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Human-in-the-loop methods leverage human feedback to enhance machine learning and artificial intelligence. Manual review
of outputs can correct errors, identify model weaknesses, or expand labels to broaden model capabilities. Feedback collection
methods range from simple flagging of outputs as correct or incorrect to more complex feature-level adjustments or natural
language interpretations. This paper presents a user study evaluating changes in user performance over time and explores the
trade-off between feedback quality and human effort. We compare four interactive input methods for reviewing and correcting
outcomes in object detection and activity recognition in videos. Our findings indicate that while some complex input methods,
such as free-text, require more time, the quality and impact of their feedback on model accuracy often surpass those of
simpler methods that require less effort. However, more effort does not always lead to better-quality feedback, especially
when aiming to improve the model. Our VLM experiments show that the most accurate models were trained using detailed
natural language feedback or precise word-level corrections, while simple yes/no judgments also led to solid performance at a
much lower annotation cost.

CCS Concepts: • Computing methodologies → Artificial intelligence; • Human-centered computing → Empirical
studies in HCI.

Additional Key Words and Phrases: Human-in-the-Loop Feedback, User Study, Vision-Language Models

1 Introduction
Human-in-the-loop (HITL) approaches combine human and machine intelligence to improve model accuracy and
accelerate the achievement of desired performance levels [30]. Human feedback can be incorporated in various
ways. One common method is active learning, where the model selects its training inputs by querying specific
domain areas. This feedback—whether binary or multi-class—allows the model to focus on the most uncertain
instances, thereby reducing uncertainty [8]. HITL is also applicable to training methods such as few-shot learning
(FSL), which requires the system to generalize from a small number of supervised examples from humans [44].
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Additionally, in reinforcement Learning (RL), a training method based on rewarding desired behaviors and
punishing undesired ones [19], human feedback has been shown to significantly improve algorithm efficiency
[16].

Creating interactive machine learning (IML) systems that leverage the full range of human input and expertise
requires understanding and implementing the best types of interaction. Previous research has highlighted
the importance of designing user interfaces that bridge the gaps between human goals and the ML process
[1, 36, 39, 42]. There are various methods to collect human input to enhance machine learning models [22],
and each method may have varying degrees of influence on enhancing model accuracy. Each method offers
distinct advantages and limitations, often balancing complexity with the required human effort or time against
the depth and quality of feedback obtained. While it may be tempting to employ large-language models (LLMs)
to support human effort by augmenting details of more simplistic human input, the introduction of new models
for corrective feedback risks the introduction of new errors or hallucinations.

Different methods of feedback will require different amounts of human effort. Our research examines how
observable response behaviors—such as response time and feedback quality—change as the effort required by
different input methods varies. For example, more complex feedback methods may initially support more detailed
or informative responses, but sustaining such effort over extended interaction may lead to changes in response
behavior or performance consistency. Understanding these dynamics is essential to balancing feedback quality
with user burden. When the cognitive cost of an input method outweighs its benefits, users may adapt their
behavior in ways that affect the efficiency or reliability of feedback. Thus, optimizing input methods based on
task complexity, duration, and feedback detail is crucial [9, 22, 23, 38].

To study these methods in a controlled and interpretable setting, we focus on a common human-in-the-loop
task: text-based labeling and verification of AI-generated video descriptions [4, 45]. In this task, users review a
video clip alongside a textual description produced by a vision-language model and provide feedback indicating
whether the description is correct and, if not, how it should be revised. Although human feedback can be provided
through many modalities (e.g., voice, sketches, demonstrations), this work intentionally restricts its scope to
text-based input methods, which are widely used in large-scale annotation, auditing, and verification pipelines
for vision-language systems [7, 32, 41]. Moreover, within this scope, we define an input method as the specific
way in which users express feedback through text, ranging from low-effort evaluative judgments to more detailed
corrective or explanatory input. Despite extensive work on human feedback in interactive machine learning,
there is limited empirical understanding of how different text-based input methods compare in terms of human
effort, feedback quality, and downstream model impact within repeated video description verification tasks.

Thus, we adopt a two-stage experimental design to capture both the human and model implications of different
text-based input methods. In the first experiment, we analyze four input methods with varying levels of feedback
detail to examine how user response time and feedback quality evolve over repeated interactions, reflecting
differences in human effort and performance over time. In the second experiment, we build directly on these
findings by evaluating how feedback collected via each input method influences downstream model learning.
Importantly, more detailed or costly feedback for humans does not necessarily translate into better model
performance. Together, this design allows us to compare input methods by jointly analyzing user behavior and
model outcomes, clarifying how feedback detail, human effort, and learning effectiveness trade off in practice.
Finally, to explore opportunities for reducing annotation cost, we investigate whether structured feedback can be
augmented using an LLM to generate natural language explanations, testing whether semantic richness can be
synthesized post hoc to approximate the benefits of free-text input.
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2 Background

2.1 Human-in-the-Loop Machine Learning
Quality human annotation is essential for machine learning but can be challenging due to the risk of human
errors in data labeling [30]. The impact of these errors varies significantly. For instance, critical applications
like autonomous vehicles are highly sensitive to labeling mistakes, where even a minor error can lead to severe
consequences, including accidents. Active learning is increasingly used to mitigate these issues, allowing the
model to select its training inputs and reduce annotation costs by determining which data to label [8, 37]. Various
methods have been developed to optimize this process.

Moreover, Interactive Machine Learning (IML) is a paradigm in which human users actively participate in
the learning process, providing real-time feedback to enhance model accuracy [2, 5, 14, 25, 34, 43]. Early work
in this field, such as that by Fails and Olsen [14], established foundational principles for involving end-users
in the iterative training of machine learning models. They introduced the notion of “interactivity” in machine
learning workflows, emphasizing the need for user-driven corrections and adjustments to fine-tune models
based on real-world contexts and domain-specific knowledge. Building on this framework, Teso and Kersting
[43] developed interactive mechanisms that allow users to intervene directly in the decision-making process
by providing corrections or explanations. Their approach emphasized “explanatory interactions,” where users
can continuously refine the model’s outputs and understand the reasoning behind its decisions. This interactive
feedback loop is essential in systems that operate in dynamic environments, such as healthcare or finance, where
human expertise is needed to navigate ambiguity and uncertainty.

Many studies have explored improving human-AI interaction [1, 12, 18, 26, 49]. A critical factor in this endeavor
is studying how people interact and provide feedback in various scenarios. For instance, Dey et al. [10] found
that asking specific and detailed questions in human-AI interactions resulted in better user responses than asking
general questions. Combining this approach with elements such as showing uncertainty and requesting extra
details can further improve response accuracy. However, since the human cognitive load is limited, it is important
to take into account the potential impact on users’ mental models and requirements during HITL interactions. For
instance, interactions can affect user trust due to the awareness of system errors [17, 28]. In a study, Honeycutt
et al. [17] developed a simulated object detection system that allowed participants to correct system errors
by adjusting image regions for detected objects. The study found that allowing users to provide feedback can
negatively impact their trust and perception of the system’s accuracy, even if the system’s performance improves.

In addition to user trust, user engagement can be impacted [20, 35]. For example, Dietvorst et al. [11] investigated
the effect of allowing users to make slight modifications to algorithmic forecasts impacted their willingness to use
the algorithms.Their findings revealed that allowing users to makeminor adjustments to the forecasts significantly
increased their willingness to use imperfect algorithms. The studies highlight the importance of incorporating
user feedback mechanisms to effectively reduce algorithm aversion, where people prefer human judgment
over imperfect algorithms and enhance human-algorithm interactions. Finally, while trust and engagement are
considerable, it shows the importance of understanding user interaction when providing feedback.

Moreover, a human-in-the-loop topic modeling system was developed and evaluated to incorporate user-
requested refinements and assess how human feedback affects user interaction [40]. The authors found that
participants preferred simple refinements, such as removing or adding words, which significantly improved
the topic model’s quality. However, challenges such as tracking complex changes and ensuring user confidence
were identified. The study concluded that human feedback can enhance model quality and user engagement,
emphasizing the need for user-centered feedback mechanisms that support user understanding and confidence in
human-AI interactions [40].
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2.2 Need for Diverse Feedback Collection Methods
Due to limitations in human memory and cognitive load, there is a trade-off between the human costs and
the quality of feedback. For example, Cui et al. [9] investigated how various interaction types impact human
performance, the quality of training data, and the overall learning outcomes of machine learning systems. By
aligning feedback collection from human teachers with specific interaction types, the authors demonstrated
how cognitive load and ease of use can influence data quality. The study results revealed that various types
of interactions, such as demonstrations, categorizing, sorting, and evaluating, are consistently used to provide
feedback on an agent’s actions. These interactions can be effectively aligned with learning objectives to improve
training, testing, and generalization performance in HITL systems. For example, demonstrations, where humans
show the desired behavior and provide high-quality data, are very time-consuming and demanding. categorizing,
which involves labeling or rating, is less demanding and quicker, offering structured data that are easier to collect.

Additionally, the study by Koppol et al. [23] focused on comparing different interaction methods in terms of
usability and cognitive load. The findings revealed that high cognitive load and low usability have a negative
impact on data quality.This aligns with the results of Cui et al. [9]. Both studies agree that showing and categorizing
interactions are the least cognitively demanding and most usable, making them ideal for collecting high-quality
data with minimal user burden. On the other hand, evaluating interactions are consistently found to be the most
demanding and least user-friendly.

Although existing literature has demonstrated the effectiveness of HITL feedback and explored various methods
for providing such feedback and their impact on cognitive load, there remains a gap in understanding how different
levels of input method complexity perform over time. This gap can be addressed by evaluating user engagement
metrics, such as response quality and time invested, at different stages of the HITL feedback process. This paper
analyzes these metrics to assess the long-term sustainability and effectiveness of varying feedback inputs. This
understanding helps design HITL systems that balance the quality of feedback with users’ cognitive and temporal
demands, ultimately leading to better-performing machine learning models.

3 Experiment Measuring Human Feedback and Engagement

3.1 Research Goals
Different HITL feedback methods balance human effort and data quality. Some provide high-quality, rapid
feedback initially, while others prioritize consistency of results over time. While detailed input methods may yield
valuable responses early, they risk user boredom and declining quality. Understanding how these characteristics
manifest over repeated feedback interactions is essential for designing input methods that are both efficient and
sustainable for longer review tasks. Customizing interaction complexity to user needs ensures both short-term
efficiency and long-term effectiveness, ultimately leading to more adaptable and durable input systems. To explore
these challenges further, this study investigates the following research questions:

• RQ1: How do response time and feedback quality as behavioral performance indicators reflect user effort
and output consistency over repeated feedback inputs?

• RQ2: How does the trade-off between time and feedback quality vary across interaction types?

We hypothesize that user engagement and task accuracy decline over time in extended data review tasks,
with steeper declines for more demanding input methods. The trade-off between human effort and feedback
quality varies by interaction type, with some yielding higher-quality feedback at a greater cost. More complex
input methods may reduce accuracy or increase response time, while simpler methods sustain performance by
minimizing user effort. Alternatively, users might respond faster as they lose interest. Lastly, we expect more
involved feedback to lead to greater improvements in model accuracy.

ACM Trans. Interact. Intell. Syst.

 



Comparison of Text-Based Inputs for Human-in-the-Loop Feedback in Vision–Language Models • 5

Fig. 1. The four input methods compared in the study involve different levels of feedback complexity.

3.2 Experimental Design
To evaluate our hypothesis that input methods of varying complexity influence user behaviors and engagement,
we selected a diverse set of methods, ranging from simple yes/no flagging to more complex free-text responses.
This spectrum enables test scenarios that highlight differences in efficiency over time. The input method variable
includes four variations (Figure 1): Yes/No binary, error selection, error correction, and free-text, differing in detail,
ease of use, error identification accuracy, flexibility, user control, time required, and information richness. Prior
work has identified several broad classes of human feedback, including showing (demonstration), categorizing or
labeling, evaluating, correcting, and free-form explanation [9, 23]. Rather than exhaustively covering all possible
interaction types, we focused on methods that (1) are directly applicable to text-based verification tasks, (2) vary
primarily in input complexity rather than task structure, and (3) can be meaningfully compared along dimensions
of human effort, feedback specificity, and downstream model utility.

The Yes/No binary method represents minimal evaluative feedback, commonly used in active learning and
verification settings. Error selection extends this by requiring users to localize incorrect elements, corresponding
to lightweight categorization and marking interactions. Error correction introduces explicit corrective supervision
by allowing users to replace erroneous content, aligning with correction-based feedback studied in interactive
learning. Finally, free-text input provides unconstrained natural language explanations, capturing the upper
bound of feedback expressiveness and semantic richness. Together, these methods form an ordered progression
from low-effort, low-information feedback to high-effort, high-information input.

Other interaction types discussed in prior work, such as demonstrations or ranking-based evaluations, were
not included because they introduce fundamentally different task demands and interaction goals that are less
compatible with sentence-level factual verification of AI-generated descriptions. Our goal was not to provide an
exhaustive taxonomy of feedback methods, but to isolate how increasing feedback complexity within a consistent
task context influences user behavior over time.

Moreover, Binary feedback simplifies the interaction process, allowing users to quickly provide input with
minimal effort. This method is used in domains such as multiclass classification [29, 31], where humans can
easily indicate whether a prediction is correct or incorrect, which results in reducing model uncertainty. With its
simplicity, the Yes/No binary input method allows users to confirm whether a statement is accurate by answering
yes or no. However, it does not provide any information about which parts of the statement are correct or
incorrect.
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Additionally, the error selection method requires users to identify specific incorrect elements or words in
a statement. When users identify exact errors, the system can learn in a more targeted way. For example, in
natural language processing tasks, users selecting incorrect words in generated text can help a model fine-tune
its understanding of semantics or grammar [6]. Instead of general negative feedback, the system learns which
elements are consistently causing mistakes and adapts accordingly. With this method, participants can select any
number of words as incorrect or confirm the statement as correct without any selection. While this approach
offers more precise error identification than binary feedback, it still lacks corrections for inaccurate information.

The error correction method enables participants to directly correct wrong information in the statement by
selecting words in the description and typing new ones. It offers richer feedback than the above methods because
it includes corrections. This method allows for correcting multiple words or validating the statement as correct
without making modifications. Instead of leaving the system to infer corrections from binary or error selection
feedback, it now has explicit correct answers to work with.

Finally, the free-text method offers the most flexibility, allowing users to rewrite descriptions, correct errors,
add or remove information, or confirm accuracy. Unlike error correction, it enables adding new details beyond
the original statement. Petrak et al. [33] showed that incorporating free-text feedback improves dialog system
training by providing contextual insights. Additionally, analyzing the language and structure of human feedback
can enhance model performance in processing natural language.

To analyze user engagement and feedback accuracy over time, we tracked each participant’s behavioral patterns
across multiple feedback instances. Each participant used the same assigned input method throughout the study,
allowing us to observe interaction trends. To compare changes over time, we divided all trials into four equal
intervals (feedback periods). As shown in Table 1, this segmentation was based on the number of trials rather than
elapsed time to account for variability in review duration. Thus, the experiment followed a 4x4 mixed design
with two independent variables: 1) input method (between subjects) and 2) feedback period (within subjects), each
with four levels (see Table 1).

3.3 Task and Procedure
The study was Institutional Review Board (IRB) approved. Participants conducted the study online through an
interactive web-based system. Participants first provided informed consent and completed a brief background
questionnaire before being assigned to one of the four experimental conditions (Figure 1). Next, they received
instructions and completed two example trials. To collect feedback over time, participants reviewed short video
clips, each paired with an AI-generated textual statement (Figure 1).

This task was selected because it captures a common and practically relevant human-in-the-loop scenario
in vision-language systems: verifying and correcting model-generated descriptions of visual content. Unlike

Table 1. Independent variables for the 4x4 mixed-design user study

Independent Variables Levels

Input Method
(between-subjects)

1. Yes/No Binary
2. Error Selection
3. Error Correction
4. Free-text

Feedback Period
(within-subjects)

1. First Period (Trials 1-25)
2. Second Period (Trials 26-50)
3. Third Period (Trials 51-75)
4. Fourth Period (Trials 76-100)
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classification or labeling tasks, this setting requires users to both evaluate correctness and, when necessary, provide
corrective feedback, making it well-suited for comparing input methods with varying levels of expressiveness.

Additionally, video description verification introduces inherent ambiguity and multi-component structure (e.g.,
subject, action, object, and context), which allows us to systematically assess how different feedback modalities
support error detection and correction at different levels of granularity. For instance, a description may be
partially correct (e.g., correct action but incorrect object), requiring users to localize and fix specific components
rather than reject the entire statement. This makes it a representative testbed for studying trade-offs between
feedback effort and quality. This task closely reflects real-world workflows in dataset curation, model auditing,
and alignment evaluation for vision-language models, where human reviewers are often required to validate and
refine automatically generated outputs.

Each clip included a temporal indicator corresponding to the specific segment of the activity recognition
statement, allowing precise mapping of participant feedback to exact moments in the clip. Also, for the provided
textual statements, we adapted descriptions from the STAR dataset [47] for corresponding short video clips. This
dataset was chosen for its rich detail, requiring sustained attention and cognitive effort, making them ideal for
studying engagement variations.

Moreover, to simulate real-world variability, description accuracy was intentionally varied: 50% were entirely
correct, 25% contained one error, 15% had two errors, and 10%were completely incorrect.This balanced distribution
ensured all participants encountered a mix of description accuracies, allowing us to assess how fatigue and
boredom over the 30-minute session influenced error detection and response.

Participants reviewed and provided feedback on up to 100 clip descriptions within a strict 30-minute window,
balancing data collection needs with online study constraints. This time limit minimized dropout and extreme
fatigue while allowing systematic tracking of feedback quality and response times. The high clip volume enabled
us to capture fatigue and boredom effects. Interaction logs were also collected anonymously to ensure privacy.
Participants completed the study in a single session via an online web app, engaging at their own pace without
researcher intervention. Participation was voluntary, and extra credit was offered as compensation.

3.4 Measures
For each video clip reviewed, we recorded 1) response time and 2) the feedback provided. Response time was
measured as the number of seconds it took a participant to review the video and description and submit their
feedback, serving as a direct indicator of the amount of human effort required to provide feedback. Other measures
were calculated using the submitted feedback. The amount and type of recorded feedback varied according to the
assigned feedback method: The Yes/No binary method captured simple affirmative or negative responses. The
error selection method logged the specific words participants identified as incorrect. The error correction method
included both the words selected as errors and the corresponding corrections made by participants. Lastly, the
free-text method collected detailed free-text responses.

Because the study aimed to compare the accuracy and utility of the feedback collected from the different
input methods, the study needed a quality score that could be calculated for each input method. To this end,
we designed a quality score to assess the accuracy of responses as well as the units of information within each
submission. The quality score was determined by comparing participants’ feedback to a predefined standard
for each video description. For the Yes/No binary case, possible scores were limited to 1 or 0, as the feedback
lacked further information. For all other input methods, scoring was based on component-level correctness.
Each statement was broken into fundamental components (e.g., “A person puts a pile of clothes on the floor”
includes: Subject: “A person,” Action: “puts,” Object: “pile of clothes,” and Place: “the floor”). Feedback accuracy
was assessed based on participants’ decisions to maintain, correct, remove, or add components. One point was
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Raw User Logs
Participant

Quality Score
≥60%?

Errors present?
Response Time

within IQR
range?

Normalize RT (duration
× components)

Compute Metrics:
RT, Quality Score

Exclude
Participant

Exclude
Trial

Exclude
Trial

NO NO NO

YES YES YES

Fig. 2. Data processing pipeline applied prior to analysis (Details in Section 3.5).

awarded for each correct decision, including preserving valid components, correcting errors, or adding relevant
details.

We calculated the quality score for each feedback by dividing the total number of correct decisions by the
overall number of statement components, with scores typically ranging between 0 and 1. However, in the free-text
and error correction conditions, scores could exceed one if participants added additional accurate components.
Following a consensus among all authors on the scoring metrics, three coders performed the manual scoring. We
maintained open communication to ensure consistency and revisited and discussed ambiguous cases to resolve
discrepancies.

3.4.1 Quality Score Definition. To support consistent comparison across input methods, we formalize the quality
score computation as follows. Let 𝑆 = {𝑐1, 𝑐2, … , 𝑐𝑛} denote the set of components in the original statement, where
each component corresponds to a semantic unit (e.g., subject, action, object, location). For a given feedback
instance, we define a correctness indicator for each component:

𝛿(𝑐𝑖) = {
1, if the participant correctly preserved, corrected, or removed 𝑐𝑖
0, otherwise

The quality score 𝑄 for a feedback instance is computed as:

𝑄 =
∑𝑛

𝑖=1 𝛿(𝑐𝑖)
𝑛

3.5 Data Processing
As our goal is to compare how users provide feedback and how their performance changes over time, we applied
several pre-processing (Figure 2) steps to improve comparability across trials and reduce noise unrelated to task
behavior. First, trials with zero errors were excluded from the primary analysis. Error-free trials require little or
no corrective interaction, and therefore reflect confirmation rather than active feedback generation. Including
these trials would artificially lower average response times and obscure differences between input methods that
specifically require user edits. Our analyses focus on feedback behavior; therefore, we restrict comparisons to
trials that required user interaction.

Second, response times can be influenced by factors unrelated to cognitive effort (e.g., interruptions, pauses, or
switching tasks), particularly in remote online studies. To reduce the influence of such artifacts, we removed
extreme outliers using a standard interquartile range (IQR) criterion. Specifically, any trial with a response time
greater than 𝑄3 + 1.5 × 𝐼𝑄𝑅 was excluded. These outliers accounted for 7% of trials and exhibited substantially
higher variance than typical responses.

Additionally, since the number of components in a statement and the duration of a video clip may affect
response time, we normalized response times by the number of components and clip duration to allow fair
comparisons across trials and participants. Also, to verify that these pre-processing choices did not meaningfully
influence the findings, we repeated the analyses without removing outliers and including zero-error trials. The
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Fig. 3. Average human response time across feedback peri-
ods for different input methods (error bars show standard
error).

Response Time p-value Effect Size

Main Effect of Input Method
𝐹(3, 132.69) = 94.9 < 0.001* 𝜂2𝑝 = 0.68

Post hoc (Sig. Pairs)
Free-text > Yes/No Binary < 0.001* 𝑑 = 4.79
Free-text > Error Selection < 0.001* 𝑑 = 3.29
Error Correction > Yes/No Binary < 0.001* 𝑑 = 4.69
Error Correction > Error Selection < 0.001* 𝑑 = 3.19
Error Selection > Yes/No Binary < 0.001* 𝑑 = 1.49

Main Effect of Feedback Period
𝐹(3, 361.64) = 243.43 < 0.001* 𝜂2𝑝 = 0.67

Post hoc (Sig. Pairs)
First > Second < 0.001* 𝑑 = 2.24
First > Third < 0.001* 𝑑 = 2.86
First > Fourth < 0.001* 𝑑 = 2.99
Second > Third < 0.001* 𝑑 = 0.62
Second > Fourth < 0.001* 𝑑 = 0.75

Interaction Effect of Input Method × Feedback Period

𝐹(9, 361.48) = 32.3 < 0.001* 𝜂2𝑝 = 0.45
Table 2. ANOVA and Posthoc Tukey HSD Test Results for Input
Method Differences on Response Time (* indicates 𝑝 < 0.05).

overall trends, relative differences between input methods, and statistical conclusions remained consistent. These
steps, therefore, serve primarily to reduce noise rather than alter outcomes. Finally, we averaged quality scores
and normalized response times across clips for each participant to compute two aggregate behavioral metrics:
Response Time and Quality Score.

3.6 Participants
We conducted the experiment with 149 participants, setting a minimum average quality score of 60% to ensure data
reliability. Thirteen participants were excluded, leaving a final sample of 136 after outlier removal. Participants
were assigned to one of four interaction conditions, though exclusions led to the following distribution: Yes/No
Binary (35), Error Selection (31), Error Correction (35), and Free-text (35). Ages ranged from 18 to 39, with a median
of 20 years. The final group included 75 self-reported males, 56 females, 3 non-binary individuals, and 3 who
chose not to disclose.

3.7 Results
The experiment studies patterns in user feedback over time based on speed and quality of feedback for the
different input methods. The raw data did not meet the assumptions of normality and similar variances expected
for parametric testing. We, therefore, utilized the ARTool [46] for nonparametric factorial analysis by the aligned
rank transformation of the data, enabling the use of factorial parametric testing. We conducted two-way mixed
ANOVA tests to account for effects due to (i) periods of time over the study duration and (ii) the four input
methods for submitting input. For post-hoc analysis of significant main effects, we used paired-t tests with Tukey
correction available within the ARTool [13]. We report test results along with partial eta squared (𝜂2𝑝) for effect
sizes of ANOVA tests and Cohen’s d for effect sizes of post-hoc tests.
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Quality Score p‐value Effect Size

Main Effect of Interaction Method
𝐹(3, 132.77) = 7.06 < 0.001* 𝜂2𝑝 = 0.14

Post hoc (Sig. Pairs)
Free‐text > Yes/No Binary < 0.001* 𝑑 = 0.83
Free‐text > Error Selection < 0.01* 𝑑 = 0.79
Free‐text > Error Correction < 0.05* 𝑑 = 0.59

Main Effect of Feedback Period
𝐹(3, 366.04) = 33.61 < 0.001* 𝜂2𝑝 = 0.22

Post hoc (Sig. Pairs)
First > Fourth < 0.001* 𝑑 = 1.12
Second > Fourth < 0.001* 𝑑 = 1.12
Third > Fourth < 0.001* 𝑑 = 1.11

Interaction Effect of Input Method × Feedback Period
𝐹(9, 365.56) = 7.07 < 0.001* 𝜂2𝑝 = 0.15

Table 3. ANOVA and Posthoc Tukey HSD Test Results for Input
Method Differences on Score (* indicates 𝑝 < 0.05).

3.7.1 Response Time. Time results are shown graphically in Figure 3, and Table 2 summarizes the results of the
statistical analysis for input method and feedback period. As expected, input methods that require more feedback
take significantly longer times. The post-hoc results show the yes/no binary condition was significantly faster
than each of the other methods. Error selection was also significantly faster than both the error correction and
free-text conditions. No statistically significant difference was detected for time results between free-text and
error correction conditions.

The overall response time also significantly decreased over the study duration (Figure 3). In addition, a
significant interaction effect indicates the decline over time may be more substantial for more-involved input
methods requiring text entry (error correction and free-text). While response time drops over time for all methods,
Figure 3 shows the rate levels out for most input methods. After the largest change between the first and second
periods, the changes between subsequent periods are notably smaller. The behavior for the free-text shows an
exception to this behavior for the final change (i.e., from third to fourth periods), as the response time continues
to drop more than the other input methods. Figure 3 also shows average response times for free-text to be slightly
above error correction for the first three periods; this changes in the fourth period, where posthoc testing for the
significant interaction effect found free-text to have significantly faster times than error correction (𝑝 < 0.001,
Cohen’s d = 0.62). This crossover suggests that once users become familiar with the task, composing free-text
explanations may be more efficient than performing structured corrections, which require locating and editing
multiple specific components.

3.7.2 Quality Score. Figure 4 shows the quality score results. Table 3 shows statistical results showing a significant
main effect on quality scores for both input method and feedback period as well as a significant interaction effect
between the two factors. Figure 4 indicates that higher quality scores are generally associated with more
demanding input methods, and scores decrease over time periods. Importantly, we interpret quality scores as
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behavioral performance indicators that reflect the amount and consistency of actionable feedback provided by
users, rather than purely as measures of correctness. The free-text condition had a significantly higher quality
score than all other methods, which shows that—as would be expected—more feedback information was collected
when using input methods that allow greater flexibility.

The significant decrease in scores over time was primarily seen in the last period of the study session (further
supported by a significant post-hoc difference between period four and all prior periods). However, the drop
over time also varies across input methods, showing a significant interaction effect that corresponds with the
previously noted significant interaction effect on response time. While the free-text method initially had higher
scores in the first three periods, its score dropped significantly from the first to the last period (𝑝 < 0.001, Cohen’s
d = 2.03) and fell below error selection and error correction). This indicates the possibility of a larger drop in quality
for more demanding input methods relative to a drop in other methods.

Furthermore, the variation in score changes in each period reveals that the yes/no binary method exhibits
considerable variation, as overlooking a single detail can lead to the loss of an entire score point. On the other
hand, error selection and error correction, which prompt users to pay closer attention to each word, resulted in
fewer changes over time.

4 Analyzing Feedback Specificity in Human-in-the-Loop Calibration of Vision-Language Models
While the human experiment examined how different input methods affect human performance over repeated
interactions, human effort alone does not determine the overall effectiveness of a human-in-the-loop system. In
practice, the value of feedback also depends on how well it improves downstream model learning. Feedback that
is faster or easier for users to provide may not necessarily produce better model updates, whereas more detailed
input may offer stronger learning signals at a higher human cost. To complete this loop, we therefore evaluate in
this experiment how feedback collected through each input method impacts the performance of vision-language
models.

Specifically, this section investigates how varying levels of human feedback affect the calibration of vision-
language models (VLMs) for verifying AI-generated video descriptions—a critical task for evaluating factual
alignment between visual content and textual output. Building on the human-in-the-loop methods described
earlier, we assess how the specificity of feedback influences VLM accuracy. Our study explores the trade-off
between the informational richness of different feedback modalities and their impact on model reliability,
focusing on the integration of human guidance to improve alignment predictions. We detail the experimental
setup, including VLM architectures and training protocols, and evaluate performance across multiple feedback
types.

To support this investigation, we propose a post-hoc feedback conversion pipeline that employs a Large
Language Model (LLM) to translate structured annotations—error corrections, span selections, and binary
judgments—into natural language sentences. This approach aims to retain the expressiveness of free-text feedback
while reducing annotation overhead. We assess the effectiveness of these LLM-generated textual proxies in VLM
fine-tuning and compare them against models trained directly on the original structured feedback.

Our analysis is guided by the following research questions:

• RQ3: How do different types of feedback affect the accuracy of VLMs in the factual alignment task?
• RQ4: Can LLM-based conversion of low-performing structured feedback enhance the calibration accuracy
of vision-language models?

4.1 Experimental Setup
We conducted an experiment to evaluate how different forms of human feedback, as characterized in our user
study, affect VLM performance on the task of identifying inaccurate video descriptions.
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4.1.1 Task Definition. The task requires a VLM to determine whether an AI-generated textual description
accurately represents the content of a given video clip. Each instance consists of a video, a potentially inaccurate
AI-generated description, and structured human feedback.

4.1.2 Data, Models, and Prompting. We adapted video clips and their corresponding initial descriptions from the
dataset collected in Section 3, based on 100 clips sampled uniformly at random from the STAR dataset [47]. No
explicit stratification was applied with respect to clip length or description complexity. This sampling strategy
was chosen to preserve the natural distribution of clips encountered in the user study. Finally, the sampled videos
were then randomly partitioned into three subsets: 80 clips for fine-tuning the VLMs, 10 for validation, and 10 for
testing.

For evaluation, we selected two state-of-the-art vision-language models: LLaVA-NeXT-Video [51] and Video-
LLaVA [27], both known for strong performance in multimodal understanding. Each VLM received input via a stan-
dardized prompt: ``Video Description: [description] User Feedback: [feedback] Question: Does
the above information accurately describe the video? Answer Yes or No.'' This formulation casts
the task as a binary classification problem, enabling consistent assessment of the impact of different feedback
types. Figure 5 illustrates example interactions with the VLMs using different feedback types.

4.1.3 Feedback Modalities and Training Configurations. We evaluated six training configurations, each corre-
sponding to a distinct feedback modality, to assess their impact on VLM performance and to establish upper and
lower performance bounds:

• True Model: Trained exclusively on correctly matched video-description pairs, serving as an upper bound
on achievable performance.

• No Feedback Model: Fine-tuned on AI-generated descriptions without any human feedback, some of which
contain factual errors. This setting defines the lower bound.

• Yes/No Binary: Augmented training data with binary user judgments indicating whether the AI-generated
description was correct or incorrect.

• Error Selection: Included user feedback identifying specific erroneous spans within the AI-generated text.
• Error Correction: Incorporated targeted, word-level corrections, mapping erroneous terms to their accurate
counterparts as provided by users.

• Free-Text : Leveraged natural language feedback, allowing users to elaborate on inaccuracies or confirm
correctness.

These configurations span a spectrum of feedback granularity, enabling systematic analysis of how the precision
and richness of human input influence model calibration and verification accuracy. Together, they cover all
feedback types evaluated in the user study and allow direct comparison against both the No Feedback Model (no
feedback) and the True Model (trained on ground-truth descriptions).

4.1.4 Fine-tuning Protocol. We fine-tuned the VLMs using QLoRA with rank-8 LoRA adapters applied to all
linear layers, excluding the language modeling head and multimodal projector. Training was performed with
4-bit quantization. We used the AdamW optimizer with a learning rate of 2 × 10−5, and applied cosine learning
rate scheduling with a 10% warmup phase. Models were trained for 100,000 steps with gradient accumulation
over 16 steps.

4.2 Performance Analysis and Impact of Feedback Modality
Figure 6 presents the comparative accuracy of LLaVA-NeXT-Video and Video-LLaVA under the six training
configurations.

Both VLMs display consistent performance trends across feedback modalities, indicating that the impact of
feedback generalizes across architectures. The True Model achieves perfect accuracy, confirming that these models

ACM Trans. Interact. Intell. Syst.

 



Comparison of Text-Based Inputs for Human-in-the-Loop Feedback in Vision–Language Models • 13

Examples of Prompts to the VLM

Ground Truth Label: No, the information is incorrect.

Video Description:
  "Person carries bags of books up the stairs."

User Feedback:
  "The user was asked if the information in the  
   video is correct.
   They answered: NO."

System Question:
  "Does the above information accurately       
  ​describe the video? 

﻿Video Description:
  "Person carries bags of books up the stairs."

User Feedback:
  "Person carries paper towels up the stairs."

System Question:
   "Does the above information accurately        
  ​describe the video?
  ​Answer Yes or No."

Video Description:
  "Person carries bags of books up the stairs."

User Feedback:
  "The user says that the caption does not   ​ 
  ​accurately describe the video.
   The user identified the following words as  
  ​incorrect in the caption: bags, of, books."

System Question:
  "Does the above information accurately  ​  ​ 
  ​describe the video? 
   Answer Yes or No."

Video Description:
  "Person carries bags of books up the stairs."

User Feedback:
  "The user says that the caption does not    ​ 
  ​accurately describe the video.
   The user has provided the following    ​   ​ 
  ​corrections to the video description:
    bags of books → paper towels."

System Question:
  "Does the above information accurately    ​  ​ 
  ​describe the video? 

Model Correctness: 

Fig. 5. Examples of prompts shown to the Vision-Language Model (VLM) across four feedback conditions: Binary Yes/No,
Error selection, Error correction, and Free-text. Each prompt includes a video description, user feedback, and a

system question. These examples illustrate how user-provided feedback was converted into structured prompts, clarifying
both the input and the expected system action for each type of input method. In , the user feedback shown uses the
Unicode arrow symbol (→) to indicate a correction (e.g., “bags of books → paper towels”). This formatting was introduced
during prompt construction for the VLM to enhance clarity and model performance. Importantly, participants in the user
study did not submit feedback in this format; they provided corrections through a structured UI (Shown in Figure 1).
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Fig. 6. Comparison of model accuracy across different types of human feedback in VLMs. Performance generally improves
with more involved feedback. While LLM post-processing enhances accuracy for error correction, it leads to decreased
performance for error selection and yes/no binary feedback.

are capable of reliable video-text verification when trained with fully accurate supervision. In contrast, the
Baseline Model—fine-tuned on AI-generated descriptions without human feedback—performs worst, underscoring
the detrimental effect of training on noisy or incorrect data in the absence of corrective guidance.

Incorporating human feedback consistently improved model accuracy over the baseline, with performance
gains generally aligned with the specificity and informativeness of the feedback modality (Figure 6).
Free-text feedback led to the highest accuracy improvements across both VLMs. This modality offers uncon-

strained natural language input, providing the richest corrective signal. Although it required more annotator
time over extended interactions (Figure 3), the resulting gains in model performance justify the additional cost.
Error Correction feedback, which offers direct word-level substitutions for erroneous tokens, ranked second

in performance impact. Although free-text feedback offered the greatest boost in model accuracy (Figure 6), its
difference in terms of time taken to get that boost was not statistically significant from error correction (Figure 3).
Yet free-text feedback still earned a markedly higher accuracy than all other methods. This indicates that, while
gathering free-text feedback demands more annotator time, it yields richer, more detailed inputs that can lead to
stronger performance improvement.
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Fig. 7. Accuracy of two VLMs under four human feedback types. Performance improves with richer feedback. LLM post-
processing helps error correction but degrades binary and error selection.

The comparative effectiveness of Error Selection and Yes/No Binary feedback revealed a more model-dependent
trend (Figures 6 and 7). Yes/No Binary feedback was more effective for Video-LLaVA, whereas Error Selection
produced marginally better results for LLaVA-NeXT-Video. Notably, binary feedback required substantially less
annotator time (Figure 3), underscoring its efficiency. One contributing factor to its competitive performance is
the clarity of the binary supervision signal, which can guide learning without introducing ambiguity. In contrast,
feedback that highlights individual errors may lead to partial mislabeling or annotator disagreement about which
segments are incorrect, thereby injecting noise into the training signal. Simple correct/incorrect judgments
avoid this issue, reduce model uncertainty, and require minimal processing, as they do not involve correction
content—enabling more stable and consistent performance gains.
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4.3 Converting Structured Feedback to Free‐Text via an LLM
Collecting free-text feedback from annotators is costly (Figure 3); yet, our analysis in Section 4.2 showed that
this modality yields the highest accuracy. We therefore investigate whether post-hoc conversion of structured
feedback—error-correction edits, error-selection spans, and Yes/No binary judgments—into text sentences using a
Large Language Model (LLM) can recover some benefits of free-text feedback while maintaining low annotation
overhead.

4.3.1 Conversion pipeline. For each feedback, we prompt the LLAMA 3 model [15] to rewrite the original
description into a self-contained sentence, conditioned on the structured cues. In the error-correction setting, the
LLM replaces each erroneous token with the corresponding user-provided correction. For error-selection and
binary feedback, the model receives either the marked erroneous spans or a binary yes/no label and revises the
AI-generated video description accordingly to reflect the feedback.

The LLM-rewritten outputs are treated as proxies for free-text feedback and format them using the prompt
template shown in Figure 5. Using this format, we finetune the VLM following the procedure outlined in Section 4.1;
all other hyper-parameters remain unchanged.

4.3.2 Results. Figures 6 and 7 compare models trained on original structured feedback (solid bars) with those
trained on LLM post-processed text feedback (hatched bar). The impact of this conversion on model performance
varies significantly across feedback types.

Converting error correction feedback to text improves accuracy for both VLMs—from 83.6% to 84.6% for
LLaVA-NeXT-Video and more substantially from 68.4% to 81.7% for Video-LLaVA. This gain indicates that error
correction feedback contains sufficient information to be effectively translated into richer text guidance, which
the model can leverage more effectively during fine-tuning.

In contrast, converting error selection feedback into text feedback leads to performance degradation: -4.2 %
for LLaVA-NeXT-Video and -18.3 % for Video-LLaVA. Qualitative analysis reveals that the LLM often generates
syntactically fluent but semantically incoherent revisions, likely due to insufficient context, which introduces
noise into the learning signal.

The sharpest decline occurs with Yes/No Binary feedback, where converting yes/no labels into text feedback
results in drops of -2.1 and -38.9 percentage points for the two models, respectively. Lacking concrete semantic
cues, the LLM resorts to generating plausible-sounding but often incorrect justifications, thereby increasing label
noise instead of reducing it.

5 Discussion

5.1 Interpretation of Results
5.1.1 Human Experiment. The study compared four different input methods, each varying in detail and feedback
complexity, to examine how user accuracy and response times evolve over the course of the study. Our objective
was to explore the balance between the human effort involved and the value of the feedback received, enabling
us to choose input methods needed depending on the task effectively. While it is expected that methods allowing
users to provide more information will allow collection of a greater amount of potentially useful feedback data,
our results show that the amount of user effort and the quality and detail of feedback may vary. As illustrated in
Figure 3 and Table 2, the cost of data collection over time is an important consideration due to the significant drop
in response time over extended periods of feedback collection. It can be observed that more involved methods—
such as the free-text and error correction methods—took more time, but the increased effort and boredom led to a
larger decrease in response time as users tend to spend less time over time.

Interestingly, although the free-text method exhibited longer response times than error correction during the
first three periods, this relationship reversed in the final period, where free-text became faster (Figure 3). At the

ACM Trans. Interact. Intell. Syst.

 



Comparison of Text-Based Inputs for Human-in-the-Loop Feedback in Vision–Language Models • 17

same time, its quality scores declined relative to both error selection and error correction (Figure 4). Together, these
patterns suggest a shift in user behavior over repeated interaction: as participants became more familiar with the
task, free-text input may have been produced more quickly but with less detail or precision, whereas structured
correction required consistent, step-by-step edits that maintained higher quality but limited speed gains. This
divergence indicates that increased expressiveness does not necessarily translate into sustained feedback value
over time and highlights a practical trade-off between flexibility and consistency. From a design perspective, these
results suggest that free-text input may be advantageous for early, exploratory feedback, while more structured
correction mechanisms may better support stable, higher-quality input during prolonged use.

This was in a collection period capped at 30 minutes. These results indicate that the initial higher response
time for free-text may have led to fatigue or decreased focus, ultimately impacting its overall quality. Considering
the significant interaction effect, this drop in quality score for free-text suggests that if the feedback period had
continued, it is even possible the free-text feedback quality may have decreased further. Therefore, while gathering
more involved feedback can yield higher-quality responses, practical considerations for human effort are crucial
for optimizing the trade-offs of potential high-quality information, cost of human time, and possible variation in
human attention or effort with extended duration. A drop in quality over time could result in the collection of
low-quality feedback, which would waste time for annotators and cause inconsistency for AI developers.

Based on the results from our study, although free-text inputs enabled users to provide much more detailed
feedback, the level of consistency was lower, which we expect to be attributed to the increased effort due to
the need to type out a sentence for each instance. For engaged participants, the method also involved deciding
whether to provide simple corrections, add details, or use entirely new descriptive phrasing for the content.
With the higher demands of open-ended input, users may have become disengaged over time. Conversely, error
selection and error correction yielded more consistent quality, as they reduced the potential for components that
could be selected or changed. Both methods supported greater focus on specific parts of the given description.

In contrast, the quality score results for yes/no binary input is more varied. While the response time for
the yes/no binary method is significantly lower than for others, the quality score is not significantly lower,
demonstrating the high value that binary responses can still provide. However, the considerable variation in
changes to quality scores indicates that missing even a single detail can have a higher penalty for the value of
the provided data. The impact of a mistake might be larger, and the lack of ability to provide explanations or
additional information along with the feedback could result in the risk of less useful responses for ambiguous
cases for the model.

5.1.2 VLM Experiments. Our VLM experiments moved our study of feedback methods beyond understanding of
human behaviors and feedback quality to evaluate potential differences when attempting to improve models
with the different forms of feedback. The experiments investigate how feedback specificity modulates model
calibration and accuracy across two architectures, LLaVA-NeXT-Video and Video-LLaVA, under six training
configurations (Figure 6). The results reveal a direct correlation between the semantic richness of human feedback
and the resulting model’s verification accuracy, establishing a clear performance hierarchy among different
human-in-the-loop strategies.

We first establish performance bounds. A True Model, trained on ground-truth data, achieves perfect accuracy,
confirming the VLMs’ capacity for the task. In contrast, a No Feedback Model trained on uncorrected AI-generated
descriptions performs poorly, demonstrating the risk of error reinforcement without supervision. All forms of
human feedback improved accuracy relative to this lower bound, validating the human-in-the-loop approach.

Across both VLM architectures, performance scales with feedback granularity. Consistent with its informational
richness, free-text feedback yields the most significant accuracy gains, affirming that its high annotation cost
translates directly to maximal model improvement. Error correction offers a structured yet highly effective
alternative. Notably, the competitive performance of Yes/No binary feedback over Error selection, particularly
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for the Video-LLaVA architecture, indicates that a simple, unambiguous correctness signal is a highly efficient
calibration method for specific models due to its minimal annotation cost.

We further analyze the nature of feedback value by attempting a post-hoc conversion to free-text format using
an LLM.The successful conversion of semantically rich error-correction feedback demonstrates that structured data
can be ”up-leveled” to mimic the benefits of natural language, boosting model accuracy. Conversely, this process
fails for semantically sparse error-selection and binary feedback. The LLM lacks sufficient context, hallucinates
justifications, and introduces noise that degrades performance. This result underscores a core principle: the value
of feedback lies in its semantic content, not its syntactic format. LLM-based conversion is only viable when the
source feedback is already information-dense, as the initial quality of human input is paramount and cannot be
retroactively engineered.

Collectively, these findings highlight a clear trade-off between feedback specificity, annotation cost, and model
accuracy. For maximal performance, the higher cost of free-text or error correction is justified. For large-scale
applications, binary feedback may offer the optimal cost-benefit ratio. The optimal strategy is therefore contingent
on specific architectural properties and resource constraints. Finally, automated conversion pipelines can reduce
effort only when upstream feedback is already information-dense; otherwise they risk propagating errors and
should be avoided.

Taken together, our results reveal that the trade-off between human effort and feedback value is not a simple
linear relationship, but instead depends on how feedback structure aligns with both human behavior and model
learning. While more expressive input methods such as free-text and error correction provide richer and more
informative signals, they also impose higher effort and time, leading to reduced consistency over time. In contrast,
low-effort methods such as yes/no binary feedback offer stable and efficient interaction, and despite their simplicity,
still provide strong signals that can effectively guide model learning. This suggests that feedback efficiency is
not solely determined by the amount of information provided, but also by the clarity and reliability of that
information under repeated use.

From the model perspective, however, a different pattern emerges. When high-quality feedback is sustained,
more expressive inputs such as free-text and error correction lead to greater improvements in model performance,
as they provide more explicit and informative signals about errors and their corrections. At the same time, simpler
methods such as yes/no binary feedback remain effective, particularly when large volumes of consistent responses
can be collected efficiently. For example, a high volume of reliable binary feedback may be more beneficial
in practice than a smaller set of detailed but inconsistent explanations. These results suggest that there is no
universally optimal feedback method. Instead, the choice depends on the application context where high-effort,
information-rich input is preferable when accuracy is critical, and data is limited, whereas low-effort input is
more suitable for scalable or time-constrained settings. Overall, the trade-off is not solely between effort and
quality, but between consistency, scalability, and the level of detail required for effective model improvement.

5.2 Implications for Feedback Collection
The tradeoffs we identified between different types of human feedback have direct implications for how HITL
systems can be designed in practice. In various domains, HITL has been adopted to overcome the limitations
of fully manual or fully automated approaches [3, 21, 24, 48, 50]. For example, in large-scale image dataset
construction, HITL methods were used to reduce the burden of manual labeling by combining deep learning with
human review, where models filtered easy cases and humans focused only on ambiguous images, significantly
accelerating the process [50]. Also, in natural language processing, systems that generate paraphrases rely on
humans not just to accept or reject outputs, but also to rank and rewrite them, helping models learn diverse
and human-aligned language patterns [3]. These examples demonstrate how feedback design, ranging from
minimal binary input to rich rewriting, plays a critical role depending on task complexity, resource constraints,

ACM Trans. Interact. Intell. Syst.

 



Comparison of Text-Based Inputs for Human-in-the-Loop Feedback in Vision–Language Models • 19

and accuracy requirements. Our study helps make sense of these choices by showing how different types of
feedback yield different benefits for both human effort and model performance.

Additionally, our study builds on findings from prior research, such as Koppol et al. [23], which identified that
more detailed feedback methods, like free-text input or their evaluating approach, yield higher quality feedback
initially. Their method requires users to critically assess and provide specific comments, which enhances the
granularity of feedback. However, as they highlighted, this approach can lead to reduced consistency over time
due to the increasing cognitive load. Our findings extend this understanding by explicitly focusing on the trade-off
between user effort and feedback quality over time, with particular attention to how different input methods
influence user accuracy and response time as tasks progress. While Koppol et al. [23] focused on cognitive load,
usability, and performance across interaction types, our study examined the trade-off between human cost and
feedback quality explicitly, focusing on how user accuracy and response time evolve over time with repeated use
of various types of inputs and levels of detail. We found that while methods like error selection and error correction
are initially effective, they can sustain feedback quality longer for more extended tasks.

This contrasts with Koppol et al. [23] recommendation for simpler methods like categorizing or showing,
which, though less cognitively demanding, may not support long-term engagement as effectively when detailed
feedback is required. This suggests that there is a threshold where balancing the duration of the task, input
detail, and understanding these patterns can help maintain the quality of feedback. Moreover, Koppol et al. [23]
focused on comparing interaction types in terms of cognitive load, usability, and user performance, they did not
investigate how the different feedback types affect downstream model learning or perform any model update
experiments. In contrast, our study explicitly examines the trade-off between user effort and feedback quality
over time, including how these inputs influence model calibration and learning outcomes.

5.3 Limitations and Future Work
A major factor for consideration is the people who are reviewing data and providing feedback. The level of
commitment, motivation, and engagement of the individuals is critical—especially for collecting high-quality,
accurate data over extended periods of time. A limitation of our study is that it only evaluated feedback behaviors
by participants who were not directly incentivized by the performance of the hypothetical model. This is similar,
however, to many practical situations where data annotators or data workers are simply doing a job without
particular attachment to the project’s goals. However, consideration of other cases is also important when
interpreting the results from our study. For instance, for feedback collection cases where the data annotators are
also the creators or the end-users of the technology, we might see a more consistent level of effort and feedback
quality over time. Still, even heavily-invested people are still only people, and the limitations of human attention
and fatigue will apply. Future work should also study trade-offs among different types of feedback collection
while accounting for different levels of user engagement or incentives.

Another limitation concerns the scope of interaction modalities evaluated. This study intentionally focused
on four text-based input methods that represent a spectrum of feedback granularity, from simple evaluative
judgments to corrective and explanatory responses. While other interaction forms, such as demonstrations,
ranking, sketches, or voice input, are also common in human-in-the-loop systems, these modalities introduce
qualitatively different interaction paradigms and task demands that are not directly comparable within a sentence-
level verification task. Our goal was therefore not to exhaustively cover all possible interaction types, but to
isolate trade-offs within a consistent and widely used text-based feedback setting. Future work should extend
this analysis to additional modalities to examine whether similar effort–quality trade-offs generalize beyond
text-based interactions.

Also, we acknowledge a limitation related to the design of our quality metric, which was intentionally structured
to reflect the informational granularity of each feedback modality. Specifically, we evaluated Yes/No responses at
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the full-statement level and allowed free-text and error-correction inputs to contribute additional components
when they introduced new corrective details. While these choices better capture how downstream models would
realistically use such feedback, they may create differences in the scoring scale across modalities and thus
influence absolute quality values. Our analysis, therefore, emphasizes relative trends and comparisons over
time rather than absolute score magnitudes. Future work could investigate alternative normalization strategies
or component-matched scoring schemes to examine further the robustness of these findings under different
evaluation assumptions.

We should also note that we focus on a single task: text-based verification and correction of AI-generated
video descriptions. While this task is representative of many real-world human-in-the-loop workflows in vision-
language systems, it does not capture the full diversity of feedback scenarios in interactive machine learning.
Different tasks, such as image classification, ranking, summarization, or open-ended generation, may involve
different behavioral patterns. As a result, the trade-offs observed in this study between feedback effort, quality,
and model impact may not generalize uniformly across all domains. Future work should extend this analysis to a
broader range of tasks and modalities to better understand how task characteristics interact with feedback design.

6 Conclusion
This paper presented an analysis of human-in-the-loop (HITL) feedback collection methods, evaluating how
input method complexity affects both user engagement and machine learning outcomes. Through a large-scale
user study (n=149), we compared four feedback modalities, ranging from simple binary inputs to unconstrained
free-text to assess changes in response time and feedback quality over time. We found that while more detailed
input methods like free-text and error correction initially yield higher-quality feedback, they also incur greater
effort and demonstrate sharper performance drops due to user fatigue. Simpler input methods like yes/no binary
responses maintain stable engagement and deliver surprisingly competitive feedback quality with minimal effort.
Complementing the user study, we fine-tuned two vision-languagemodels (VLMs) on feedback collected from each
input modality to evaluate their impact on model calibration. The results show that feedback specificity positively
correlates with model accuracy: free-text and error correction inputs produced the most accurate models. However,
we also found that the benefit of post-hoc feedback conversion using a Large Language Model (LLM) is highly
dependent on the semantic richness of the original feedback, effective for detailed corrections but harmful when
applied to sparse inputs like binary labels. Together, these findings underscore the trade-offs between feedback
richness, human effort, and model performance. Effective HITL systems must carefully balance annotation cost
with desired learning outcomes. In practice, the best feedback strategy may vary by task: low-effort methods are
more scalable, while high-effort inputs are preferable when accuracy is critical.
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