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Motivations



Misinformation

• Misinformation: false or inaccurate information;


• Disinformation: false information, deliberately intended to mislead;


• Web is open → uncontrolled spread of misinformation;


• Affected society: 


• Public health;


• Climate change


• Democracy, and more.



Can smoking prevent COVID-19?
Issue: can a user distinguish between correct and incorrect information? 

Slide credit: Mark Smucker, TREC 2020 Health Misinformation Track Overview



Misinformation in the Health Domain

• People using search technologies to seek health advice online;


• COVID-19 highlighted the dangers of misinformation on consumer health;


• Uncontrolled data collections;


• Users might not be able to distinguish between correct and incorrect information;


• Incorrect documents are harmful;


• Increasing incorrect information → users to take incorrect decisions.



Assessment Criteria

• Relevance grades: {non-
relevant, marginally relevant, 
fairly relevant, highly relevant};


• Relevance: multidimensional, 
dynamic, and complex;


• Users judge documents 
according to different criteria.

Borlund, P. 2003. The concept of relevance in IR. Journal of the American Society for information Science and Technology, 54(10), 913-925.

Fuhr, N., et al. 2018. An Information Nutritional Label for Online Documents. In ACM SIGIR Forum (Vol. 51, No. 3, pp. 46-66).

Figure 1: Mockup of the envisaged information nutrition label.

1 Introduction

The 2016 American presidential elections were a source of growing public awareness of what has been
termed “fake news,” a term is used to describe the observation that “in social media, a certain kind of
‘news’ spread much more successfully than others, and, that these ‘news’ stories are typically extremely
one-sided (hyperpartisan), inflammatory, emotional, and often riddled with untruths” [20].

Claims in news can take various forms. In the form of a verifiable assertion (“The density of ice is
larger than the density of water.”) we have a fact checking situation, which can be clarified given access
to online dictionaries or encyclopedias. In the form of a non-verifiable or not easily verifiable assertion
(“Hillary Clinton is running a child sex ring out of a D.C.-area pizza restaurant.”, “Marijuana is safer
than alcohol or tobacco.”) one has to take a stance, i.e., the reader has to decide whether she believes the
claim or not. Such a decision can neither universally nor uniquely be answered by means of a knowledge
base but is to be clarified on an individual basis and may undergo change over time.

To help the online information consumer, we propose an Information Nutrition Label, resembling
nutrition fact labels on food packages. Such a label describes, along a range of agreed-upon dimensions,
the contents of the product (an information object, in our case) in order to help the consumer (reader) in
deciding about the consumption of the object. The observations above however also imply a particular,
self-imposed, ethical limitation of our concept:

(Our manifest) It is not our intention to say what is true or what is false, right or wrong,

and in particular not what is good or bad. That is, an Information Nutrition Label is not a

substitute for a moral compass.

Thus, as technical consequence, we do not propose a system that would state that a piece of news is
true or false, leaving that decision up to the final user. Ultimately, just as with a food label, it is up to the
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Agenda
How to evaluate Misinformation?

• TREC Health Misinformation;


• Evaluation with multiple aspects;


• State-of-the-art measures and their limitations;


• Problem formalisation: a partial order;


• 3 steps of TOMA;


• Example of usage;


• Experimental evaluation;


• Conclusion, limitations, and future work.



TREC Health Misinformation 
Track



Text Retrieval Conference (TREC)
https://trec.nist.gov/

• Large scale Evaluation Initiative (shared challenge);


• Sponsored by US NIST (National Institute of Standards and Technology);


• Started in 1992.



Health Misinformation Track
https://trec-health-misinfo.github.io/

• Track run from 2019 (Decision Track) to 2022;


• Short term goal: improve retrieval quality for health search and ability to identify 
misinformation;


• Long term goal: predict average decision quality of users.



Tasks

Goal: IR systems that promote correct information over incorrect information:


• Retrieval (2019 - 2022): return relevant, credible and correct information (avoid 
returning relevant and incorrect information → harmful documents);


• Total recall (2020): identify all the documents conveying incorrect information;


• Answer prediction (2022): predict the correct answer for the topic’s question.



Documents

Collection of Web Pages:


• ClueWeb12-B13 (2019): ~52 million web pages collected February 10 - May 10, 
2012;


• CommonCrawl News (2020): news articles from news sites collected January 1 - 
April 30, 2020 (focus on COVID-19);


• Noclean version of the C4 dataset (2021- 2022): ~1 billion web pages from the 
April 2019 snapshot of Common Crawl (used by Google to train T5).



Topics in 2019

Topics on consumer health → people seeking health advice online;


Selection of topics: White and Hassan and Cochrane Review library.


Treatment Disease

R. W. White and A. Hassan. Content bias in online health search. ACM Trans. Web, 8(4):25:1–25:33, Nov. 2014. ISSN 1559-1131. doi: 10.1145/2663355. URL http://doi.acm.org/10.1145/2663355. 



https://www.who.int/emergencies/diseases/novel-coronavirus-2019/advice-for-public/myth-busters

https://www.health.harvard.edu/diseases-and-conditions/treatments-for-covid-19

Topics in 2020

Focus on COVID 19 → treatment is alway COVID-19


Selection of topics: WHO mythbusters, Harvard Medical School and Fact checking 
websites (Snopes, etc.)


Treatment COVID-19

Treatment DiseaseEffect

https://www.who.int/emergencies/diseases/novel-coronavirus-2019/advice-for-public/myth-busters
https://www.health.harvard.edu/diseases-and-conditions/treatments-for-covid-19


Topics in 2021

Selection of topics: authoritative sources;

Treatment Disease

No more structured sentence (yes/no answer)



Topics in 2022

Selection of topics: from real queries submitted to a search engine;

Treatment Disease

Answer and evidence were provided after the 
submission (answer prediction task).



Judgements

• Assessors did not create the topics;


• Assessors did not have access to the topic answer;


• All aspects are assessed independently;


• Assessed aspects:


• Relevance, Treatment Efficacy, Credibility (2019);


• Usefulness, Answer, Credibility (2020);


• Usefulness, Supportiveness, Credibility (2021);


• Usefulness, Answer + Preference Judgements (2022).



Judging Credibility

• Google Search Quality Evaluator Guidelines:


• Understand the purpose of a document;


• Amount of Expertise, Authoritativeness, and Trustworthiness (E-A-T).


• Credible document:


• High level of E-A-T;


• Includes an author or a publishing institute expert in the field; 


• Includes citations or references to credible sources, e.g., universities, research/clinics, government websites, etc.;


• Hosted in a hospital/clinic or government website, or online newspaper with wide circulation;


• Style: well written, motivated and organized.


• Not credible document: 


• Advertising or marketing purposes, from a personal blog or a forum, or written by a non-expert person; 


• Document or the hosting website provides or claims against well-known medical consensus (e.g., smoking cigarettes does not cause cancer).

https://static.googleusercontent.com/media/guidelines.raterhub.com/en//searchqualityevaluatorguidelines.pdf

https://static.googleusercontent.com/media/guidelines.raterhub.com/en//searchqualityevaluatorguidelines.pdf


Assessments in 2019
Relevance, Treatment Efficacy, Credibility

• Topic:


• Helpful: The health treatment is helpful towards the health issue.


• Inconclusive: It is still unclear by medical professionals whether or not the treatment is effective towards the health issue.


• Not helpful: The treatment is not helpful towards the health issue.


• Assessed aspects:


• Relevance (3 levels): Highly relevant, relevant, not relevant;


• Efficacy (4 values): Effective, inconclusive, ineffective, no information;


• Credibility (binary): Credible, not credible.


• Efficacy and credibility → only if the document is relevant;


• Correctness: derived by comparing topic efficacy against document efficacy.



Assessments in 2020

• Topic answer: “yes” or “no” → removed inconclusive topics;


• Usefulness (binary): does the document contain material that the user might find useful in 
answering the topic’s question?


• Answer (3 values: yes, no, no answer): does the document answer to the question in the 
description field? If so, is the answer yes or no? 


• Credibility (binary): how credible is the document?


• Answer and credibility only for useful documents;


• Correctness: derived by comparing topic answer with assessor answer → incorrect, 
correct, no answer.



Assessments in 2021

• Topic answer: “helpful” or “unhelpful”;


• Usefulness (3 levels): does the document contain material that the user might find useful 
in answering the topic’s question?


• Supportiveness (3 values: supports, dissuades, neutral): does the document contain 
information that supports/dissuades the use of the treatment in the question? 


• Credibility (3 levels): how credible is the document?


• Supportiveness and credibility only for useful documents;


• Correctness: derived by comparing topic answer with assessor answer → incorrect, 
correct, no answer.



Assessments in 2022

• Topic answer: “yes” or “no”;


• Usefulness (3 levels): does the document contain material that the user might find 
useful in answering the topic’s question?


• Answer (3 values: yes, no, no answer): does the document answer to the 
question in the description field? If so, is the answer yes or no?


• Correctness: derived by comparing topic answer with assessor answer → 
incorrect, correct, no answer. 


• Preference judgements: top 10 very useful documents per topic.



Multi-aspect Evaluation



Multi-aspect Evaluation

Relevance Labels

Correctness Labels

How to account for 
multiple aspects in IR 

evaluation?



State-of-the-art Measures: Approach 1

Measures that apply this approach:


• Convex Aggregating Measure (CAM);


• Multidimensional Measure (MM);


• Weighted Harmonic Mean Aggregating 
Measure (WHAM).

Relevance Correctness

J. Palotti, G. Zuccon, and A. Hanbury. 2018. MM: A New Framework for Multidimensional Evaluation of 
Search Engines. In CIKM 2018.


C. Lioma, J. G. Simonsen, and B. Larsen. 2017. Evaluation Measures for Relevance and Credibility in Ranked 
Lists. In ICTIR 2017. 

<latexit sha1_base64="c2L99E4G1bz/ougvPOkqmydtcmM=">AAACG3icbVDLSgNBEJz1GeNr1aOXwSAkIGE3BPUY8ZJjBKNCNoTZSe9mcPbBTK8YlvyHF3/FiwdFPAke/Bsnaw6+ChpqqrqZ7vJTKTQ6zoc1N7+wuLRcWimvrq1vbNpb2xc6yRSHLk9koq58pkGKGLooUMJVqoBFvoRL//p06l/egNIiic9xnEI/YmEsAsEZGmlgNzyEW8xPwlBBWGiTqhdlVW/EMFeTgaod0O9vXqsN7IpTdwrQv8SdkQqZoTOw37xhwrMIYuSSad1znRT7OVMouIRJ2cs0pIxfsxB6hsYsAt3Pi9smdN8oQxokylSMtFC/T+Qs0noc+aYzYjjSv72p+J/XyzA47uciTjOEmH99FGSSYkKnQdGhUMBRjg1hXAmzK+UjphhHE2fZhOD+PvkvuWjU3cN686xZabVncZTILtkjVeKSI9IibdIhXcLJHXkgT+TZurcerRfr9at1zprN7JAfsN4/ATZhoYM=</latexit>

Aggregation(µ(r̂r), µ(r̂c))



Convex Aggregating Measure (CAM)

Mean over measure scores across aspects:

<latexit sha1_base64="fgvgSbA9MiVRWqpnXDgt9nsZToI="></latexit>

CAM(rt) =
X

a2A

pa ⇥ µ(r̂t,a)

C. Lioma, J. G. Simonsen, and B. Larsen. 2017. Evaluation Measures for Relevance and Credibility in Ranked Lists. In ICTIR 2017. 

<latexit sha1_base64="SuXl3r1PNc0LQO6AkwdCPkL8G/s=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoPgQcKu+DoGvOQYwTxgs4bZyWwyZHZmmZlVwpL/8OJBEa/+izf/xkmyB00saCiquunuChPOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlqmitAmkVyqTog15UzQpmGG006iKI5DTtvh6Hbqtx+p0kyKezNOaBDjgWARI9hY6SHpYdRlAvnuGfKCXrniVt0Z0DLxclKBHI1e+avblySNqTCEY619z01MkGFlGOF0UuqmmiaYjPCA+pYKHFMdZLOrJ+jEKn0USWVLGDRTf09kONZ6HIe2M8ZmqBe9qfif56cmugkyJpLUUEHmi6KUIyPRNALUZ4oSw8eWYKKYvRWRIVaYGBtUyYbgLb68TFrnVe+qenl3UanV8ziKcATHcAoeXEMN6tCAJhBQ8Ayv8OY8OS/Ou/Mxby04+cwh/IHz+QNPgJEe</latexit>

pa 2 [0, 1]
<latexit sha1_base64="mN5VGnsB5T0/0yBsPH9fStQ3/g0=">AAAB/nicbVDLSsNAFJ34rPUVFVduBovgqiTiayNU3HRZwT6gCeFmOmmHTiZhZiKUUPBX3LhQxK3f4c6/cdpmoa0HLhzOuZd77wlTzpR2nG9raXlldW29tFHe3Nre2bX39lsqySShTZLwRHZCUJQzQZuaaU47qaQQh5y2w+HdxG8/UqlYIh70KKV+DH3BIkZAGymwDz2VxUEO2GMC347TAPANdgO74lSdKfAicQtSQQUagf3l9RKSxVRowkGpruuk2s9BakY4HZe9TNEUyBD6tGuogJgqP5+eP8YnRunhKJGmhMZT9fdEDrFSozg0nTHogZr3JuJ/XjfT0bWfM5FmmgoyWxRlHOsET7LAPSYp0XxkCBDJzK2YDEAC0SaxsgnBnX95kbTOqu5l9eL+vFKrF3GU0BE6RqfIRVeohuqogZqIoBw9o1f0Zj1ZL9a79TFrXbKKmQP0B9bnD3ROlIg=</latexit>X

a2A

pa = 1Weight for each aspect Any IR Evaluation Measure

Computed for a single aspect



Multidimensional Measure (MM)

Harmonic mean over measure scores across aspects:

<latexit sha1_base64="FoFl4Qf8mJhJskRAUrNmr+GTBjo="></latexit>

MM(rt) =

P
a2A paP

a2A
pa

µ(r̂t,a)

J. Palotti, G. Zuccon, and A. Hanbury. 2018. MM: A New Framework for Multidimensional Evaluation of Search Engines. In CIKM 2018.

<latexit sha1_base64="SuXl3r1PNc0LQO6AkwdCPkL8G/s=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoPgQcKu+DoGvOQYwTxgs4bZyWwyZHZmmZlVwpL/8OJBEa/+izf/xkmyB00saCiquunuChPOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlqmitAmkVyqTog15UzQpmGG006iKI5DTtvh6Hbqtx+p0kyKezNOaBDjgWARI9hY6SHpYdRlAvnuGfKCXrniVt0Z0DLxclKBHI1e+avblySNqTCEY619z01MkGFlGOF0UuqmmiaYjPCA+pYKHFMdZLOrJ+jEKn0USWVLGDRTf09kONZ6HIe2M8ZmqBe9qfif56cmugkyJpLUUEHmi6KUIyPRNALUZ4oSw8eWYKKYvRWRIVaYGBtUyYbgLb68TFrnVe+qenl3UanV8ziKcATHcAoeXEMN6tCAJhBQ8Ayv8OY8OS/Ou/Mxby04+cwh/IHz+QNPgJEe</latexit>

pa 2 [0, 1]
<latexit sha1_base64="mN5VGnsB5T0/0yBsPH9fStQ3/g0=">AAAB/nicbVDLSsNAFJ34rPUVFVduBovgqiTiayNU3HRZwT6gCeFmOmmHTiZhZiKUUPBX3LhQxK3f4c6/cdpmoa0HLhzOuZd77wlTzpR2nG9raXlldW29tFHe3Nre2bX39lsqySShTZLwRHZCUJQzQZuaaU47qaQQh5y2w+HdxG8/UqlYIh70KKV+DH3BIkZAGymwDz2VxUEO2GMC347TAPANdgO74lSdKfAicQtSQQUagf3l9RKSxVRowkGpruuk2s9BakY4HZe9TNEUyBD6tGuogJgqP5+eP8YnRunhKJGmhMZT9fdEDrFSozg0nTHogZr3JuJ/XjfT0bWfM5FmmgoyWxRlHOsET7LAPSYp0XxkCBDJzK2YDEAC0SaxsgnBnX95kbTOqu5l9eL+vFKrF3GU0BE6RqfIRVeohuqogZqIoBw9o1f0Zj1ZL9a79TFrXbKKmQP0B9bnD3ROlIg=</latexit>X

a2A

pa = 1Weight for each aspect
Any IR Evaluation Measure


Computed for a single aspect



Limitations of Approach 1
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State-of-the-art Measures: Approach 2
Measures that simultaneously evaluates with all 
aspects:


• ⍺-nDCG: relevance and diversity;


• nCT: relevance, novelty and user effort;


• RBU: relevance, redundancy and user effort;


• nLRE: relevance and credibility;


• etc.

Relevance Correctness

<latexit sha1_base64="Uidqg/M8qQDy4ypL4tovMqj7frA=">AAAB83icbVDLSgNBEOz1GeMr6tHLYBDiJexKUI8BLx6jmAdklzA7mSRDZmaXeQhhyW948aCIV3/Gm3/jJNmDJhY0FFXddHfFKWfa+P63t7a+sbm1Xdgp7u7tHxyWjo5bOrGK0CZJeKI6MdaUM0mbhhlOO6miWMSctuPx7cxvP1GlWSIfzSSlkcBDyQaMYOOkMBS2Eo6wydT0olcq+1V/DrRKgpyUIUejV/oK+wmxgkpDONa6G/ipiTKsDCOcTouh1TTFZIyHtOuoxILqKJvfPEXnTumjQaJcSYPm6u+JDAutJyJ2nQKbkV72ZuJ/XteawU2UMZlaQyVZLBpYjkyCZgGgPlOUGD5xBBPF3K2IjLDCxLiYii6EYPnlVdK6rAZX1dp9rVx/yOMowCmcQQUCuIY63EEDmkAghWd4hTfPei/eu/exaF3z8pkT+APv8wfVH5Gd</latexit>

µ(r̂)

Aggregation

C. L. A. Clarke, M. Kolla, G. V. Cormack, O. Vechtomova, A. Ashkan, S.Büttcher, and I. MacKinnon. 2008. Novelty and 
Diversity in Information Retrieval Evaluation. In SIGIR 2008.  

Z. Tang and G. H. Yang. 2017. Investigating per Topic Upper Bound for Session Search Evaluation. In ICTIR ’17.  

E. Amigó, D. Spina, and J. Carrillo-de Albornoz. 2018. An Axiomatic Analysis of Diversity Evaluation Metrics: 
Introducing the Rank-Biased Utility Metric. In SIGIR 2018.



Normalized Local Rank Error (NLRE)

• Error computed with respect to the ideal ranking for each aspect separately;


• Error = difference in rank positions;


• Computes the maximum possible error attainable:

<latexit sha1_base64="TEeKzaLG8HjKIXcH0EXJZnePg+o="></latexit>

LRE =
n�1X

i=1

1

log2(1 + i)

 
Y

a2A

(pa + ✏a[di])�
Y

a2A

pa

!
<latexit sha1_base64="8AniZ3tgL9WXUiz+X87875NZnFY=">AAACHHicbZDLSgMxFIYzXmu9VV26CRbBjWXG+0YoFKELkSr2Ap2hZNJMG5q5kJwRyzAP4sZXceNCETcuBN/G9LKorT8E/nznHJLzu5HgCkzzx5ibX1hcWs6sZFfX1jc2c1vbNRXGkrIqDUUoGy5RTPCAVYGDYI1IMuK7gtXdXmlQrz8wqXgY3EM/Yo5POgH3OCWgUSt3bAN7hOTm+u4qxZfYwofY9iShyYgPcJqUWpPXtJXLmwVzKDxrrLHJo7EqrdyX3Q5p7LMAqCBKNS0zAichEjgVLM3asWIRoT3SYU1tA+Iz5STD5VK8r0kbe6HUJwA8pJMTCfGV6vuu7vQJdNV0bQD/qzVj8C6chAdRDCygo4e8WGAI8SAp3OaSURB9bQiVXP8V0y7R2YDOM6tDsKZXnjW1o4J1Vji9PckXy+M4MmgX7aEDZKFzVERlVEFVRNETekFv6N14Nl6ND+Nz1DpnjGd20B8Z379L06GY</latexit>

NLRE = 1� LRE

CLRE

C. Lioma, J. G. Simonsen, and B. Larsen. 2017. Evaluation Measures for Relevance and Credibility in Ranked Lists. In ICTIR 2017. 

<latexit sha1_base64="SuXl3r1PNc0LQO6AkwdCPkL8G/s=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoPgQcKu+DoGvOQYwTxgs4bZyWwyZHZmmZlVwpL/8OJBEa/+izf/xkmyB00saCiquunuChPOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlqmitAmkVyqTog15UzQpmGG006iKI5DTtvh6Hbqtx+p0kyKezNOaBDjgWARI9hY6SHpYdRlAvnuGfKCXrniVt0Z0DLxclKBHI1e+avblySNqTCEY619z01MkGFlGOF0UuqmmiaYjPCA+pYKHFMdZLOrJ+jEKn0USWVLGDRTf09kONZ6HIe2M8ZmqBe9qfif56cmugkyJpLUUEHmi6KUIyPRNALUZ4oSw8eWYKKYvRWRIVaYGBtUyYbgLb68TFrnVe+qenl3UanV8ziKcATHcAoeXEMN6tCAJhBQ8Ayv8OY8OS/Ou/Mxby04+cwh/IHz+QNPgJEe</latexit>
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a2A

pa = 1Weight for each aspect Normalization factor: all 
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Limitations of Approach 2

• Most measures are 
defined for specific 
contexts and with a 
limited set of aspects;


• Most measures do not 
define a formal 
framework, i.e., the ideal 
ranking is not defined or it 
is hard to compute.

Not Equally Good

M. Abualsaud, C. Lioma, M. Maistro, M. D. Smucker, and D. Zuccon. 2019. Overview of the TREC 2019 Decision Track. In TREC 2019.



Compatibility

• Define a preference order 
(and an ideal ranking);


• Rank Biased Overlap (RBO);


• Compute RBO between the 
run and the ideal ranking;


• For helpful and harmful 
documents independently.

C. L. Clarke, A. Vtyurina, and M. D. Smucker. 2020. Offline Evaluation without Gain. In ICTIR 2020. 

C. L. A. Clarke, M. D. Smucker, and A. Vtyurina. 2020. Offline Evaluation by Maximum Similarity to an Ideal Ranking. In CIKM 2020.

Table 2: Preference ordering for documents.

Preference Value Usefulness Correctness Credibility

12 Very Useful Correct Excellent
11 Useful Correct Excellent
10 Very Useful Correct Good
9 Useful Correct Good
8 Very Useful Correct Low or Not Judged
7 Useful Correct Low or Not Judged
6 Very Useful Neutral or Not Judged Excellent
5 Useful Neutral or Not Judged Excellent
4 Very Useful Neutral or Not Judged Good
3 Useful Neutral or Not Judged Good
2 Very Useful Neutral or Not Judged Low or Not Judged
1 Useful Neutral or Not Judged Low or Not Judged
0 Not Useful Not Judged Not Judged
�1 Very Useful or Useful Incorrect Low or Not Judged
�2 Very Useful or Useful Incorrect Good
�3 Very Useful or Useful Incorrect Excellent

• Usefulness. Ignores answer correctness and document credibility. Obtained from NIST qrels
by dropping supportiveness and credibility columns.

• Binary Usefulness. Same as the above, but usefulness is mapped to binary labels with a
lenient mapping: if the document is useful or very useful, then it is mapped to 1; not useful
documents are still mapped to 0.

• Useful and credible. Note that a document cannot be judged credible unless it is judged
useful. A document is credible if only judged to have good or high credibility, otherwise it is
not credible.

• Useful and correct. Note that a document cannot be judged correct unless it is judged useful.

• Useful and correct and credible.

• Incorrect. A document is incorrect if it is useful and is against the topic’s given stance (a
neutral document is not incorrect).

5.2.3 Multiple Aspect qrels

We created three aspect qrels as follows. The correctness column is mapped to 1, if the document’s
supportiveness aligns with the topic stance, and to 0 otherwise (no distinction for not judged or
neutral). The credibility column is the same except that a �1 (not judged) is mapped to 0 (not
credible). We also created two aspect qrels but only consider usefulness and one of the other two
aspects.
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Problem Formalization: Partial 
Order



Why a Formal Framework?

• Two aspects, relevance and correctness;


• Relevance Labels: {highly relevant, fairly relevant, marginally relevant, not 
relevant};


• Correctness Labels: {correct, partially correct, not correct};
<latexit sha1_base64="LEQI0K086rVAuTq3S94u0gGxLhE=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKexKUI8BLx7jIw9IljA725sMmZ1dZmaFEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSq4Nq777RTW1jc2t4rbpZ3dvf2D8uFRSyeZYthkiUhUJ6AaBZfYNNwI7KQKaRwIbAejm5nffkKleSIfzThFP6YDySPOqLHSQ9j3+uWKW3XnIKvEy0kFcjT65a9emLAsRmmYoFp3PTc1/oQqw5nAaamXaUwpG9EBdi2VNEbtT+anTsmZVUISJcqWNGSu/p6Y0FjrcRzYzpiaoV72ZuJ/Xjcz0bU/4TLNDEq2WBRlgpiEzP4mIVfIjBhbQpni9lbChlRRZmw6JRuCt/zyKmldVL3Lau2uVqnf53EU4QRO4Rw8uII63EIDmsBgAM/wCm+OcF6cd+dj0Vpw8plj+APn8wf0542l</latexit>

d1 (highly relevant, correct)
<latexit sha1_base64="RDqCcodCrFq+NodWBti8nNJWMgA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY8FLx7rR2uhDWWzmbZLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BiMr2f+4xMqzWP5YCYJ+hEdSj7gjBor3Yf9Wr9ccavuHGSVeDmpQI5mv/zVC2OWRigNE1Trrucmxs+oMpwJnJZ6qcaEsjEdYtdSSSPUfjY/dUrOrBKSQaxsSUPm6u+JjEZaT6LAdkbUjPSyNxP/87qpGVz5GZdJalCyxaJBKoiJyexvEnKFzIiJJZQpbm8lbEQVZcamU7IheMsvr5J2repdVOu39UrjLo+jCCdwCufgwSU04Aaa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz/2a42m</latexit>

d2 (marginally relevant, correct)
<latexit sha1_base64="BA7iarUxq/dBcaYyKCGsV7cv/io=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKexqUI8BLx7jIw9IljA725sMmZ1dZmaFEPIJXjwo4tUv8ubfOEn2oNGChqKqm+6uIBVcG9f9cgorq2vrG8XN0tb2zu5eef+gpZNMMWyyRCSqE1CNgktsGm4EdlKFNA4EtoPR9cxvP6LSPJEPZpyiH9OB5BFn1FjpPuyf98sVt+rOQf4SLycVyNHolz97YcKyGKVhgmrd9dzU+BOqDGcCp6VepjGlbEQH2LVU0hi1P5mfOiUnVglJlChb0pC5+nNiQmOtx3FgO2NqhnrZm4n/ed3MRFf+hMs0MyjZYlGUCWISMvubhFwhM2JsCWWK21sJG1JFmbHplGwI3vLLf0nrrOpdVGu3tUr9Lo+jCEdwDKfgwSXU4QYa0AQGA3iCF3h1hPPsvDnvi9aCk88cwi84H9/3742n</latexit>

d3 (highly relevant, partially correct)

<latexit sha1_base64="+iq+iEbwquOKhFYNdAN/V/guMFU=">AAAB/HicbVDLSsNAFJ3UV62vaJduBovgqiSlqMuCG5dV7APaECaTm3bo5NGZiRBC/RU3LhRx64e482+ctllo64ELh3Pu5d57vIQzqSzr2yhtbG5t75R3K3v7B4dH5vFJV8apoNChMY9F3yMSOIugo5ji0E8EkNDj0PMmN3O/9whCsjh6UFkCTkhGEQsYJUpLrln13QYeyqlMPQkKpth3bdesWXVrAbxO7ILUUIG2a34N/ZimIUSKciLlwLYS5eREKEY5zCrDVEJC6ISMYKBpREKQTr44fobPteLjIBa6IoUX6u+JnIRSZqGnO0OixnLVm4v/eYNUBddOzqIkVRDR5aIg5VjFeJ4E9pkAqnimCaGC6VsxHRNBqNJ5VXQI9urL66TbqNuX9eZds9a6L+Ioo1N0hi6Qja5QC92iNuogijL0jF7Rm/FkvBjvxseytWQUM1X0B8bnD+LnlFc=</latexit>

d2 v d1
<latexit sha1_base64="JJk4DXWysUHpSZjXf9NVRRQBeMA=">AAAB9HicdVDLSsNAFJ34rPVVdelmsAiuwqRNbV1ZcOOyin1AG8JkMmmHTh7OTAol9DvcuFDErR/jzr9x0lZQ0QMXDufcy733eAlnUiH0Yaysrq1vbBa2its7u3v7pYPDjoxTQWibxDwWPQ9LyllE24opTnuJoDj0OO1646vc706okCyO7tQ0oU6IhxELGMFKS47vVuAAXury3apbKiPTbtTsSh0iE9WqqIpycmE1kAUtE81RBku03NL7wI9JGtJIEY6l7FsoUU6GhWKE01lxkEqaYDLGQ9rXNMIhlU42P3oGT7XiwyAWuiIF5+r3iQyHUk5DT3eGWI3kby8X//L6qQoaTsaiJFU0IotFQcqhimGeAPSZoETxqSaYCKZvhWSEBSZK51TUIXx9Cv8nnYppnZv2jV1u3i7jKIBjcALOgAXqoAmuQQu0AQH34AE8gWdjYjwaL8bronXFWM4cgR8w3j4BgC2Qsw==</latexit>

d2 ? d3

<latexit sha1_base64="cj8WUVIdH6+tJcZwhjIBj4Br5To=">AAAB/XicbVDLSsNAFJ34rPUVHzs3g0VwVRIt6rLgxmUV+4A2hMnkph06eXRmItRQ/BU3LhRx63+482+ctFlo64ELh3Pu5d57vIQzqSzr21haXlldWy9tlDe3tnd2zb39loxTQaFJYx6LjkckcBZBUzHFoZMIIKHHoe0Nr3O//QBCsji6V+MEnJD0IxYwSpSWXPPQd89xT45k6klQMMK+a5dds2JVrSnwIrELUkEFGq751fNjmoYQKcqJlF3bSpSTEaEY5TAp91IJCaFD0oeuphEJQTrZ9PoJPtGKj4NY6IoUnqq/JzISSjkOPd0ZEjWQ814u/ud1UxVcORmLklRBRGeLgpRjFeM8CuwzAVTxsSaECqZvxXRABKFKB5aHYM+/vEhaZ1X7olq7rVXqd0UcJXSEjtEpstElqqMb1EBNRNEjekav6M14Ml6Md+Nj1rpkFDMH6A+Mzx8fr5Rs</latexit>

d3 v d1



Formalization of the Problem

• n aspects                                  , for example A = {relevance, correctness}


• Set of labels                                     , for example non-rel ≺ … ≺ highly rel


• Ground-truth function:


• Unequivocal order: 


• Partial order, i.e., there are elements that are not comparable


• Non comparable documents: 

<latexit sha1_base64="UzSwaWlBT00ZWE4nom7T5Z0nDOo=">AAACEXicbVDLSgMxFM34rPVVdekmWIQWSpkpRd0IBRe6rNIXtGXIZNI2NJMZkjtiGfoLbvwVNy4UcevOnX9j+lho64ELJ+fcS+49XiS4Btv+tlZW19Y3NlNb6e2d3b39zMFhQ4exoqxOQxGqlkc0E1yyOnAQrBUpRgJPsKY3vJr4zXumNA9lDUYR6wakL3mPUwJGcjO5DrAHSK5r45xfgDy+xDnhOgUs3FIBd4Qfgp48ZN7NZO2iPQVeJs6cZNEcVTfz1fFDGgdMAhVE67ZjR9BNiAJOBRunO7FmEaFD0mdtQyUJmO4m04vG+NQoPu6FypQEPFV/TyQk0HoUeKYzIDDQi95E/M9rx9C76CZcRjEwSWcf9WKBIcSTeLDPFaMgRoYQqrjZFdMBUYSCCTFtQnAWT14mjVLROSuWb8vZyt08jhQ6Ricohxx0jiroBlVRHVH0iJ7RK3qznqwX6936mLWuWPOZI/QH1ucPK+yaww==</latexit>

GT(d, t) = (l1, l2, . . . , ln)
<latexit sha1_base64="WwNdWR66/toRAXeSpu/2L03+Nl0="></latexit>

li �ai l
0
i 8i 2 {1, . . . , n}<latexit sha1_base64="5Dq2Ou29a5t8OISqubKwVzou2Mw=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqeyKqMeCF49V7Ae0S8mm2TY0yS5JVihL/4IXD4p49Q9589+YbfegrQ8GHu/NMDMvTAQ31vO+UWltfWNzq7xd2dnd2z+oHh61TZxqylo0FrHuhsQwwRVrWW4F6yaaERkK1gknt7nfeWLa8Fg92mnCAklGikecEptLfR5Fg2rNq3tz4FXiF6QGBZqD6ld/GNNUMmWpIMb0fC+xQUa05VSwWaWfGpYQOiEj1nNUEclMkM1vneEzpwxxFGtXyuK5+nsiI9KYqQxdpyR2bJa9XPzP66U2ugkyrpLUMkUXi6JUYBvj/HE85JpRK6aOEKq5uxXTMdGEWhdPxYXgL7+8StoXdf+qfnl/WWs8FHGU4QRO4Rx8uIYG3EETWkBhDM/wCm9Iohf0jj4WrSVUzBzDH6DPHwkGjkw=</latexit>()

<latexit sha1_base64="XUe92ZYaagpJ+7CcHscgxfVQpSQ=">AAACBXicbVA9SwNBFHwXv2L8OrXUYjEIFiHchaA2QsTGMopJhFw49jabZMne3rG7J4QjjY1/xcZCEVv/g53/xk1yhSYOLAwzb3j7Jog5U9pxvq3c0vLK6lp+vbCxubW9Y+/uNVWUSEIbJOKRvA+wopwJ2tBMc3ofS4rDgNNWMLya+K0HKhWLxJ0exbQT4r5gPUawNpJvH16iC+Sl2HdLCPuVEvK6kVYTLryxbxedsjMFWiRuRoqQoe7bXyZOkpAKTThWqu06se6kWGpGOB0XvETRGJMh7tO2oQKHVHXS6RVjdGyULupF0jyh0VT9nUhxqNQoDMxkiPVAzXsT8T+vnejeeSdlIk40FWS2qJdwpCM0qQR1maRE85EhmEhm/orIAEtMtCmuYEpw509eJM1K2T0tV2+qxdptVkceDuAITsCFM6jBNdShAQQe4Rle4c16sl6sd+tjNpqzssw+/IH1+QPY0JZV</latexit>

A = {a1, a2, . . . , an}
<latexit sha1_base64="E2wpmRQh2PcMtKj/4zRMCQXj6q0=">AAACHnicbVDLSgMxFM3UV62vUZdugkVwVWbE17LgRnBTxT6gMw53Mpk2NPMgyQhl6Je48VfcuFBEcKV/Y9rOorYeCJyccy7JPX7KmVSW9WOUlpZXVtfK65WNza3tHXN3ryWTTBDaJAlPRMcHSTmLaVMxxWknFRQin9O2P7ga++1HKiRL4ns1TKkbQS9mISOgtOSZZ9yzHgA7eoh4gLlnz9wcHiRKzpj5jQcjHfDMqlWzJsCLxC5IFRVoeOaXEyQki2isCAcpu7aVKjcHoRjhdFRxMklTIAPo0a6mMURUuvlkvRE+0kqAw0ToEys8UWcncoikHEa+Tkag+nLeG4v/ed1MhZduzuI0UzQm04fCjGOV4HFXOGB6ccWHmgARTP8Vkz4IIEo3WtEl2PMrL5LWSc0+r53enlbrd0UdZXSADtExstEFqqNr1EBNRNATekFv6N14Nl6ND+NzGi0Zxcw++gPj+xd70qGM</latexit>

la0 �a la1 �a . . . �a laKa

<latexit sha1_base64="9xfv7DFZKuoJukjI/0f7wFLKyFo=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeCF4+t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTjm5n/8IRK81jem0mCfkSHkoecUWOlpuyXK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSvqh6l9Vas1ap3+VxFOEETuEcPLiCOtxCA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH3s+NCw==</latexit>n

<latexit sha1_base64="lzoOpQU3ECVUmOpf1iKLijg+ERM=">AAACFXicbZBLSwMxFIUzPmt9jbp0EyyiQikzIuqy4MIuK/QFbSmZ9LYNzTxM7ohlKPgb3PhX3LhQxK3gzn9j+lho64HA4Zwbkvt5kRQaHefbWlhcWl5ZTa2l1zc2t7btnd2KDmPFocxDGaqaxzRIEUAZBUqoRQqY70moev2rUV+9A6VFGJRwEEHTZ91AdARnaKKWnW0g3GNyXRoet7MUT2hD3+rY04BwS391R6OyZWecnDMWnTfu1GTIVMWW/dVohzz2IUAumdZ114mwmTCFgksYphuxhojxPutC3diA+aCbyXirIT00SZt2QmVOgHSc/r6RMF/rge+ZSZ9hT892o/C/rh5j57KZiCCKEQI+eagTS4ohHSGibaGAoxwYw7gS5q+U95hiHA3ItIHgzq48byqnOfc8d3ZzlskXHiY4UmSfHJBj4pILkicFUiRlwskjeSav5M16sl6sd+tjMrpgTRHukT+yPn8AvpOeVw==</latexit>

GT(d, t) v GT(d0, t)

<latexit sha1_base64="2DP4kSHcUx5112Yyg7ThUEE5KiU=">AAACGXicbVDLSgMxFM34rPVVdekmWEQFKTMi6rLgwi4r9AWdUjLpbRvMZMbkjliGgl/hxl9x40IRl7ryb0wfC18HLhzOOZfkniCWwqDrfjozs3PzC4uZpezyyuraem5js2aiRHOo8khGuhEwA1IoqKJACY1YAwsDCfXg6nzk129AGxGpCg5iaIWsp0RXcIZWaudcH+EW04vKcL9zSPGA+ipC31ybJDCAcE2/+XujQDuXdwvuGPQv8aYkT6Yot3PvfifiSQgKuWTGND03xlbKNAouYZj1EwMx41esB01LFQvBtNLxZUO6a5UO7UbajkI6Vr9vpCw0ZhAGNhky7Jvf3kj8z2sm2D1rpULFCYLik4e6iaQY0VFNtCM0cJQDSxjXwv6V8j7TjKMtM2tL8H6f/JfUjgreSeH48jhfLN1N6siQbbJD9olHTkmRlEiZVAkn9+SRPJMX58F5cl6dt0l0xplWuEV+wPn4AiTioCw=</latexit>

GT(d, t) 6v GT(d0, t)
<latexit sha1_base64="HaJsK2lSaDQUj4WTVlfkPRmuwGc=">AAACGXicbVDLSgMxFM34rPVVdekmWEQFKTMi6rLgwi4r9AWdUjLpbRvMZMbkjliGgl/hxl9x40IRl7ryb0wfC18HLhzOOZfkniCWwqDrfjozs3PzC4uZpezyyuraem5js2aiRHOo8khGuhEwA1IoqKJACY1YAwsDCfXg6nzk129AGxGpCg5iaIWsp0RXcIZWaudcH+EW04vKcL+zd0jxgPoqQt9cmyQwgHBNvwVGfjuXdwvuGPQv8aYkT6Yot3PvfifiSQgKuWTGND03xlbKNAouYZj1EwMx41esB01LFQvBtNLxZUO6a5UO7UbajkI6Vr9vpCw0ZhAGNhky7Jvf3kj8z2sm2D1rpULFCYLik4e6iaQY0VFNtCM0cJQDSxjXwv6V8j7TjKMtM2tL8H6f/JfUjgreSeH48jhfLN1N6siQbbJD9olHTkmRlEiZVAkn9+SRPJMX58F5cl6dt0l0xplWuEV+wPn4Ah4AoCw=</latexit>

GT(d0, t) 6v GT(d, t)

(marginally relevant, correct)
<latexit sha1_base64="mnXS30szmD1kkAE79Yg1K/Zyl5I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyGoB4DXnKMaB6QLGF2tjcZMju7zMwKIQT8AS8eFPHqF3nzb5w8DppY0FBUddPdFaSCa+O6305uY3Nreye/W9jbPzg8Kh6ftHSSKYZNlohEdQKqUXCJTcONwE6qkMaBwHYwup357UdUmifywYxT9GM6kDzijBor3Yf9Sr9YcsvuHGSdeEtSgiUa/eJXL0xYFqM0TFCtu56bGn9CleFM4LTQyzSmlI3oALuWShqj9ifzU6fkwiohiRJlSxoyV39PTGis9TgObGdMzVCvejPxP6+bmejGn3CZZgYlWyyKMkFMQmZ/k5ArZEaMLaFMcXsrYUOqKDM2nYINwVt9eZ20KmXvqly9q5Zq9adFHHk4g3O4BA+uoQZ1aEATGAzgGV7hzRHOi/PufCxac84ywlP4A+fzBxl4jhw=</latexit>

d2 (highly relevant, partially correct)
<latexit sha1_base64="eyq1TLDchM/GEZt8EEL3gUA1Mrw=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKexqUI8BLzlGNA9IljA7O0mGzM4uM71CWAL+gBcPinj1i7z5N04eB00saCiquunuChIpDLrut5NbW9/Y3MpvF3Z29/YPiodHTROnmvEGi2Ws2wE1XArFGyhQ8naiOY0CyVvB6Hbqtx65NiJWDzhOuB/RgRJ9wSha6T7sXfaKJbfszkBWibcgJVig3it+dcOYpRFXyCQ1puO5CfoZ1SiY5JNCNzU8oWxEB7xjqaIRN342O3VCzqwSkn6sbSkkM/X3REYjY8ZRYDsjikOz7E3F/7xOiv0bPxMqSZErNl/UTyXBmEz/JqHQnKEcW0KZFvZWwoZUU4Y2nYINwVt+eZU0L8reVblyVylVa0/zOPJwAqdwDh5cQxVqUIcGMBjAM7zCmyOdF+fd+Zi35pxFhMfwB87nDxr8jh0=</latexit>

d3



TOMA Evaluation



How to Complete the Partial Order?

Total Order Multi-Aspect (TOMA) evaluation:


• Step 1: embedding in the Euclidean space;


• Step 2: the distance function & the distance 
order;


• Step 3: the weight function;


Compute any IR measure   .

Relevance Correctness

<latexit sha1_base64="Uidqg/M8qQDy4ypL4tovMqj7frA=">AAAB83icbVDLSgNBEOz1GeMr6tHLYBDiJexKUI8BLx6jmAdklzA7mSRDZmaXeQhhyW948aCIV3/Gm3/jJNmDJhY0FFXddHfFKWfa+P63t7a+sbm1Xdgp7u7tHxyWjo5bOrGK0CZJeKI6MdaUM0mbhhlOO6miWMSctuPx7cxvP1GlWSIfzSSlkcBDyQaMYOOkMBS2Eo6wydT0olcq+1V/DrRKgpyUIUejV/oK+wmxgkpDONa6G/ipiTKsDCOcTouh1TTFZIyHtOuoxILqKJvfPEXnTumjQaJcSYPm6u+JDAutJyJ2nQKbkV72ZuJ/XteawU2UMZlaQyVZLBpYjkyCZgGgPlOUGD5xBBPF3K2IjLDCxLiYii6EYPnlVdK6rAZX1dp9rVx/yOMowCmcQQUCuIY63EEDmkAghWd4hTfPei/eu/exaF3z8pkT+APv8wfVH5Gd</latexit>

µ(r̂)

TOMA
<latexit sha1_base64="5rbzvlJga1bL82gKyhBQunJIIlk=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPBS48V7Ae0oWy2m3bp7ibsToQS+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ndLG5tb2Tnm3srd/cHhUPT7p2CgxjLdZJCPTC6jlUmjeRoGS92LDqQok7wbT+9zvPnFjRaQfcRZzX9GxFqFgFHNpoJLKsFpz6+4CZJ14BalBgdaw+jUYRSxRXCOT1Nq+58bop9SgYJLPK4PE8piyKR3zfkY1Vdz66eLWObnIlBEJI5OVRrJQf0+kVFk7U0HWqShO7KqXi/95/QTDOz8VOk6Qa7ZcFCaSYETyx8lIGM5QzjJCmRHZrYRNqKEMs3jyELzVl9dJ56ru3dSvH65rjWYRRxnO4BwuwYNbaEATWtAGBhN4hld4c5Tz4rw7H8vWklPMnMIfOJ8/l2iN+Q==</latexit>µ

Maistro, M., Lima, L. C., Simonsen, J. G., and Lioma, C. 2021. Principled Multi-Aspect Evaluation Measures of Rankings. In CIKM 2021.



~l?
<latexit sha1_base64="4YDI3uOlpJY/Q5j0JVUrDtMxQFs=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdk1zA7mU2GzD6c6Q2EJd/hxYMiXv0Yb/6Nk2QPmljQUFR1093lJ1JotO1vq7C2vrG5Vdwu7ezu7R+UD49aOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/uj25nfHnOlRRw94CThXkgHkQgEo2gkzx1zlsnpo6uRql65YlftOcgqcXJSgRyNXvnL7ccsDXmETFKtu46doJdRhYJJPi25qeYJZSM64F1DIxpy7WXzo6fkzCh9EsTKVIRkrv6eyGio9ST0TWdIcaiXvZn4n9dNMbj2MhElKfKILRYFqSQYk1kCpC8UZygnhlCmhLmVsCFVlKHJqWRCcJZfXiWtWtW5qNbuLyv1mzyOIpzAKZyDA1dQhztoQBMYPMEzvMKbNbZerHfrY9FasPKZY/gD6/MHTqqScg==</latexit>
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Step 1: Embedding

TOMA Example

~l?
<latexit sha1_base64="4YDI3uOlpJY/Q5j0JVUrDtMxQFs=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdk1zA7mU2GzD6c6Q2EJd/hxYMiXv0Yb/6Nk2QPmljQUFR1093lJ1JotO1vq7C2vrG5Vdwu7ezu7R+UD49aOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/uj25nfHnOlRRw94CThXkgHkQgEo2gkzx1zlsnpo6uRql65YlftOcgqcXJSgRyNXvnL7ccsDXmETFKtu46doJdRhYJJPi25qeYJZSM64F1DIxpy7WXzo6fkzCh9EsTKVIRkrv6eyGio9ST0TWdIcaiXvZn4n9dNMbj2MhElKfKILRYFqSQYk1kCpC8UZygnhlCmhLmVsCFVlKHJqWRCcJZfXiWtWtW5qNbuLyv1mzyOIpzAKZyDA1dQhztoQBMYPMEzvMKbNbZerHfrY9FasPKZY/gD6/MHTqqScg==</latexit>
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3 (3,3)

<latexit sha1_base64="VZEvPllM5ZmXIjp0SjawqSvB144="></latexit>

Dist(~l, ~l?) = max{|gr(l?)� gr(l)|, |gc(l?)� gc(l)|}

Step 2: Distance Function

<latexit sha1_base64="tlHv9NNWm5nHr/zgs1ymH0Ip2ig="></latexit>

[(3, 3)] = {(3, 3)} 7! 4

[(2, 3)] = {(2, 3)} 7! 3

[(3, 3/2)] = {(3, 3/2), (2, 3/2)} 7! 2

[(1, 3)] = {(1, 3), (1, 3/2)} 7! 1

[(0, 0)] = {(0, 0), (1, 0), (2, 0), (3, 0)} 7! 0

<latexit sha1_base64="tlHv9NNWm5nHr/zgs1ymH0Ip2ig="></latexit>

[(3, 3)] = {(3, 3)} 7! 4

[(2, 3)] = {(2, 3)} 7! 3

[(3, 3/2)] = {(3, 3/2), (2, 3/2)} 7! 2

[(1, 3)] = {(1, 3), (1, 3/2)} 7! 1

[(0, 0)] = {(0, 0), (1, 0), (2, 0), (3, 0)} 7! 0

Step 3: Weight Function

Relevance = {not relevant ≺ marginally 
relevant ≺ fairly relevant ≺ highly relevant}

Correctness = {not correct ≺ 
partially correct ≺ correct}



TOMA Step 1
Embedding in the Euclidean space and Distance Order

• Embedding function   :


• Best label tuple (maximum element)    ;


• Compute the distance from the best label:


• Distance order      , a weak order relation:

~l?
<latexit sha1_base64="4YDI3uOlpJY/Q5j0JVUrDtMxQFs=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdk1zA7mU2GzD6c6Q2EJd/hxYMiXv0Yb/6Nk2QPmljQUFR1093lJ1JotO1vq7C2vrG5Vdwu7ezu7R+UD49aOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/uj25nfHnOlRRw94CThXkgHkQgEo2gkzx1zlsnpo6uRql65YlftOcgqcXJSgRyNXvnL7ccsDXmETFKtu46doJdRhYJJPi25qeYJZSM64F1DIxpy7WXzo6fkzCh9EsTKVIRkrv6eyGio9ST0TWdIcaiXvZn4n9dNMbj2MhElKfKILRYFqSQYk1kCpC8UZygnhlCmhLmVsCFVlKHJqWRCcJZfXiWtWtW5qNbuLyv1mzyOIpzAKZyDA1dQhztoQBMYPMEzvMKbNbZerHfrY9FasPKZY/gD6/MHTqqScg==</latexit>

a1
<latexit sha1_base64="gL1urYwrwJdcnj6f9AChK1CNg4M=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vklat6l1Ua/eXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDp5Y2N</latexit>

a2
<latexit sha1_base64="2nPIRu2wwWHuYejNUZ/Tbo71Yq8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPu1frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa1a1buo1u4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDraY2O</latexit>

~li
<latexit sha1_base64="82lhj+s9BSTv7btjyjtQ6JdhC3Y=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGC/ZA2lM120i7dTcLuplBCf4UXD4p49ed489+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BE2DDcC24lCKgOBrWB0N/NbY1Sax9GjmSToSzqIeMgZNVZ66o6RZWLa471S2a24c5BV4uWkDDnqvdJXtx+zVGJkmKBadzw3MX5GleFM4LTYTTUmlI3oADuWRlSi9rP5wVNybpU+CWNlKzJkrv6eyKjUeiID2ympGeplbyb+53VSE974GY+S1GDEFovCVBATk9n3pM8VMiMmllCmuL2VsCFVlBmbUdGG4C2/vEqa1Yp3Wak+XJVrt3kcBTiFM7gAD66hBvdQhwYwkPAMr/DmKOfFeXc+Fq1rTj5zAn/gfP4AIHCQng==</latexit>

~lj
<latexit sha1_base64="nayArp4OUvLWAJ7Fyd11Hx755Vo=">AAAB8HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4xkYeBDZkdGhiZ2d3MzJKQDV/hxYPGePVzvPk3DrAHBSvppFLVne6uIBZcG9f9dnJr6xubW/ntws7u3v5B8fCooaNEMayzSESqFVCNgodYN9wIbMUKqQwENoPR7cxvjlFpHoUPZhKjL+kg5H3OqLHSY2eMLBXT7lO3WHLL7hxklXgZKUGGWrf41elFLJEYGiao1m3PjY2fUmU4EzgtdBKNMWUjOsC2pSGVqP10fvCUnFmlR/qRshUaMld/T6RUaj2Rge2U1Az1sjcT//Paielf+ykP48RgyBaL+okgJiKz70mPK2RGTCyhTHF7K2FDqigzNqOCDcFbfnmVNCpl76Jcub8sVW+yOPJwAqdwDh5cQRXuoAZ1YCDhGV7hzVHOi/PufCxac042cwx/4Hz+ACH0kJ8=</latexit>

Relevance
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<latexit sha1_base64="zcBFa2Wc0wIj2eJY8h7bQVoiH84=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPBS48V7Ae0sWy2m3bpZhN3J0Ip/RNePCji1b/jzX/jps1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7Gt5nffuLaiFjd4yThfkSHSoSCUbRSRz70DFJd6pcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+lOqUTDJZ6VeanhC2ZgOeddSRSNu/On83hk5s8qAhLG2pZDM1d8TUxoZM4kC2xlRHJllLxP/87ophjf+VKgkRa7YYlGYSoIxyZ4nA6E5QzmxhDIt7K2EjaimDG1EWQje8surpHVR9a6ql3eXlVo9j6MIJ3AK5+DBNdSgDg1oAgMJz/AKb86j8+K8Ox+L1oKTzxzDHzifP62+j8M=</latexit>

l?

<latexit sha1_base64="6UbrwX69BzSHnhKYMrhH8Z5oGvk="></latexit>

~l = g(l1, . . . , ln) = (ga1(l1), . . . , gan(ln))

<latexit sha1_base64="JP+2P3Ia6APQ+LjBjKSt3A3e29Q=">AAAB/nicdVDLSgNBEOyNrxhfUY9eBoPgKeyKqMeAlxwTMA9IljA76U2GzM4uM7NCCAHvXvUXvIlXf8U/8DOcTfagCRY0FFXd09MVJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5z/zOIyrNY/lgpgn6ER1JHnJGjZWao0G54lbdBcg68XJSgRyNQfm7P4xZGqE0TFCte56bGH9GleFM4LzUTzUmlE3oCHuWShqh9meLj87JhVWGJIyVLWnIQv09MaOR1tMosJ0RNWO96mXif172ol7Zb8I7f8ZlkhqUbLk+TAUxMcmyIEOukBkxtYQyxe0FhI2poszYxEo2Gm81iHXSvqp6N9Xr5nWlVs9DKsIZnMMleHALNahDA1rAAOEZXuDVeXLenHfnY9lacPKZU/gD5/MHjMuWYA==</latexit>g

<latexit sha1_base64="tQTl2HDC6+n9yjkIL58/izKHYWo=">AAACB3icdVDLSgMxFL3js9ZX1aWbYBHERZmRoi4LbrqsYB/YDiWTZtrQTDImGaEM/QD3bvUX3IlbP8M/8DPMtLPQFg8EDuecm5ucIOZMG9f9clZW19Y3Ngtbxe2d3b390sFhS8tEEdokkkvVCbCmnAnaNMxw2okVxVHAaTsY32R++5EqzaS4M5OY+hEeChYygo2V7ns2TOhD/7zYL5XdijsDWiZeTsqQo9EvffcGkiQRFYZwrHXXc2Pjp1gZRjidFnuJpjEmYzykXUsFjqj209mLp+jUKgMUSmWPMGim/p5IcaT1JApsMsJmpBe9TPzPy27UC/tNeO2nTMSJoYLM14cJR0airBQ0YLYGwyeWYKKY/QEiI6wwMba6rBpvsYhl0rqoeJeV6m21XKvnJRXgGE7gDDy4ghrUoQFNICDgGV7g1Xly3px352MeXXHymSP4A+fzB8b9mcI=</latexit>�⇤

<latexit sha1_base64="jbHF9fd7b6kALNwCkAAFUxSPPHM="></latexit>

l �⇤ l0 () Dist(~l, ~l?) � Dist(~l0, ~l?)

<latexit sha1_base64="b5Fo3JG6cBxJtzz49oM8wB3p7dE="></latexit>

l =⇤ l0 () Dist(~l, ~l?) = Dist(~l0, ~l?)



TOMA Step 2
The Distance Function

• The distance order is a weak order, so we can define equivalence classes:

~l?
<latexit sha1_base64="4YDI3uOlpJY/Q5j0JVUrDtMxQFs=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdk1zA7mU2GzD6c6Q2EJd/hxYMiXv0Yb/6Nk2QPmljQUFR1093lJ1JotO1vq7C2vrG5Vdwu7ezu7R+UD49aOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/uj25nfHnOlRRw94CThXkgHkQgEo2gkzx1zlsnpo6uRql65YlftOcgqcXJSgRyNXvnL7ccsDXmETFKtu46doJdRhYJJPi25qeYJZSM64F1DIxpy7WXzo6fkzCh9EsTKVIRkrv6eyGio9ST0TWdIcaiXvZn4n9dNMbj2MhElKfKILRYFqSQYk1kCpC8UZygnhlCmhLmVsCFVlKHJqWRCcJZfXiWtWtW5qNbuLyv1mzyOIpzAKZyDA1dQhztoQBMYPMEzvMKbNbZerHfrY9FasPKZY/gD6/MHTqqScg==</latexit>

a1
<latexit sha1_base64="gL1urYwrwJdcnj6f9AChK1CNg4M=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vklat6l1Ua/eXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDp5Y2N</latexit>

a2
<latexit sha1_base64="2nPIRu2wwWHuYejNUZ/Tbo71Yq8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPu1frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa1a1buo1u4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDraY2O</latexit>

Euclidean

~l?
<latexit sha1_base64="4YDI3uOlpJY/Q5j0JVUrDtMxQFs=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdk1zA7mU2GzD6c6Q2EJd/hxYMiXv0Yb/6Nk2QPmljQUFR1093lJ1JotO1vq7C2vrG5Vdwu7ezu7R+UD49aOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/uj25nfHnOlRRw94CThXkgHkQgEo2gkzx1zlsnpo6uRql65YlftOcgqcXJSgRyNXvnL7ccsDXmETFKtu46doJdRhYJJPi25qeYJZSM64F1DIxpy7WXzo6fkzCh9EsTKVIRkrv6eyGio9ST0TWdIcaiXvZn4n9dNMbj2MhElKfKILRYFqSQYk1kCpC8UZygnhlCmhLmVsCFVlKHJqWRCcJZfXiWtWtW5qNbuLyv1mzyOIpzAKZyDA1dQhztoQBMYPMEzvMKbNbZerHfrY9FasPKZY/gD6/MHTqqScg==</latexit>

a1
<latexit sha1_base64="gL1urYwrwJdcnj6f9AChK1CNg4M=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vklat6l1Ua/eXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDp5Y2N</latexit>

a2
<latexit sha1_base64="2nPIRu2wwWHuYejNUZ/Tbo71Yq8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPu1frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa1a1buo1u4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDraY2O</latexit>

Chebyshev

~l?
<latexit sha1_base64="4YDI3uOlpJY/Q5j0JVUrDtMxQFs=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdk1zA7mU2GzD6c6Q2EJd/hxYMiXv0Yb/6Nk2QPmljQUFR1093lJ1JotO1vq7C2vrG5Vdwu7ezu7R+UD49aOk4V400Wy1h1fKq5FBFvokDJO4niNPQlb/uj25nfHnOlRRw94CThXkgHkQgEo2gkzx1zlsnpo6uRql65YlftOcgqcXJSgRyNXvnL7ccsDXmETFKtu46doJdRhYJJPi25qeYJZSM64F1DIxpy7WXzo6fkzCh9EsTKVIRkrv6eyGio9ST0TWdIcaiXvZn4n9dNMbj2MhElKfKILRYFqSQYk1kCpC8UZygnhlCmhLmVsCFVlKHJqWRCcJZfXiWtWtW5qNbuLyv1mzyOIpzAKZyDA1dQhztoQBMYPMEzvMKbNbZerHfrY9FasPKZY/gD6/MHTqqScg==</latexit>

a1
<latexit sha1_base64="gL1urYwrwJdcnj6f9AChK1CNg4M=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vklat6l1Ua/eXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDp5Y2N</latexit>
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[l]? = {l0 2 L : Dist(~l0, ~l?) = Dist(~l, ~l?)}



TOMA Step 3
The Weight Function

• The Weight Function                     , maps each equivalence class to a weight 
(non-negative integer);


• The distance order relation must be preserved:


• Once the weight function is defined, we can compute any IR measures on the 
multi-aspect ranking    :

<latexit sha1_base64="zJ+eS89yXYZNX2W56cXpodbBEF8=">AAACGHicdVDLSsNAFJ34rPUVdSVuBosgCCWRouKq4KYLkQr2AU0Mk+mkHTqZhJmJUELwP9y71V9wJ27d+Qd+hpM2C23xwMDhnPuYe/yYUaks68tYWFxaXlktrZXXNza3ts2d3baMEoFJC0csEl0fScIoJy1FFSPdWBAU+ox0/NFV7nceiJA04ndqHBM3RANOA4qR0pJn7ncu4TV0VASdEKmh76c3mWfdpyeZZ1asqjUBnCd2QSqgQNMzv51+hJOQcIUZkrJnW7FyUyQUxYxkZSeRJEZ4hAakpylHIZFuOjkhg0da6cMgEvpxBSfq744UhVKOQ19X5v+Us14u/uflE+XMfhVcuCnlcaIIx9P1QcKgziFPCfapIFixsSYIC6ovgHiIBMJKZ1nW0dizQcyT9mnVPqvWbmuVeqMIqQQOwCE4BjY4B3XQAE3QAhg8gmfwAl6NJ+PNeDc+pqULRtGzB/7A+PwBCFCftg==</latexit>

W : L ! N+
0

<latexit sha1_base64="EELVpK2YYuGDZa64SCKeEi40YG0="></latexit>

8 l, l0 2 L : l �⇤ l0 =) W (l)  W (l0)

<latexit sha1_base64="xKvmCvQux6eWRZJH0iiJe2NZhOk="></latexit>

µ �W : M(rt) = µ
⇣
W (GT(d1, t)), . . . ,W (GT(dN , t))

⌘

<latexit sha1_base64="4ccLlN2pOx5lCvaFr1L5eTyRdjY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeClx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNM7uZ+54lrI2L1iNOE+xEdKREKRtFKD3qAg3LFrboLkHXi5aQCOZqD8ld/GLM04gqZpMb0PDdBP6MaBZN8VuqnhieUTeiI9yxVNOLGzxanzsiFVYYkjLUthWSh/p7IaGTMNApsZ0RxbFa9ufif10sxvPUzoZIUuWLLRWEqCcZk/jcZCs0ZyqkllGlhbyVsTDVlaNMp2RC81ZfXSfuq6l1Xa/e1Sr2Rx1GEMziHS/DgBurQgCa0gMEInuEV3hzpvDjvzseyteDkM6fwB87nD2zUjew=</latexit>rt



Partial Order vs. Distance Order

• We started with a partial order:


• TOMA respects this partial order;


•                  we have:
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A TOTAL ORDER MULTI-ASPECT
EVALUATION (TOMA)

In this section we prove that the Total Order Multi-Aspect (TOMA)
approach satis�es the partial order, as stated at the and of Section
3.3 [3], and then we prove that the ideal ranking built with TOMA
can reach the upper bound 1, as stated in Section 4.2 [3].

A.1 Proof 1: TOMA Respects the Partial Order
Given a set of documents ⇡ , a set of aspects �, a set of topics ) ,
and a ground-truth map GT a partial order on the set of tuples of
labels ! =

>

02� !0 is de�ned as follows:

GT(3, C) v GT(3 0, C) () ;8 �08 ; 08 88 2 {1, . . . ,=} (1)

where GT(3, C) = (;1, . . . , ;=) and GT(3 0, C) = (; 01, . . . , ; 0=).
Let 6 be an embedding function that maps tuples of labels in Eu-

clidean space L = R= : 6(l) = 6(;1, . . . , ;=) = (601 (;1), . . . ,60= (;=)).
We assume that for each 0 2 �, 60 is a non-decreasing map, i.e., for
any ;, ; 0 2 !0 if ; �0 ; 0 than 60 (;)  60 (; 0). Through the embedding
function 6, each tuple of labels l is represented by a point in the
Euclidean space L denoted by Æ; = 6(l).

We de�ne the distance order �⇤: a weak order on ! such that:

l �⇤ l0 () Dist(Æ;, Æ;¢) � Dist( Æ; 0, Æ;¢) (2)
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where Dist : L⇥L ! [0, +1[ is any function such that Dist(Æ;¢, Æ;¢)
= 0. Moreover, since �⇤ is a weak order, we write:

l =⇤ l0 () Dist(Æ;, Æ;¢) = Dist( Æ; 0, Æ;¢) (3)

T������ A.1. When TOMA is instantiated with Euclidean, Man-
hattan or Chebyshev as distance function, the distance order in Equa-
tion (2) and Equation (3) respects the partial order in Equation (1):

8 l, l0 2 ! we have l v l0 ) l �⇤ l0 (4)

P����. We denote the distance order instantiated with Manhat-
tan as �1, with Euclidean as �2, and with Chebyshev as �1.

For any tuple of labels l and l0 in !:

l v l0 () ;0 � ; 00 80 2 �. (5)

Since 60 is non-decreasing, and by de�nition of l¢, we have:

60 (;0)  60 (; 00)  60 (;¢0 ) 80 2 �. (6)

This implies:

60 (;0) � 60 (;¢0 )  60 (; 00) � 60 (;¢0 )  0 80 2 � (7)

and by considering the absolute value:

|60 (;0) � 60 (;¢0 ) | � |60 (; 00) � 60 (;¢0 ) | 80 2 � (8)

which means that Dist(Æ;, Æ;¢) � Dist( Æ; 0, Æ;¢ ) with Manhattan dis-
tance, i.e. l �1 l0.

Analogously, taking the square values in Equation (7), we obtain:�
60 (;0) � 60 (;¢0 )

�2 �
�
60 (; 00) � 60 (;¢0 )

�2 80 2 � (9)

which implies that Dist(Æ;, Æ;¢) � Dist(Æ; 0, Æ;¢) with Euclidean distance,
i.e. l �2 l0.

To conclude, since |�| < 1 there exists 0̄ 2 � such that:

max
02�

|60 (; 00) � 60 (;¢0 ) | = |60̄ (; 00̄) � 60̄ (;¢0̄ ) | (10)

by Equation (9) we have:

|60̄ (; 00̄) �60̄ (;¢0̄ ) |  |60 (;0) �60 (;¢0 ) |  max
02�

|60 (;0) �60 (;¢0 ) | (11)

80 2 �, which implies that Dist(Æ;, Æ;¢) � Dist(Æ; 0, Æ;¢) with Cheby-
shev distance, i.e. l �1 l0.

⇤

Note that TOMA is de�ned for any type and number of aspects,
with the hypothesis that the aspects and their labels can be embed-
ded in an Euclidean space. Indeed, �2, �1, �1, and the correspond-
ing distance functions are always de�ned for any dimension of the
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In this section we prove that the Total Order Multi-Aspect (TOMA)
approach satis�es the partial order, as stated at the and of Section
3.3 [3], and then we prove that the ideal ranking built with TOMA
can reach the upper bound 1, as stated in Section 4.2 [3].

A.1 Proof 1: TOMA Respects the Partial Order
Given a set of documents ⇡ , a set of aspects �, a set of topics ) ,
and a ground-truth map GT a partial order on the set of tuples of
labels ! =

>

02� !0 is de�ned as follows:

GT(3, C) v GT(3 0, C) () ;8 �08 ; 08 88 2 {1, . . . ,=} (1)

where GT(3, C) = (;1, . . . , ;=) and GT(3 0, C) = (; 01, . . . , ; 0=).
Let 6 be an embedding function that maps tuples of labels in Eu-

clidean space L = R= : 6(l) = 6(;1, . . . , ;=) = (601 (;1), . . . ,60= (;=)).
We assume that for each 0 2 �, 60 is a non-decreasing map, i.e., for
any ;, ; 0 2 !0 if ; �0 ; 0 than 60 (;)  60 (; 0). Through the embedding
function 6, each tuple of labels l is represented by a point in the
Euclidean space L denoted by Æ; = 6(l).

We de�ne the distance order �⇤: a weak order on ! such that:

l �⇤ l0 () Dist(Æ;, Æ;¢) � Dist( Æ; 0, Æ;¢) (2)

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for pro�t or commercial advantage and that copies bear this notice and the full citation
on the �rst page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
CIKM ’21, November 1–5, 2021, Virtual Event, QLD, Australia
© 2021 Copyright held by the owner/author(s).
ACM ISBN 978-1-4503-8446-9/21/11.
https://doi.org/10.1145/3459637.3482287

where Dist : L⇥L ! [0, +1[ is any function such that Dist(Æ;¢, Æ;¢)
= 0. Moreover, since �⇤ is a weak order, we write:

l =⇤ l0 () Dist(Æ;, Æ;¢) = Dist( Æ; 0, Æ;¢) (3)

T������ A.1. When TOMA is instantiated with Euclidean, Man-
hattan or Chebyshev as distance function, the distance order in Equa-
tion (2) and Equation (3) respects the partial order in Equation (1):

8 l, l0 2 ! we have l v l0 ) l �⇤ l0 (4)

P����. We denote the distance order instantiated with Manhat-
tan as �1, with Euclidean as �2, and with Chebyshev as �1.

For any tuple of labels l and l0 in !:

l v l0 () ;0 � ; 00 80 2 �. (5)

Since 60 is non-decreasing, and by de�nition of l¢, we have:

60 (;0)  60 (; 00)  60 (;¢0 ) 80 2 �. (6)

This implies:

60 (;0) � 60 (;¢0 )  60 (; 00) � 60 (;¢0 )  0 80 2 � (7)

and by considering the absolute value:

|60 (;0) � 60 (;¢0 ) | � |60 (; 00) � 60 (;¢0 ) | 80 2 � (8)

which means that Dist(Æ;, Æ;¢) � Dist( Æ; 0, Æ;¢ ) with Manhattan dis-
tance, i.e. l �1 l0.

Analogously, taking the square values in Equation (7), we obtain:�
60 (;0) � 60 (;¢0 )

�2 �
�
60 (; 00) � 60 (;¢0 )

�2 80 2 � (9)

which implies that Dist(Æ;, Æ;¢) � Dist(Æ; 0, Æ;¢) with Euclidean distance,
i.e. l �2 l0.

To conclude, since |�| < 1 there exists 0̄ 2 � such that:

max
02�

|60 (; 00) � 60 (;¢0 ) | = |60̄ (; 00̄) � 60̄ (;¢0̄ ) | (10)

by Equation (9) we have:

|60̄ (; 00̄) �60̄ (;¢0̄ ) |  |60 (;0) �60 (;¢0 ) |  max
02�

|60 (;0) �60 (;¢0 ) | (11)

80 2 �, which implies that Dist(Æ;, Æ;¢) � Dist(Æ; 0, Æ;¢) with Cheby-
shev distance, i.e. l �1 l0.

⇤

Note that TOMA is de�ned for any type and number of aspects,
with the hypothesis that the aspects and their labels can be embed-
ded in an Euclidean space. Indeed, �2, �1, �1, and the correspond-
ing distance functions are always de�ned for any dimension of the
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<latexit sha1_base64="WwNdWR66/toRAXeSpu/2L03+Nl0="></latexit>

li �ai l
0
i 8i 2 {1, . . . , n}
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8 l, l0 2 L

<latexit sha1_base64="pua7k/bSvKkYd9lfbxF3SI0agUU="></latexit>

l v l0 =) l �⇤ l0
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Example of Usage

• Two aspects: relevance and correctness;


• Assumption: not relevant documents are not correct;


• Three different embedding functions. 
Table 1: Final ordering of tuples of labels embedded in the Euclidean space. Relevance labels are always embedded in the same
mapping (under Relevance). We use di�erent mappings for correctness labels (under Correctness). Tuples that are relevant and
not correct (high-tra�c fake news) are in red.

Relevance Correctness Distance Order among Tuples of Labels

{0, 1, 2, 3} {0, 3/2, 3}
Euclidean (3, 3) �⇤ (2, 3) �⇤ (3, 3/2) �⇤ (2, 3/2) �⇤ (1, 3) �⇤ (1, 3/2) �⇤ (3, 0) �⇤ (2, 0) �⇤ (1, 0) �⇤ (0, 0)
Manhattan (3, 3) �⇤ (2, 3) �⇤ (3, 3/2) �⇤ (1, 3) �⇤ (2, 3/2) �⇤ (3, 0) �⇤ (1, 3/2) �⇤ (2, 0) �⇤ (1, 0) �⇤ (0, 0)
Chebyshev (3, 3) �⇤ (2, 3) �⇤ (3, 3/2) =⇤ (2, 3/2) �⇤ (1, 3) =⇤ (1, 3/2) �⇤ (3, 0) =⇤ (2, 0) =⇤ (1, 0) =⇤ (0, 0)

{0, 1, 2, 3} {0, 1, 2}
Euclidean (3, 2) �⇤ (3, 1) =⇤ (2, 2) �⇤ (2, 1) �⇤ (3, 0) =⇤ (1, 2) �⇤ (2, 0) =⇤ (1, 1) �⇤ (1, 0) �⇤ (0, 0)
Manhattan (3, 2) �⇤ (3, 1) =⇤ (2, 2) �⇤ (3, 0) =⇤ (2, 1) =⇤ (1, 2) �⇤ (2, 0) =⇤ (1, 1) �⇤ (1, 0) �⇤ (0, 0)
Chebyshev (3, 2) �⇤ (3, 1) =⇤ (2, 1) =⇤ (2, 2) �⇤ (3, 0) =⇤ (2, 0) =⇤ (1, 0) =⇤ (1, 1) =⇤ (1, 2) �⇤ (0, 0)

{0, 1, 2, 3} {0, 2, 6}
Euclidean (3, 6) �⇤ (2, 6) �⇤ (1, 6) �⇤ (3, 2) �⇤ (2, 2) �⇤ (1, 2) �⇤ (3, 0) �⇤ (2, 0) �⇤ (1, 0) �⇤ (0, 0)
Manhattan (3, 6) �⇤ (2, 6) �⇤ (1, 6) �⇤ (3, 2) �⇤ (2, 2) �⇤ (1, 2) =⇤ (3, 0) �⇤ (2, 0) �⇤ (1, 0) �⇤ (0, 0)
Chebyshev (3, 6) �⇤ (2, 6) �⇤ (1, 6) �⇤ (3, 2) =⇤ (2, 2) =⇤ (1, 2) �⇤ (3, 0) =⇤ (2, 0) =⇤ (1, 0) =⇤ (0, 0)

Table 2: Experimental data. All aspects are labelled by TREC except popularity († approximated by PageRank) and non-
spamminess (‡ approximated by Waterloo Spam Ranking). * means that the junk labels are merged with non relevant.

TREC tracks
Web 2009 Web 2010 Web 2011 Web 2012 Web 2013 Web 2014 Task 2015 Task 2016 Decision 2019 Misinfo2020

Collection ClueWeb09 ClueWeb12 ClueWeb12-B13 CommonCrawl News

Topics 50 48 50 50 50 50 35 50 50 46

Submitted runs 71 56 61 48 61 30 6 9 32 51

relevance (4) relevance (5*) relevance (4*) relevance (5*) relevance (3*) relevance (3) relevance (2)
Aspects popularity† (3) popularity† (3) popularity† (3) popularity† (3) usefulness (3) credibility (2) credibility (2)
(label grades) non-spam‡ (3) non-spam‡ (3) non-spam‡ (3) non-spam‡ (3) popularity† (3) correctness (2) correctness (2)

non-spam‡ (3)

For the Web 2010-2014 and Task 2015-2016 tracks, we merge
the labels junk and non relevant into non relevant, as was done by
the TREC track organisers. For Task 2015-2016, Decision 2019 and
Misinformation 2020, usefulness, credibility, and correctnesswere not
assessed for not relevant documents, thus not relevant documents
are assumed to be not useful, not credible, and not correct.

We evaluate 3 versions of our method TOMA, with Euclidean,
Manhattan, and Chebyshev, as per the distancemetric used in Eq. (2)
(abbreviated as EUCL, MANH, and CHEB henceforth). We compare
these to two state-of-the-art baselines, CAM [35] and MM [37].

Given a set of aspects �8, CAM aggregates their scores through
a weighted average:

CAM(AC ) =
’
02�

?0 ⇥ ` (ÂC ,0) (5)

where ` (·) is the evaluation measure (e.g., NDCG), ÂC,0 is the rank-
ing labelled with respect to aspect 0, and ?0 is a parameter control-
ling the importance of each aspect: ?0 2 [0, 1] and Õ

02� ?0 = 1.
MM [37] aggregates the evaluation measure scores computed

for each aspect individually with a weighted harmonic mean:

MM(AC ) =
Õ
02� ?0Õ

02�
?0

` (ÂC ,0)
(6)

with the same notation as above.

8CAM was originally formulated for two aspects [35].

Out of the other multi-aspect methods presented in §2, we do
not use WHAM [35] as baseline because it also uses the weighted
harmonic mean to aggregate the evaluation measure scores. How-
ever, WHAM is de�ned only for relevance and credibility, and can
therefore be seen as an instantiation of MM restricted to two as-
pects. All other multi aspect measures in §2 need a prede�ned set
and number of aspects, thus are not applicable in our scenario.

We instantiate ourmethod and the baselines using (1) NDCG [31]
and graded labels (when available); and using (2) AP [7] and binary
labels (we convert all graded labels to binary by treating all grades
above zero as one, and grades equal/below zero as zero). We con-
sider all aspects equally important (all aspects are mapped to an
integer scale with one unit separating each grade). All source code
is publicly available9.

4.2 Anomalies of CAM & MM
Next we discuss anomalies of CAM and MM that TOMA overcomes.

Problem 1: MM is ill-de�ned. As the harmonic mean is not de�ned
with zero values, MM is not de�ned if 90 2 � such that ` (ÂC,0) = 0,
e.g., a ranking does not retrieve any correct or relevant document.
To compute MM even in these cases, as the denominator in Eq. (6)
tends to +1 if any ` (ÂC ,0) tends to zero, we set MM(AC ) = 0. For
classi�cation measures, this problem is called the Strong De�nite-
ness Axiom [41]. It represents a serious issue for collections where
there are a few documents with a positive label for certain aspects.
9https://github.com/lcschv/TOMA.git
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Experimental Set-up
Datasets

• 10 TREC Tracks, 425 runs;


• Up to 5 different aspects;


• Popularity estimated with PageRank Score1;


• Non-spamminess estimated with Waterloo Spam Ranking2.

Table 1: Final ordering of tuples of labels embedded in the Euclidean space. Relevance labels are always embedded in the same
mapping (under Relevance). We use di�erent mappings for correctness labels (under Correctness). Tuples that are relevant and
not correct (high-tra�c fake news) are in red.

Relevance Correctness Distance Order among Tuples of Labels

{0, 1, 2, 3} {0, 3/2, 3}
Euclidean (3, 3) �⇤ (2, 3) �⇤ (3, 3/2) �⇤ (2, 3/2) �⇤ (1, 3) �⇤ (1, 3/2) �⇤ (3, 0) �⇤ (2, 0) �⇤ (1, 0) �⇤ (0, 0)
Manhattan (3, 3) �⇤ (2, 3) �⇤ (3, 3/2) �⇤ (1, 3) �⇤ (2, 3/2) �⇤ (3, 0) �⇤ (1, 3/2) �⇤ (2, 0) �⇤ (1, 0) �⇤ (0, 0)
Chebyshev (3, 3) �⇤ (2, 3) �⇤ (3, 3/2) =⇤ (2, 3/2) �⇤ (1, 3) =⇤ (1, 3/2) �⇤ (3, 0) =⇤ (2, 0) =⇤ (1, 0) =⇤ (0, 0)

{0, 1, 2, 3} {0, 1, 2}
Euclidean (3, 2) �⇤ (3, 1) =⇤ (2, 2) �⇤ (2, 1) �⇤ (3, 0) =⇤ (1, 2) �⇤ (2, 0) =⇤ (1, 1) �⇤ (1, 0) �⇤ (0, 0)
Manhattan (3, 2) �⇤ (3, 1) =⇤ (2, 2) �⇤ (3, 0) =⇤ (2, 1) =⇤ (1, 2) �⇤ (2, 0) =⇤ (1, 1) �⇤ (1, 0) �⇤ (0, 0)
Chebyshev (3, 2) �⇤ (3, 1) =⇤ (2, 1) =⇤ (2, 2) �⇤ (3, 0) =⇤ (2, 0) =⇤ (1, 0) =⇤ (1, 1) =⇤ (1, 2) �⇤ (0, 0)

{0, 1, 2, 3} {0, 2, 6}
Euclidean (3, 6) �⇤ (2, 6) �⇤ (1, 6) �⇤ (3, 2) �⇤ (2, 2) �⇤ (1, 2) �⇤ (3, 0) �⇤ (2, 0) �⇤ (1, 0) �⇤ (0, 0)
Manhattan (3, 6) �⇤ (2, 6) �⇤ (1, 6) �⇤ (3, 2) �⇤ (2, 2) �⇤ (1, 2) =⇤ (3, 0) �⇤ (2, 0) �⇤ (1, 0) �⇤ (0, 0)
Chebyshev (3, 6) �⇤ (2, 6) �⇤ (1, 6) �⇤ (3, 2) =⇤ (2, 2) =⇤ (1, 2) �⇤ (3, 0) =⇤ (2, 0) =⇤ (1, 0) =⇤ (0, 0)

Table 2: Experimental data. All aspects are labelled by TREC except popularity († approximated by PageRank) and non-
spamminess (‡ approximated by Waterloo Spam Ranking). * means that the junk labels are merged with non relevant.

TREC tracks
Web 2009 Web 2010 Web 2011 Web 2012 Web 2013 Web 2014 Task 2015 Task 2016 Decision 2019 Misinfo2020

Collection ClueWeb09 ClueWeb12 ClueWeb12-B13 CommonCrawl News

Topics 50 48 50 50 50 50 35 50 50 46

Submitted runs 71 56 61 48 61 30 6 9 32 51

relevance (4) relevance (5*) relevance (4*) relevance (5*) relevance (3*) relevance (3) relevance (2)
Aspects popularity† (3) popularity† (3) popularity† (3) popularity† (3) usefulness (3) credibility (2) credibility (2)
(label grades) non-spam‡ (3) non-spam‡ (3) non-spam‡ (3) non-spam‡ (3) popularity† (3) correctness (2) correctness (2)

non-spam‡ (3)

For the Web 2010-2014 and Task 2015-2016 tracks, we merge
the labels junk and non relevant into non relevant, as was done by
the TREC track organisers. For Task 2015-2016, Decision 2019 and
Misinformation 2020, usefulness, credibility, and correctnesswere not
assessed for not relevant documents, thus not relevant documents
are assumed to be not useful, not credible, and not correct.

We evaluate 3 versions of our method TOMA, with Euclidean,
Manhattan, and Chebyshev, as per the distancemetric used in Eq. (2)
(abbreviated as EUCL, MANH, and CHEB henceforth). We compare
these to two state-of-the-art baselines, CAM [35] and MM [37].

Given a set of aspects �8, CAM aggregates their scores through
a weighted average:

CAM(AC ) =
’
02�

?0 ⇥ ` (ÂC ,0) (5)

where ` (·) is the evaluation measure (e.g., NDCG), ÂC,0 is the rank-
ing labelled with respect to aspect 0, and ?0 is a parameter control-
ling the importance of each aspect: ?0 2 [0, 1] and Õ

02� ?0 = 1.
MM [37] aggregates the evaluation measure scores computed

for each aspect individually with a weighted harmonic mean:

MM(AC ) =
Õ
02� ?0Õ

02�
?0

` (ÂC ,0)
(6)

with the same notation as above.

8CAM was originally formulated for two aspects [35].

Out of the other multi-aspect methods presented in §2, we do
not use WHAM [35] as baseline because it also uses the weighted
harmonic mean to aggregate the evaluation measure scores. How-
ever, WHAM is de�ned only for relevance and credibility, and can
therefore be seen as an instantiation of MM restricted to two as-
pects. All other multi aspect measures in §2 need a prede�ned set
and number of aspects, thus are not applicable in our scenario.

We instantiate ourmethod and the baselines using (1) NDCG [31]
and graded labels (when available); and using (2) AP [7] and binary
labels (we convert all graded labels to binary by treating all grades
above zero as one, and grades equal/below zero as zero). We con-
sider all aspects equally important (all aspects are mapped to an
integer scale with one unit separating each grade). All source code
is publicly available9.

4.2 Anomalies of CAM & MM
Next we discuss anomalies of CAM and MM that TOMA overcomes.

Problem 1: MM is ill-de�ned. As the harmonic mean is not de�ned
with zero values, MM is not de�ned if 90 2 � such that ` (ÂC,0) = 0,
e.g., a ranking does not retrieve any correct or relevant document.
To compute MM even in these cases, as the denominator in Eq. (6)
tends to +1 if any ` (ÂC ,0) tends to zero, we set MM(AC ) = 0. For
classi�cation measures, this problem is called the Strong De�nite-
ness Axiom [41]. It represents a serious issue for collections where
there are a few documents with a positive label for certain aspects.
9https://github.com/lcschv/TOMA.git

[1] http://www.lemurproject.org/clueweb12/PageRank.php 

[2] https://www.mansci.uwaterloo.ca/~msmucker/cw12spam/

http://www.lemurproject.org/clueweb12/PageRank.php
https://www.mansci.uwaterloo.ca/~msmucker/cw12spam/


Experimental Set-up
Baselines and TOMA Versions

• We use CAM and MM as baselines:


where               and              ;


• 3 Versions of TOMA: EUCL (Euclidean), MANH (Manhattan), CHEB (Chebyshev);


• IR Measures: nDCG (graded labels when available) and AP (binary labels);


• All aspects are embedded into integer values with unit step 1.

<latexit sha1_base64="tldtM25P65qQQ4nfjqvFKQniSiI="></latexit>

CAM(rt) =
X

a2A

pa ⇥ µ(r̂t,a)

<latexit sha1_base64="pZnFE+gzkbMx3C9ybRagjML4foA="></latexit>

MM(rt) =

P
a2A paP

a2A

pa

µ(r̂t,a)

<latexit sha1_base64="wV+/olnLJNOKxhpbycSJIpZKLxU=">AAAB+XicbVBNS8NAEJ3Ur1q/oh69LBbBg5RESvVY8NJjBfsBaQib7aZdutmE3U2hhP4TLx4U8eo/8ea/cdvmoK0PBh7vzTAzL0w5U9pxvq3S1vbO7l55v3JweHR8Yp+edVWSSUI7JOGJ7IdYUc4E7WimOe2nkuI45LQXTh4Wfm9KpWKJeNKzlPoxHgkWMYK1kQLbToMcz9GACeQ5N66PArvq1Jwl0CZxC1KFAu3A/hoME5LFVGjCsVKe66Taz7HUjHA6rwwyRVNMJnhEPUMFjqny8+Xlc3RllCGKEmlKaLRUf0/kOFZqFoemM8Z6rNa9hfif52U6uvdzJtJMU0FWi6KMI52gRQxoyCQlms8MwUQycysiYywx0SasignBXX95k3Rva26jVn+sV5utIo4yXMAlXIMLd9CEFrShAwSm8Ayv8Gbl1ov1bn2sWktWMXMOf2B9/gCW6ZJa</latexit>

pa 2 [0, 1]
<latexit sha1_base64="8fRghx72fQLjx5AKDUwrT/HgX38=">AAACAXicbZDLSsNAFIYn9VbrLepGcDNYBFclkaJuhIqbLivYCzQhTKaTdujMJMxMhBLixldx40IRt76FO9/GaZuFtv4w8PGfczhz/jBhVGnH+bZKK6tr6xvlzcrW9s7unr1/0FFxKjFp45jFshciRRgVpK2pZqSXSIJ4yEg3HN9O690HIhWNxb2eJMTnaChoRDHSxgrsI0+lPMgQ9KiANzlMDOfwGrqBXXVqzkxwGdwCqqBQK7C/vEGMU06Exgwp1XedRPsZkppiRvKKlyqSIDxGQ9I3KBAnys9mF+Tw1DgDGMXSPKHhzP09kSGu1ISHppMjPVKLtan5X62f6ujKz6hIUk0Eni+KUgZ1DKdxwAGVBGs2MYCwpOavEI+QRFib0ComBHfx5GXonNfci1r9rl5tNIs4yuAYnIAz4IJL0ABN0AJtgMEjeAav4M16sl6sd+tj3lqyiplD8EfW5w+jTZW9</latexit>X

a2A

pa = 1

https://github.com/lcschv/TOMA.git 

https://github.com/lcschv/TOMA.git


Correlation Analysis

• Kendall’s 𝜏 between the Rankings of Submitted runs (RoS) generated by 2 different 
measures;


• Most correlated RoS: 


• EUCL - MANH (𝜏 up to 1); 


• (EUCL, MANH) - CAM (𝜏 up to 0.76);


• CHEB - MM (𝜏 up to 0.88). 


• EUCL and MANH may be more similar to CAM (mean), while CHEB may be more similar 
to MM (harmonic mean).



Discriminative Power

• Bootstrap Samples: 10’000


• Paired Bootstrap Hypothesis Test, with 𝛼 = 0.01; 


• 16/20 times either MANH (12/20) or EUCL (6/20) is best. 

Table 4: Kendall’s g correlation between rankings of systems and discriminative power (the higher, the better; best is in bold).
Not all aspect combinations occur in all tracks (marked grey).

WEB2009 WEB2010 WEB2011 WEB2012 WEB2013 WEB2014 TASK15 TASK16 DECISION19 MISINFO 2020
NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP

CORRELATION

EUCL - CAM 0.25 0.16 0.18 0.12 0.21 0.11 0.31 0.26 0.22 0.12 0.30 0.23 0.68 0.54 0.63 0.55 0.76 0.60 0.72 0.51
EUCL - MM 0.07 0.04 0.05 0.00 0.06 0.03 0.16 0.13 0.12 0.04 0.17 0.04 0.36 0.17 0.02 -0.10 0.46 0.31 0.45 0.27
MANH - CAM 0.22 0.16 0.21 0.12 0.16 0.11 0.34 0.26 0.31 0.12 0.41 0.23 0.62 0.54 0.60 0.55 0.69 0.60 0.72 0.51
MANH - MM 0.06 0.04 0.01 0.01 0.06 0.03 0.16 0.13 0.11 0.04 0.15 0.04 0.28 0.17 -0.06 -0.10 0.41 0.31 0.45 0.27
CHEB - CAM 0.01 0.02 0.06 0.05 0.02 0.02 0.19 0.15 0.11 0.00 0.19 0.07 0.26 0.16 -0.13 -0.18 0.27 0.27 0.29 0.24
CHEB - MM 0.06 0.09 0.00 0.03 0.09 0.01 0.19 0.16 0.12 0.08 0.14 0.05 0.88 0.86 0.52 0.53 0.58 0.60 0.54 0.52

EUCL - MANH 0.36 1.00 0.19 1.00 0.21 1.00 0.34 1.00 0.20 1.00 0.34 1.00 0.87 1.00 0.71 1.00 0.72 1.00 1.00 1.00
EUCL - CHEB 0.01 0.02 0.10 0.03 0.01 0.03 0.32 0.11 0.22 0.04 0.30 0.12 0.33 0.19 -0.21 -0.21 0.28 0.21 0.26 0.20
MANH - CHEB 0.01 0.02 0.03 0.03 0.02 0.03 0.21 0.11 0.10 0.04 0.18 0.12 0.32 0.19 -0.24 -0.21 0.25 0.21 0.26 0.20
CAM - MM 0.10 0.05 0.05 0.01 0.11 -0.01 0.23 0.13 0.16 0.03 0.26 0.04 0.30 0.18 0.09 0.00 0.51 0.41 0.51 0.42

CORRELATION

Relevance - Popularity 0.03 0.05 0.01 0.0 0.01 0.02 0.09 0.09 0.06 0.01 0.07 0.02 0.04 0.04 -0.03 0.01
Relevance - Non-spam 0.05 0.03 0.02 0.0 0.03 0.01 0.07 0.05 -0.02 -0.01 0.07 -0.01 0.25 0.17 -0.07 -0.08
Popularity - Non-spam 0.04 0.03 0.02 -0.01 0.04 0.01 0.07 0.04 -0.03 -0.02 0.04 0.00 0.07 0.02 0.08 0.06
Relevance - Usefulness 0.75 0.75 0.75 0.74
Usefulness - Popularity 0.10 0.06 -0.04 0.00
Usefulness - Non-spam 0.40 0.33 -0.16 -0.19
Credibility - Correctness 0.26 0.26 0.28 0.24
Relevance - Credibility 0.33 0.33 0.29 0.25
Relevance - Correctness 0.42 0.49 0.49 0.47

DISCRIMINATIVE POWER OF MEASURES

CAM 75.98 64.43 66.32 61.23 75.14 61.64 68.71 56.74 76.89 57.05 85.06 78.85 53.33 33.33 72.22 55.56 72.58 70.56 71.53 70.90
MM 75.61 50.58 72.89 67.79 67.32 67.81 62.68 56.12 80.71 46.99 74.25 53.56 0.00 0.00 0.00 0.00 60.08 53.23 68.31 62.20
EUCL 75.29 72.64 62.96 66.75 75.14 70.33 66.13 64.10 75.14 59.45 80.92 78.85 66.67 66.67 69.44 75.00 73.59 73.99 72.86 75.14
MANH 76.66 72.68 63.59 67.14 77.32 70.38 66.05 64.18 76.67 59.34 86.44 79.08 66.67 53.33 75.00 75.00 73.79 73.79 73.02 74.98
CHEB 50.18 6.32 59.82 51.49 73.06 50.11 61.08 39.36 77.10 49.34 75.17 66.21 0.00 0.00 0.00 0.00 42.54 29.84 65.41 53.33

Therefore, since some of the values are missing, these meth-
ods generate a lower number of equivalence classes, which
make them more similar to CAM. Whereas, for the Web
tracks, popularity and non-spamminess are approximated
for all documents, meaning that MANH and EUCL can pos-
sibly generate all the di�erent equivalence classes, even for
non relevant documents. This makes them less similar to
CAM than on the Task or Decision tracks.

• For the Task, Decision and Misinformation tracks, the RoS
corresponding to MM and CHEB are moderately correlated
(g = 0.52 � 0.88). The fact that, for these tracks, usefulness,
credibility and correctness are not assessed for non relevant
documents, means that all the documents that are mapped
to a 0 weight with CHEB, are also contributing as 0 to MM.

To contextualise these �ndings, the middle part of Tab. 4 shows
the g values of the RoS corresponding to evaluating a single aspect
only. Overall, the resulting correlations are low to non-existent,
meaning that considering multiple aspects a�ects the �nal evalua-
tion outcome. The two exceptions where the correlation between
RoS is not very low are:

• For Task 2015-2016, for relevance - usefulness, g = 0.74 �
0.75. This happens because: (1) usefulness is not assessed for
non relevant documents, thus non relevant documents are
assumed to be not useful, and (2) usefulness is a very sparse
signal (1.75% of documents are useful).

• For the Decision and Misinformation Tracks, for all aspects,
g = 0.24�0.49. Again here credibility and correctness are not
assessed for non relevant documents (6.89% of documents
are credible and 9.75% are correct for the Decision Track;
13.73% of documents are correct and 27.62% are credible for

the Misinformation Track), so the correlation is not as high
as for the Task tracks.

Overall, the most correlated RoS correspond to: EUCL - MANH
(g up to 1), (EUCL, MANH)- CAM (g up to 0.76), and CHEB - MM
(g up to 0.88). Intuitively, EUCL and MANH may be more similar to
CAM (mean), while CHEB may be more similar to MM (harmonic
mean). Thus TOMA proposes an alternative evaluation framework,
which overcomes CAM andMManomalies (see §4.2). The fact that g
values between TOMA and the baselines are never above 0.9means
that there are noticeable di�erences between the RoS generated by
TOMAand by CAMorMM. Recall that all measures are instantiated
with NDCG or AP, meaning that di�erences between them are due
to how multi-aspect labels are treated.

4.3.2 Discriminative Power. We use Bootstrap Hypothesis Test [39]
to estimate the discriminative power of TOMA, CAM and MM.
Given a set of topics and a set of runs, we �rst generate subsets of
topics by sampling with replacement the complete set of topics. We
set the number of bootstrap samples to 10 000. To assess whether
the measure scores for pairs of runs can be considered di�erent
at a given con�dence level, we use a Paired Bootstrap Hypothesis
Test. The con�dence level is 1 � U , where U is the Type I Error,
i.e., the probability to consider two systems di�erent even if they
are equivalent. We set U = 0.01, requiring strong evidence for two
systems to be di�erent.

Tab. 4 (bottom part) displays the results of the discriminative
power analysis, where the higher the score, the more discriminative
(i.e., the better) the approach. We see that 16/20 times either MANH
(12/20) or EUCL (6/20)10 is best. The remaining 4 times, MM is best

10Ties are included in these counts.

Table 4: Kendall’s g correlation between rankings of systems and discriminative power (the higher, the better; best is in bold).
Not all aspect combinations occur in all tracks (marked grey).

WEB2009 WEB2010 WEB2011 WEB2012 WEB2013 WEB2014 TASK15 TASK16 DECISION19 MISINFO 2020
NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP NDCG AP

CORRELATION

EUCL - CAM 0.25 0.16 0.18 0.12 0.21 0.11 0.31 0.26 0.22 0.12 0.30 0.23 0.68 0.54 0.63 0.55 0.76 0.60 0.72 0.51
EUCL - MM 0.07 0.04 0.05 0.00 0.06 0.03 0.16 0.13 0.12 0.04 0.17 0.04 0.36 0.17 0.02 -0.10 0.46 0.31 0.45 0.27
MANH - CAM 0.22 0.16 0.21 0.12 0.16 0.11 0.34 0.26 0.31 0.12 0.41 0.23 0.62 0.54 0.60 0.55 0.69 0.60 0.72 0.51
MANH - MM 0.06 0.04 0.01 0.01 0.06 0.03 0.16 0.13 0.11 0.04 0.15 0.04 0.28 0.17 -0.06 -0.10 0.41 0.31 0.45 0.27
CHEB - CAM 0.01 0.02 0.06 0.05 0.02 0.02 0.19 0.15 0.11 0.00 0.19 0.07 0.26 0.16 -0.13 -0.18 0.27 0.27 0.29 0.24
CHEB - MM 0.06 0.09 0.00 0.03 0.09 0.01 0.19 0.16 0.12 0.08 0.14 0.05 0.88 0.86 0.52 0.53 0.58 0.60 0.54 0.52

EUCL - MANH 0.36 1.00 0.19 1.00 0.21 1.00 0.34 1.00 0.20 1.00 0.34 1.00 0.87 1.00 0.71 1.00 0.72 1.00 1.00 1.00
EUCL - CHEB 0.01 0.02 0.10 0.03 0.01 0.03 0.32 0.11 0.22 0.04 0.30 0.12 0.33 0.19 -0.21 -0.21 0.28 0.21 0.26 0.20
MANH - CHEB 0.01 0.02 0.03 0.03 0.02 0.03 0.21 0.11 0.10 0.04 0.18 0.12 0.32 0.19 -0.24 -0.21 0.25 0.21 0.26 0.20
CAM - MM 0.10 0.05 0.05 0.01 0.11 -0.01 0.23 0.13 0.16 0.03 0.26 0.04 0.30 0.18 0.09 0.00 0.51 0.41 0.51 0.42

CORRELATION

Relevance - Popularity 0.03 0.05 0.01 0.0 0.01 0.02 0.09 0.09 0.06 0.01 0.07 0.02 0.04 0.04 -0.03 0.01
Relevance - Non-spam 0.05 0.03 0.02 0.0 0.03 0.01 0.07 0.05 -0.02 -0.01 0.07 -0.01 0.25 0.17 -0.07 -0.08
Popularity - Non-spam 0.04 0.03 0.02 -0.01 0.04 0.01 0.07 0.04 -0.03 -0.02 0.04 0.00 0.07 0.02 0.08 0.06
Relevance - Usefulness 0.75 0.75 0.75 0.74
Usefulness - Popularity 0.10 0.06 -0.04 0.00
Usefulness - Non-spam 0.40 0.33 -0.16 -0.19
Credibility - Correctness 0.26 0.26 0.28 0.24
Relevance - Credibility 0.33 0.33 0.29 0.25
Relevance - Correctness 0.42 0.49 0.49 0.47

DISCRIMINATIVE POWER OF MEASURES

CAM 75.98 64.43 66.32 61.23 75.14 61.64 68.71 56.74 76.89 57.05 85.06 78.85 53.33 33.33 72.22 55.56 72.58 70.56 71.53 70.90
MM 75.61 50.58 72.89 67.79 67.32 67.81 62.68 56.12 80.71 46.99 74.25 53.56 0.00 0.00 0.00 0.00 60.08 53.23 68.31 62.20
EUCL 75.29 72.64 62.96 66.75 75.14 70.33 66.13 64.10 75.14 59.45 80.92 78.85 66.67 66.67 69.44 75.00 73.59 73.99 72.86 75.14
MANH 76.66 72.68 63.59 67.14 77.32 70.38 66.05 64.18 76.67 59.34 86.44 79.08 66.67 53.33 75.00 75.00 73.79 73.79 73.02 74.98
CHEB 50.18 6.32 59.82 51.49 73.06 50.11 61.08 39.36 77.10 49.34 75.17 66.21 0.00 0.00 0.00 0.00 42.54 29.84 65.41 53.33

Therefore, since some of the values are missing, these meth-
ods generate a lower number of equivalence classes, which
make them more similar to CAM. Whereas, for the Web
tracks, popularity and non-spamminess are approximated
for all documents, meaning that MANH and EUCL can pos-
sibly generate all the di�erent equivalence classes, even for
non relevant documents. This makes them less similar to
CAM than on the Task or Decision tracks.

• For the Task, Decision and Misinformation tracks, the RoS
corresponding to MM and CHEB are moderately correlated
(g = 0.52 � 0.88). The fact that, for these tracks, usefulness,
credibility and correctness are not assessed for non relevant
documents, means that all the documents that are mapped
to a 0 weight with CHEB, are also contributing as 0 to MM.

To contextualise these �ndings, the middle part of Tab. 4 shows
the g values of the RoS corresponding to evaluating a single aspect
only. Overall, the resulting correlations are low to non-existent,
meaning that considering multiple aspects a�ects the �nal evalua-
tion outcome. The two exceptions where the correlation between
RoS is not very low are:

• For Task 2015-2016, for relevance - usefulness, g = 0.74 �
0.75. This happens because: (1) usefulness is not assessed for
non relevant documents, thus non relevant documents are
assumed to be not useful, and (2) usefulness is a very sparse
signal (1.75% of documents are useful).

• For the Decision and Misinformation Tracks, for all aspects,
g = 0.24�0.49. Again here credibility and correctness are not
assessed for non relevant documents (6.89% of documents
are credible and 9.75% are correct for the Decision Track;
13.73% of documents are correct and 27.62% are credible for

the Misinformation Track), so the correlation is not as high
as for the Task tracks.

Overall, the most correlated RoS correspond to: EUCL - MANH
(g up to 1), (EUCL, MANH)- CAM (g up to 0.76), and CHEB - MM
(g up to 0.88). Intuitively, EUCL and MANH may be more similar to
CAM (mean), while CHEB may be more similar to MM (harmonic
mean). Thus TOMA proposes an alternative evaluation framework,
which overcomes CAM andMManomalies (see §4.2). The fact that g
values between TOMA and the baselines are never above 0.9means
that there are noticeable di�erences between the RoS generated by
TOMAand by CAMorMM. Recall that all measures are instantiated
with NDCG or AP, meaning that di�erences between them are due
to how multi-aspect labels are treated.

4.3.2 Discriminative Power. We use Bootstrap Hypothesis Test [39]
to estimate the discriminative power of TOMA, CAM and MM.
Given a set of topics and a set of runs, we �rst generate subsets of
topics by sampling with replacement the complete set of topics. We
set the number of bootstrap samples to 10 000. To assess whether
the measure scores for pairs of runs can be considered di�erent
at a given con�dence level, we use a Paired Bootstrap Hypothesis
Test. The con�dence level is 1 � U , where U is the Type I Error,
i.e., the probability to consider two systems di�erent even if they
are equivalent. We set U = 0.01, requiring strong evidence for two
systems to be di�erent.

Tab. 4 (bottom part) displays the results of the discriminative
power analysis, where the higher the score, the more discriminative
(i.e., the better) the approach. We see that 16/20 times either MANH
(12/20) or EUCL (6/20)10 is best. The remaining 4 times, MM is best

10Ties are included in these counts.
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Document Quality

Run that has been assessed as the best best per {topic, track, year}, on a per 
query basis;


• With cut-off 5, zero-Aspect: # documents with 0 as sum of labels;


• Average per label: average across aspects.

Table 5: Number of times (%) that the labels of all aspects
sum to 0 for a document that is ranked at position 1-5 (col-
umn 1) in a run that has been assessed as best per {topic,
track, year} separately with {CAM, MM, EUCL, MANH,
CHEB} using a retrieval cuto� of 5. The lower, the better.

Rank CAM MM EUCL MANH CHEB

1 51 (1.18%) 131 (3.02%) 39 (0.90%) 33 (0.76%) 154 (3.55%)
2 65 (1.50%) 159 (3.67%) 50 (1.15%) 48 (1.11%) 179 (4.13%)
3 103 (2.38%) 202 (4.66%) 88 (2.03%) 78 (1.80%) 185 (4.17%)
4 102 (2.35%) 173 (3.99%) 86 (1.99%) 74 (1.71%) 183 (4.23%)
5 107 (2.47%) 196 (4.53%) 95 (2.19%) 81 (1.87%) 205 (4.73%)
1-5 428 (9.88%) 861 (19.88%) 358 (8.27%) 314 (7.25%) 906 (20.92%)

Table 6: Average sum of aspect labels for a document that is
ranked at position 1-100 (column 1) in a run that has been as-
sessed as best per {topic, track, year} separately with {CAM,
MM, EUCL, MANH, CHEB} using a retrieval cuto� of 100.
The higher, the better.

Ranks CAM MM EUCL MANH CHEB

1-25 1.70 1.49 1.67 1.69 1.39
26-50 0.85 0.78 0.91 0.94 0.70
51-75 0.57 0.53 0.63 0.64 0.48
76-100 0.40 0.39 0.43 0.44 0.36

3 times, and CAM once. We also see that CHEB is never best, and
for Task 2015-2016 it is actually zero. This is due to the very small
amount of positive labels for usefulness in that track. For the same
reason, MM is also zero for the same track. Overall, CHEB is the
least discriminative measure, followed by MM; this is due to how
these methods treat tuples of labels: the fact that if one aspect label
is zero, then the whole score is zero, practically means that many
runs are considered equal purely on that basis.

4.3.3 Zero-aspect documents. Our next analysis is motivated by
the empirical trash@: measure often used in industry to mitigate
the high cost of retrieving “trash” in high ranks. We count how
often the labels of all aspects sum to zero for a document that has
been ranked at position 1-5 in a run that has been assessed as the
best run per track year, on a per query basis, using a retrieval cuto�
of 5, separately with {CAM, MM, EUCL, MANH, CHEB} when
instantiated separately with NDCG and AP. When the labels of all
aspects sum to zero, this means that the corresponding document is
of the worst quality. Ideally, such documents should not be retrieved,
but when they do, they should not be in the top 5.

In Tab. 5 we see that MANH is associated with the lowest amount
of zero-aspect documents, closely followed by EUCL. This hap-
pens because MANH is designed so that the higher the sum of a
document’s labels across aspects, the better that document will
be deemed. CHEB is overall worst, closely followed by MM. This
closeness between EUCL-MANH and CHEB-MM agrees with the
previous correlation and discriminative power analysis. Overall,
MANH (and less so EUCL) penalise low quality documents the best.

4.3.4 Document quality @1-100. We look at the quality of doc-
uments that have been ranked at positions 1-100 in a run that

has been assessed as best per {topic, track, year} separately with
{CAM, MM, EUCL, MANH, CHEB}, when instantiated separately
with NDCG and AP, using a retrieval cuto� of 100. We split the
ranks 1-100 into four sets (1-25, 26-50, 51-75, 76-100). For each doc-
ument in each set, we sum the labels of its aspects, and we report
the average of these sums, which can be seen as an approximation
of the average document quality (the higher, the better).

As expected, we see that the numbers in Tab. 6, and hence doc-
ument quality, drop as we move down the ranking, at all times.
Comparing across columns however, we see that, for the runs that
were assessed as best by MANH, document quality is overall, albeit
marginally, the best, at ranks 26-100. This illustrates that the design
of MANH (the higher the sum of a document’s labels across aspects,
the better that document will be considered) gives it the practical
advantage of, not only reducing the amount of low quality docu-
ments in the top ranks (as seen in Tab. 5), but also of increasing
the quality of documents further down the ranking, as we see now.
Again, as previously, we observe that EUCL is a close second-best
method, CHEB and MM are overall worst, and CAM is in between
(although best, together with MANH, for the top ranks).

5 CONCLUSION AND LIMITATIONS
Multi-aspect evaluation is a special case of IR evaluation where the
ranked list of documents returned by an IR system in response to a
querymust be assessed in terms of not only relevance, but also other
aspects (or dimensions) of the ranked documents, e.g., credibility
or usefulness. We presented a principled multi-aspect evaluation
approach, called TOMA, that is de�ned for any number and type
of aspect, and that allows for (i) aspects having di�erent gradings,
(ii) any relative importance weighting for di�erent aspects, and
(iii) integration with any existing single-aspect evaluation measure,
such as NDCG. We showed that TOMA has better discriminative
power than prior approaches to multi-aspect evaluation, and that it
is better at rewarding high quality documents across the ranking.

One limitation of TOMA is represented by the arbitrary choices
of the embedding function, the distance function and the weight
function. The embedding function maps labels from a nominal or
ordinal scale to an interval or ratio scale. This calls for a in-depth in-
vestigation of the theoretical properties of TOMA using the existing
axiomatic treatments of IR e�ectiveness measures [3, 4, 9, 23, 36].
This also motivates a deep analysis of the interactions between
di�erent aspects and/or documents and how to handle them with
TOMA, for example by de�ning a proper embedding and distance
function which account for aspects as diversity, novelty, and re-
dundancy. Moreover, the embedding function combined with the
distance function can generate a large number of tuples of labels,
which can be mapped to di�erent integers through the weight
function. This might be a problem for gain based measures, thus a
possible solution is to use TOMA to de�ne the ideal ranking and
then use e�ectiveness measures based on similarity to ideal rank-
ings [17–19]. Finally, the empirical impact of varying both distance
and weight functions should also be investigated, as should the im-
pact of employing further multi-graded measures as ERR [10], and
the alignment of our current approach with real user preferences.
Acknowledgments. This paper is partially supported by the EU Horizon
2020 research and innovation programme under the MSCA grant No. 893667.
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Table 5: Number of times (%) that the labels of all aspects
sum to 0 for a document that is ranked at position 1-5 (col-
umn 1) in a run that has been assessed as best per {topic,
track, year} separately with {CAM, MM, EUCL, MANH,
CHEB} using a retrieval cuto� of 5. The lower, the better.

Rank CAM MM EUCL MANH CHEB

1 51 (1.18%) 131 (3.02%) 39 (0.90%) 33 (0.76%) 154 (3.55%)
2 65 (1.50%) 159 (3.67%) 50 (1.15%) 48 (1.11%) 179 (4.13%)
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ranked at position 1-100 (column 1) in a run that has been as-
sessed as best per {topic, track, year} separately with {CAM,
MM, EUCL, MANH, CHEB} using a retrieval cuto� of 100.
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3 times, and CAM once. We also see that CHEB is never best, and
for Task 2015-2016 it is actually zero. This is due to the very small
amount of positive labels for usefulness in that track. For the same
reason, MM is also zero for the same track. Overall, CHEB is the
least discriminative measure, followed by MM; this is due to how
these methods treat tuples of labels: the fact that if one aspect label
is zero, then the whole score is zero, practically means that many
runs are considered equal purely on that basis.

4.3.3 Zero-aspect documents. Our next analysis is motivated by
the empirical trash@: measure often used in industry to mitigate
the high cost of retrieving “trash” in high ranks. We count how
often the labels of all aspects sum to zero for a document that has
been ranked at position 1-5 in a run that has been assessed as the
best run per track year, on a per query basis, using a retrieval cuto�
of 5, separately with {CAM, MM, EUCL, MANH, CHEB} when
instantiated separately with NDCG and AP. When the labels of all
aspects sum to zero, this means that the corresponding document is
of the worst quality. Ideally, such documents should not be retrieved,
but when they do, they should not be in the top 5.

In Tab. 5 we see that MANH is associated with the lowest amount
of zero-aspect documents, closely followed by EUCL. This hap-
pens because MANH is designed so that the higher the sum of a
document’s labels across aspects, the better that document will
be deemed. CHEB is overall worst, closely followed by MM. This
closeness between EUCL-MANH and CHEB-MM agrees with the
previous correlation and discriminative power analysis. Overall,
MANH (and less so EUCL) penalise low quality documents the best.
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ranks 1-100 into four sets (1-25, 26-50, 51-75, 76-100). For each doc-
ument in each set, we sum the labels of its aspects, and we report
the average of these sums, which can be seen as an approximation
of the average document quality (the higher, the better).

As expected, we see that the numbers in Tab. 6, and hence doc-
ument quality, drop as we move down the ranking, at all times.
Comparing across columns however, we see that, for the runs that
were assessed as best by MANH, document quality is overall, albeit
marginally, the best, at ranks 26-100. This illustrates that the design
of MANH (the higher the sum of a document’s labels across aspects,
the better that document will be considered) gives it the practical
advantage of, not only reducing the amount of low quality docu-
ments in the top ranks (as seen in Tab. 5), but also of increasing
the quality of documents further down the ranking, as we see now.
Again, as previously, we observe that EUCL is a close second-best
method, CHEB and MM are overall worst, and CAM is in between
(although best, together with MANH, for the top ranks).

5 CONCLUSION AND LIMITATIONS
Multi-aspect evaluation is a special case of IR evaluation where the
ranked list of documents returned by an IR system in response to a
querymust be assessed in terms of not only relevance, but also other
aspects (or dimensions) of the ranked documents, e.g., credibility
or usefulness. We presented a principled multi-aspect evaluation
approach, called TOMA, that is de�ned for any number and type
of aspect, and that allows for (i) aspects having di�erent gradings,
(ii) any relative importance weighting for di�erent aspects, and
(iii) integration with any existing single-aspect evaluation measure,
such as NDCG. We showed that TOMA has better discriminative
power than prior approaches to multi-aspect evaluation, and that it
is better at rewarding high quality documents across the ranking.

One limitation of TOMA is represented by the arbitrary choices
of the embedding function, the distance function and the weight
function. The embedding function maps labels from a nominal or
ordinal scale to an interval or ratio scale. This calls for a in-depth in-
vestigation of the theoretical properties of TOMA using the existing
axiomatic treatments of IR e�ectiveness measures [3, 4, 9, 23, 36].
This also motivates a deep analysis of the interactions between
di�erent aspects and/or documents and how to handle them with
TOMA, for example by de�ning a proper embedding and distance
function which account for aspects as diversity, novelty, and re-
dundancy. Moreover, the embedding function combined with the
distance function can generate a large number of tuples of labels,
which can be mapped to di�erent integers through the weight
function. This might be a problem for gain based measures, thus a
possible solution is to use TOMA to de�ne the ideal ranking and
then use e�ectiveness measures based on similarity to ideal rank-
ings [17–19]. Finally, the empirical impact of varying both distance
and weight functions should also be investigated, as should the im-
pact of employing further multi-graded measures as ERR [10], and
the alignment of our current approach with real user preferences.
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Limitations

• Arbitrary choices of the embedding, distance, and weight functions → impact of 
each choice;


• Embedding function: mapping from nominal/ordinal to interval/ratio scale → 
theoretical properties of TOMA; 


• Analysis of the interactions between aspects and/or documents → proper 
embedding;


• Large number of equivalence classes might be a problem for gain based 
measures → non-gain based measures.



Wrapping up

Total Order Multi-Aspect (TOMA): 


• Defined for any number and type of aspect;


• Aspects can have different gradings; 


• Choose a relative importance weighting for different aspects; 


• Integration with any existing single-aspect IR measure; 


• Better discriminative power;


• Better at rewarding high quality documents.



Conclusions and Future Work



In Today’s Talk

• TREC Health Misinformation track;


• Challenges in evaluating misinformation: find good topics, collect 
judgements, datasets with enough noise, etc.


• Multi-aspect evaluation and existing measures;


• Total Order Multi-Aspect (TOMA): defined for any number and type of 
aspect with different gradings integrated with any existing single-aspect IR 
measure.



Future Work

• TREC Trustworthy AI Conference (TRUC);


• Formal properties of evaluation measures;


• Measures that penalise systems that retrieve harmful documents;


• Other aspects, e.g., fairness;


• Use these measures for learning to rank;


• Relation to with bias;


• Ethical issues.
https://www.nist.gov/news-events/events/2022/10/trustworthy-ai-conference-truc-2022

https://www.nist.gov/news-events/events/2022/10/trustworthy-ai-conference-truc-2022


Thank You!

Questions?



Ongoing Work



Relation with Other Measures - uRBP

• Understandability Biased RBP (uRBP):


• Within TOMA framework:

Zuccon, G. 2016. Understandability Biased Evaluation for Information Retrieval. In ECIR 2016.
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Relation with Other Measure - Compatibility

• Compute Compatibility:


1. Define an ideal ranking or set of equivalent ideal rankings;


2. Compute RBO between the input ranking and ideal ranking;


• Use TOMA to define levels of effectiveness ~ equivalence classes.
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Charles L. A. Clarke, Mark D. Smucker, and Alexandra Vtyurina. 2020. Offline Evaluation by Maximum Similarity to an Ideal Ranking. In CIKM 2020.

Charles L. A. Clarke, Alexandra Vtyurina, and Mark D. Smucker. 2020. Offline Evaluation without Gain. In ICTIR 2020.



Poset Theory

• Poset: partially ordered set;


• Set of multi-aspect labels is a poset.

(hr, hc)

(nr, nc)

(nr, mc)(mr, nc)

(fr, nc) (nr, fc)(mr, mc)

(nr, hc)(hr, nc) (fr, mc) (mr, fc)

(fr, fc) (mr, hc)(hr, mc)

(hr, fc) (fr, hc)

hr highly relevant hc highly correct
fr fairly relevant fc fairly correct
mr marginally relevant mc marginally correct
nr not relevant nc not correct



Skyline Order

• Skyline set: set of label vectors that are not 
worse than any other label vectors in all the 
dimensions;


• S0 = {(hr, hc)}


• S1 = {(hr, fc), (fr, hc)}


• S2 = {(hr, nc), (fr, mc), (mr, fc), (nr, hc)}


• …

(hr, hc)

(nr, nc)

(nr, mc)(mr, nc)

(fr, nc) (nr, fc)(mr, mc)

(nr, hc)(hr, nc) (fr, mc) (mr, fc)

(fr, fc) (mr, hc)(hr, mc)

(hr, fc) (fr, hc)
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Theoretical Properties

• Utility oriented measures of retrieval 
effectiveness satisfy 2 properties: 


• Replacement: if we replace a less 
relevant document with a more relevant 
one in the same rank position, the 
measure score should not decrease.


• Swap: if we swap a less relevant 
document in a higher rank position with 
a more relevant one in a lower rank 
position, the measure score should not 
decrease.

Relevance Labels

Ferrante, M., Ferro, N., and Maistro, M. 2015. Towards a Formal Framework for Utility-oriented Measurements of Retrieval Effectiveness. In ICTIR 2015.



Theoretical Properties - Multi-aspect Measures

• Partial order among labels can be 
used instead of “more relevant” and 
“less relevant”;


• TOMA satisfies swap and 
replacements → extend findings for 
IR measures. 

Cor Rel
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