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Abstract. Latent space representations are critical for understanding and improv-
ing the behavior of machine learning models, yet they often remain obscure and in-
tricate. Understanding and exploring the latent space has the potential to contribute
valuable human intuition and expertise about respective domains. In this work, we
present HILL, an interactive framework allowing users to incorporate human intu-
ition into the model training by interactively reshaping latent space representations.
The modifications are infused into the model training loop via a novel approach
inspired by knowledge distillation, treating the user’s modifications as a teacher to
guide the model in reshaping its intrinsic latent representation. The process allows
the model to converge more effectively and overcome inefficiencies, as well as pro-
vide beneficial insights to the user. We evaluated HILL in a user study tasking par-
ticipants to train an optimal model, closely observing the employed strategies. The
results demonstrated that human-guided latent space modifications enhance model
performance while maintaining generalization, yet also revealing the risks of in-
cluding user biases. Our work introduces a novel human-AlI interaction paradigm
that infuses human intuition into model training and critically examines the impact
of human intervention on training strategies and potential biases.

Keywords. Latent Space, Interactive Learning, Human Intuition

1. Introduction

The interplay between layers in deep learning models forms latent representations that
capture the inherent properties and relationships within data. Through a progressive
learning process, each layer extracts and refines specific features, transforming raw in-
put into higher-level abstractions that ultimately guide the model’s decisions [20]. This
distributed learning approach enables deep models to encode complex patterns effec-
tively [26]. Despite the central role of latent representations in decision-making, their
structure and behavior are often opaque and obscure to human interpretation, making it
difficult to assess or influence how the model encodes the information internally [37,29].
While much research focused on optimizing models through loss functions and architec-
ture design, little attention has been given to directly examining and influencing how data
is represented within the latent spaces of intermediate layers during training [34]. Exist-
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Figure 1. Comparison of traditional iterative training, commonly resulting in a unsatisfying black-box train-
ing, with the approach of adding the Human In the Latent Loop (HILL) to insert the knowledge of human
experts towards explainability, optimization and efficiency.

ing methods primarily focus on post hoc visualizations or indirect feature engineering,
ignoring the potential of training-time, and interactive human feedback to enhance model
performance and interpretability [10,50]. Consequently, there is a need for approaches
that allow for more profound insight into the internal dynamics of model learning and
create opportunities for humans to guide and refine these processes [13].

In this work, we propose a novel human-Al interaction paradigm at training time
called Human In the Latent Loop (HILL), combining human intuition with latent space
exploration and integrating it into the training loop (Figure 1). By visualizing and al-
lowing modification of latent spaces during model training, users can directly influence
the structure of the latent space to reflect human intuition, making use of their intrinsic
domain knowledge and human discernment. Our approach relies on a knowledge distil-
lation mechanism, where user-guided adjustments act as knowledge teacher to guide the
model in refining its internal latent representation. As such, our approach does not ma-
nipulate the model nor the data but rather guides the model to refine the learning mech-
anism according to the user’s input. We evaluated HILL in a user study tasking partici-
pants to find optimal models for two well-known machine learning (ML) datasets. The
participants were supported by HILL visualizing the latent space and iteratively refined
it based on their intuition to improve the model. We recorded the employed strategies
and acquired feedback from participants through post-hoc questionnaires and interviews.
Our results show that participants used diverse strategies, such as increasing cluster com-
pactness or maximizing class separation, leading to improved accuracy and faster con-
vergence compared to baseline training.

Our contributions can be summarized as follows:

1. We introduce HILL, an interactive tool for latent space exploration that allows
users to monitor and guide the model directly during training. HILL is open-
source and available on GitHub (https://github.com/DFKIEI/HITL-ML)).

2. We develop a loss function insertion approach inspired by knowledge distilla-
tion, that integrates user modifications into the training process, enhancing the
structural organization of latent spaces.

3. We evaluate our framework in a user study, demonstrating its effectiveness while
critically examining the aspects of human intuition and its potential manipulation.
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2. Related Work

Human-in-the-loop (HITL) ML is an emerging paradigm that incorporates human exper-
tise into the model development process to enhance performance while addressing inher-
ent limitations [47]. By integrating human judgment and intuition, HITL systems provide
adaptability and reliability in applications requiring specialized domain expertise [45].

HITL techniques have demonstrated success in various ML tasks, particularly in
data preprocessing, annotation, and iterative labeling. For instance, humans can help
transform unstructured data into structured formats, ensuring the creation of high-quality
training datasets [52]. Human-guided workflows also enable the creation of rules for data
extraction, improving consistency and reducing computational burdens [25]. In health re-
search, HITL approaches have been used to address tasks like subspace clustering and k-
anonymization, where human intervention reduces algorithmic complexity while main-
taining accuracy [18]. Additionally, HITL systems in interactive ML frameworks em-
power users to iteratively refine model outputs, achieving improved performance in tasks
such as classification, regression, and clustering [9].

Beyond data preparation, HITL has played a significant role in enhancing the in-
terpretability of ML models. Deep reinforcement learning allows to generate human-
readable explanations for model predictions in critical domains like medical diagnostics
[40]. Similarly, concept-based methods enable humans to interact with interpretable la-
tent spaces, facilitating actionable refinements and diagnostics for model behavior [22].

Integrating human feedback into the training loop presents challenges. One promi-
nent issue is the variability in user strategies leading to inconsistent modifications [11].
Thus, achieving uniform improvements across user interactions to design reproducible
workflows is complex [14]. Additionally, cognitive biases inherent in human decision-
making may inadvertently introduce inaccuracies, requiring careful handling of human-
algorithm dynamics [19].

Consequently, HITL systems must compromise between leveraging human intuition
and preserving the computational rigor of ML algorithms. Moreover, ensuring trans-
parency and accountability in workflows is essential to maintain trust in the system [30].
Scalability issues further challenge real-time integration of user inputs [43].

Recent advances in HITL research focus on active learning and real-time feedback
mechanisms, enabling models to adapt more dynamically during training [4]. Central to
this progress is the concept of human-Al symbiosis combining computational efficiency
with domain-specific human intuition [31]. Facilitating seamless human-Al interactions
allows humans to guide algorithms dynamically, ensuring that models align with user
expectations [41] even in the absence of specialization [6]. Especially for latent space
inspections and modifications, human expertise is relevant to properly comprehend the
active learning progression and its emerging challenges [50].

Challenges such as trust [35] and cognitive barriers [51] still delay the integration of
HITL-based Al systems into traditional workflows, necessitating a compromise between
explainability, interactivity, and usability to enhance human-AlI collaboration.

3. Designing for Integration of Human Intuition

By synergistically infusing human expertise into ML pipelines, we can unlock unprece-
dented levels of model interpretability and performance, ultimately bridging the gap be-
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tween artificial and human intelligence as we strive to replicate the nuanced complexi-
ties of human cognition [12]. However, this integration requires careful consideration to
balance human knowledge and intuition with the algorithmic nature of ML models [46].
Unlike explicit domain knowledge, which is often systematic and well-documented, hu-
man intuition can be subjective, biased, and rooted in individual experiences [49]. Mis-
interpreting intuition as knowledge or over-relying on it can lead to misguided decisions
and suboptimal model behavior.

3.1. Pitfalls of Human Intuition

Every individual, whether an expert or novice in the field, brings unique experiences,
beliefs, and perspectives, especially when designing and training complex deep learning
models [44]. Such user-dependent biases, often unconscious, profoundly stem from the
intricate nature of human decision-making, which often incorporates subjective interpre-
tations, heuristics, perceptions, and personal experiences into the process. This uncon-
sciousness can influence how data is processed, incorporated, and optimized, leading to
inconsistent and potentially biased outcomes [1]. A prominent example can be observed
in the training of large language models, where datasets represent the worldwide as well
as local biases, imbalances, and user preferences that contribute to unintended outcomes,
such as skewed representations or unfair predictions [8].

Beyond those dataset issues, the direct insertion of human knowledge into the algo-
rithmic training process introduces additional challenges. Overreliance on human knowl-
edge, especially from single or small user groups, can result in aggressive interventions
that compromise the model’s generalization capabilities, leading to overfitting to specific
user preferences or beliefs [5]. This problem becomes exacerbated when users lack com-
plete knowledge of the system or its intricacies, leading to suboptimal guidance through
intuition rather than knowledge. However, the model integrates those inputs as ground
truth, relying on the user’s subjective biases and limitations.

Therefore, we aim to establish a clear distinction between guidance and manipu-
lation. Human intuition should function as a subtle influence, offering directional cues
without dictating the entire learning process. This differentiation is essential to prevent
the model from becoming a mere extension of individual biases, which would undermine
its objectivity and robustness. Al systems should leverage human intuition as a comple-
mentary force, to enhance their capabilities while maintaining the algorithmic integrity.

Finally, the varying strategies individuals employ when interacting with ML models
or visualizations further underscore the pitfalls of human intuition [33]. Users may inter-
pret and manipulate data differently, for instance by clustering, spreading, or reordering
data points according to subjective criteria, potentially introducing inconsistencies into
the training process. Addressing these challenges requires designing systems that feed-
back the human input with algorithmic checks such as validation performance metrics,
ensuring that models remain guided but not dominated by human intuition.

3.2. Training Guidance Through Human Intuition
Including the human into model training requires a symbiotic learning paradigm where

algorithmic optimization and human expertise interact synergistically. Our approach
draws inspiration from the widely-used knowledge distillation technique, traditionally
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involving a teacher-student setup [17]. In typical scenarios, a large, pretrained teacher
model transfers its knowledge to a smaller student model during training, using a shared
loss function to improve the student’s performance. In this work, we replace the large
model with a human expert, who acts as the teacher, guiding the model through intuitive
adjustments and domain-specific insights. The general framework behind HILL can be
found in Figure 2, outlining the idea of human guidance instead of manipulation.

A core aspect of our framework is interactive visualization, which bridges human
intuition and model training by allowing users to observe and refine latent space repre-
sentations. Unlike non-deterministic techniques like t-SNE [48] or UMAP [32], we use
a deterministic transformation via fully connected layers to project high-dimensional la-
tent data into a stable, interpretable 2D space. This transformation layer is frozen after
the first epoch, ensuring that changes in the visualization reflect model updates rather
than mapping variations.

As depicted in Figure 2, we measure the human-guided interventions and strategies
based on three key metrics: the class center movement, considering the movement of
whole class clusters and therefore shifting the center of the class; the spread of classes,
representing the compactness change of each class such as moving all data points closer
or further away from its designated center; and separation of clusters, measuring the
distance of clear boundaries between individual class clusters. These modifications are
incorporated into the training process through a weighted loss function. Rather than di-
rectly manipulating transformed data back into the original feature space, which usually
requires a lossy and error-prone inverse of the dimension reduction, the human teacher’s
adjustments are encoded within A yman, a loss function that includes the center align-
ment, spread, and separation. Combined with the standard cross-entropy loss .Z¢g, the
global loss Zjopar integrates both human guidance and algorithmic training, while the
adjustable parameter ¢ allows control for the level of human knowledge insertion. As
a guideline, we experimented ¢ and selected 0.5 as the balance in order to maximize
the human guidance while preserving the cross-entropy-based classification nature. The
additional A - |1.0 — scalepoge | term in the global loss ensures that the model maintains a
consistent scale for features during training, preventing unintended distortions or penal-
ization due to the range of the latent space visualizations and modifications. Throughout
our experiments, fixing A to 0.1 proved to regulate the strength of the model scale and
stabilize the overall human guidance approach.

3.3. The Latent Loop Tool (HILL)

To effectively integrate the human as a teacher according to the framework from Fig-
ure 2, we developed HILL, an interactive tool designed to facilitate human-model col-
laboration. The tool enables users to inspect, analyze, and guide the latent space rep-
resentations during training, ensuring a balance between learned model representations
and domain-specific human knowledge according to Zyjopa- We implemented an itera-
tive and interactive process, in which the model is trained epoch-wise through the tool,
allowing the user to pause the training to visualize the latent representation and feed-
back the latent adaptations for the next training iteration. Noteworthy, the architecture
of the tool is based on PyTorch [36], designed to allow individual, custom models, and
datasets through two appropriate code interfaces to insert relevant data loaders and model
architecture definitions.
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Figure 2. Utilizing a weighted loss function through o to balance the classic cross-entropy with the human as
the teacher. The human input is gathered from center movement, spread of classes and separation of clusters,
which are finally normalized over the total number of pairwise comparisons K. Additionally the scale of the
model is added in the global loss to regulate the loss function further.

The tool’s UI comprises three main components as shown in Figure 3: (1) a con-
trol panel as a sidebar on the left, which provides functionalities such as training
pause/resume, epoch adjustments, hyperparameter adjustment for the weighted loss func-
tion, and a text box printing the current validation metrics; (2) a scatter plot visualization
as the main part of the window, displaying a two-dimensional scatter plot projection of
the reduced latent space for intuitive inspection and guidance; and (3) a class reference
legend on the right side, allowing users to map visual representations to corresponding
class labels. The scatter plot visualization strategy has been selected as it represents a
human-interpretable projection of the latent space, enabling intuitive interventions by
moving points and clusters in a well-established drag-and-drop manner [42]. Apart from
color-coding the individual classes, we add the class cluster centers as colored crosses
and mark misclassifications with a black border around the dots. As a main modification
functionality, either individual dots can be moved or the whole cluster of a class can be
moved by dragging the cluster center cross.

As illustrated in Figure 4, the interaction loop consists of three key stages: (1) ini-
tial state, where the model generates an unstructured latent representation as its initial
representation as part of the traditional training; (2) the human-model interaction, where
users intuitively guide the model’s representation by clustering, spreading, or reposition-
ing data points depending on the individual strategy; and (3) the adapted representation,
where the model updates its internal structures to incorporate the human adjustments.
This feedback loop allows human intuition to serve as a guiding force rather than a ma-
nipulative intervention, ensuring that the model does not merely overfit to user-imposed
patterns but instead refines its latent space meaningfully.

4. Evaluation

We evaluate HILL using a mixed-methods approach collecting qualitative feedback
through observing tool usage and interviewing participants as well as encouraging them
to voice their thoughts (think-aloud) during the experiment. Additionally, we administer
established questionnaires on system usability (UMUX-Lite [27]) and perceived work-
load (NASA-TLX [16,15]) complemented by custom questions (Table 1) aimed to gauge



Geifiler et al. / HILL: Interactively Guiding Model Training Through Human Intuition

Number o Epochs:
100
F )
Apha

Evaluation Frequency (batches):

Number of features for lotting high dim:

Pause afterevery N epochs:
2
F )
Traing.
ol Lo

2108,

Select Classes to Visualize:

Select Classas
Select Layer:
undo

Interactive Scatter Plot of Latent Layer:

truck

ship

borse

Sidebar to monitor
and control the
training progress and
validation metrics

+ Dots represent data points
008 * Colors Indicate class
* Black border around dot highlights misclassification
« Colored crosses indicate current center of class
003
[5) ° o
002 o o ° °
e ° .o %Y ° °
¢ o
5 om © o ° e o
8 o o Qo ) ?
@ P9 ., o
a0 @68 oo
0® °' % o®
° 50 % °
o e %
—o01{ @ ] ° °
° °® 00
002 )
e ©

Classes

automobile

airplane

001 002

03
Feature 1

Legend to

reference class

A€ +a= |[ Plot controls for inspection and interaction

color and label

Figure 3. The user interface of HILL; sidebar on the left to control the model training through the tool; main
window obtaining the interactive scatter plots with relevant controls; a legend on the right to reference class

labels with colors.

%0
°

Training targets final model

the training progress

but low interpretability of latent space hinders

only,
Strategic clustering and separation of
datapoints based on Human Intution

Unstructured Latent Space > Human-Model Interaction > Model adapts its Latent Representation

s 8

9 =
098’

The human guidance supports the model
training to structure the space and potentially
gain greater performance
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guidance, the model adapts its internal representation and classes can be distinguished with greater accuracy.

the users’ understanding of HILL as well as its ability to support users in their task. Fi-
nally, we compare the traditionally trained models with the models trained during the
user study, to outline changes in classification performance in comparison with the ap-
plied interaction strategies.

Table 1. Custom questions, targeting the experience with the system. All rated on a visual analog scale (VAS)
from 0 to 100; strongly disagree to strongly agree.

Custom questions targeting the experience with the system.

Q1  The system supported me in finding an optimal ML model.

Q2  The system distracting me during my task.

Q3  The system allowed me to understand the effectiveness of my model.
Q4  The system biased me.

Q5 Itrust my model to perform.

Q6 I fully understand the visualization of my model.

Q7  The system made me understand the weaknesses of my model.

Our study consisted of two scenarios in which the participants were tasked to fine-
tune a given prediction model. The two scenarios are based on the publicly available
datasets CIFAR-10 [23] and PAMAP2 [39]. CIFAR-10 is an image dataset and contains
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low-resolution images across 10 classes, while PAMAP?2 is a time-series dataset captur-
ing human activities from wearable sensors across 13 classes. The model for CIFAR-
10 consists of five convolutional layers with ReLLU activation and dropout, interleaved
with max-pooling layers, followed by four fully connected layers, including a final clas-
sification layer. For PAMAP2, the model consists of three 1D convolutional layers with
dropout, followed by global max and average pooling and a fully connected classifica-
tion head. The visualizations for both were generated based on the intermediate layer
output after the convolutions before passing the data into the fully connected layers. At
this stage, the latent representation obtains the greatest insight while still not being af-
fected by the final classification. For both scenarios, participants were asked to use HILL
to find an optimal model to predict the classes. We did not set a model performance goal
to achieve nor did we advise participants on possible strategies. Participants were only
given a short introduction into HILL, highlighting its features and interaction options as
well as explaining the latent space visualization as presented in Section 3.3.

4.1. Procedure

After providing informed consent, we asked participants to provide demographics and
their experience with ML models. A total of 14 participants (age: X = 27.1y, s = 3.8y;
5 female, 9 male) took part in our study. Participants reported an average experience
with ML at ¥ = 52.9 (s = 28.8, 0 to 100). Subsequently, we introduced the participants
to HILL and randomly (counter-balanced) chose a starting scenario (either CIFAR-10
or PAMAP2). In order to to prevent excessive experiment durations, we pretrained both
models for 25 epochs. With that, we cover two different scenarios, since CIFAR-10 still
has great potential for improvement at this stage while PAMAP2 presents a challenge
with less potential for improvement due to the complex nature of sensor data. We asked
participants to voice their thoughts during the interaction and tasked them to improve the
performance of the given model. We did not put any interaction constraints on this step
and allowed participants to freely explore HILL and strategies they saw fit to improve
the model performance. However, to receive comparable results, we fixed four interac-
tion points in the training, respectively at epochs 25, 30, 35, and 40. After each train-
ing iteration (initiated by the participants at will), the updated model performance was
displayed and the respective latent space visualization was updated. After each full pass
of a scenario, we administered the UMUX-Lite, NASA-TLX, and our custom questions.
Participants subsequently were tasked with the second, remaining scenario. At the end of
the study, we interviewed the participants on their impressions of the system. The study
duration did not exceed 60 min and was approved by the Ethics Team of the German
Research Center for Artificial Intelligence.

4.2. Results

We analyzed the administered questionnaires and the recorded think-aloud protocols in-
cluding the interviews to evaluate the user experience of HILL. We particularly focused
on distilling the strategies to improve the model employed by the participants. A com-
parison of the model performance using HILL and baseline training without human in-
tervention provides insight into the effectiveness of our approach.
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Figure 5. The model performance evaluation of HILL compared to the traditional training as baseline; Dark
grey represents the pretraining phase; red dashed lines human interaction points; the light grey area represents
the range of best (green) and worst (orange) participant utilizing HILL during the user study.

4.2.1. Model Performance

We present the validation accuracy for the two scenarios in Figure 5, comparing the tradi-
tional training (baseline) with HILL. We visualize the range of participants’ experiments
of HILL, including the best-performing experiment in green and the worst in orange. The
evaluation was conducted on the unseen validation dataset, the same as during training,
to ensure that the model does not overfit the test data.

Across both datasets, the first interaction had the most significant impact on perfor-
mance. This can be attributed to the user’s initial structuring of the latent space, which
often resulted in a great boost of accuracy. Even the worst-performing HILL results were
still capable of outperforming the baseline, demonstrating the robustness of the approach.
Notably, the best-performing HILL runs significantly surpassed the baseline, providing
strong evidence that human intuition can effectively enhance training. For CIFAR, the
accuracy increased by 1.6% points to 87.3%, while for PAMAP2, the improvement was
around 2.2% points to 75%. Additionally, HILL led to faster convergence, reducing the
computational resources required to achieve satisfactory classification performance. In
the case of PAMAP2, the worst HILL performance can be traced back to a participant
who altered their strategy across interaction points. This change resulted in greater fluc-
tuations in accuracy, particularly during the last two interactions.

4.2.2. Questionnaires

We calculated the SUS-parity score (max = 100) from the collected UMUX-Lite re-
sponses [28]. Our system showed good usability [2] with ¥ = 72.4 (s = 9.23). Like-
wise, the total NASA-TLX (max = 120) indicated a low workload for participants with
X =136.1 (s = 18.2). Figure 6 depicts the individual subscales (max = 20) given our two
scenarios. Physical and temporal demand is very low, while other subscales score slightly
higher with bigger variance. In particular, frustration was lower for PAMAP?2.

The results of our custom questions (Table 1) are visualized in Figure 7. For Q2
("The system distracting me during my task.”) and Q4 ("The system biased me.”) we
recorded low ratings from the participants across both scenarios indicating that the sys-
tem was neither distracting the user (X = 12.6, s = 18.1) nor biased their decision making
(¥ =23.1, s = 28.1). For all other questions, we recorded split ratings, associated with
whether participants were successful in improving the model with their strategies. This
affected their model beliefs, such as its effectiveness (Q3), its weaknesses (Q7), and their
trust in the model (Q5). Notably these beliefs also translated to an understanding of the
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visualization (Q6) and whether the system was able to support them in finding an opti-
mal model (Q1). In particular, for Q1, we found that scores varied less for the PAMAP2
scenario, also linking to its lower frustration score (NASA-TLX).
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Figure 7. Ratings for our custom questions (Table 1) given our two scenarios (CIFAR-10, PAMAP2).
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4.2.3. Think-aloud and Interviews

We transcribed the audio files (10 hours 30 minutes in total) collected from each partici-
pant using Whisper [38]. To analyze the interviews, we used the approach by Blandford
et al. [3]. Three researchers coded an initial 20% of the data and agreed on an initial
coding tree. The remaining data was split between the researchers. From a final discus-
sion, the following themes surfaced: Strategies, Human-Model-Interaction, and User In-
terface. Since Strategies was the main topic for most participants during the study we
subdivided that topic into six subtopics.

Strategies Most participants agreed on moving data points closer to their cluster center
in order to remove misclassified outliers, therefore Increasing Cluster Compactness.
”Now my strategy is to cluster them near to the exact center.” (P13)
Another commonly applied strategy involved Maximizing Cluster Distance, where par-
ticipants moved whole clusters further apart from each other, in an effort to help the
model distinguish and separate them properly.
”Let’s get the airplane away from the bird.” (P14)
Contrary to moving clusters apart, some participants applied the Merge Similar Classes
strategy where they decided to move classes connected on a high abstraction level closer.
”(...) feature one, you have animals, and then kind of sort them. And on the other
side, like, cars, automobiles, like transportation things.” (P14)
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In cases where participants were shown dense, well-separated clusters with a clear dis-
tinction from others, they commonly employed the Keep Arrangement strategy, only
moving points from classes where this was not the case.
[ think the automobile is great. So I'll not move this at all.” (P4)
When the selected strategy did not produce satisfying improvements, a few participants
Changed Strategy and decided to continue training by inverting their previous approach.
”I would like to try something completely different. Before I purposefully tried to
separate classes that are similar. But what happens if I do the exact opposite?” (P6)

Human-Model-Interaction. Apart from diverse strategies, most of the participants gave
qualitative feedback about their impressions working directly with the model during
training. Most feedback was positive, showing that HILL helps understanding the inner
workings of the trained models.
”It’s not so much a black box anymore” (P2)
Yet, some participants wondered about the lack of influence they had on the training.
”[ wanted to see how the tool reacts, if it helps with training at all or not. So I tried
a few different things and I think for the first task this worked somewhat, for the
second task really not.” (P6)

User Interface Overall, participants appreciated features and layout of the interface.
However, some required more feedback if their actions had the desired impact.
”The system is easy to use, but I'm obviously doing something wrong.” (P2)

5. Discussion

A key challenge in the field of HITL ML is that users bring their own preconceived no-
tions into the interaction, which can subtly shape both their engagement with the system
and the resulting model behavior. As indicated by our interviews (Section 4.2.3), par-
ticipants often approached latent space modifications based on their own mental models
of the data, sometimes reinforcing subjective structures rather than optimizing for
pure algorithmic generalization. This phenomenon links to developer blindness, where
those designing or interacting with such systems impose their own interpretations into
the model, overlooking alternative perspectives or emergent patterns [21].

Unlike related approaches that modify training data directly (cf. Section 2), HILL
operates within the latent space, only including it in the loss function, hence, making it
less susceptible to overfitting caused by human biases as evident from our analysis on
model performance (Section 4.2.1). However, guidance should not turn into manipula-
tion, since allowing too much user influence can lead to the model conforming to subjec-
tive strategies rather than generalizable improvements [7]. Especially when evaluating
the model performance, users need to ensure to exclude their own beliefs and intuitions
to properly balance human intuition with algorithmic training.

Human users interpret data differently than algorithms, often applying concepts
based on their knowledge about the classes, such as grouping or separating “birds” and
“planes” since they are correlated with the sky. This can enrich training by introducing
structured insights from human cognition, which purely data-driven approaches over-
look. Our results show that human-induced adjustments improved model performance
without causing overfitting (Section 4.2.1), suggesting that human guidance can high-
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light relevant decision boundaries that standard optimization fails to capture. Future work
should explore adaptive strategies where the model learns which human interventions
are beneficial and adjusts its reliance accordingly.

A recurring topic in user feedback was the need for more transparent algorithmic
responses to the user, apparent in our questionnaires (Section 4.2.2) and interviews
(Section 4.2.3). Some participants struggled to gauge whether their interactions were
meaningful, which aligns with findings from our think-aloud analysis. Addressing this
requires more explicit feedback mechanisms beyond pure performance metrics, such as
visualizing the differences between latent spaces before and after intervention. Providing
explanatory cues, for instance highlighting which modifications or classes contributed
to accuracy improvements, or even utilizing support from Large Language Models [24],
could further bridge the gap between human intuition and model behavior.

Traditional training optimization techniques focus on minimizing a loss function
defined over the training dataset, which encapsulates the differences between predicted
and actual outcomes within that specific context. While these methods are effective for
achieving reasonable performance on the given data without human intervention, they
operate within the confines of the information provided by the dataset. Human intuition,
on the other hand, draws upon a vast reservoir of world knowledge, experiences, and con-
textual understanding that extends far beyond the boundaries of any single dataset. This
intuitive knowledge includes common sense reasoning and domain-specific expertise. As
such, human intuition has the ability to recognize patterns or relationships that may
not be explicitly represented in the data but are crucial for real-world applications.

6. Conclusion

In this work, we introduced "Human in the Latent Loop” (HILL), facilitating a novel
human-AI interaction paradigm that interactively infuses human intuition into model
training through latent space representations. HILL demonstrated that human interven-
tions improve model performance and convergence while maintaining generalization.
Our evaluation revealed diverse interaction strategies, highlighting both the strengths as
well as the risks of potential human biases. By integrating human intuition into the model
training process, particularly through interactive methods such as manipulating latent
space clusters, HILL can effectively bridge the gap between data-driven optimization and
human-centric understanding. This approach enables the model to benefit from insights
that traditional methods might overlook, potentially leading to solutions that not only
perform well on the dataset but also make sense in broader, real-world contexts.
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