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APPENDIX A — WORKERS’ Q&A DATASETS

Each of our two purposely compiled datasets included 600 responses generated by two mutually
exclusive sets of 40 online workers. Each set of workers responded to 15 questions, related to two topics.
For each topic the workers were presented a text that included the first few paragraphs of a Wikipedia article.
We maintained a word count in each text of 200- to 300 words.! In both datasets, the workers were recruited
from the Prolific.com platform and were native English speakers.

A.1. First Dataset — Science/Technology- and Sports-Related Questions

For our first dataset, one of the two topics was science and technology; for this topic, participants read a
text about the Voyager 1 spacecraft, based on the Wikipedia page

https://en.wikipedia.org/wiki/Voyager 1. They subsequently responded to 8 questions about the text. The

other topic was sports; for this topic, participants read a text concerning the Iron Man Triathlon sporting

event, based on the Wikipedia page: https://en.wikipedia.org/wiki/Ironman_Triathlon, and subsequently
responded to 7 questions.

Each response was independently scored for correctness (from 0 to 100%) by two evaluators (two
of the authors). Before scoring the responses, the evaluators determined and agreed upon a correct answer

for each question, and then used the following general scoring scheme:

] |topics t,j N topicsijl
Evaluation Scorej; = —————— —L
[topicScorrect,j U topicsijl

We note that the evaluators had discretion in penalizing responses that mentioned correct notions in an
incomplete or ambiguous manner. After the evaluators independently scored each response, in cases where

evaluators’ scores differed significantly (difference >33%; ~10% of the cases), the evaluators discussed and

T We deleted several sentences from each text to maintain a 200- to 300-word limit per topic.


https://en.wikipedia.org/wiki/Voyager_1
https://en.wikipedia.org/wiki/Ironman_Triathlon

reconciled the differences. Following this procedure, the average Pearson correlation for the two evaluators’
scores, across questions, was 0.94.

Table A1 presents a list of the questions and statistics regarding the responses and their evaluation.
One informative statistic is the average score per question. As observed, the average score per question
ranged from 36% to 100%. Importantly, 6 of the 15 questions received an average score <50%. This result
indicates that 40% of the questions were rather challenging for the workers. Such low accuracy levels may
seemingly introduce a challenge for voting schemes. Yet, the AQER framework, which includes the iterative
reweighting component, was able to overcome this challenge and produce accurate evaluations.

Table Al. Science/Technology and Sports - Questions and Response Statistics

Topic Question Number of Average Correlation between a
responders score worker’s score for her/his
response to a given question,
and the worker’s average
score of her/his responses to
the remaining questions

With which communication network does Voyager 1 40 50.0% 0.57
communicate to receive routine commands and to transmit
data to Earth?
How did the voyager team test Voyager in late 2017? 40 48.1% 0.62
Information gathered from which spacecraft helped 40 46.6% 0.57
Voyager’s engineers design Voyager to cope more
effectively with the intense radiation environment around

Voyager 1 Jupiter?
Next to which planets did Voyager 1 made flybys? 40 74.1% 0.41
Which inexpensive improvement was utilized in Voyager 1 40 81.2% 0.21
to enhance radiation shielding?
Why did NASA prioritize a flyby next to Titan rather than 40 73.4% 0.60
next to Pluto?
Why is Voyager 1 not expected to operate after 2025? 40 67.3% 0.65
Which aspects of the planets it visited, did Voyager 1 study? 40 35.8% 0.48
Which fields of sport are included in an Ironman Triathlon? 40 100.0% n/a

(All
responses
were
correct)

What was the question that the founders of the race were 40 79.9% 0.26

Iron Man trying to settle by establishing the Ironman competition?

Triathlon Why was it decided to shave 3 miles off the bike course? 40 48.0% 0.45
Which phrase was written on the last page of the rule sheet 40 73.5% 0.39
that athletes received before the first Ironman race?
Why was Hawaii a natural choice for the site of the first 40 44.7% 0.27
Ironman race?
Why do different Ironman races have different time limits? 40 58.6% 0.26
Why did John Collins mention the Belgian cyclist Eddy 40 70.9% 0.25
Merckx?




Another informative statistic relates to workers’ inherent capabilities, measured as the correlation
between worker W;'s score on a specific question Q ; and her/his average score across all other questions:

Y1z jEvaluation Scorey;

p (E valuation Score;j, ) In our experiment, the correlation values ranged from 0.21

n-1
to 0.65. The positive correlation values indicate that workers show inherent levels of correctness in their

responses and that workers’ performance is consistent, to some extent, across responses.

A.2. Second Dataset — History- and Movie-Related Questions

For the second dataset, the first topic was history; specifically, participants read a text about the
historical landing at Normandy during World War II, based on the Wikipedia page:

https://en.wikipedia.org/wiki/Normandy landings. They subsequently responded to 8 questions. The

second topic was movies; in this case, participants read a text relating to the movie The Wonderful World
of the Brothers Grimm, based on the Wikipedia page:

https://en.wikipedia.org/wiki/The Wonderful World of the Brothers Grimm. They subsequently

responded to 7 questions.

As in the first dataset, each response was independently scored for correctness (from 0 to 100%)
by two evaluators (an author and a graduate student). In cases where evaluators’ scores differed
significantly (difference >33%; ~10.1% of the cases), the evaluators discussed and reconciled the
differences. Following this procedure, the average Pearson correlation for the two evaluators’ scores,
across questions, was 0.936.

Table A2 presents a list of the questions and statistics regarding the responses and their evaluations.
In this case, the average score per question ranged from 34% to 95.9%, and 3 of the 15 questions received
an average score <50% —indicating that 20% of the questions were rather challenging for the workers.
Again, as in the first dataset, AQER’s iterative reweighting component enabled the framework to overcome
this challenge and produce accurate evaluations.

Regarding workers’ inherent capabilities—measured, as in the first dataset, as


https://en.wikipedia.org/wiki/The_Wonderful_World_of_the_Brothers_Grimm

Y1z jEvaluation Scorey;

p (E valuation Scoreyj, ) — we obtained correlation values ranging from 0.1 to 0.61.

n-1
These positive values suggest that here, too, workers show inherent levels of correctness in their responses

and that workers’ performance is consistent, to some extent, across responses.

Table A2. History- and Movie-Related Questions — Questions and Response Statistics

Topic Question Number of Average Correlation between a
responders score worker’s score for her/his
response to a given question,
and the worker’s average
score of her/his responses to
the remaining questions

What was the purpose of Operation Bodyguard? 40 63.7% 0.61
Why was the landing delayed? 40 91.7% 0.21
What were the names of the sectors that the beach was 40 69.1% 0.42
divided into?
After the first delay, why would a further postponement of 40 65.3% 0.49
the invasion mean a delay of at least two weeks?

Normandy What obstacles did the German military lay on the beaches? 40 49.6% 0.57

Landings
Why were the casualties heaviest at Omaha Beach? 40 58.4% 043
What did the wind cause during the landing? 40 52.8% 0.32
What kind of attacks did the Allies conduct before the 40 34.0% 0.26
seaborne invasion?
What genre(s) does the film “The Wonderful World of the 40 52.5% 0.12
Brothers Grimm” belong to?
In addition to being a director, what was George Pal’s role(s) 40 41.8% 0.57
in the movie?
According to the movie, what type of stories did Wilhelm 40 95.9% 0.19

The collect?
Wonderful According to the movie, how did Wilhelm collect stories? 40 70.1% 0.41
World of the
Bro_thers According to the movie, what happened to the Duke’s family 40 83.4% 0.10
Grimm history manuscript?

How did Wilhelm become ill with pneumonia? 40 80.8% 0.20
According to the movie, in Wilhelm’s dream, what did the 40 68.7% 0.23
fairy tale characters want?

APPENDIX B -IMPLEMENTATION ASPECTS OF THE AQER FRAMEWORK

The AQER framework is modular and can support a host of implementation options. In section B1 we
discuss an alternative method to conduct multidimensional voting-based initialization. In section B2 we

evaluate the robustness of the AQER framework in case of additional implementation alternatives.



B1 - Initialization using an Entailment-based Voting Scheme
As discussed in the main body of the paper, the first component of the AQER framework is a voting scheme
which is used to determine the initial SEA for each question by considering ag g({text1 j - texty j}) where
agg is typically the average vote function. Following the calculation of SEA;, AQER then produces initial
scores for each worker by the average cosine similarity between text;; and SEA;. Indeed, cosine similarity

is a popular metric for measuring contextual similarity (e.g., Cer et al., 2018; Gao et al., 2021; Reimers et
al., 2019). However, recent research proposes an alternative approach to compare texts, based on the
similarity of the texts' content, as measured by context entailment (Androutsopoulos and Malakasiotis,

2010).

In this section, we discuss how entailment can be used as an alternative to cosine similarity and average
voting when initializing the AQER framework. Following Androutsopoulos and Malakasiotis (2010)
entailment between two responses, E ntailment(Rl iR j), is a one-way score that determines the extent to
which the second response, R;; entails from the first response R;;. The score provided by the AQER

framework for response Rj;, is the average of the entailment scores (votes) given by all other responses:

A

1 .
Sij = leii Entallment(le, RU)
Given the asymmetric scores of each response, the initial SEA of each question @ is estimated as a weighted
multidimensional vote: SEA; = Zl;;s’ X text;;.

iSij
Specifically, in our empirical evaluations below, E ntailment(Rl i Ri j), was computed via an LLM-based
entailment classifier (Lewis et al., 2019)? where the first response, R, j» serves as the observation, and the

second response, R;; serves as the potential label. However, we note that given the abundant literature on

textual Entailment, it is possible to use other classifiers/models to determine the levels of entailment.

2 See https://huggingface.co/facebook/bart-large-mnli (entailment task, using the zero-shot pipeline)



https://huggingface.co/facebook/bart-large-mnli

B2 — Robustness Evaluation

To test the robustness of the AQER framework we experimented with different implementations of AQER.
Specifically, in this Appendix, we provide the worker evaluation results for the following implementations

of AQER:

a. Using different word embedding such as words embedding based on MPNet (Song et al., 2020), or
GPT (using version 3.0 API®) as an alternative to our default ROBERTa-based embedding.

b. Replacing the equal weight initialization with a noisy weight initialization. (each worker's initial
weight is perturbed by a random noise of up to +/- 10%)

c. Replacing the cosine similarity metric with an alternative measure: negative Euclidean distance.
Le., §;; =- Euclidean distance(@ij,mj).

d. Replacing the way $;; and SEA; are calculated by using the entailment-based approach discussed

in Appendix BI.

Table B1 presents the results for these different implementations of AQER. It also reports the results for the
best baseline approach (either Li and Fukumoto 2019, or “LLM-as-a-judge”, depending on the dataset) and
the standard implementation of AQER (as described in the main body of the paper) as reference points. As
observed in Table B1, all the different variants of AQER display robust performance — regularly surpassing
benchmark approaches or, at minimum, producing comparable results to the best-performing baseline. It is
also possible to observe that AQER with Entailment-based initialization, as well as AQER with noisy
initialization, converge to the same results (3 digits after the decimal point) as the standard AQER
implementation, thus indicating the robustness of the convergence of the iterative procedure and its ability
to produce meaningful results. Additionally, we see that the AQER implementation used GPT 3.0-based
embedding was very competitive and produced the best results for the CS dataset (outperforming the original

AQER implementation).

3 See text-embedding-3-large in https://platform.openai.com/docs/guides/embeddings



Table B1. Worker Evaluation

AQER with | AQER with | AQER with | AQER with AQER with
Dataset Standard MPNet- Entailment- GPT 3 - Negative Nois WVZi ht Best Baseline
AQER based based based Euclidean Ini tiZlizati(g)n Approach
Embedding | Initialization | Embedding Distance
Science & 0.950 0.921 0.950 0.933 0.930 0.950 0.901
Sports
History & 0.915 0.887 0.915 0.892 0.828 0.915 0.793
Movies
Corpputer 0.964 0.958 0.964 0.976 0.958 0.964 0.960
Science

This table presents the Pearson correlation coefficients between each worker's average response grade as determined
by human expert evaluators and the worker's grade calculated using our AQER framework (different variants) and the
best baseline approach. The reported results for the semi-synthetic Computer Science dataset represent the average of
25 simulation repetitions. Best AQER variant for each dataset is highlighted in Bold.

B3 — Proof of Convergence of the AQER framework

Without loss of generality, we focus on a specific query Q;, and on the SEA; vector associated with the
answers R; (and their corresponding embeddings text;;) of all workers W; to this query. Let
cosine(text;j, texty e ;) denote the cosine similarity between worker W;’s response for Q; and the true
embedding textyye ;. For brevity, we may use cosine;;.

We define d; as the difference between the true vector of Q; (i.€., textse j) and the SEA; vector, computed
as: dj = error(SEAj) = 1 — cosine(SEAj, textirye j). We denote the iteration index of the AQER
process by {tq, t1, ... }. We assert that, in expectation, if z,> ¢, , then:

tp tr
() d” < d;

AQER’s iterative process ensures that, in expectation, the difference between the synthetic exemplary
answer vector SEA; and the true answer texty,, ; vector decreases with the number of iterations. While
individual iterations may introduce temporary deviations, the overall trend exhibits a contraction pattern,

ensuring convergence as the process progresses.

Justifying the assertion

According to step 2 of the AQER algorithm,



SEA]@ = Ziweighti(t) X text;;.

Initially, at =0

+(0)
0 Sij
SEA]( ) = Ziz-;(o) X textij.

ll]

We want to show that applying updated weights at later iterations leads to a decrease in d;. Recall that the
weights are normalized. Additionally recall that they are computed based on the grades of the workers. That
is:

weighti(t) = *i(t)/Z §i(t)
i

Since the grade of each worker is influenced by the quality of the worker’s answers, a weighting mechanism

systematically reduces the influence of workers whose embeddings text;; deviate significantly from the
SEA; vector, and vice versa. As a result, over time, the SEA; vector in the AQER process will include

smaller portions of the lower-grade workers’ answers, and larger portions of the higher-grade workers’
answers.

Consequently, the influence of low-quality answers on SEA; is reduced, while the contribution of high-
quality answers — closer to the true answers — is increased. This process ensures that SEA; moves closer to

textyrye j, reducing d; over iterations.

The unbiasedness and independence assumptions made imply the following:

The SEA; vector is, on average, closer to the textye ; vector than the text;; vector. This does not
necessarily hold for every individual iteration, as some worker responses may be closer to the true answer
than the current SEA;. However, in expectation, the iterative weighting process ensures that SEA; moves
progressively closer to texts,e j over multiple iterations.

Since the AQER process downweights low-quality responses and assigns higher influence to high-quality
responses, the overall trend remains monotonic improvement in expectation. Even if some individual
iterations introduce temporary deviations, the expected contraction property ensures that the process

follows a Cauchy sequence, leading to convergence.



This holds in particular for “bad” workers, whose text;; vectors are, on average, farther from texts,
compared with the text;; vectors of “good” workers. By downweighting “bad” workers’ influence in
subsequent iterations, we reduce their impact on the next SEA; vector, effectively decreasing d;.
As the iterative process continues, the influence of "bad" workers diminishes, leading to an expected
reduction in d; over iterations. While some individual iterations may not strictly reduce d;, the overall
expected behavior is a progressive reduction in deviation.
Cauchyness
To prove convergence of the sequence of the d; values, we show that the sequence is Cauchy (Fridy, 1985),
which leads to the sought conclusion.
To show that the sequence {d}} is Cauchy, where each element in the sequence is computed based on the
previous one, we need to prove that for every >0, there exists an N such that for all m,n > N, the distance
between the elements satisfies:
| d; ™= d; ™)<c.
We seek a recurrence relation according to which
d; (1) = d; ™, O<w,<l.
We can express the general element as:
d®O=dO (w-w,), 0<w<I.
Denoting wie = max(w;), we obtain:
di <= © 0"

where d; ) is the initial value of the sequence.

Since the iterative process progressively reduces the influence of high-error responses, we expect d; ™ to
follow a contraction pattern. Our goal is to show that this contraction ensures a Cauchy sequence, thus
proving convergence.

To establish Cauchyness, consider the difference:

| d; (n)_dj(m)|:| dj(O) | (wie - wy) —(wie - - wi)l



W.L.O.G., assume n<m , SO we can write
| d; ®—d; =] d O - (i W) (Wi - Wn Wnss - - W)l , Or
| d; O—d; ™= d; O || (wr- - wy) |- LI=(Wass - - - War)l

Since 0<w;<I, as m—n —o0 we can choose N sufficiently large such that:

€
| dj (0)I

(Wi Wn) =(Wi+ == W Wasr - - Wi)| <

Which ensures that:
| d; O d ™| < ¢
Since for any €>0 we can find an N such that for all m,n > N the difference | d; - d; ™| is arbitrarily small,

the sequence is Cauchy. Following a fundamental theorem in Complete Metric Spaces, every Cauchy

sequence converges (see Rudin (1976) for a detailed proof of the theorem). This entails convergence of the

AQER process m

APPENDIX C — THE IMPACT OF AQER'S MAIN COMPONENTS

In this appendix, we report on an ablation study designed to evaluate the impact on the performance
of AQER's two main components: the multidimensional voting and the iterative reweighting procedures.
To this end, we compared the performance of a full implementation of the AQER framework against the
performance of a simplified implementation in which the reweighting procedure was “turned off”, leaving
the framework with only the multidimensional voting mechanism. As observed in Table Cl1, the
multidimensional voting method by itself obtains very good performance even without using the iterative
reweighting procedure. Nevertheless, activating the iterative reweighting procedure provides an additional
1%-2% performance improvement, which was statistically significant in all cases (p < 0.01). It is important
to note that this improvement by the iterative reweighting procedure is not trivial given the already very
good results obtained by AQER's multidimensional voting component, and the minor possibilities for
improvement when the Pearson correlation is already close to 1. Furthermore, as shown in Appendix F, in
some more challenging conditions the iterative reweighting component of AQER provides additional

robustness and contributes to significant performance improvement. Overall, the results of this ablation



study indicate that the multidimensional voting concept is the more impactful component of our approach
(it is also a pre-requisite for applying the iterative reweighting component), yet when accuracy is paramount,
or when conditions are more challenging (as shown in Appendix F), it is recommended to apply both of

AQER's components to obtain the best possible performance.

Table C1. Ablation Study, The Impact of Iterative Reweighting

A B C D
Settings AQER Using Full AQER Using %Improvement by using
Multidim. Voting Multidim. Voting and Iterative Reweighting
(Iterative Reweighting Iterative Reweighting
Turned Off)
Science & Sports 0.939 0.950 1.2%***
History & Movies 0.898 0.915 1.9%***
Computer Science 0.945 0.963 1.9%***

Note: Columns B and C in this table present the Pearson correlation coefficient between each worker's average response
grade as determined by human expert evaluators and the worker's grade calculated using our AQER framework with
two different implementations (either with or without iterative reweighting). Column D reports the percent of
improvement when using multidimensional voting in AQER. The reported results for the semi-synthetic Computer
Science dataset represent the average of 100 simulation repetitions. *** indicates that the mean difference between the
AQER framework implemented with and without multidimensional voting is statistically significant with a p-
value<0.01 (calculated using BCA bootstrap).

APPENDIX D — ADDITIONAL PERFORMANCE MEASURE

In the main body of the paper, we reported results for the worker evaluation task using the Pearson
correlation coefficient which is commonly used in related ASAG research. For robustness, in this appendix
we report the results obtained for the same datasets, but with an alternative performance measure: the cruder?
Spearman rank correlation coefficient. Specifically, Table D1 reports the performance of our method and
the baselines using this measure. The results, given this additional metric, show that AQER is still the
method of choice and that it provides robust performance for the worker evaluation task: it is either

substantially better or at least comparable to the best alternative.

4 Spearman rank correlation coefficient is generally cruder than Pearson correlation. Spearman rank correlation only
measures the relative rankings between the workers' rank and their true rank, and it does not consider the magnitude
of the differences.



Table D1. Worker Evaluation - AQER and Baseline Performance (Spearman Rank Correlation
coefficient)

Dataset ?&Eg RZi,et Ful?ulnito, aIChgl();tz Bleul | Bleu4 S]i(:)rrte o I;];l::l
2016 2019 " judge

Science & Sports 0.945 | 0.865 0.945 -0.029 | 0.683 | 0.695 | 0.629 | 0.747 | 0.890
History & Movies 0.906 | 0.779 0.775 -0.087 | 0.612 | 0.528 | 0.441 | 0.594 | 0.808
Computer Science 0.883 | 0.847 0.884 0.055 | 0.787 | 0.808 | 0.806 | 0.842 | 0.890

This table presents the Spearman rank correlation coefficients between each worker's average response grade as
determined by human expert evaluators and the worker's grade calculated using our AQER framework and various
baseline approaches. The reported results for the semi-synthetic Computer Science dataset represent the average of 25
simulation repetitions.

APPENDIX E - THE IMPACT OF THE NUMBER OF QUESTIONS

We evaluated how the number of questions affects the performance of the AQER framework. The capacity
to identify high-quality workers with a small number of questions may be useful towards reducing the cost
of initial screening of workers. In this analysis, we drew upon the semi-synthetic-based simulation approach
(computer science dataset). Recall that the original dataset has 87 questions. Based on the original dataset,
we simulated additional datasets having [80, 70, 60, 50 ,40 ,30, 20, 10, 5] questions by randomly omitting
questions from the original dataset. The simulation procedure was repeated 50 times, and in each iteration,
different questions were removed. Figure E.1 reports the mean Pearson correlation value between the
AQER-generated scores and the human-generated scores. As is evident in this figure, AQER performed
well even when the number of questions was much lower than in the original dataset. For example, when
supplied with 30 questions, AQER obtained a mean Pearson correlation above 0.9; and when the number of
questions was reduced to only 10, AQER obtained a mean Pearson correlation of 0.787 (p-value was lower

than 0.05, in 49 out of 50 simulation repetitions).



Figure E1. AQER Performance as a Function of the Number of Questions (Evaluation Based on
Computer Science Dataset)
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Note. This figure presents the mean Pearson correlation (across 50 simulation runs) between each worker grade as
determined by human evaluators (where each worker’s grade is the average score across that worker’s individual
responses) and the worker grade calculated by the AQER framework. The x-axis represents the number of questions
drawn at random from the semi synthetic-Computer Science dataset, on the basis of which AQER conducted its
scoring.

APPENDIX F - NUMERICAL SIMULATION

In AQER’s analytical motivation (section 4.1.1), we derived the boundaries of the error of the SEA (versus
the corresponding correct response vector) for cases in which standard PAC-learning-based assumptions are
met, and in Online Appendix B3 we proved that under these assumptions, AQER’s iterative process
converges. In this appendix, we present the simulation procedure we developed for testing the impact of

relaxing the model's assumptions and additional extreme conditions.

The simulation scenarios described below, unless stated otherwise, involve 30 workers, who each answer

the same n = 20 questions. For each question Q;, we simulate a correct response vector, texty, e j, of size
512. Specifically, the values of the vector elements of the correct response vector, textyyye jx (Where

k=1,...,512), are randomly generated with normal distribution with a mean of 0 and standard deviation of



1. In addition, for each worker w;, we create 20 responses; each response corresponds to one of the 20
questions. Worker w;’s response to question Qj is represented by vector text;; with 512 elements, whose
kth element is denoted by textiji. textjj is also randomly generated using a normal distribution with a
default mean that is equal to textyye jk, and a simulation-defined standard deviation and bias (to be detailed

in each specific simulation scenario). This approach enables us to generate workers with known individual

1 .
“true” s; (calculated by s; = ;Z jcosine(texty e j, text;;).

Each simulation scenario was repeated 30 times to derive average outcomes.

Finally, in the simulations below we typically consider two types of workers: “high-quality workers” and
“low-quality workers” that may differ by their response standard deviation and bias. In the different
scenarios, we manipulate the standard deviation and bias values or the ratio and absolute numbers of each

type of worker.

In the following sections we will evaluate the impact of gradually relaxing the following assumptions:

(1) Workers are independent: Cov(textijk, textljk) =0, foralli#1Ljk

(2) M (the number of workers) is large.

In addition we evaluate the impact of other factors:

(3) The variance in the responses’ representations;

(4) Bias in workers' responses.

F1. Violating the Assumption that Workers’ Responses are L.I.D

In this section, we test the impact of relaxing the assumption that the workers produce independent
responses. Specifically, we seek to test the performance of AQER in challenging conditions in which “low-

quality workers”, who produce inaccurate responses, also tend to produce the same inaccurate responses.



This scenario may occur in real-world settings in which, for example, multiple workers provide a similar
incorrect response due to shared background; workers are being adversarial and intentionally coordinate to
produce a similar, incorrect, response; or multiple workers resort to providing some default incorrect answer

such as “I don’t know”.

This simulation considers two types of workers: either high-quality workers (with zero bias and a standard

deviation of 0.5 for each response element text;;y), or low-quality workers (with zero bias but with a
standard deviation of 3 for each element text;j). The simulation begins when there is no correlation among

the low-quality workers, and gradually increases the Pearson correlation (from 0 to 1) between the low-
quality workers to simulate scenarios where workers are not independent. We note that the simulation
procedure produces low-quality workers with both higher variance (std of 3) and increasingly growing levels

of correlation between them.

Figure F1 presents these simulation results. The x-axis presents the level of Pearson correlation among low-
quality workers, while the y-axis shows the framework's performance (Pearson correlation between
workers’ grades according to AQER, and the workers’ true grades). In the scenario presented, half the
simulated workers are high-quality workers and half the workers are low-quality workers (whose internal
correlation is being gradually increased). In this figure, we observe that the AQER model achieves high
performance as long as the correlation between the responses of low-quality workers is lower than 0.7.

However, when the correlation reaches 0.70, the performance drops significantly.



Figure F1. The performance of AQER when the correlation among low-quality workers is gradually
increased, with half of the workers being of low quality.
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F2. Violating the Assumption that the Number of Workers Is Large

To evaluate the impact of this assumption, we begin the simulation with 90 workers; a third of these workers
are simulated to be high-quality workers with a standard deviation of 0.5, a third are and the workers are
simulated to be medium-quality workers with a standard deviation of 1, and a third of the workers are
simulated as low-quality workers with a standard deviation of 2. We then gradually reduced the number of

workers until there are only 3 workers left.

Figure F2 shows the performance of AQER when 50% of the workers are high quality and the rest are low
quality, and as the number of workers gradually decreases.5 As observed, the model produces excellent

results until the number of workers reaches 3.

5> This simulation reduces the same ratio of low-quality workers and high-quality workers in each iteration.



Figure F2: The performance of AQER when decreasing the number of workers, with 50% of the

workers being of low quality.
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This analysis indicates that the model is robust to reductions in the number of workers until a critical

threshold is reached.

F3. Noisy Responses - High Embedding Variance

To test the impact of noisy responses, resulting in high embedding variance, we begin our simulation with
three types of workers: high-quality workers (with zero bias and a standard deviation of 0.5 for each element
textijr), medium-quality workers (with zero bias and a standard deviation of 1 for each element text;;y),
and low-quality workers (with zero bias and a standard deviation of 1.5 for each element text;;,). We then
gradually increase these standard deviation values by increments of 0.5 until the standard deviation increase
reaches 5. Figure F3 illustrates the performance of AQER as the mean standard deviation across all workers’

text;;, elements increases.



Figure F3: The performance of AQER when increasing the standard deviation of worker responses
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The results show that the model starts with a high Pearson correlation (between AQER and true grades) that
is close to 1.0 when workers’ response standard deviation is low. As the standard deviation increases, the

performance of the model declines.

F4. Noisy Responses - Systematic Bias

We sought to test how AQER handles systematic bias, i.e., biases with a shared direction. We began by
simulating half of the workers as “high-quality workers” with zero bias and a standard deviation of 0.5 and
half of the workers as “medium-quality workers with zero bias and a standard deviation of 1 for each
response element text;j. We then gradually introduced “low-quality workers”. Specifically, we repeatedly
replaced one “high-quality worker” with one “biased” worker whose response vector elements, text;jy, have

a systematic bias of 0.5 (the standard deviation of 0.5 is unchanged) and one “medium-quality worker” with



one “biased” worker whose response vector elements, text;j,, have a systematic bias of 0.5 (the standard
deviation of 1 is unchanged).
For each percentage of systematically-biased workers, we calculated AQER’s performance using the

Pearson correlation between the grades produced by AQER and the workers' true grades. The simulation

results are presented in

Figure F4. In this figure, the x-axis represents the percentage of biased workers in the entire set, while the
y-axis shows the framework's performance (where performance is evaluated according to the Pearson

correlation between the workers’ true grades and the grades calculated by the framework).

Figure F4. The performance of the AQER model when increasing the percentage of biased workers.
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As shown in Figure F4, AQER maintains high performance (high Pearson correlation) initially but begins

to degrade noticeably when the proportion of biased workers exceeds approximately 30%. It is important to



note, however, that a scenario that involves systematic biases in embedding vectors is likely to be very
uncommon in reality, unless the workers are adversarial, conducting a systematic attack. In case of non-

systematic biases, the biases would mathematically cancel each other out.

APPENDIX G - COMPARISON WITH BAG-OF-WORDS REPRESENTATION AND
MAJORITY VOTING

In this appendix, we evaluate the impact of the textual representation and the corresponding
multidimensional voting scheme (either majority voting or average voting). As detailed in section 4.1,
AQER may be implemented with either average voting or majority voting.

Table G1 compares the performance of a basic AQER implementation, with only the voting
component (the iterative EM-based reweighting component is turned off), either using a binary BOW
representation® and corresponding majority voting or using RoBERTa-based embedding (our standard
implementation) with average voting. The table shows that using advanced textual representation with the
corresponding average voting outperforms using BOW representation with the corresponding majority
voting.

Table G1. Worker Evaluation — AQER Without Iterative Re-Weighting, Using Different Textual
Representation and Voting Options

Dataset BOW-Basesi Rppreseptation with Embedd.ing-Based Repre.sentation
Majority Voting with Average Voting
Science & Sports 0.859 0.939%**
History & Movies 0.609 0.898***
Computer Science 0.879 0.945%**

This table presents the Pearson correlation coefficient between each worker's average response grade as determined
by human expert evaluators and the worker's grade calculated using our AQER framework with the iterative re-
weighting procedure turned off, using two different implementations: either using a BOW-based representation with
majority voting or using an embedding-based representation with average voting. The reported results for the semi-
synthetic Computer Science dataset represent the average of 100 simulation repetitions. *** indicates that the mean
difference between the two alternatives is statistically significant with a p-value<0.01 (calculated using BCA
bootstrap).

Table G2 shows a similar comparison while using the full AQER implementation, i.e., with the

6 Each word in the text is lemmatized using NLTK package in python. If a lemmatized word appears within the text then the binary vector element
representation for this word will indicate '1', otherwise '0".



iterative EM-based reweighting component turned on. In this case as well, the table shows that using
advanced (RoBERTa-based) textual representation with corresponding (weighted) average voting
outperforms using BOW representation with corresponding (weighted) majority voting. Overall, the results
demonstrated in both tables show that it is clearly advantageous to implement AQER with more advanced
textual representations, such as transformer-based embedding, together with the corresponding average
voting scheme.

Table G2. Worker Evaluation — Full AQER, With Iterative Re-Weighting, Using Different Textual
Representation and Voting Options

BOW-Based Representation with

Embedding-Based Representation

Dataset (Weighted) Majority Voting with (Weighted) Average Voting
Science & Sports 0.901 0.950%**
History & Movies 0.625 0.915%%**
Computer Science 0.930 0.963***

This table presents the Pearson correlation coefficient between each worker's average response grade as determined
by human expert evaluators and the worker's grade calculated using our AQER framework with the iterative re-
weighting procedure turned off, using two different implementations: either using a BOW-based representation with
majority voting or using an embedding-based representation with average voting. The reported results for the semi-
synthetic Computer Science dataset represent the average of 100 simulation repetitions. *** indicates that the mean
difference between the two alternatives is statistically significant with a p-value<0.01 (calculated using BCA
bootstrap).

APPENDIX H - BASELINES IMPLEMENTATION

As discussed in section 5.4, we compare AQER’s performance to the performance of multiple
baseline approaches. In this appendix, we provide details on the implementation of these baseline
approaches.

The Bleul and Bleu4 measures were used as baselines for comparison following studies that
compiled Q&A datasets (e.g., Nguyen et al., 2016; Bajaj et al., 2018; Kocisky et al., 2018). These studies
did not develop methods to assess worker quality or score LLM responses. Instead, they employed machine
translation measures, in an ad-hoc manner, for internal consistency verification (see the discussion in the
"Related Work" section). We followed these works and constructed baselines using the same machine
translation measures (Papineni et al., 2002). Specifically, similarly to these studies, for the worker
evaluation task, we calculated the Bleu score for each focal answer by considering all other answers as

“correct” reference answers. Similarly, for the language model response evaluation task, we calculated the



Bleu score for each LLM response while considering all of the workers’ responses as reference answers. To
calculate the Bleu scores (either Bleul or Bleu4) we used word tokenization and Bleu score calculations
using Python’s popular NLTK package.

BERTScore (Zhang et al., 2019) is a more recent algorithm that allows, similar to the Bleul and
Bleu4 scores, to evaluate the extent a reference text matches the responses or translation provided in multiple
candidate answers. Unlike BLEU metrics, which rely on exact word matching, BERTScore leverages
contextualized token embeddings to measure semantic similarity between texts. In contrast to our method—
which compares entire sentence embeddings using cosine similarity—BERTScore constructs a cosine
similarity matrix by comparing each token from the candidate text with every token in the reference text,
ultimately deriving a similarity score from the best-matching token pairs.

We used BERTScore as an additional baseline. Specifically, we used the bert-score python package
with its default configuration, which relies on ROBERTa embedding and returns the best-matching F1 score.
For the worker evaluation task, we used the F1 measure that is internally reported by the BERTScore
algorithm for each focal answer by considering all other answers as “correct” reference answers. Similarly,
for the language model response evaluation task, we calculated the BERTScore for each LLM response
while considering all of the workers’ responses as reference answers.

Another baseline that we used is based on the paper by Roy et al. (2016). Specifically, to calculate
a score for each individual response, we implemented and optimized the method proposed by Roy et al.
(2016). We note that their paper does not provide exact implementation procedures in an algorithm block,
and does not include a sharable implementation code’, and hence there is insufficient information regarding
the maximal length of the sequences that they used.® Therefore, to produce a meaningful baseline, we
optimized Roy et al.’s (2016) approach by selecting the most promising implementation after testing
multiple sequence lengths, and we report the performance of this implementation in this paper. Specifically,

we randomly selected 30 questions from the dataset compiled by Mohler et al. (2011) and tested

7 We have contacted the authors of (Roy et al., 2016) asking for the code. However, they did not have the code available.
8 We note that the method by Roy et al. (2016) is extremely computationally intensive (or practically infeasible) for long sequences; thus,
determining the sequence length used in practice is vital for any implementation of this approach.



implementations with variable maximal sequence lengths.” We then implemented the best-performing setup
as the baseline approach throughout our evaluations. Additionally, to implement the stemming and stop-
word filtering procedures, we used the popular NLTK package in Python. We note that optimizing the
baseline’s sequence length over a part of the dataset (Mohler et al., 2011) that was used in our evaluations
may provide an advantage to Roy et al.’s (2016) baseline approach. Thus, the improvements over the
baseline for this dataset (if obtained) may be regarded as conservative estimates. Additionally, the method
by Roy et al. (2016), was not designed, and does not include a mechanism to evaluate external responses
such as LLM responses. Therefore, to evaluate the LLM responses, we selected the highest-scored response
by Roy et al.’s method as a reference answer and scored the LLM response using the Bleul measure with
this reference answer.

To implement LLM-as-a-judge, we presented OpenAl's ChatGPT-40-mini model with a pair
consisting of a question and an answer in each session. We then asked the model, acting as a "judge," to
evaluate the quality of the answer and provide a numeric score between 0 and 100. As a safeguard against
rare instances in which the model may fail to produce a numeric score, our code included a verification
mechanism to ensure that the response was numeric. If the response is not numeric, the model is prompted
again. If, after two attempts, it still fails to generate a numeric score, the code assigns a default value of 50
(the midpoint between 0 and 100). Before deploying the "LLM-as-a-judge" approach with ChatGPT-4o-
mini, we manually reviewed its outputs and our evaluation logs across two simulation runs using all three
datasets. We did not encounter any instances where it failed to generate numeric scores. Additionally, we
used data from these evaluations to compare ChatGPT-40-mini's ability to evaluate workers and LLMs
against that of the more expensive ChatGPT-40. The observed differences in performance between the two
models in evaluating workers and LLMs were negligible, leading us to conduct large-scale testing with the
more cost-effective ChatGPT-40-mini.

Importantly, as noted in the main body of the paper, it is important to acknowledge that ChatGPT-

40-mini (and ChatGPT-40) may have an inherent advantage when serving as a baseline for the CS dataset.

9 Specifically, we tested maximal sequence lengths of 2, 3, 5, 10, 15 (stemmed) words. We found that the best results were produced with a
maximal sequence length of 2, and that in general, the shorter the sequence length used by the baseline, the better.



Since the dataset's questions, answers, and responses are publicly available online, they may have been
included in the training data for these models.

Additionally, we followed (Liang et al., 2023) and used the F1 metric for text similarity. Different
from BERTScore, in this case, the F1 score was directly based on word similarity in the text between a focal
answer and reference answers for evaluating the correctness of a response. Specifically, we use Python’s
NLTK package to calculate the F1 score between a focal answer and each reference answer and return the
maximum score.

To implement and adapt the method proposed by Li and Fukumoto (2019) we primarily relied on
the publicly shared code for their RASA approach and made only minimal modifications required to enable
the code to run on a recent Tensorflow version and to employ USE embedding from Tensorflow hub.
Additionally, recall that the method proposed by Li and Fukumoto (2019) did not aim to produce worker
evaluations or to score LLMs. Therefore, to address the worker evaluation task we extracted reliability
scores which are internally calculated by Li and Fukumoto’s method. To address the LLM evaluation task
we generated an embedding vector for the “best” response (for each question) as selected by Li and
Fukumoto’s method. We then scored each LLM response according to its cosine similarity to an embedding
vector of the selected response by Li and Fukumoto’s method.

Finally, the paper by Chai et al., (2022), which we also used as a baseline, does not have a publicly
available code.'” We therefore implemented their approach based on the description in their paper. To
implement their gradient descent approach, we used a numerical differentiation, a step size of 0.001, and an
early stopping condition.!' Since Chai et al., (2022) did not aim to evaluate workers we extracted internal
response error scores for each question and worker combination and graded each worker according to the
negation of each worker's average response error. To address the LLM evaluation task, again, we generated
an embedding vector for the selected response to each question and scored each LLM response according

to its cosine similarity to the relevant embedding vector.

10We have contacted the authors asking for the code however we did not get a reply.
11\We also tested smaller step sizes and saw only negligible or no improvement, with substantial increase in run time.



APPENDIX I - BEST RESPONSE SELECTION
The original goal of some of the baseline approaches (e.g., Li and Fukumoto, 2019; Chai et al., 2022)

was to select the best response for each question rather than to evaluate LLMs. Although best response
selection is not one of AQER’s main goals, in this Appendix we evaluate how AQER performs at the task
of best response selection.

In particular, to address the goal of selecting the best worker-generated response to the question @,
we make another use of SEA; (previously calculated using Algorithm 1 in the main body of the paper). As
SEA; cannot be directly transformed into a textual response, AQER can employ a simple-to-implement
procedure to select the most accurate worker-generated response. Specifically, for each text; ; (the vector
representing a response R;; for question @) AQER can calculate the similarity betweentext; ; and SEA;.
AQER can then choose the response R;; that corresponds to the highest similarity. In this work, we consider
the popular cosine similarity measure. However, other similarity measures may be used as well (e.g., inverse
Euclidian distance).

Similar to LLM response evaluation, we evaluate best response selection beginning with a small number
of randomly selected workers (M=5), and then gradually increasing the number of workers recruited to
answer each question (considering also M = 10, 15). For each value of M, we repeated the evaluation 25
times; we then applied AQER and the baselines to select the best responses, and we documented the real
grade'? of each selected response. The mean real grades for the best responses selected by implementing
our AQER approach and the baselines are presented in Figure 11, together with 95% confidence intervals.
As observed, the AQER method is robust: it consistently achieves either superior results compared to the
baseline approaches or is otherwise equivalent to the best alternatives. These results demonstrate the utility

of AQER in extracting particularly high-quality responses out of all the responses provided by the crowd.

12 The real grade is the human evaluator-based grade that is strictly kept hidden from AQER and the baselines. Note that each response was
originally graded by two evaluators as discussed in section 5.2 and Online Appendix A.



Figure I1. Selected Best Responses’ Grades
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Note: The figure shows the mean (real) grade and 95% confidence intervals (lightly shaded colors) for the best response
selected by implementing AQER and the baselines. Additionally, the figure presents the average grade of all of the
responses provided by the selected workers. Results are based on 5, 10, 15 randomly selected workers from each
dataset. For each number of workers selected, the results are based on 25 repetitions of random sampling of workers.
Grades for the “Science and Sports” and “History and Movies” dataset are between 0% and 100%. Grades for the
Computer Science dataset (Mohler et al., 2011) are between 0 and 5.

APPENDIX J - COMPARISON TABLE

The Related Work section discusses several papers that address related problems. Table J1 provides a
comparison table for the main differences and similarities between our work and the most relevant related

works.



Table J1: Comparison with Related Works

Approach Goals Evaluation
Uses purposely
Goal: Extract Empirical built numerical
Provides Correct or Evaluation using simulation to
Modular Required Uses an lterative | Unsupervised Goal: Assessing Goal: Worker Aggregated Real-World assess operating
Paper Framework Assumptions procedure Approach Language Models Evaluation Response Datasets conditions Analytical Evaluation
Li and Fukumoto, 2019 x x v v x x2 v v x x
Li, 2020 x x v v x x2 v v x x
Chai et al., 2022 x x v x x x2 v Ve x x
Braylan and Lease, 2020 v x v x x v v Ve x x
LLM judge (e.g., Zheng et al., 2023) x x n/a’ v v x x v x x
Nguyen et al., 2016 x x x v v x x v x x
Kogisky et al., 2018 x x x v v x x v x x
Roy et al., 2016 x x x v x ' x4 v x x
AQER (our work) v v v v v v x5 v v v
Notes:

1. The approach modularity is restricted to supporting several metrics.

2. This is not a goal of the approach, but worker evaluation can be obtained from internal measures used by the approach.

3. The paper scores each response separately so workers’ evaluation can be conducted using the average score.

4. The paper does not aim to select the best response however this information can be obtained.

5. Although it is not a primary goal of our work - our AQER framework can extract the best response out of the set of existing responses. This is demonstrated in
Appendix I.

6. The paper focuses on other forms of text (e.g., translation) and does not evaluate free-text responses to questions.

7. LLM as a judge is not supervised or fine-tuned for the evaluation of LLMs or workers' responses. It also does not use a dedicated iterative procedure for improving
its LLM evaluations.



APPENDIX K - INCREASING A HIGH-QUALITY WORKER'S NUMBER OF
INCORRECT RESPONSES

In this appendix, we report on an analysis that builds on simulation settings described in Appendix F
and examines the impact on the performance of AQER when a 'high-quality' worker provides incorrect
answers to an increasing number of questions.

In this simulation scenario, 50% of the workers are ‘high-quality’ (standard deviation of 0.5) and 50%
are ‘low-quality’(standard deviation of 3). We gradually increased the number of incorrect responses from
one of the 'high-quality' workers up to a total of ten incorrect responses.'> We observed that the model

produces excellent results with less than 1% degradation.

APPENDIX L — ADDITIONAL PROMPTING STRATEGY

As discussed in the main body of the paper, AQER is not only useful for comparing LLMs' accuracies
but can also be used to evaluate the accuracy of LLM responses given different prompting strategies. In this
appendix, we provide a simple demonstration of AQER's usefulness, compared to the baseline approaches
when using an alternative prompting strategy with one of the LLMs used in the main body of the paper
(Lamini LLM).

The original prompting format used in the main body of the paper was: “With regards to <topic>, please
answer the following question in one sentence: <the question’s text>. Your output format should be: 'The
answer is: {{generated answer}}”.'*

For an alternative (simple) prompting strategy, we used the following prompt: “With regards to <topic>
please answer the following question as concise as possible: <the question’s text>. Your output format is

‘answer: {{short answer}}'”.

Performance evaluation was conducted in a manner similar to that reported in Section 6.2, using 5, 10,

13 To create these incorrect responses, we increased the worker’s standard deviation by 10, from 0.5 to 10.5, for
these specific questions, resulting in a cosine similarity close to zero with the correct responses.

14 For example: With regards to the Ironman race, please answer the following question in one sentence: Why do
different Ironman races have different time limits? Your output format should be: 'The answer is: {{generated
answer}}”



and 15 workers. As observed in Figure L1, AQER continues to achieve superior performance over the

baseline models even when applying this alternative prompting strategy.

Figure L1. Evaluation of the Lamini LLM when Responses Were Generated Using a Different Prompt
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APPENDIX M - GRAPHICAL ILLUSTRATION OF AQER USAGE SCENARIOS

In this appendix, we provide a visual illustration of a few of AQER’s use cases. Each Illustration is

accompanied by explanations in Table M1

Table M1: A Graphical Illustration of Several AQER Usage Scenarios

Scenario 1: Using AQER for Pre-Screening of Potential Crowd Workers

In this scenario, AQER is applied to the responses of a group of crowd workers, who respond to a set of questions
in a given domain. The top performing (most accurate) workers are selected and may be called upon in the future
to answer additional questions in this domain.

Crowd Apply AQER Select

Workers’ to Evaluate Crowd
Responses Workers Workers

Scenario 2: Using AQER for LLM Model Selection (given pre-selected workers)

This scenario assumes that the workers have already been selected and provided responses to a set of questions. The
workers may be crowd workers, who were found to be reliable in the past, expert workers within the organization,
or workers previously selected by AQER. AQER is then applied to evaluate the accuracy of different LLMs’
responses. Response evaluation could be conducted for different LLM models, different development versions, or
various fine-tuning procedures.

Workers’ Select best
Responses Apply AQER LIM

Scenario 3: Using AQER for LLM Model Selection and Simultaneously Monitor Workers’ Response Quality to
Incentivize Them

This scenario also assumes that the workers have already been selected and provided responses to a set of questions.
However, in the current scenario, AQER is applied for two purposes. The first is to evaluate the LLMs. The second
is to provide an ongoing evaluation of the workers. This evaluation could then be used to verify the quality of the
workers and to determine incentives for high-performing workers.




Determine
Worker’s
Incentives

Apply AQER
to Evaluate Select best
‘Workers & LLM
LLMs

Crowd
Workers’
Responses

Scenario 4: Using AQER for Pre-Screening of Potential Crowd Workers and Reusing the Responses for LLM
Evaluation

In this scenario, crowd workers are first pre-screened using AQER (similar to scenario 1). However, the responses
of the selected crowd workers from the pre-screening phase are reused. These responses, together with additional
responses from the selected workers are subsequently used by a second instantiation of AQER to evaluate the
accuracy of LLM responses.

Crowd Apply AQER Select
Workers’ to Evaluate Crowd
Responses Workers Workers

Selected
Workers’
Responses

Selected Workers’
Responses (from
the pre-screening

L & Apply AQER

Adc . to Evaluate Select best
Reponses LLM 0.
Selected Workers




APPENDIX N — ROBUSTNESS - ADDITIONAL SEMI-SYNTHETIC SIMULATIONS

The Computer Science (CS) dataset used in this paper involves a simulated assignment to individual
workers of the responses reported in a real-world Q&A dataset. This simulation procedure was reported in
section 5.1 of the paper. However, we acknowledge that in practice there are many possible ways to simulate
the response assignment. For robustness, we report the performance of two variations of the original
simulations in which, on average, 20% or 30% of the workers' responses are randomly assigned. Table N1
reports the results for the original CS simulation as well as the two new variations. As reported in Table N1,
increasing the randomness of the response assignment generally results in a small degradation in
performance for AQER and the baseline approaches. However, as observed, even when increasing the
randomness AQER continues to be the method of choice, displaying robust performance, regularly
significantly surpassing benchmark approaches or, at minimum, matching the best-performing baseline
(LLM-as-a-judge). These results match our findings using the CS dataset in the main body of the paper.

Table N1. Worker Evaluation - AQER Performance versus Baseline Approaches, Different Semi-Synthetic
Simulation Settings

Li& .
AQER |Royetal., Chai et LLM as
Dataset (Ours) 2016 Ful;l(l)l;l;)to, al., 2022 Bleul Bleud BertScore a Judge
CSDataset= | 964 | 0024 | 0927 | 0055 | 0870 0.864 0.895 | 0.960
Original Simulation
— 900
CS Dataset =20% | 940 0.895 0.909 0.030 0.811 0.794 0.835 0.946
Random Assignment
200
CS Dataset =30% | 93¢ 0.868 0.892 0.076 0.776 0.750 0.789 0.930
Random Assignment

Note. This table presents the Pearson correlation coefficients between each worker's average response grade as
determined by human expert evaluators and the worker's grade as calculated using our AQER framework and various
baseline approaches. The reported results represent the average of 25 simulation repetitions.

APPENDIX O - EXAMPLES OF QUESTIONS AND RESPONSES

In this appendix, we present examples of responses to two questions from the “Movies and History” dataset,
along with evaluations of these responses by human expert evaluators and by AQER. We focus on question
difficulty and we intentionally select questions that represent contrasting cases: one with the most accurate
responses and one with the least accurate responses within the dataset. The first question pertains to the

Wikipedia page of the movie The Wonderful World of the Brothers Grimm and the workers' responses to



this question received the highest average human evaluation score (0.959). Conversely, the workers'
responses to the second question, which relates to the Wikipedia page on the “Invasion of Normandy,”
obtained the lowest average human evaluation score (0.34), indicating that this question was significantly
more challenging to answer accurately by the workers. For each question, we provide examples of responses
for low, mid-range, and high-accuracy levels.

The responses to the first question, which were mostly highly accurate (average human evaluator score:
0.959), are presented in Table O1. The lowest-quality response (Response 1) received a human evaluation
score of 0 and a correspondingly low AQER score of 0.221. This was the only response that received a
human evaluator score below 0.8. The subsequent responses (Responses 2—4) were scored by human
evaluators between 0.8 and 0.9, with AQER scores ranging from 0.72 to 0.928. The highest-accuracy
responses (Responses 5 and 6) received a human evaluation score of 1, with AQER scores between 0.975
and 0.981. These examples demonstrate AQER’s strong performance when the average accuracy of workers'

responses is high.

Table O1 — High, mid, and low quality responses to a question with the highest average
human evaluator score

Question Correct Response Answer Human AQER Score
Answer Number Evaluation
Score
Accordlng to | History 0 0.221
the movie,
What.type. of 2 Fictions, fantasies 0.8 0.725
stories did
Wilhelm Folklore 0.720
3 0.9
collect? .
Fairy tales 0.928
(average 4 folklore, fairy stories. 0.9 '
human 5 fairy tales 1 0.981
evaluator
score of 6 Fairy tales. 1 0.975
0.959)

The responses to the second question, which yielded low accuracy responses (average human evaluator

score: 0.34), are presented in Table O2. In this table, the lowest-quality responses (Responses 1 and 2)



received a human evaluation score of 0 and correspondingly low AQER scores ranging from 0.107 to 0.187.
The mid-range responses (Responses 3 and 4) were scored by human evaluators at 0.5, with AQER scores
ranging from 0.32 to 0.77. The highest-accuracy responses (Responses 5 and 6) received human evaluation
scores between 0.8 and 0.9, with AQER scores ranging from 0.713 to 0.75. As expected, given the low
average worker score (0.34), AQER's grading of individual responses was less accurate than in table Ol1.
However, it is evident that AQER was still able to successfully assign higher scores to the best responses (5
and 6) compared to the lowest-quality responses (1 and 2).

Table O2— High, mid, and low quality responses to a question with the lowest average human
evaluator score

Question Correct Response Answer Human AQER Score
Answer Number Evaluation Score
1 I'm not sure 0 0107
What kind of I don't remember
attacks did the 2 : 0.187
Allies conduct Extensive 3 Aerial attacks 0.5 0.320
before the aerial and
seaborne naval 4 Air bombs 0.5 0.77
invasion?
bombardment ;
and Aerial
(average an airborne | 5 bgmbardment and 08 075
human airborne troop
assault
evaluator score deployment
0f 0.34) Extensive
6 bgmbardment from 09 0.713
air and sea and
airborne assault

APPENDIX P — ANALYSIS OF COSINE SIMILARITY

Table P1. presents two exemplary questions (the same ones reported in Appendix O) from our dataset, along
with their correct answers. For each question, we include a selection of answers provided by workers (also
the same ones reported in Appendix O), along with their respective cosine similarity scores, quantifying the

semantic similarity between each worker’s answer and the correct answer. These scores illustrate the


https://en.wikipedia.org/wiki/Airborne_forces
https://en.wikipedia.org/wiki/Airborne_forces

alignment between human evaluations and automatic semantic similarity measures.

Table P1 — Examples of questions, their correct answers, selected answers provided by workers,
corresponding human evaluation scores, and cosine similarity scores representing the semantic
similarity between the workers’ answers and the correct answers.

Human

airborne assault

. Correct . Cosine
Question Answer evaluation | , . .
answer similarity
score
History 0 0.190
According to Fictions, fantasies 0.8 0.687
the movie, Folkl 0.9 0.635
olklore . .
what.typ © of Fairy tales
stories did folklore, fairy stories. 0.9 0.839
Wilhelm -
collect? fairy tales 1 1.0
Fairy tales. 1 0.985
I'm not sure 0 -0.110
What kind of Extensive I don't remember 0 -0.096
attacks ,did acrial and Aerial attacks 0.5 0.479
the Allies naval
conduct bombardment | Air bombs 0.5 0.381
before the a}nd an Aerial bombardment and airborne troop
'seab(?rne airborne deployment 0.8 0.652
invasion? assault . 6 i+ and d
Extensive bombardment from air and sea an 09 0.899

Additionally, table P2 shows the Pearson correlation coefficients between human evaluation scores and

cosine similarity scores of workers' answers for each dataset, along with corresponding p-values indicating

statistical significance. The correlations are positive and significant (p < 0.001) across all datasets.

Table P2. Pearson Correlation between human evaluation scores and cosine similarity scores of workers’

answers in each dataset

Dataset Pearson Correlation p-value
Normandy Grimm | 0.75 <0.001
Voyager IM 0.73 <0.001
CS 0.47 <0.001
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