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Abstract
The identification of unique traits and behavior is essential
to providing personalized intervention in individuals with
Autism Spectrum Disorder. However, the limited personal-
ized quantitative data with experts’ annotations in autism re-
search pose a fundamental challenge to train AI models for
unique behavioral patten discovery. Multiple Instance Learn-
ing (MIL) has demonstrated promising results in medical do-
mains, where annotations are only needed at the group level
(i.e., a whole sequence) instead of individual data instances.
It provides a cost-effective way to train statistical models with
limited labeled data. Additionally, the rise of pretrained mod-
els have shown great success in improving the performance
in few-shot learning scenarios. In this proof-of-concept study,
we propose a novel framework that integrates a transformer
encoder pre-trained on large-scale spatiotemporal data with
MIL, for unique behavioral pattern detection from autistic
individuals. Our results demonstrated the discrimination of
individual-level autistic behavioral differences and the accu-
rate classification of behaviors across distinct groups: typi-
cally developing (TD) and autistic (ASD). Beyond aggregate
performance metrics, we highlight visual insights from tem-
poral instance scores, revealing interpretable differences be-
tween individuals in their respective groups. These results
show promising progress towards tools that can be used for
personalized intervention for autistic individuals, and more
interpretable AI diagnostics.

Source Code — github.com/mathjams/AAAI26

Introduction
Autism Spectrum Disorder (ASD) is a neurological devel-
opmental disorder that affects around 1 in 31 individuals in
the United States (Centers for Disease Control and Preven-
tion (CDC) 2025). Autistic individuals commonly display
characteristic behaviors, such as repetitive body motions or
abnormal responses to stimuli. These behaviors are often
coping mechanisms, with responses that are unique to the
individual. Meanwhile, the advancement of AI, especially
deep learning techniques, have shown promising progress in
autistic intervention. Additionally, the collection of sensory
input through virtual reality (VR) systems provide quantita-
tive information about the behavioral patterns of autistic in-
dividuals, allowing for tailored treatment and support. This
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is especially important in autistic intervention, due to the
large diversity of the spectrum.

However, the effectiveness of these approaches heavily
relies on the access to plentiful labeled data sources, essen-
tial for training complex models capable of discovering spa-
tiotemporal patterns from time-series behavioral sequences.
Collecting large quantities of temporal datasets with detailed
annotations that pinpoint when and where unique behav-
ioral patterns occur is challenging and often requires spe-
cialized domain knowledge. Although methods such as data
augmentation or data synthesis provide effective means to
address data scarcity, these methods still face major limita-
tions, requiring significant research from both domain ex-
perts and the machine learning community. Additionally,
datasets on specific groups of autistic individuals are espe-
cially rare. Thus, understanding the common characteristics
of spatiotemporal patterns is critical to detect the unique
traits embedded in the behavioral sequences of autistic in-
dividuals.

To address the lack of annotated temporal behavior data
and limited dataset sizes, we propose a novel framework that
seamlessly integrates two complementary learning compo-
nents. First, we utilize PatchTST, a transformer model pre-
trained on large-scale public time series data. It helps to en-
code common spatiotemporal features from eye fixation se-
quences from autistic and TD adolescents collected through
a VR tracking system. These features are then fed into a
Multiple Instance Learning (MIL) model, which relies only
on the group-level supervision (i.e., whether a behavioral
sequence is collected from an autistic or TD individual) to
detect unique behavioral patterns to best differentiate these
two groups. MIL has demonstrated success in many med-
ical domains, including autism research, where fully anno-
tated datasets are often unavailable (Carbonneau et al. 2018).
Built upon the pre-trained time-series transformer, the MIL
model can fully leverage temporal behavioral data to ef-
fectively detect fine-grained behavioral patterns (i.e., sub-
sequences of eye-fixations in a short time interval) that are
uniquely associated with autistic individuals. By integrat-
ing these two complimentary learning components, the pro-
posed framework allows us to leverage the benefits of large-
scale models while working with smaller datasets.
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Figure 1: Confusion matrix demonstrating balanced class
predictions

Methodology
Data were collected in earlier work using the Multimodal
Virtual Classroom Interface (MVCI) (Yu et al. 2023). In
this setup, the VR system continuously tracked eye gaze co-
ordinates as participants completed tasks displayed on the
screen. Each gaze location is represented by an (x, y) co-
ordinate, where x, y ∈ (0, 1). From these recordings, se-
quences of eye fixations were extracted. The MVCI allowed
participants to complete tasks that would be performed in
a classroom environment, in particular, copying an image
from the reference panel onto another section of the screen
as shown in Figure 2. The screen contains a reference panel
for selecting the color, a main task region for completing the
task, and the background with avatars (providing visual and
audio stimuli), as shown in Appendix A (Yu 2026).

Since only sequence-level diagnostics labels are avail-
able from our data collection, we employ Multiple Instance
Learning (MIL) as a weakly supervised approach (Carbon-
neau et al. 2018). In this setting, negative bags (TD) contain
only negative instances, while positive bags (ASD) include
at least one positive instance. Each instance includes a fixed
number of consecutive fixations within the sequence, and all
the instances form a bag. Thus, positive instances can be
interpreted as containing the distinctive behaviors patterns
differentiating autistic individuals from their typically devel-
oping peers.

We segmented each fixation sequence into fixed-length
overlapping windows, each representing an instance of be-
havior. We extracted temporal features through a pretrained
PatchTST encoder (Nie et al. 2022), and computed instance
scores through a lightweight MIL head. Instance embed-
dings were aggregated via top-k pooling at the bag level.
Training was optimized with a weighted hinge loss to ad-
dress label imbalance. Performance was evaluated by a
weighted F1 score for early stopping, with the confusion
matrix for visualization. Additional details are included in
Appendix B (Yu 2026).

Experimental Results
We trained the models using 75% of the data and tested on
the rest. To expand our training and validation sets, we also
generated subsequences from the original dataset. The con-

Figure 2: Color-coded eye fixations for Individuals 1 and 2

fusion matrix in Figure 1 shows the balanced classification
performance across ASD and TD groups (with recalls of
0.67 and 0.63, respectively), which indicates that our model
does not classify in favor one group over the other despite
imbalanced sample sizes, essential in rare pattern detection.

Case study. Now we analyze two specific autistic individ-
uals, and with gaze fixations colored red and blue, where red
points indicate fixations from positively labeled instances
and blue points indicate fixations from negatively labeled in-
stances. For Individual 1 as shown in Figure 2, there is
a cluster of abnormal fixations located between the two task
areas. This pattern suggests that Individual 1may have
unique behaviors when transitioning between tasks, specifi-
cally when shifting from viewing the reference image to re-
producing it. Moreover, we see that the fixations that lie on
the background are not labeled as positive instance points,
indicating that response to background stimuli are unlikely
to explain the observed behavioral differences.

For Individual 2 in Figure 2, we see that there are
concentrated fixations around the reference and main task
panels. This distribution could indicate potential difficulties
with task mechanics, such as replicating the figure or select-
ing the correct colors, reflected by the positively labeled fix-
ations near the color selection panel. Additional results and
visualizations are included in Appendix C (Yu 2026).

Discussion. Our results demonstrate that the proposed
framework can effectively capture discriminatory fixations
patterns by only using sequence level labels. The bal-
anced accuracy verifies that it differentiates between the
two classes through behavioral abnormalities and avoids
class bias. It also demonstrates the ability of the PatchTST
encoder to extract meaningful spatiotemporal features, en-
abling the lightweight MIL head to separate classes with
limited training data. Our findings highlight that the frame-
work uncovers heterogeneity in autistic behaviors, where
positive behavioral instances are different between autistic
individuals. Thus, this framework can effectively detect fine-
grained differences at both the group and subject levels.

Conclusion

By integrating a pre-trained time-series transformer with a
weakly supervised MIL model, the proposed framework ef-
fectively extracts unique behavioral patterns from limited
behavioral data with only sequence level labels. It alleviates
the reliance on fine-grained behavioral annotations, offering
a more practical and cost-effective way to support personal
intervention and treatment in autism research.
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