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Abstract

The rapid development of Large Language Models has high-
lighted the urgent need for large-scale, high-quality, and di-
verse data. We have launched an LLM data co-creation plat-
form aimed at bringing together a wide range of participants
to contribute data. Within six months, the platform has at-
tracted over 10,000 participants who contributed more than
150,000 data entries across more than 200 tasks. An ob-
servable user cohort was constructed around the question,
“Who is the best data contributor?” along with sub-questions
concerning user preferences, task competence, and more.
Through a detailed analysis of data contributors, this paper
reveals several data collection patterns related to human fac-
tors. It reveals that contributors who provide high-quality
data often do not meet initial expectations, as their behav-
ior exhibits typical characteristics of the Dunning-Kruger ef-
fect. This paper examined the cognitive bias between users’
self-assessment and actual abilities, where individuals tend to
overestimate their capabilities in certain tasks, leading to a de-
creased willingness to continue contributing and a consequent
waste of human resources. To address this issue, we propose
a task reassignment method based on multi-task fine-tuning
of small language models (SLMs) to better align user groups
with appropriate task types. After the reallocation, we ob-
served a significant increase in user engagement and platform
benefits, along with improved overall platform efficiency. The
versatility of this method makes it applicable to broader data
collection scenarios.

Introduction

In the evolution of Large Language Models (LLMs), data
plays an indispensable role. Following Scaling Law (Ka-
plan et al. 2020), the capabilities of LLMs have been sig-
nificantly enhanced, where high-quality data has a decisive
impact (Zhou et al. 2024). In the data-centric era of artifi-
cial intelligence, the collection of data has always been a
critical issue. Typically, high-quality question-and-answer
datasets constructed from existing materials (Huang et al.
2024; Gunasekar et al. 2023; Longpre et al. 2024) are often
constrained by the singularity of task types, which makes
it difficult to meet the diverse application needs. Moreover,
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the collection process of historical materials also reveals sig-
nificant differences from piratical application scenarios. An-
other approach is manual construction, such as establishing a
crowdsourcing platform to collect manually annotated data,
e.g., Scale.Al and Dynaboard (Ma et al. 2021). Most existing
crowdsourcing platforms mainly relying on participants’ re-
sponses to questions or annotations of given texts. However,
they fail to fully utilize the experience accumulated by ordi-
nary users in daily use of LLMs and their ability to identify
questions that LLMs find difficult to answer.

To fully leverage this collective intelligence, we initiated a
data co-creation platform! with the goal of “collecting high-
quality LLM evaluation data”. The data collection process
is shown in Figure 1. The platform posts relevant data tasks
to attract users to pose questions around specific topics and
to evaluate the performance of different LLMs, selecting the
best model to provide feedback or manually fill in corre-
sponding answers. The submitted data is reviewed by ex-
perts to ensure its quality and practicality. Focusing on typ-
ical LLM tasks such as logical reasoning, text generation
and personal assistant , over 200 specific scenario tasks were
refined, attracting more than 10,000 participants who con-
tributed a total of over 150,000 deduplicated data entries.

The extensive accumulation of data has provided us with
rich material to explore “Who are the best data contribu-
tors?”. However, we need to further analyze the following
two research questions (RQ) first:

RQ1: What user characteristics significantly contribute to
the quality of data?

RQ?2: What kind of task is suitable for what kind of users?

To answer these questions, we start from the perspective
of user behavior, constructing an observable user cohort, and
conducting a comprehensive analysis of user behavior pref-
erences and task completion rates. We found that users’ cog-
nitive levels and professional backgrounds, including age,
education level, occupation, and professional skills, affect
their understanding in different task types, leading to sig-
nificant differences in ability when handling specific tasks.
Nevertheless, some interesting findings that contradict ini-
tial expectations has also been revealed. In particular, users
tend to overestimate their abilities or preferences in certain
tasks, which do not match their actual areas of expertise.
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Figure 1: Data collection and user submission process. (Lower part) Users begin by selecting a task from a task pool and posing
a question to a LLM. The system then randomly selects three models from an LLM zoo to provide answers. Users evaluate
these responses and choose the best one. If none are satisfactory, users need supply their own answer. The user’s question and
selected preferences become part of a candidate data set submitted for reviewer evaluation. Successful submissions earn the
user a reward. (Upper part) During data collection, we noticed a cognitive bias among users. For example, doctoral candidates
showed high engagement in “software use” tasks but had a quite low success rate. Interestingly, tasks with less participation
may had higher success rates, highlighting a disconnect between skills and self-perception.

This phenomenon is consistent with the Dunning-Kruger ef-
fect in cognitive psychology (Dunning 2011). It usually lead
to users failing in tasks they think they are good at, which not
only diminishes their enthusiasm for continued contribution
but also impeded the operation of the platform.

To address this challenge, we propose a Generative De-
Biased Matching method (GDBM) aimed at refining the
alignment between users and tasks. Specifically, by estab-
lishing instruction dataset for three scenarios—‘‘user-task
matching”, “user-to-task™ (assigning tasks to a given user),
and “task-to-user” (matching users to a given task)—we
fine-tune a general small language model to alleviate biases
that various demographic groups may exhibit when handling
specific tasks. Experiments have shown that through task
reassignment, the user’s overall pass rate has increased by
35.78%, and their earnings have also seen a corresponding
increase of 20.68%, ensuring a mutually beneficial outcome
for both users and platform’s sustainable growth. The main
contributions are summarized as follows:

» This paper explores the relationship between user pro-
files and LLLM data collection tasks, along with the cogni-
tive biases users exhibit during the process. It specifically
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highlights the human factors, the mismatch between user
competitiveness and task requirements, and, drawing on
the Dunning-Kruger effect, constructs an observable co-
hort for social research in the era of LLMs.

* In addressing cognitive biases, we introduced three spe-
cific user-task matching tasks during data collection and
developed a generative de-biasing and matching method.
By multi-task fine-tuning on small language models, it
effectively reassigned users to tasks, enhancing the data
collection process.

* The proposed method’s effectiveness was validated us-
ing real-world data. The experiments showed dual ben-
efits post-reallocation: an enhancement in both individ-
ual gains and platform operational efficiency, achieving
a Pareto improvement.

Related Work

LLM data collection. In response to the current chal-
lenges of data quality and diversity in LLM, researchers
have embarked on multifaceted explorations. On one hand,
many efforts are focused on data synthesis (Wang et al.
2022), yet concerns about the potential negative impact of



synthetic data on model performance have garnered atten-
tion (Shumailov et al. 2024). On the other hand, establish-
ing crowdsourcing platforms has proven to be an effective
solution (Wang et al. 2024; Shmueli et al. 2021). However,
in the actual data collection process, efforts are often data-
centric, rarely considering user dimensions such as back-
ground, skills, and task alignment. During the data collec-
tion process, bias directly affects the efficiency and ethics
of the model, leading to discriminatory or unfair behavior
in LLMs when dealing with certain tasks (Gallegos et al.
2024; Shmueli et al. 2021). Particularly, biases in data col-
lection may lead to LLMs generating discriminatory con-
tent, potentially exacerbating social inequalities and propa-
gating stereotypes and prejudices(Wan et al. 2023).

Data collection de-biasing. Researchers employ vari-
ous strategies to ensure diversity in data collection (Zhuang
et al. 2015). Traditional bias mitigation methods rely on sta-
tistical means, such as setting fairness objectives through
techniques like threshold balancing and data augmentation,
which can effectively address the under-representation of
specific groups (Chen et al. 2023). However, these meth-
ods are applied after data collection, which has limitations
and may lead to the wastage of resources during the pro-
cess. In the early stages of data collection, especially for in-
struction data, the current common practice is to strive for
balance among contributors of different races (Ouyang et al.
2022; Touvron et al. 2023). However, this approach fails to
thoroughly consider the backgrounds, skills, and task per-
formance of data contributors. It relies on preset rules and
lacks the ability to flexibly adjust collection strategies based
on users’ dynamic performance.

LLMs have demonstrated potential in matching individ-
uals with specific tasks. Zheng et al., (Zheng et al. 2023)
explored using LLMs for aligning resumes with job descrip-
tions. However, their research did not fully address the in-
herent biases that LLMs might possess regarding user roles.
Moreover, research has found that larger parameter LLMs
are more likely to adhere to their inherent biases compared
to SLMs (Hsia et al. 2024), while SLMs can more easily mit-
igate this phenomenon through fine-tuning (Hu et al. 2024).
Therefore, to fully leverage the potential of LLMs and im-
prove efficiency and fairness during the data collection pro-
cess, a mechanism is needed that can both alleviate the in-
herent biases of LLMs and dynamically adjust task matching
based on user performance.

Cognitive Bias in Data Collection

This section will first provide an overview and empirical
analysis of the data collected. Then, through data analysis,
we reveal several key associations between user characteris-
tics and data quality. Finally, we delve into a discussion on
cognitive biases of users during the data collection process.

Data Collection and Basic Information

To enhance the diversity of data contribution forms and the
variety of data types, the platform offers a range of tasks,
such as single data entry contribution, dataset submission,
multi-modal tasks, and adversarial attacks against LLMs.
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This study utilizes data collected from single data submis-
sion tasks during the platform’s operation from March 2024
to April 2024. In data cleaning, we filtered out data with
missing user information, data pending review, data from
the novice guidance, and users with a total submission of
less than 30 entries. The total amount of valid data entries is
46,224, with 371 valid users. For each user u € U, where U
represents the set of all users, the platform’s statistical infor-
mation includes the following attributes:

Gender: G € {Male, Female, Not Disclosure}
Age: A € {Under 18, 18-29, 30-39, 40-50, 50+ }

Education Level (F): Including FE
{High School, Undergraduate, Postgraduate, Ph.D.}

Major (M): Clustered into eight major categories repre-
sented by initials, specifically:Sports and Health (S&H),
Medicine (Med), Philosophy and Social Sciences (P&S),
Engineering and Technology (E&T), Literature (Liter),
Economics and Management (E&M), Natural Sciences
(NS), Arts and Design (A&D).

For the task pool T, this paper involves a total of 43 types.
Each task ¢ in the pool is characterized by a set of attributes
T(t) = {Task Name, Task Description, Examples}. An ex-
ample is :

Task: Emotional Response

Description: Your personal Al assistant is exclusively de-
signed to cater to your needs.

S

» The Al assistant does not possess emotions, and it is your
task to guide its development towards becoming an emo-
tionally intelligent system.

* Please provide a specific scenario.

* The AI assistant is required to respond to this scenario,
demonstrating appropriate emotional responses and vo-
cabulary.

» Types of emotions to consider include sadness, frustra-
tion, happiness, excitement, anger, etc.

Example: Xiaoming had a dispute with his boss in the
office because Xiaoming resisted working overtime and ex-
plicitly stated that he wants to avoid overtime; otherwise, he
would use arbitration to protect his rights. What emotion is
the boss most likely to use in response to Xiaoming?

Data Analysis

Different background users exhibit significant differences
in data preferences and professional fields, which are in-
tuitively reflected in the user participation in various tasks.
Each user group has its areas of expertise, which is reflected
in the differences in the approval rates, further confirming
the purpose and value of leveraging collective wisdom. In
response to RQ1: Which user characteristics significantly af-
fect the quality of contributed data. We conducted data ex-
ploration and analysis on users’ intrinsic characteristics

In terms of gender characteristics, there is a significant
difference in the pass rate of data collection, with female par-
ticipants consistently outperforming male participants. The
average pass rate for females is 55%, while for males it is



45%, and the distribution of pass rates for males is also more
concentrated.

In the age stratification analysis, the findings contradict
our initial hypothesis. We had anticipated that younger in-
dividuals, who are generally perceived as being more adept
at utilizing LLMs and more receptive to new technologies,
would excel in formulating high-quality questions. How-
ever, the data indicate that individuals aged 30 to 39 per-
formed best in passing tests or assessments, with a median
pass rate approaching 75%. In contrast, the 18 to 29 age
group had the lowest overall pass rate among the four age
categories, with approximately 61% of individuals passing
the tests or assessments. These results suggest that groups
with more work experience may be more suitable subjects
for LLM crowdsourced data collection.

In the realm of educational backgrounds, an unexpected
revelation is that users with a high school education often
excel at formulating questions of superior quality, outper-
forming those with advanced degrees. The median pass rate
for high school diploma holders is approximately 70%, with
a generally higher distribution. In contrast, the median pass
rate for bachelor’s degree holders is around 45%, with a
lower overall distribution. This phenomenon suggests that
an intuitive understanding of task requirements may be a
key factor in their success. It is important to note that this
finding indicates that contributing to LLM data is not solely
a skill reserved for individuals with high levels of educa-
tion. Users who may not have a profound understanding of
LLM principles can still provide valuable high-quality data
contributions. Of course, this conclusion is based on over-
all performance. In specific professional fields, recruiting
professionals from those fields remains the preferred option.
Furthermore, this insight provides a valuable perspective on
cost management in LM data collection, as hiring individu-
als with higher levels of education typically requires greater
financial investment.

In terms of professional background, there is a significant
variation in the ability of different user groups to develop
high-quality LLM examination questions. Specifically, users
in the fields of Social Sciences and Humanities (S&H) and
Natural Sciences (NS) achieve the highest pass rates, with
medians approaching 0.7 and 0.65, respectively. This indi-
cates that users in these domains not only perform well but
also exhibit a relatively consistent level of proficiency in the
task. In contrast, users in the fields of Medicine (Med) and
Arts and Design (A&D) have the lowest pass rates, with me-
dians of approximately 0.3. This suggests that these user
groups face greater challenges in developing high-quality
questions and show a wider range of performance variabil-
ity. These findings highlight the crucial role of users’ profes-
sional expertise in the quality of the data they contribute. It
implies that more targeted approaches are needed when re-
cruiting users for LLM data collection. Otherwise, there is a
risk of significant waste of human resources during the data
collection phase, given the substantial differences in the abil-
ity of users from different professional backgrounds to con-
tribute high-quality data. This discovery is of great signif-
icance for optimizing the LLM data collection process and
improving data quality. It also suggests that the character-
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Figure 2: Cognitive bias in data collection. The engage-
ment and actual performance across different tasks are rep-
resented by individual points. In the underestimate zone (up-
per left), there is a dense scattering of small points, indicat-
ing that although users have a high pass rate in these tasks,
their level of participation is quite low. Conversely, in the
overestimate zone (lower right), there are a greater number
of larger points, suggesting that despite not excelling in these
tasks, users exhibit an extremely high level of engagement
and an overabundance of confidence.

istics and needs of users from different professional back-
grounds should be considered when designing data collec-
tion tasks.

Cognitive Bias

Above discoveries have piqued our curiosity to delve deeper
into the alignment between user profiles, their competencies,
and the data collection tasks they are suited for. In response
to RQ2, which inquires about the optimal data tasks for dif-
ferent user types, we initiated by clustering the user base
according to their profiles. Subsequently, we conducted an
analysis of their engagement levels and actual performance
across various tasks. A notable observation was the mis-
match between the self-assessed capabilities and the actual
proficiency of numerous user groups. For instance, in the
task of “Weak Correlation Reasoning,” individuals with doc-
toral degrees were disproportionately represented, constitut-
ing 81.75% of the participants, significantly exceeding their
average task engagement rate of 14.4%. However, their pass
rate for this task stood at a mere 42.92%, which is notably
lower than their overall average pass rate of 50.77%.

This discrepancy underscores a stark contrast between the
self-perceived competence of data contributors and their em-
pirical performance, suggesting that tasks users are confi-
dent in are not necessarily their areas of genuine expertise.
This observation aligns with the Dunning-Kruger effect, a
cognitive bias where individuals with limited skills often
overestimate their abilities, while those with greater skills
may undervalue their competencies. The effect highlights



that individuals deficient in certain skills are frequently
oblivious to their shortcomings due to the absence of the
cognitive apparatus required for self-assessment.

Guided by this theory, we further explored the quadrant
chart composed of pairs (u,t) of user group u and task
t. This chart comprehensively measures users’ engagement
and actual performance across different tasks within various
user groups, where they often engage in tasks they are not
good at and perform less in tasks they excel in. As shown
in Figure 2, the x-axis represents the participation ratio of
users, and the y-axis represents the task pass rate. The cen-
tral point is the KDE mean centroid weighted by quantity,
along with the corresponding contour lines, where the size
of the points represents the number of specific user task pair.

The most ideal state is the area traversed by the right di-
agonal line, that is, the upper right and lower left quadrants,
where there is a simultaneous increase/decrease in output
in tasks with higher/lower pass rates. After several attempts
and receiving feedback of rejection, one should reduce at-
tempts in tasks they are not proficient in. However, in reality,
a large number of small points are scattered in the upper left
area, which we call the “Underestimate zone”. Despite be-
ing proficient, users show low enthusiasm for participation,
missing many opportunities. On the other hand, larger points
are clearly scattered in the lower right area, which we call
the “Overestimate zone”. This indicates that although users
are not proficient in these tasks, they have a high level of
participation enthusiasm and excessive confidence, and the
negative review results of the data have not affected them. In
the absence of guidance, underestimation will lead to insuf-
ficient data collection for some related tasks, while overes-
timation will lead to an excess of low-quality data, increas-
ing the burden of audit and blocking the smooth operation
of the platform. Therefore, a dynamic matching mechanism
is needed to improve this mismatch between cognition and
skills, guiding users to fill in what they are good at and avoid
mismatched tasks.

Method

To address the mismatch between user skills and task re-
quirements, this paper introduces a generative de-biased
matching method called GDBM. The overall framework is
delineated in Figure 3. Specifically, the process commences
with clustering based on group characteristics, to extract a
set of representative user groups u. Subsequently, we estab-
lish pairings between these groups and various tasks ¢, while
meticulously filtering out any group with a submission count
less than 30 to uphold the integrity of the dataset.

Building upon the foundation of group-task alignment,
we have adeptly crafted three specialized matching tasks to
address the pivotal question: “From which individuals and
what types of data should we collect?”

mateh (0, t) User-Task Matching Task. Determining
whether a particular set of users is well-matched with a
given task.
* Mysign(t, 1) Task-User Assignment Task. For a given
task, assign the most suitable user group to address the
task based on its requirements.
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method.

* Mygign(u,t) User-Task Assignment Task. For a user
group, identifying task that are aligned with their com-
petencies.

Building upon the work (Wu et al. 2024; Gao et al. 2023),
we have further developed three refined instruction tem-
plates tailored to these tasks as follows. It should be noted
that the original data collection and instruction prompts are
in Chinese. For ease of understanding, they are described
here in English.

Point-Wise Matching: As an LLM data collection expert,
you are recruiting users to complete high-quality data collec-
tion tasks. Based on the current {user profile} and {task re-
quirements} please assess whether there is a match between
the two. Please respond with “Yes” or “No.”

Pair-wise Assignment: As an LLM data collection ex-
pert, you are now recruiting users for the {task}. For
{candidate A} and {candidate B} , decide who is more suit-
able based on their background information and the task’s
demands. Please respond with “A” or “B.”

Multi-choice Assignment: As an LLM data collection
expert, given the {user profile} and {tasks A, B, C, etc.},



please determine the most suitable task for the current user.
Please respond with the name of the task.

After creating the instruction dataset, we train the small
language model in the supervised fine-tuning way, enabling
it to learn the complex matching relationships between ac-
tual user characteristics and task skills. By leveraging con-
tinuously updated data from the platform’s operations, it can
be dynamically and periodically adjusted to fit user prefer-
ences. The selection of SLM is advantageous for several rea-
sons. On one hand, relevant research (Zheng et al. 2023) has
demonstrated that LLMs tend to retain their inherent knowl-
edge and biases more stubbornly compared to SLMs. Con-
versely, SLMs are more amenable to adjustments through
fine-tuning, allowing for greater flexibility and adaptability
in response to new data and tasks. Specially, for generator
G, given the user group u, the task description ¢, and the
prompt template 7, objective is to optimize the negative log-
likelihood to generate correct responses:

["'t()[al = LA{ma[ch(u;t) + LMassign(t;u) + EMassign(‘-Lt)
= —(logPr(u,t|T,G) + logPr(tju, T,G)
+ logPr(ult,T,G))
where logPr(t|u, T,G) denotes the generation probability

for u of the generator model G given the task ¢ and the
prompt template 7.

ey

Experiment

Dataset and setting. We conducted random sampling from
a pool of authentic users. When constructing the candidate
tasks and users, we first determined quantiles based on the
actual pass rate and then performed random sampling N
times within each segment to ensure the distinguishability of
each candidate option. For task Mcn(u,t) , which is con-
structed under Point-wise template, there are a total of 715
data entries, denoted as Diy,q¢ch,. For the task Mogion(t, 1),
we used a pair-wise prompt template to construct a total of
925 data entries, which are labeled as D;_q;,. For the task
Mgsign (1, t), we used pair-wise and multi-choice templates
to construct 1,580 and 495 data entries, respectively, labeled
as Dy_pair and Dy _pus. We split all the datasets into a
training set and a validation set in an 8:2 ratio, with a con-
sistent random seed of 42 for reproducibility. For each fine-
tuning task, we employ the Parameter-Efficient Fine-Tuning
(PEFT) method, specifically, LORA (Hu et al. 2021). Each
task is trained for 3 epochs. The experimental setup utilizes
4 Nvidia GeForce RTX 3090 GPUs.

Evaluation Metrics. We initially establish the ground
truth by identifying the tasks with the highest pass rates
among various groups and the groups with the highest pass
rates for specific tasks. Accuracy (Acc.) is utilized to eval-
uate the model’s predicted values against the actual label.
During the data collection process, the pass rate is not the
sole metric; different levels of difficulty, innovation, and
other dimensions are considered to further categorize the
data submitted, with varying cash rewards and platform
points awarded accordingly—points that can be redeemed
for virtual or real-world benefits. To further quantify the
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alignment between user skills and task assignments, and
to reflect the benefits to users post-task reallocation from
their perspective, we have developed the Average Reward
per Task (ART) ratio:

and the Expected Average Reward per Task (EART) ratio:

:(Ci—FPixa)xPn ®)

Where C; represent the direct cash bonus for the i-th task,
P; the points reward, « is the hyperparameter for converting
points to cash (e.g., 0.1) , and Pr; is the pass rate of the ¢-th
task. For instance, when EART equals 1, it indicates that the
expected earning for the user of per submission in this task
is one.

Baseline. To evaluate the matching effectiveness between
user groups and specific tasks, we selected several baseline
methods to compare with our method, as follow:

* Embedding-based Method. Leveraging dense encoding
models to transform user characteristics and task require-
ments from prompts into vectors, subsequently matching
the best results through similarity calculations. We select
BERT and GTE model (Li et al. 2023).

Closed-source LLMs. Representing the most powerful
models currently available, we have utilized GPT-4-turbo
and GPT-4-mini for our comparisons.

Open-source SLMs: Smaller and open-source language
models that have not undergone SFT for multiple tasks.
We have selected mainstream models such as Llama 3.1-
8B-Instruct and Qwen2-7B-Instruct (Yang et al. 2024),.

Results and Analysis

The experimental results, as depicted in Table 1, demon-
strate that Generative De-Biased Matching (GDBM) method
effectively mitigates cognitive biases among users and facil-
itates a reallocation between user groups and data collection
tasks. GDBM fine-tuned on Llama3.1-8B shows a 40.14%
improvement in overall accuracy compared to the baseline,
while the version fine-tuned on the Qwen2-7B achieved a
35.78% enhancement. Overall, the GDBM (Qwen) outper-
forms, which may be attributed to its larger proportion of
Chinese-language corpora and, consequently, its stronger
comprehension capabilities in Chinese. The improvements
observed on both base models also demonstrate the general-
ity and generalizability of our approach.

Furthermore, when it comes to matching and reallocat-
ing user skills to tasks, powerful closed-source LLMs, such
as GPT-4-Turbo, do not exhibit superior performance. It has
been observed that large models often have distinct stylistic
preferences. For instance, in the point-wise matching task,
GPT-4-Turbo demonstrates a high degree of permissiveness,
evaluating users as competent in 84.62% of cases. On the
other hand, while embedding-based models perform well in
simpler matching tasks, they tend to underperform in more
complex tasks. In contrast, SLMs can achieve results close to
those of closed-source LLMs without requiring fine-tuning.



Model Overall Dinateh Di—pair Du—pair Du—multi

Acc. EART Acc. Acc. ART EART Acc. ART EART Acc. ART EART

Embedding BERT-base 0.475 1.323 0.490 0.476 2.290 1.466 0.502 2.123 1.245 0.364 2.205 1.303
Model GTE-base 0.432 1.219 0.392 0.460 2.300 1.417 0.470 2.067 1.165 0.313 1.795 1.022
Close-source GPT-40-mini 0.455 1.239 0.441 0.470 2.203 1.339 0.520 2.011 1.214 0.242 1.901 1.132
LLM GPT-4-turbo 0.434 1.229 0.413 0.460 2.262 1.363 0.478 1.989 1.149 0.273 2.152 1.235
Llama3.1-8B 0.416 1.186 0.406 0.454 2.235 1.357 0.472 1.989 1.133 0.182 1.860 1.033

GDBM (Llama) 0.583 1.383 0.472 0.524  2.254 1.418 0.693 2.073 1.364 0.505 2.084 1.376
Opersli‘Sl\(qurce Impr. (0.167) (0.197) (0.067) (0.070) (0.019) (0.062) (0.222) (0.083) (0.231) (0.323) (0.224) (0.343)
Qwen2-7B 0.450 1.218 0.483 0.476 2.251 1.376 0.494 2.007 1.158 0.212 1.889 1.116

GDBM (Qwen)  0.611 1.470 0.569 0.660 2477 1.674 0.661  2.117 1.342 0424 2.387 1.499
Impr. (0.162) (0.252) (0.087) (0.184) (0.226) (0.298) (0.168) (0.110) (0.183) (0.212) (0.498) (0.383)

Table 1: The performance of our Generative De-Biased Matching (GDBM) method across three matching tasks. Two variants of
our method were fine-tuned using the Llama3.1-8B-Instruct and Qwen2-7B-Instruct models, respectively. The top two results
in terms of accuracy are highlighted with bold and underlined text for emphasis.

Coupled with their lightweight nature, ease of deployment,
and ease of fine-tuning, as well as their high instruction com-
pliance and conversational capabilities, they make an ideal
base model for online reallocation tasks.

Based on the inherent mechanisms of SLMs and sup-
ported by experimental results, it is evident that in the online
data collection process, particularly for user group and task
matching, large language models are essential. This is es-
pecially true when fine-tuning data is limited, as these mod-
els possess strong instruction-following capabilities that em-
bedding models lack. However, there is no need for exces-
sively large models, as they incur higher inference costs and
possess inherent inductive biases that are challenging to cor-
rect and adapt quickly to specific domain scenarios.

Post-reallocation, not only is there an enhancement in the
overall pass rate of user groups, but the efficiency of data
collection is also significantly improved, which greatly ben-
efits the users involved. The EART metric indicates that,
following reallocation, the GDBM (Llama/Qwen) have seen
overall increases of 16.62% / 20.68%;, respectively. This also
exhibits that the user’s own earning will also be greatly
benefit from the reassignment. This aligns with the Pareto
improvement theory (Pang, Deng, and Chiu 2015) in eco-
nomics, which emphasizes maximizing the utilization of re-
sources through their reallocation, ensuring a non-zero-sum
outcome where the interests of the participants are not com-
promised. Such a win-win situation contributes to the sus-
tainable and healthy operation of data collection activities.

Ablation Study. To verify the effectiveness of multi-
task fine-tuning for GDBM, we conducted ablation exper-
iments based on a version of GDBM (Qwen) and measured
the outcomes using accuracy (Acc). The results, as shown
in Table 2, validate the reasonableness of our experimen-
tal setup. Although fine-tuning for specific tasks can poten-
tially enhance the performance of a particular task, it can
also degrade overall performance. This is especially true for
the most challenging multi-choice tasks, where performance
significantly decreases.

28013

Overall Dmatch Dt—pair Du—pair Du—multi
wio 0422 0264 0129 0671 0.404
Dvrmtu}w Dt—pair

w/0 Dy—pair 0.381 0.528 0.177 0.383 0.546
w/0 Dy _pair 0.503 0.542 0.157 0.684 0.515
w/0 Dypateh 0.553 0.208 0.643 0.674 0.495
W/0 Dy —muiti 0.583 0.653 0.616 0.658 0.182
All 0.611 0.569 0.660 0.661 0.424

Table 2: The ablation study of GDBM (Qwen) on different
matching tasks and datasets. The evaluation metric is Acc.

Conclusion

Focusing on the collection of high-quality LLM data, this
paper initiated a collaborative data collection platform that
engages a broad community of LLM users. It analyzes the
relationship between user characteristics and the completion
of data collection tasks, uncovering cognitive biases within
data contributors during the data collection process. Utiliz-
ing a multi-task fine-tuning approach based on small lan-
guage models, tasks were successfully reassigned to more
suitable user groups, significantly mitigating these cognitive
biases. This paper provides a solution to identifying high-
quality contributors for LLMs and determining what types
of data to collect from whom.

The collaboratively LLM data collection platform offers
a rich playground for engaging with a broad community
of users. While crowdsourcing remains the most important
source of high-quality data in the short term, effectively
leveraging it requires a human-centric approach, focusing
not only on the data but also on understanding the contrib-
utors. For future research, we plan to expand our data col-
lection efforts to include a wider array of tasks and partici-
pants, enhancing both diversity and representativeness. Ad-
ditionally, we aim to rigorously test and refine our task re-
allocation algorithms in a live environment to validate their
effectiveness under dynamic conditions and gather valuable
feedback for future iterations.
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