflict of interest, then 𝑠#$ = -1

(1) 
Compute 

similarities

https://www.jmlr.org/papers/volume19/17-511/17-511.pdf
https://arxiv.org/pdf/2202.12273.pdf
https://peerreviewcongress.org/abstract/counterfactual-evaluation-of-peer-review-assignment-strategies-in-computer-science-and-artificial-intelligence/
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Maximize sum similarity

[Goldsmith et al. 2007, Taylor 2008, Tang et al. 2010, Charlin et al. 2012, Long et al. 2013,..]

(2) 
Assignment

Intuitive approach: Choose the assignment which maximizes the sum of the 
similarities of the assigned (reviewer, proposal) pairs

https://www.aaai.org/Papers/Workshops/2007/WS-07-10/WS07-10-008.pdf
https://www.cis.upenn.edu/~cjtaylor/PUBLICATIONS/pdfs/TaylorTR08.pdf
https://ieeexplore.ieee.org/abstract/document/5616179/
https://arxiv.org/pdf/1202.3706
http://www.cse.ust.hk/~raywong/paper/paperAssign-technical.pdf


Maximize sum similarity

maximize
%&&'()*+),

/
# ∈ .%/+0&

/
$ ∈1+2'+3+0&

𝑠#$ 𝕝 paper 𝑝 assigned to reviewer 𝑟

subject to
Every paper gets (at least) certain #reviewers
Every reviewer gets at most certain #papers

(2) 
Assignment

Intuitive approach: Choose the assignment which maximizes the sum of the 
similarities of the assigned (reviewer, proposal) pairs

1 if 𝑝 is assigned to 𝑟 and 0 otherwise

Easy to solve (via flow-based algorithms or linear programming relaxations)



Example 1(2) 
Assignment

•One reviewer per paper

•Up to one paper per reviewer

Paper A Paper B

Reviewer 1 0.6 0.9

Reviewer 2 0.7 0.8

Sum of similarities = 1.6
For any other assignment, sum of similarities ≤ 1.4



Example 2(2) 
Assignment

• Two reviewers per paper

•Up to one paper per reviewer

Paper A Paper B

Reviewer 1 0.9 0.6

Reviewer 2 0.4 0.7

Reviewer 3 0.1 0.9

Reviewer 4 0.9 0.1

Sum of similarities = 3.4
For any other assignment, sum of similarities ≤ 2.8



Example 3

Paper A Paper B Paper C

Reviewer 1 1 0 0.5

Reviewer 2 0.7 1 0

Reviewer 3 0 0.7 0

•One reviewer per paper

•Up to one paper per reviewer

Assignment is unfair to paper C

There exists another more balanced assignment

[Stelmakh et al. 2018]

(2) 
Assignment

https://jmlr.csail.mit.edu/papers/volume22/20-190/20-190.pdf


Example 4
Paper A Paper B Paper C

Reviewer 1 0.9 0 0.5

Reviewer 2 0.6 0 0.5

Reviewer 3 0 0.9 0.5

Reviewer 4 0 0.6 0.5

Reviewer 5 0 0 0

Reviewer 6 0 0 0

• Two reviewers per paper

•Up to one paper per reviewer

Assignment is unfair to (inter-disciplinary) paper C

There exists another more balanced assignment

[Stelmakh et al. 2018]

(2) 
Assignment

https://jmlr.csail.mit.edu/papers/volume22/20-190/20-190.pdf


Problems with maximizing total similarity

• Unbalanced: Can assign all relevant reviewers to some 
papers and all irrelevant reviewers to others [Stelmakh et al. 2018]

• Can be particularly unfair to interdisciplinary papers

• In practice, this algorithm has been found to assign papers 
with all reviewers having 0 similarity [Kobren et al. 2019]

(2) 
Assignment

https://arxiv.org/abs/1806.06237
https://arxiv.org/pdf/1905.11924


Balanced assignment: “PeerReview4All” 

maximize
%&&'()*+),

minimum
# ∈ .%/+0&

/
$ ∈1+2'+3+0&

𝑠#$ 𝕝 paper i assigned to reviewer j

subject to
Every paper gets at least certain #reviewers
Every reviewer gets at most certain #papers

Fix assignment for the worst-off paper argmin
! ∈ #$%&'(

Repeat for remaining papers

[Stelmakh et al. 2018]

(2) 
Assignment

https://jmlr.csail.mit.edu/papers/volume22/20-190/20-190.pdf


Independent evaluation
[Independent evaluations by Kobren et al. 2019]

• “TPMS” algorithm optimizes sum similarity
• “PeerReview4all” algorithm iteratively optimizes minimum similarity
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(2) 
Assignment

https://arxiv.org/pdf/1905.11924


Additional benefits of PeerReview4All

• Independent evaluations by Payan et al. 2021

oGini index (standard measure of inequality): PeerReview4All best performing
oEnvy freeness (standard game theoretic measure of quality): PeerReview4All best performing
oSum similarity of lowest 10% papers: PeerReview4All best performing
oSum similarity of lowest 25% papers: PeerReview4All best performing
oNash Social Welfare: PeerReview4All nearly best performing

• Statistical guarantees: optimal top-K selection [Stelmakh et al. 2018]

(2) 
Assignment

https://arxiv.org/pdf/2108.02126.pdf
https://jmlr.csail.mit.edu/papers/volume22/20-190/20-190.pdf
https://jmlr.csail.mit.edu/papers/volume22/20-190/20-190.pdf


PeerReview4All: Demonstration

• Get a free Gurobi academic license and install Gurobi
https://www.gurobi.com/academia/academic-program-and-licenses/

• Execute the PeerReview4All code:
https://github.com/niharshah/peerreview4all
(Github repo has instructions)

• Demo…

(2) 
Assignment

https://www.gurobi.com/academia/academic-program-and-licenses/
https://github.com/niharshah/peerreview4all






Ø import numpy as np
Ø from autoassigner import auto_assigner

Ø myassignment = auto_assigner(simmatrix=np.array([[1,0,0.5], [0.7,1,0],[0,.7,0]]), demand=1, 
ability=1)

Ø myassignment.fair_assignment()
Ø print(myassignment.fa)

INPUTS:
•'simmatrix' is an #reviewers x #papers matrix with entries in {-1}U[0, 1]
•'demand' is the number of reviewers required per paper
•'ability' is the maximum number of papers that reviewer can review
You can also input max time, customized review loads, etc. See documentation.

OUTPUT: A dictionary of the form {paper: [assigned_reviewers]} that encodes the resulting assignment

Code for Example 3 from earlier slide



Concluding comments

• Area of active research!
• See Chapter 3 of bit.ly/PeerReviewOverview

• PeerReview4All trials at ALMA…

• Don’t hesitate to ping me if you would like to know 
more or want to use automated assignments

Thank you! Questions?

https://cs.cmu.edu/~nihars
nihars@cs.cmu.edu

https://bit.ly/PeerReviewOverview
https://cs.cmu.edu/~nihars
mailto:nihars@cs.cmu.edu

