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Abstract

Scientific discovery pipelines typically involve complex, rigid, and
time-consuming processes, from data preparation to analyzing and
interpreting findings. Recent advances in Al have the potential to
transform such pipelines in a way that domain experts can focus
on interpreting and understanding findings, rather than debugging
rigid pipelines or manually annotating data.

In this paper, as part of an active collaboration between data sci-
ence/Al researchers and behavioral neuroscientists, we showcase an
example Al-enhanced pipeline, specifically designed to transform
and accelerate the way that the domain experts in the team are able
to gain insights out of experimental data. The application at hand
is in the domain of behavioral neuroscience, studying fear general-
ization in mice, an important problem whose progress can advance
our understanding of clinically significant and often debilitating
conditions such as PTSD (Post-Traumatic Stress Disorder).

From a technical point of view, we identify the emerging para-
digm of "In-Context Learning" (ICL) as a suitable interface for do-
main experts to automate parts of their pipeline without the need for
or familiarity with Al model training and fine-tuning, and showcase
its remarkable efficacy in data preparation and pattern interpreta-
tion. At the same time, we introduce novel Al-enhancements to
tensor decomposition, a class of methods that has been shown to
be effective in behavioral neuroscience alongside a vast array of
other domains, which allow for more seamless pattern discovery
from the heterogeneous data in our application.
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We thoroughly evaluate every component of our proposed pipeline
experimentally, showcasing its competitive or superior performance
compared to what is standard practice in the domain, as well as
against reasonable ML baselines that do not fall under the ICL par-
adigm, to ensure that we are not compromising performance in our
quest for a seamless and easy-to-use interface for domain experts.
Finally, we demonstrate effective discovery, with results validated
by the domain experts in the team.
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1 Introduction

Behavioral Neuroscience is a prime example of a discipline whose
potential can be maximized with the use of data-driven approaches
and Al methods. The specific focus of this work is understanding
fear discrimination, and more specifically, how different mouse
subjects learn to generalize fear across environments, and what
factors may lead to fear over-generalization, a condition whose
mechanism can help shed light to often debilitating conditions
in humans such as Post-Traumatic Stress Disorder (PTSD). The
use of mouse models proves to be valuable when investigating
fear due to the high preservation of neuronal circuitry involved in
fear between mice and humans [56], and also allows researchers
to conduct thorough investigations into threat processing. In this
problem, we are interested in both neural patterns (measured using
calcium imaging [23]) as well as behavioral patterns (captured
through videos and typically manually encoded by experts).

This work is a product of an interdisciplinary research team of
computer scientists with expertise in Al and data science methods
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and behavioral neuroscientists with extensive domain expertise
and working knowledge of Al and data science methods from a
user’s perspective. We present an end-to-end use case of how Al
methods can transform a typical behavioral neuroscience research
pipeline, followed not only by the domain experts in our team but
also widely accepted and followed by researchers in the domain
[3, 8,9, 11, 32, 37, 40, 44, 63].

Introducing data science methods at-large in behavioral neuro-
science applications is not a new proposition. However, the most
impactful such attempts focus on a very specific part of the research
pipeline that relates to the data analysis. For example, there have
been successful attempts in going beyond “standard” statistical
significance tests [16, 36] and introducing knowledge discovery
methods in analyzing brain measurements using tensor methods
[18, 59] and graphs [20, 22] among others. Such attempts are ex-
tremely valuable in that they allow for the discovery of potentially
previously-unknown patterns, which may lead the domain experts
to produce novel hypotheses.

However, the impact of such attempts is still very narrow and
not transformative. In order for such complex knowledge discovery
methods to have a chance to produce meaningful results, there
needs to be an “analysis-ready” or “Al-ready” [13] dataset. At the
same time, in order for a domain expert to be able to make use
of the discovered patterns, they need to have working knowledge
and understanding of the knowledge discovery method or the AI
model that is being used for the analysis. Those two desired data
entail a long, tedious, and time-consuming data preparation process
while requiring significant Al knowledge on the part of the domain
expert. As a result, such attempts are not scalable to the greater
population of domain experts, however rich their potential may be.

In this paper, we identify different parts of the behavioral neuro-
science pipeline that can be transformed with AI and knowledge
discovery methods and we introduce an end-to-end pipeline that
does so in a way that it leverages the domain expert’s input and
knowledge when necessary while decoupling their involvement
from processes that are either manual, time-consuming, and te-
dious or require significant computing knowledge (or both) so that
they can focus on understanding, evaluating, and acting upon the
results of the pipeline. We introduce the following components of
the pipeline, aligned with our technical contributions:

e In-Context Data Preparation: We identify In-Context
Learning (ICL) as a great candidate for allowing domain ex-
perts to interface with cutting-edge Al foundation models
without the need for advanced knowledge in model train-
ing. We demonstrate how tasks in data preparation can be
automated as such, and we introduce the novel concept of
Autoregressive In-Context Learning (AR-ICL).

e Neural Tensor Analysis: We enhance tensor analysis by
leveraging advanced tensor decomposition models for dis-
covering hidden patterns in the coupled data with multiple
shared attributes, and identifying the most contributing
patterns across different data sources.

e Al-driven Pattern Interpretation: We leverage domain
knowledge, Retrieval-Augmented Generation (RAG), and
In-Context Learning in understanding and interpreting the
discovered patterns.

Goulart et al.

From the application’s point of view, we conduct an end-to-end
evaluation of our proposed pipeline and identify patterns in the
data that have the potential to drive discovery in the problem of
fear (over)generalization and discrimination. We make our source
code and datasets publicly available at https://bit.ly/3NWr6dd.

2 Traditional Worfklow

Prior work in the field of behavioral neuroscience that investi-
gates neuronal network activity, has relied on available open-source
scripts that address single parts of the complex data analysis pro-
cess to be strung together in a coherent pipeline. Although this
has worked for research teams in the past, this method requires
programming knowledge that many domain experts do not possess.
Additionally, this standard way of processing datasets has proven
rigid, as off-the-shelf programs for brain data analysis still need to
be updated and adjusted according to the precise data representa-
tion generated by the experimental design, and time consuming,
as these updates to parameters and learning to adjust how data is
input and the desired results output can be challenging and will
take time for researchers with minimal programming capabilities.
Improvements to the current standard practice, such as the ones
proposed in this paper, will provide domain experts an efficient and
effective pipeline to process their data, run analyses, and interpret
results, while ultimately allowing more focus by the researchers to
be placed on discovery questions and big-picture thinking.

Data Collection Neuronal activity of mice was recorded using
one-photon calcium imaging [29]. Two-month old mice underwent
a series of surgical procedures including a viral injection into the
right prelimbic region (PL) of the medial prefrontal cortex to express
a genetically encoded calcium indicator [14], which fluoresces upon
calcium binding. Then a 1mm prism lens was chronically implanted
lateral to the viral injection site. During recording sessions, a head-
mounted miniaturized microscope was transiently attached to an
aluminum docking plate, enabling the visualization of neuronal
activity in PL through changes in fluorescence [54, 64]. Section 5
describes specifics for our fear conditioning and discrimination ap-
plication. Overall, this set-up is considered standard in the domain.
Data Preparation For the most part, data preparation is either
done manually or via scripts that require significant computing
familiarity. In our specific case, labeling of mouse behavior is done
by visual inspection of the videos by a domain expert, while con-
version of calcium imaging to different types of workable inputs to
data analysis tools is done by pipelines such as CNMF [45] and a
cell registration process [48].

Data Analysis Early experiments performed cluster analysis to di-
vide neurons, whose activity was recorded using eletrophysiology,
into discrete categories of regular-spiking and fast-spiking neurons,
and ANOVA to determine between-group similarities and differ-
ences [36]. Later, researchers worked to use community detection
algorithms to generate graphs of interconnected units within the
brain [22]. Additionally, Williams and colleagues novelly applied
tensor component analysis (TCA) to neuronal activity data collected
from freely behaving animals using NeuroPixels [59]. This appli-
cation was revolutionary for the field as it allowed neuroscience
researchers to discover latent patterns in neuronal activity data in

175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231

232


https://bit.ly/3NWr6dd

233
234
235
236
237
238
239
240

242
243
244
245
246
247
248
249
250

251

253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276

278
279
280
281
282
283
284
285
286
287
288
289

290

Transforming Behavioral Neuroscience Discovery with In-Context Learning and Al-Enhanced Tensor Methods

an unsupervised manner; however, it did not address important as-
pects of using TCA on data collected during learning and cognition
and did not clearly identify reliable methods to determining the
number of components.

Prior work involving a subset of our team independently uti-
lized TCA and community analysis to discover groups of neurons
that are co-engaged during unique environments and epochs of
a fear conditioning and discrimination paradigm, in order to dis-
cover populations of neurons that are implicated in threat detection
and safety learning [43]. This and previous work have advanced
computational techniques for behavioral neuroscience, but their ac-
curate application often requires highly interdisciplinary expertise.
Streamlined pipelines, such as the one proposed here, can reduce
this complexity and enable wider adoption across diverse areas.
Result Analysis Finally, the analysis of results is done purely
manually and depending on the analysis tools used it requires
substantial understanding of those tools by the domain expert.

3 Proposed Method

We propose an Al-enhanced pipeline that automates time-consuming
and expertise-intensive steps in behavioral neuroscience workflows.

As illustrated in Figure 1, the pipeline consists of three main parts:

(1) In-context data preparation, (2) Al-enhanced Tensor Analy-
sis, and (3) Al-driven pattern interpretation. In the first part, the

pipeline provides a user-friendly interface that enables scientists

to generate clean datasets from raw video data without requiring

knowledge of Al models. By leveraging In-Context Learning (ICL),

it removes the need for manual inspection or labeling. The sec-
ond part uses a neural tensor decomposition method to enhance

analysis of while maintaining interpretability of classical tensor

models. In the third part, an agent facilitates interpretation of results

from tensor analysis by leveraging VLM and retrieval-augmented

generation (RAG). Details for each part follow.

3.1 In-Context Data Preparation

In-Context Learning (ICL) is an emerging technique that allows
LLMs and VLMs to perform domain specific classification, regres-
sion, structured prediction, and other tasks without the need for
fine-tuning or domain specific training [10, 19, 27, 34, 42, 61]. This
is done by providing an LLM or VLM a handful of different exam-
ples of input output pairs S = {(x1,y1), - .., (xx, yx)} for a specific
task, and then asking it to predict the next unseen target from a
given input xj4; wWhere k represents the number of examples.

ICL requires minimal knowledge of how LLMs or VLMs operate
internally, in contrast to fine-tuning, which requires technical ex-
pertise, significant computational resources, and large amounts of
labeled training data. ICL is also substantially easier to set up than
other computer vision pipelines based on models such as DINO-
V2, which often require specialized training procedures and may
again also need fine-tuning for the specific task. Additionally, prior
work has shown that ICL can achieve competitive, and in some
cases state-of-the-art, performance across vision-language tasks
[28]. This allows domain experts from non machine learning related
fields to utilize this tool with ease.

3.1.1 Behavioral Video Labeling. Our first task focuses on auto-
mated labeling of mouse behavioral videos. Following prior work
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[28], we consider second by second classification of behavior from
mice experiment recordings. Each second of the video is given
one of the following behavior labels: freezing, fleeing, or groom-
ing/exploring. Manually producing these annotations can take an
extremely long time, requiring researchers or volunteers to spend a
significant amount of resources in order to review and label a single
video. This manual labor limits the scale of these behavioral studies
and creates a demand for accurate automated labeling methods.
Previous work has shown that a VLM provided with in-context
learning (ICL) examples, along with frame splitting to avoid VLM
frame sampling which can cause crucial frames to be missed, can
achieve competitive performance on this task, surpassing baselines
such as nearest neighbor DINO-V2 [12, 31].

However, we observed two key limitations in this pipeline. First,
behaviors often continue across different seconds: a mouse may
continue the same behavior from the previous second, and behav-
iors can also begin in one second and leak into the next. Treating
each second independently ignores this continuity. Second, treating
each second independently can cause the VLM to output drastic
labeling inconsistencies over a short period of time. For example,
normal exploring movement that briefly speeds up may be misla-
beled as fleeing, even though the overall behavior has not changed.
Such temporal inconsistency can reduce the reliability and scientific
interpretability of model outputs.

One might think that this issue can be resolved by providing
the VLM with longer clips or multiple seconds at once, however in
practice this approach has been found to be extremely unreliable.
This is also found to be the case in prior work where VLMs have
been observed to struggle with detailed temporal reasoning in
videos [31]. For example, behaviors might be correctly identified,
but attributed to the wrong second, or the model would just label
the same behavior across all seconds.

To address these issues, we introduce Autoregressive in-context
learning (AR-ICL). In AR-ICL, the model is not only provided
with the original ICL demonstration examples, but also with its
own most recent prediction as additional in-context information.
When predicting the label for the current 1-second chunk x(*),
the prompt, denoted by Ssr, includes the previous second chuck
x(=V and its predicted label =) along with the fixed examples
{(xi, yi)}i.;l where k represents the number of fixed ICL examples,
ie, Sar = {(x1,41)s ..., (X y), (x~D, §¢~D)}. This allows the
VLM to reason about how the current behavior relates to what was
happening immediately before. Intuitively, this encourages tempo-
ral smoothness and reduces abrupt label changes that contradict
what just previously happened. Although AR-ICL is specifically
applied towards the task of behavioral labeling here, we believe
this strategy can be broadly applicable to sequential prediction
tasks where outputs are temporally dependent (e.g. other video
prediction tasks and time-series classification).

In addition to AR-ICL, we also provide the next one-second video
segment x(**1) as unlabeled visual context. This next second context
can help with transitional behaviors that can go on for multiple
seconds, while keeping the autoregressive structure centered on
past predictions. Together, these techniques allow the model to
better capture the temporal continuity of animal behavior while
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Part1: Data Preparation
Expediting label annotation in raw video data
via VLM w/ In-Context Learning

Traditional
Workflow

v
Raw video Data

Time-consuming &
Complex Pipeline
Manual Inspection
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Part2: Tensor Analysis
Identifying shared & unshared patterns
between coupled tensors

Neuron Tensor
(Trial x Time x Neuron)
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Behavior Tensor
(Trial x Time x Behavior Type)
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Figure 1: Overview of the proposed pipeline. Our pipeline streamlines time-consuming and expertise-intensive steps, easing
the workload for scientists, in contrast to conventional workflow.

keeping the simplicity of an ICL-based framework. We show an
example of this process for labeling one second in Figure 2.

Fixed Contexts Temporal Contexts

f <z-1) ® ) |

Label |Exp|onng| [ Freezing | [ Fleeing | | Fleeing ” ? HUnlabe\ed]

$E=D Predicted Behavior
at the timestep (t — 1)

Figure 2: Proposed AR-ICL method for behavioral labeling
at the (¢)-th frame.

3.1.2  Analysis-read Calcium Imaging Data. In addition to behav-
ioral labeling, we explored whether VLMs could assist with extract-
ing binary matrices from calcium imaging video data, where zero
represents when a neuron is inactive and one represents when a
neuron is active. Unlike behavioral data, calcium imaging videos
contain subtle and fine-grained florescent signals that reflect neural
activity at cell level resolution. Current methods to extract this
information involve a piecemeal process of various scripts and li-
braries that is cumbersome and timely to execute. Using a VLM
could potentially offer a one-step solution to this process.

We frame this as a coarse neural classification task, where each
calcium imaging clip is labeled based on the visually discernible
fluorescent activity (i.e., if something lights up in a given region). We
also adopt an ICL framework, providing the VLM with a small set
of example calcium imaging clips paired with expert annotations.

Due to limitations in how much detail VLMs can understand
from a video, instead of asking the VLM to reason over the full-
resolution clip, we decided to partition each frame into a small grid
and represent activity in a binary manner. To do this, we use an
n x n grid over the full frame. If any noticeable fluorescent activity
occurs within a quadrant, that region is labeled as active (1), oth-
erwise it is labeled as inactive (0). This gives us a compact binary
matrix representation per second that captures coarse spatial struc-
ture while ignoring fine-grained cellular details that are difficult

for current VLMs to interpret reliably. Unlike the behavioral task,
we do not use AR-ICL here, instead treating each calcium second
independently. This is because, unlike the behavioral task, calcium
fluorescence activity is much noisier and does not transition as
clearly across time. As a result, we don’t believe that providing the
previous prediction will improve performance, and in fact may be
worse for this task.

3.2 Al-enhanced Tensor Analysis

After data preparation, we obtain neuron data with three modes
(trials, time, neuron) represented as X € RI**K and behavior
data with three modes (trials, time, behavior type) represented as
Y e RPJ*M These data are naturally represented as tensors which
exhibit multi-way patterns between trials, times, neurons, and be-
havior types. Tensor decomposition is a fundamental analysis tool
to discover latent patterns of multi-way patterns in tensors, and has
been actively used in neuroscience [1, 2, 30, 62]. Among various
tensor decomposition models, CANDECOMP/PARAFAC decompo-
sition (CPD) [35] has been effectively used due to its simplicity and
interpretability [35]. Given neuron data X € RP/*K and rank R,
CP decomposes X into sum of R rank-one components as follows.

R R
X~ ) Aasobroc, =[AABCl & xijk = Y. Aairbjrckr, (1)

r=1 r=1
where the rth rank-one component a, o b, o ¢, consists of distinct
latent patterns between different modes, and o denotes an outer
product. Here, A € R™*R B € R/*R and C € RK*R are factor ma-
trices corresponding trial, time, and neuron, and A € RR denotes
a weight vector of components. Element-wise, an each tensor en-
try x;jr can be reconstructed with factor vectors of a;,, b; ., cx. a;r

denotes the r-th factor values of the i-th index of the first mode.

When there are tensors where modes are coupled, coupled ten-
sor decomposition has been used to integrate information com-
prehensively [1, 2]. Given neural data X € R™>*/*K behavior data
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Y e RPY*K and rank R, where trial and time modes are coupled,
CP decomposes X and Y into factor matrices {A, B, C, D} as follows:

R R
L=|IX= > A ob ot |} +[Y =) yarob odll} (2)
r=1 r=1
where A and B are shared factor matrices for the trial and time
modes, respectively, and C and D are neuron and behavior factor
matrices. We impose a non-negativity constraint on the factor ma-
trices to facilitate interpretability, such that a = ¢(a) where ¢ is a
non-negative activation function. Moreover, A and y are trained to
weight components, with larger values indicating stronger contri-
butions, which enables direct identification of shared common and
tensor-specific components.

Recently, Neural Additive Tensor Decomposition (NeAT) has
been proposed to enhance decomposing tensors [4], by applying an
individual neural network to each component. Thus, it maintains
the interpretability of CP decomposition while capturing non-linear
patterns. Given neural data X, behavior data Y, and rank R, NeAT
decomposes X and Y into factor matrices {A, B, C,D} as follows:

=)

a=(i.j.k)

R
3 (v - o @am by di]))
p=(i.j.1) r=1

where f;, g, are multi-layer perceptrons (mlp) for each tensor, and
[.] denotes a concatenation, e.g.,[a;r, by, cir] € R3. Similar to CPD,
NeAT maintains the additivity of components similar to CPD, which
makes it easy to interpret each component separately to other com-
ponents, unlike other types of neural tensor decomposition [39]. For
coupled tensors, we share factor matrices A and B but have separate
mlps to learn tensor-specific interactions. To identify shared and
unshared components, we use one-layer mlp and calculate the sum
of weights and bias in mlp. Since we also impose non-negativity
on factor matrices, naturally the larger values of weights in mlps
indicate stronger contributions of the corresponding components.

R
(v = 3 5 @ Larbyrecir 1)) +
r=1
3

3.3 Al-driven Pattern Interpretation

A central goal of our pipeline is to move beyond automated pattern
extraction, and close the loop by moving toward assisted scientific
interpretation. After latent tensor decomposition reveals latent pat-
terns between neural and behavior components, domain experts
need to then determine what these patterns mean and represent.
Like the other traditional methods we’ve mentioned, this step is
often time-consuming and requires familiarity with what latent fac-
tors represent as well as how they relate to different neuroscience
interpretations. We therefore design a system that can automati-
cally generate plausible, literature grounded hypothesis for each
component discovered, aiding experts by providing them a nice
direction for where to start, serving as an interpretive aid.

Recent advances have shown that both LLMs and VLMs have
demonstrated strong capabilities in both scientific reasoning and
hypothesis generation across multiple domains [52]. These models
can combine visual information from factor plots with relevant
domain knowledge to produce explanations in natural language
rather than raw numerical output. This is useful because latent
tensor factors are often abstract and not always straightforward
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to interpret, allowing VLMs to serve as a practical bridge between
outputs and interpretation.

For each latent component, the model is provided with (1) the
visualization of the component’s trial-wise factor plots, (2) a small
set of in-context examples consisting of previously interpreted com-
ponents with expert annotations, and (3) relevant neuroscience
literature.

To familiarize the VLM with this task, we again utilize ICL to
provide a small set of example latent factor plots paired with an
expert written interpretation and a discovery score between 1 — 5
[10]. The discovery score reflects how strongly the observed pattern
is supported by existing neuroscience literature, where lower scores
indicate weak or no prior support and higher scores indicate strong
prior support. Including the discovery score encourages the model
to reason not only about what a pattern may represent, but also
how confident the field should be in that interpretation based on
prior evidence. These examples show the VLM the expected level
of detail, tone, and evaluation criteria which allows the model
to generate properly formatted hypothesis for new components
without additional fine-tuning.

To further anchor the models outputs in established neuroscience
findings, we also leverage retrieval-augmented generation (RAG)
[21, 38]. In addition to the ICL examples, the model also receives
related neuroscience papers that analyze related latent patterns
[7, 24, 25, 33, 47, 50, 60]. This provides additional background con-
text about how similar patterns have been interpreted within the
literature, encouraging interpretations that are grounded, while
still allowing room for novel but plausible hypothesis and ideas.

This system is essentially able to act as a hypothesis generation
assistant, whose role is to propose plausible interpretations that
can guide analysis, particularly in cases where latent factors are
difficult to interpret directly. Because latent factorization methods
are used across many scientific domains, this framework may be
generalizable to other settings where latent factor analysis can
reveal patterns which are not initially obvious from raw data [49].

4 Evaluating the Pipeline

We evaluate data preparation and tensor analysis compared to
existing baselines.

4.1 ICL Labeling Evaluation

4.1.1 Behavioral Video Labeling Evaluation. To evaluate our ap-
proach to behavior annotation, as well as the gains introduced by
AR-ICL, we conduct experiments on the second-by-second behav-
ior classification task using Qwen3-VL-32B-Instruct [5, 6, 55, 57].
We use this model because it is open-source, supports reproducibil-
ity and ease of access, is relatively low cost for domain experts,
and demonstrates strong performance among open-source VLMs.
As a transformer-based baseline, we use DINOv2 to embed the
same ICL example frames used for the VLM and perform nearest-
neighbor classification for each new one-second segment based on
embedding similarity to the labeled examples [12, 28].

In order to see whether the improvements from AR-ICL are due
specifically to conditioning on the previous predicted label, rather
than simply providing additional temporal context, we also evaluate
a temporal ICL variant where the model is given the previous
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and next one-second segments without any label. We additionally
include standard ICL and no-ICL variants. Across all configurations,
we use the same 3 randomly selected ICL examples, one for each
behavior class.

We evaluate all methods on 3, 240 consecutive one-second video

segments. The behaviors are distributed as follows: Freezing: 410/3, 240
(12.7%), Fleeing: 21/3, 240 (0.6%), and Grooming/Exploring: 2, 809/3, 240

(86.7%). Grooming and exploring are grouped together because they
are visually similar and because distinguishing fear-related behav-
iors is of greater scientific importance. Since the data is highly
imbalanced, especially for fleeing, we report macro F1, balanced
accuracy, and Matthews correlation coefficient (MCC), which has
been shown to provide more reliable evaluation than standard F1
in highly imbalanced datasets [15]. These metrics are shown in
Table 1, with detailed per-class precision, recall, F1, and F2 scores
provided in the Appendix.

As shown in Table 1, ICL on its own has a dramatic impact on
VLM performance for this task. Without ICL, the model fails to iden-
tify any instances of fleeing and performs poorly overall, largely
due to over-predicting the dominant class. In fact, the no-ICL VLM
performs not much better than the DINOv2 nearest-neighbor base-
line. We also observed this qualitatively, where the VLM often failed
to recognize that a mouse was present when asked to describe clips
without task-specific examples. Introducing standard ICL substan-
tially improves performance, indicating that in-context examples
provide crucial task grounding. Temporal context alone does not
yield additional gains and slightly degrades performance relative
to standard ICL. In contrast, our proposed AR-ICL method consis-
tently achieves the best performance across all metrics, including
macro F1, balanced accuracy, and MCC.

Due to AR-ICL’s autoregressive nature, where the model condi-
tions on its own previous prediction, we wanted to check whether
the method suffers from issues such as exposure bias or cascading
errors. To analyze this, we measure both prediction error and tem-
poral consistency across consecutive one-second segments. We find
that AR-ICL reduces the overall error rate from 0.2765 — 0.2012,
while also improving temporal consistency. Specifically, the label
flip rate decreases from 0.3239 — 0.1766, and the mean predicted
run length increases from 3.09 — 5.65 seconds. This suggests that
AR-ICL does not introduce severe error propagation in our setting,
and instead provides a simple but effective way to improve both
behavioral labeling accuracy and temporal stability.

4.1.2  Calcium Imaging Video Labeling Evaluation. We also con-
ducted a preliminary evaluation of ICL for labeling calcium imagine
videos. As mentioned before, calcium imaging data contains subtle
fluorescence signals at very small scales, making this a signifigantly
more challenging than behavioral labeling. To study this, we par-
tition each frame into an n X n grid and ask the VLM to predict
a binary matrix with each entry corresponding to the respective
region. We evaluate several resolutions including: 2 X 2, 3 X 3, and
5 X 5. From this we observe that as the grid becomes finer, the per-
formance drops as shown in Figure 3. This indicates the the VLM
can capture low resolution patterns which are indicated by the
relatively high F1 score and accuracy. However we can see that as
the resolution increases, the performance drops. Therefore we view
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this component as an exploratory step rather than a replacement

for current methods.
0.80 1 -

0.75 A -
0.70 A -

0.65 -

F1 Score

0.60 -

0.55 A -

0.50

2 3 5
Grid Resolution (n x n)

Figure 3: Performance of VLM-based calcium activity. F1
score (left axis) and accuracy (right axis).

Table 1: Overall performance comparison. Best values per
column are bolded.

Method Macro F1 Balanced Acc MCC
DINO Baseline 0.203 0.441 0.128
Qwen3 - No ICL 0.370 0.365 0.130
Qwen3 - ICL 0.492 0.782 0.451
Qwen3 - Temporal ICL 0.490 0.777 0.424
Qwen3 - AR-ICL 0.545 0.801 0.517

4.2 Tensor Decomposition

We select two tensor decomposition model: CPD and NeAT for in-
terpretability. We evaluate tensor decomposition results using Root

Mean Squared Error (RMSE) defined as follows: ,/ 1%/ Do (xe — %a)?,

where X is a reconstruction entry corresponding to index @ and N
is the total number of tensor entries. We have seven subjects/mice
in total where neuron tensor includes three modes of (trial X time
X neuron) where its size is (33 X 6000 x N;) and N; ranging from
948 to 2339. Behavior tensor includes two modes of (trial X time)
where its size is (33 X 6000). In our dataset, trial and time modes
are coupled. The value of behavior matrices are binary where 0
indicates safety (exploring state) and 1 indicates fear (freezing and
fleeing). Since the most of activities are exploring, we sample zero
values while we use all freezing and fleeing activities. We split ten-
sors and coupled matrices into training and test datasets with 9:1
ratios. Table 2 shows the test RMSE of CPD and NeAT decomposi-
tion on non-coupled (used only neuron tensor) and coupled tensors
(used both neuron and behavior tensors) on two subjects. Note that
results are provided in the Appendix. NeAT shows the lowest test
RMSE compared to CPD since it can capture nonlinear patterns,
and effectively decomposes couple tensors by using separate mlp

for different tensors.
Table 2: Test RMSE of tensor completion. Note that C and NC

indicate if tensors are coupled or not.

CPD NeAT
Subjects NC C NC C
1 0.1457  0.2077 0.1099  0.1113
2 0.1255 0.1483  0.0937  0.0919

639
640
641
642
643
644
645
646
647
648
649
650

651

653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686

687

689
690
691
692
693
694
695

696



697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730

Transforming Behavioral Neuroscience Discovery with In-Context Learning and Al-Enhanced Tensor Methods

5 Evaluating Interpretation & Discovery

Before evaluating the full end-to-end pipeline, we first assess the
Al-driven interpretation in isolation. Specifically, we evaluate how
well the VLM can interpret expert-analyzed latent components by
comparing model-generated hypotheses to expert-written descrip-
tions and discovery scores. This allows us to measure agreement
in both the scientific reasoning and the strength of literature sup-
port attributed to each latent pattern. We then demonstrate the
utility and performance of our proposed end-to-end pipeline on a
small dataset of mouse behavior and calcium imaging data for two
subjects during a single trial.

5.1 Research Question

Mice were trained to discriminate between different stimuli pre-
sented during a single trial and we hypothesize that there will be
unique populations of neurons that are highly co-engaged when
the animal engages in specific behaviors and during distinct pre-
sentations of the different stimuli. Additionally, if no stimuli are
presented during the trial, we anticipate no discernible pattern of
neuronal activity to be detected.

5.2 Experimental Setup & Data Collection

Mice underwent a fear conditioning and discrimination behavioral
training paradigm. Three different environments, as seen in Figure
6, were used and include: a safe environment (CS-) that should sig-
nal safety, a threatening environment (CS+) that signals threat, and
a home cage analog environment (NS) that is familiar to the mouse.
Mice were first habituated to the different stimuli and environments
to ensure no inherent fear or preference for any environments or
cues. Next, they were fear conditioned in the CS+ environment,
which involves three sequential presentations of mild foot shocks
paired with an auditory stimulus (upsweep tone). The mice were
then exposed to each of the three different environments everyday
for eight days. Behavioral data and calcium imaging data was col-
lected during each of the trials on each of the days, except for fear
conditioning day where no calcium imaging data was collected.

5.3 Evaluating Al-driven Interpretation

5.3.1 Agreement with Expert Interpretations. To evaluate the ef-
fectiveness of our Al-driven interpretation module, we assess how
well the VLM can generate plausible hypotheses for latent com-
ponents. Instead of just measuring prediction accuracy, this eval-
uation focuses more on the interpretive alignment between the
model generated explanations and expert explanations, as well as
the agreement scores that quantify the amount of existing literature
support for each pattern.

For each latent component, the VLM was provided five ICL exam-
ples of previously interpreted explanations and discovery scores. In
addition, the model received contextual background through RAG
using a related neuroscience study that describes similar latent neu-
ral patterns. This setup is intended to mirror real world use of the
system involving a domain expert supplying a small number of la-
beled analyzed examples as well as relevant literature, then having
the model assist in interpreting newly discovered components.

In total we evaluated twelve components. For each component,
we compared the VLM generated interpretation to the expert’s
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written explanation and compared the predicted discovery socre
(1-5) to the expert discovery score. Agreement on discovery scores
was measured using quadratic-weighted Cohen’s kappa in order to
account to the scale, penalizing larger disagreements more heavily
than smaller ones (i.e., 1 vs 5 is worse than 3 vs 5).

Across all components, the model achieved a weighted Cohen’s
kappa of 0.59, which indicates moderate agreement between the
VLM and domain experts’ [41]. Importantly, most disagreements
were off by only one (e.g. predicting a 2 when the expert assigned a
1), rather than large mismatches. This suggests that the model was
generally able to capture how well supported the implications of
latent factors were from prior literature.

The VLM’s interpretations frequently aligned with experts at
the level of identifying which behaviors, or learning phases corre-
sponded with threat related or safe related activity. In cases where
the model’s description differed from the domain experts’, it often
proposed a broader hypothesis, while the experts provided a more
detailed hypothesis, linking interpretations to the environment.
Examples of these comparisons are shown in Table 3, where we
provide some examples of expert and VLM interpretations along
with their corresponding discovery scores.

Overall however, these results support the role of the VLM as an
automated latent factor interpreter and hypothesis generation assis-
tant. The model consistently demonstrates the ability to translate
abstract latent factors into coherent interpretations that generally
align with expert reasoning. While not as detailed, these outputs
provide a starting point that can help guide experts, speeding up
the analysis of newly discovered patterns.

5.3.2  Full-Pipeline Discovery Case Study. To demonstrate our full
pipeline, we applied it end-to-end on two subjects during a single
trial. Behavioral labels were obtained automatically using our VLM
annotation piece of the pipeline, and these labels were combined
with calcium imaging data in our tensor analysis stage to extract
latent components. These components were then analyzed by both
a domain expert and VLM. It’s important to note that these com-
ponents were not previously analyzed by experts, which allows us
to assess how well our pipeline can assist in generating plausible
scientific hypothesis that accelerate discovery.

For Subject 1, both the expert and the VLM characterized the
component as largely non-specific and highly variable across the
trial. The expert noted a possible late increase in activity but as-
signed a Discovery Score of 1. The VLM described the pattern as
noisy and lacking clear behavioral structure, and also assigned a
Discovery Score of 1. This agreement indicates that the VLM ap-
propriately recognized the absence of strong literature-supported
structure in the factor. For Subject 2, the expert observed periods of
elevated co-activity that might relate to behavior such as freezing
or grooming, assigning a Discovery Score of 3. The VLM identi-
fied multiple sharp peaks distributed across the session without
clear alignment to specific task epochs and assigned a Discovery
Score of 2. Although slightly lower, the VLM’s interpretation was
directionally consistent with the expert’s assessment. Overall, the
VLM-generated hypotheses was pretty close when compared to ex-
pert interpretations in both description and discovery score. These
results suggest that, when used within the full pipeline, the VLM
can assist in forming plausible interpretations of newly extracted
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Table 3: Examples of Al-driven interpretation of latent neural components. We compare expert-written interpretations with

VLM-generated hypotheses and discovery scores.

Comp. Expert Interpretation VLM Interpretation Expert VLM
Score  Score
1 High neuron coactivity during the threatening and familiar High neuron co-activity during early learning phase and 1 2
environments . Unexpected result, but might be due to (1) | sustained activity throughout the learning process , with
the mouse knows the familiar environment poses no threat, peaks occurring in both safe and threatening environments,
and (2) the threatening environment has a strong negative  syggesting a general engagement during environmental
valence associated with it — where the animal is afraid exploration and initial learning. This latent variable is not
(demonstrating high freezing behavior) throughout learning  djrectly supported by previous research, but some studies report
to discriminate the environments. broad prelimbic cortex activation during early learning stages.
2 Threatening environment responding component, with High neuron co-activity during the threatening environment , 4 4
high neuron co-activity during threatening environment with a peak occurring near the end of learning, suggesting
. . increased engagement as the animal consolidates threat-related
exposure ; especially near the end of the behavior memory.
paradigm, where the mouse knows the threatening
environment signals threat.
3 High neuron co-activity during familiar environment with ~ High neuron co-activity during the initial phase of learning 3 3

some activity in the safe and threatening environments

towards the end of learning (suggesting mouse is
recognizing the environments).

and again during the later phase of learning , with minimal
activity during the middle phase. This suggests a biphasic
engagement pattern, possibly reflecting early encoding and late

consolidation or reactivation processes.

components. This can be useful in helping domain experts more
quickly analyze latent factors and come up with valid hypothesis.

6 Related Work

Similar works have recently proposed models that aim to optimize
experimental research workflows through the use of Al-enhanced
methods. Gottweis and colleagues proposed a revolutionary multi-
agent system intended to serve as an "Al co-scientist" that can assist
researchers in developing hypotheses, proposals, and experimen-
tal designs [26]. For example, LLMs can be used to assist in the
development of experimental hypotheses and interpretation of re-
sults [51], and further visual inputs into these models can minimize
limitations on the data that scientists can generate and analyze.

One important aspect of our work is to strive to include and
empower the domain expert, rather than replacing them altogether,
and as such, we identified In-Context Learning as an important
paradigm that is useful in that goal. The work of Agile Modeling by
Stretcu et al. [53] shares a similar goal of building a system which
empowers a domain expert to leverage machine learning models in
their work, and have demonstrated the utility of this framework in
the context of conservation and ecology [17].

7 Conclusions

We propose an Al-enhanced pipeline for behavior neuroscience,
which automates existing time-consuming and tedious workflows
while providing an easy-to-use interface to cutting-edge foundation
models for domain experts. Our proposed AR-ICL framework for
automated behavioral labeling achieves a Macro F1 score of 0.545,
a balanced accuracy of 0.801, and an MCC of 0.517 on extremely
imbalanced and hard to label behavioral data. We enhance tensor

analysis by leveraging an interpretable neural tensor decomposi-
tion model, showing 46% lower test RMSE than CPD. Finally, we
interpret tensor analysis results using a RAG & ICL enhanced VLM,
whose outputs are consistent with domain experts explanation and
achieve similar discovery scores. We believe that our proposed
pipeline is a significant step toward transforming behavioral neu-
roscience research.

8 Limitations and Ethical Considerations

Limitations On the application side, lens implantation into the re-
gion of interest can cause local tissue damage, and chronic imaging
across extended time periods can cause alterations to lens align-
ment and diminished quality in optical recording of neuronal ac-
tivity. Also, although the use of calcium binding as an indicator
of neuronal activity is supported and accepted in the field [46, 58],
genetically encoded calcium indicators have slow decay kinetics,
which constrains the temporal precision of the neural dynamics
that are aligned with mouse behavior outputs.

On the algorithmic side, the most significant limitation is that
ICL, as currently used and adapted, does not perform as well for
calcium imaging data preparation compared to behavior extrac-
tion. We are actively investigating how to improve performance
while maintaining the spirit of the approach, which requires zero
to minimal model manipulation knowledge from its end-user.
Ethical Considerations The University of California, Riverside In-
stitutional Animal Care and Use Committee approved all procedures
following the NIH guidelines for the care and use of laboratory
animals.
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GenAlI Disclosure

GenAlI has been used only for purposes of improving writing and
figure plotting and generation. All content and ideas are original
and any such use of GenAlI has been carefully vetted and approved.
Finally, our proposed method integrates GenAl models such that
some of the results are generated by those models, however, this is
part the entire framing of the work.
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A Per-Class Behavioral Labeling Performance

Here, we provide a more detailed breakdown of model behavior under heavy class imbalance, we report per-class precision, recall, F1 score,
and F2 score in Table 4.

As shown in Table 4, ICL on its own has a dramatic impact on VLM performance for this task. Without ICL, the model fails to identify
any instances of fleeing and achieves an F1 score of only 0.161 for freezing. Although the no ICL model achieves a high F1 score for
grooming/exploring of 0.914, we believe that this is attributed to over-predicting the dominant class. Interestingly, the DINOv2 baseline
achieves higher recall for freezing and fleeing than the VLM without ICL, suggesting that the VLM struggles to interpret these out-of-
distribution experimental videos without specific context.

Introducing standard ICL leads to a substantial improvement across all fear-related behaviors. While the F1 score for grooming/exploring
decreases slightly, this is expected under class imbalance when the model becomes more sensitive to minority classes. Both freezing and
fleeing detection improve considerably, indicating that in-context examples provide crucial task grounding for the model. It is also important
to note that fleeing is an extremely rare behavior (only 0.6% of the data), meaning that even a small number of false positives can significantly
reduce the F1 score. Despite this, we observe relatively high recall for fleeing when using ICL-based methods, suggesting that when fleeing
does occur, the model is often able to correctly detect it.

Providing temporal context alone, without autoregressive feedback, does not yield additional gains relative to standard ICL. In contrast,
our proposed AR-ICL method achieves the strongest performance on the minority fear-related behaviors, yielding the highest F1 scores for
both freezing and fleeing while maintaining strong performance on grooming/exploring.

Table 4: Per-class performance on behavioral video labeling. Best values per column are bolded and second-best values are
underlined.

Freezing Fleeing Grooming/Exploring
Method Precision Recall F1 F2 Precision Recall F1 F2 Precision Recall F1 F2
DINOv2 Baseline 0.251 0.612 0.356  0.475 0.007 0.571 0.013 0.031 0.930 0.138 0.241 0.166
Qwen3 - No ICL 0.306 0.144 0.196 0.161 0.000 0.000  0.000 0.000 0.878 0.952 0.914 0.936
Qwen3 - ICL 0.422 0.941 0.583 0.755 0.042 0.714 0.080 0.171 0.986 0.692 0.813 0.736
Qwen3 — Temporal ICL 0.484 0.917 0.634 0.778 0.027 0.762 0.052 0.119 0.980 0.653 0.784 0.700
Qwen3 - AR-ICL 0.529 0.905 0.668 0.792 0.051 0.714 0.096 0.199 0.980 0.784 0.871 0.817

B Prompts Used

Here we show the prompts used for both the behavior task as well as the Al-driven interpretation task. The AR-ICL prompt for the behavior
task is shown in Figure 4, the Al-driven interpretation prompt is shown in Figure 5, and the ICL prompt for the calcium imaging video task
is shown in Figure 6.

C Additional Al-driven Interpretations

Here we include the full set of expert and VLM-generated interpretations for all latent components evaluated in the discovery experiment,
along with their corresponding discovery scores. These are shown in Tables 5, 6, 7, 8, and 9. We also include the full expert and VLM
interpretation from our full pipeline components as shown in 10.

D Behavioral Environments

Here, we provide visual examples of the behavioral environments used during the fear conditioning and discrimination paradigm described.
These environments were designed to differ in visual, tactile, and contextual cues while maintaining comparable spatial layouts, enabling
mice to learn to discriminate between safe, threatening, and familiar contexts. These enviornments can be seen in Figure 7.

E Tensor decomposition

We provide tensor decomposition results on all subjects in Table 11.
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Task:

Label the mouse’s behavior in this n-second clip. Return exactly n label(s) in a Python list [11, ..., 1n].

Allowed: Freezing, Fleeing, Exploring. Freezing = absolutely no visible movement across the whole second (no head/ear/whisker/tail
or body motion). Exploring = any visible movement that isn’t fast fleeing; includes slow stepping in place, head/whisker/ear/tail motion,
sniffing, re-orienting, or brief rearing with little displacement. Fleeing = fast, sustained locomotion, large displacement, motion blur, or
dashing.

If unsure between fleeing and exploring, choose fleeing if movement is more rapid. Rules: if any movement is seen in any frames, do
NOT output Freezing. Output only the list.

Examples (Fixed ICL):
— [Exploring]

Video/Frames 1:

Video/Frames 2: — [Freezing]

Video/Frames 3: — [Fleeing]

Temporal Context (AR-ICL):
The following frames correspond to the immediately preceding second. Use this temporal context to inform your decision, while basing your
label on the current frames.

Previous Second (x;_1): Xt-1 — [§-1]

The following frames correspond to the immediately next second. Use this temporal context to inform your decision, while basing your label
on the current frames.

Next Second (xz+1): Xt+1

Target (Current Second x;):

Target Frames: Input [ 1

Figure 4: AR-ICL prompt used for temporally consistent behavioral labeling. In addition to fixed ICL examples, the model
receives the previous second with its predicted label and the next second as unlabeled temporal context.
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Task:

First, describe the observable pattern of neural engagement in this factor based only on the figure. Second, compare this pattern to
findings in the provided neuroscience literature. Finally, provide a scientific interpretation and assign a Discovery Score from 1 to 5
based on how strongly the literature supports this interpretation.

A Discovery Score of 5 should only be given if the literature provides direct evidence for this specific type of neural population response
in similar behavioral paradigms. If support is indirect, debated, or comes from different brain regions or tasks, assign a lower score.
Do not copy the examples. Base your answer only on the visual pattern and the referenced literature. Format exactly like the examples.

Retrieved Scientific Context (RAG Component):
The following pages are retrieved from a neuroscience paper describing neural population dynamics in the prelimbic cortex during learning.
Use this as scientific background when evaluating the component.

Paper Page 1 Paper Page 2 Paper Page 3 Paper Page 4

Example 1: — Expert Interpretation + Score 5
Example 2: — Expert Interpretation + Score 5
Example 3: — Expert Interpretation + Score 3
Example 4: — Expert Interpretation + Score 1
Example 5: — Expert Interpretation + Score 1

Target Latent Component:

\

2 b

Component to Interpret: — Model generates interpretation + Discovery Score

Figure 5: Discovery ICL prompt used for AI-driven interpretation of latent neural components. The model receives retrieved
neuroscience literature (RAG component), followed by several example latent factors paired with expert interpretations and
discovery scores (ICL), and then a new latent component for analysis.
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Task:

fixed spatial region in the frame.

Examples (Fixed ICL):

Example Clip 1:

Example Clip 2:

Example Clip 3:

Example Clip 4:

Example Clip 5:

Example Clip 6:

Target (Current Segment):

Target Clip: Input

Given this 1-second calcium imaging video segment, divide the frame into a 3 X 3 grid of equal-sized regions. Each cell corresponds to a

For each region, determine whether there is visible calcium activity during this second. Neural activity is indicated by visible calcium
fluorescence changes (e.g., brightening, transients, or sustained activation) relative to the local background.

Output a binary matrix where 1 indicates activity and @ indicates no activity. Return exactly one matrix as a Python list of lists, e.g.
[[0,1,0],[...],...1]. Output only the matrix.

— [[1,1,0],[1,1,0]1,[0,1,0]]

— [[1,1,11,01,1,01,00,0,0]]

- [[1,1,11,01,1,11,00,1,1]]

— [[0,0,0],[0,0,0],[0,1,0]]

— [[0,1,1]1,[0,1,0],[0,1,1]1]

— [[1,1,1],[0,1,0]1,[0,0,0]]

Figure 6: ICL prompt used for coarse calcium activity extraction. The VLM is given example calcium imaging clips paired with

binary activity matrices over a spatial grid and predicts the activity matrix for a new input segment.
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Table 5: Full comparison of expert-written interpretations and VLM-generated hypotheses for latent components (Part 1 of 5).
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Comp.

Expert Interpretation

VLM Interpretation

Expert
Score

VLM
Score

Looking at the third factor (across-trial factor),
previous research supports the conclusion that a
specific neuronal population will be engaged in all
environments that an animal is exposed to if that
animal does not associate any valence to the
environments. Discovery Score = 5; this latent variable
is supported by previous research

Looking at the factor (across-trial factor), there is a
clear pattern of neural engagement that occurs in three
distinct, non-overlapping time windows, each marked
by a burst of activity in a subpopulation of neurons.
These bursts appear to be temporally separated and
occur at approximately equal intervals across the trials,
suggesting a periodic or phase-locked response to
specific events or transitions within the behavioral
paradigm. The activity is sparse and transient, with
minimal engagement outside these windows.

This pattern is consistent with findings in the
prelimbic cortex during learning tasks, where neural
populations exhibit phasic, event-locked activity
corresponding to discrete stages of learning, such as
cue presentation, decision-making, or reward
expectation. Specifically, studies have shown that
prelimbic neurons can encode trial-specific events or
transitions between behavioral states, often with
sparse, transient bursts that are temporally aligned
with task-relevant cues or outcomes. The three distinct
peaks may reflect engagement during three distinct
phases of learning or three separate trials within a
session, where the animal is processing or updating its
internal representation of the environment.
Discovery Score = 4; this latent variable is supported
by previous literature, which demonstrates phasic,
event-locked neural activity in the prelimbic cortex
during learning, though the exact triphasic structure
observed here is not explicitly reported in the
literature.

5

4

Looking at the third factor (across-trial factor),
previous research supports the existence of a
subpopulation of neurons that are highly co-engaged
within an environment that is very familiar to the
animal and which the animal can recognize as its
homecage. Discovery Score = 5; this latent variable is
supported by previous research

Looking at the factor (across-trial factor), there is a
clear and progressive increase in neural engagement
over the course of the behavioral sessions, with
minimal activity at the beginning and a sharp rise
toward the end, particularly in the final few trials. This
suggests that a specific subpopulation of neurons
becomes increasingly active as learning progresses,
potentially reflecting the consolidation of a learned
association or the emergence of a behavioral strategy.
This pattern is consistent with findings in the
prelimbic cortex during fear conditioning and
extinction paradigms, where neural activity in this
region is known to increase with learning and is
associated with the formation of context-outcome
associations. Specifically, studies have shown that
prelimbic neurons exhibit ramping activity during
learning, with increased firing rates as animals acquire
task-relevant information, particularly during the
transition from early to late stages of training. This
ramping pattern is thought to reflect the encoding of
predictive value or the updating of internal models.
Discovery Score = 4; this latent variable is supported
by previous literature, particularly in the context of
learning-related ramping activity in the prelimbic
cortex, though direct evidence for this exact pattern in
the same behavioral paradigm is not fully established.
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Table 6: Full comparison of expert-written interpretations and VLM-generated hypotheses for latent components (Part 2 of 5).

Goulart et al.

Comp. Expert Interpretation VLM Interpretation Expert VLM
Score  Score
3 Looking at the third factor (across-trial factor), some Looking at the factor (across-trial factor), there is a 3 3
research supports the notion that there is a distinct pattern of neural engagement that emerges
reorganization of network activity, where a during the middle portion of the behavioral session,
subpopulation of neurons might become highly active ~ with two prominent peaks of activity occurring in the
when the animal is in a novel, ambiguous environment  second and third blocks of trials, followed by a sharp
that might signal safety or it might signal threat. decline in activity in the final block. This suggests a
However, other conclusions can be made that there transient population response that is not sustained
should be a division of this population with one group  across the entire session and may reflect a phase of
of neurons co-engaged during exposure to the active learning or consolidation.
threatening environment, and a different In the provided neuroscience literature, the prelimbic
subpopulation of neurons that become co-engaged cortex is known to exhibit dynamic population coding
when the animal is exposed to the safe environment, during learning, particularly during the acquisition
or the environment that does not pose a threat to the ~ phase of associative tasks, where neural activity often
animal. Discovery Score = 3; this latent variable is increases as animals form cue-outcome associations.
supported by previous literature; however, there is also  However, the specific pattern of two distinct peaks
research that concludes the opposite as to what this followed by a decline is not directly reported in the
component displays. literature for this brain region or task. While some
studies show increased activity during learning, the
precise biphasic structure and subsequent suppression
are not well-documented.
Scientific interpretation: This factor may represent a
transient population response associated with the
initial encoding of cue-outcome associations, followed
by a reduction in activity as the task becomes more
automated or as the animal transitions to a different
cognitive state (e.g., consolidation or disengagement).
The decline in the final block may reflect a shift in
neural strategy or a reduction in attentional demand.
Discovery Score = 3; this latent variable is partially
supported by literature, but the specific biphasic
pattern is not directly reported.
4 Looking at the third factor (across-trial factor), there is  Looking at the factor (across-trial factor), the pattern 1 4

high engagement of a group of neurons during the first
day of the behavior paradigm within all 3
environments. There is currently no literature that
supports the idea that there is a subpopulation of
neurons that responds specifically to the first exposure
of the 3 different environments and that this
population would not respond to these 3 environments
similarly 24 hours later. No associative learning is
occurring between habituation exposure 1, 2, or 3 with
the three exposures to all 3 environments separated by
24 hours. Discovery Score = 1; this latent variable is
unsupported by current literature

shows two distinct peaks of neural engagement
occurring at specific trials, with minimal activity in
between, suggesting a sparse, event-locked response
pattern. This may reflect a population of neurons that
are selectively activated during discrete, salient events
or transitions within the behavioral task, such as cue
presentation or reward delivery.

This pattern is consistent with findings in the
prelimbic cortex during associative learning tasks,
where specific neuronal ensembles are recruited
during critical moments of learning, such as
cue-outcome associations or decision points. The
sparse, phasic activation aligns with known roles of
prelimbic neurons in encoding task-relevant events
rather than sustained environmental representation.
Discovery Score = 4; this latent variable is supported
by previous literature, particularly in the context of
event-related encoding in the prelimbic cortex during
learning, though direct evidence for this exact sparsity
and timing pattern is not fully established.
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1557 Table 7: Full comparison of expert-written interpretations and VLM-generated hypotheses for latent components (Part 3 of 5). 1915
1858 Comp. Expert Interpretation VLM Interpretation Expert VLM 1916
1859 Score  Score 1917
1860 5 Looking at the third factor (across-trial factor), there is  Looking at the factor (across-trial factor), the pattern 1 1 1918
1861 no discernable pattern of the engagement for the shows sparse and sporadic neural engagement across 1919
1862 subpopulation of neurons. There seems to be no trials, with no consistent activation in any particular 1920
1863 recognizable correlation to the exposure to the trial or group of trials. The majority of the data points 1921
1864 different environments or the time period across the remain near the baseline (y ~ 0), with only a few 1922
1865 behavioral paradigm where precise learning of cue isolated peaks occurring at random trial positions. This 1923
1866 associations occurs. Discovery Score = 1; this latent suggests a lack of sustained or structured population 1924
1867 variable is unsupported by current literature activity, possibly reflecting noise, low signal-to-noise 1925
1868 ratio, or a non-task-related neural state. 1926
1560 In the provided neuroscience literature, such sparse 1027
and unstructured activity patterns in the prelimbic
1870 cortex are not typically associated with learning or 1928
1871 task-relevant processing. Instead, the literature 1929
1872 emphasizes the emergence of structured, 1930
1873 environment-specific, or reward-predictive population 1931
1874 dynamics during learning. While some studies report 1932
1875 transient or sparse activity during early learning 1933
1876 phases, the complete absence of sustained or clustered 1934
1877 engagement across trials is not a well-supported or 1935
1878 commonly observed phenomenon in the context of 1936
187 associative learning paradigms. 1037
Scientific interpretation: This factor may represent a
1850 non-informative or noise component, or perhaps a 1938
1881 population that is not engaged in the task at all. It does 1939
1882 not reflect a coherent neural representation of .
1883 environment, valence, or learning state, and thus may 1941
1884 not correspond to a meaningful latent variable in the 1942
1885 context of the behavioral task. 1943
1886 Discovery Score = 1; this latent variable is unsupported 1944
1887 by current literature. 1045
1888 1946
1889 Safe Environment Threatening Environment  Familiar Environment 1947
1890 — 1948
1891 1949
1892 1950
1893 1951
1894 1952
1895 1953
1896 1954
1897 1955
1898 1956
1899 1957
1900 1958
1901 1959
1902 Figure 7: Behavioral environments used in the fear conditioning and discrimination task. From left to right: Safe environment 1960
1903 (CS-) which signals safety, Threatening environment (CS+) paired with mild foot shocks during conditioning, and a Familiar 1961
1904 home-cage analog (NS) environment. 1962
1905 1963
1906 1964
1907 1965
1908 1966
1909 1967
1910 1968
1911 1969
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1913 1971
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Table 8: Full comparison of expert-written interpretations and VLM-generated hypotheses for latent components (Part 4 of 5).

Comp. Expert Interpretation VLM Interpretation Expert VLM
Score  Score
6 High neuron coactivity during the threatening and Looking at the factor (across-trial factor), High neuron 1 2
familiar environments. Unexpected result, but might co-activity during early learning phase and sustained
be due to (1) the mouse knows the familiar activity throughout the learning process, with peaks
environment poses no threat, and (2) the threatening  occurring in both safe and threatening environments,
environment has a strong negative valence associated  suggesting a general engagement during
with it — where the animal is afraid (demonstrating environmental exploration and initial learning.
high freezing behavior) throughout learning to Discovery Score = 2; this latent variable is not directly
discriminate the environments. supported by previous research, but some studies
report broad prelimbic cortex activation during early
learning stages.
7 High neuron co-activity during habituation phase Looking at the factor (across-trial factor), High neuron 2 3
(when environments hold no meaning or valence to the  co-activity during the early phase of learning,
mouse) and near the end of learning when the animal  particularly before the first transition (around trial 10),
knows that the safe environment and threatening with sustained but lower activity during the later
environments signal safety and threat, respectively. phase of learning. Discovery Score = 3; this latent
variable is supported by previous literature; however,
there is also research that concludes the opposite as to
what this component displays.
8 Safe environment responding component, with some  Looking at the factor (across-trial factor), High neuron 4 3
familiar environment response towards end of training  co-activity during the initial phase of learning (before
when the mouse learns the safe environment poses no  environmental valence is established) and during the
threat. final phase of learning (when the animal has learned to
discriminate environments), with minimal activity
during the middle phase. Discovery Score = 3; this
latent variable is supported by previous literature;
however, there is also research that concludes the
opposite as to what this component displays.
9 Threating environment responding component, with ~ Looking at the factor (across-trial factor), High neuron 4 4

high neuron co-activity during threatening
environment exposure; especially near the end of the
behavior paradigm, where the mouse knows the
threatening environment signals threat.

co-activity during the threatening environment, with a
peak occurring near the end of learning, suggesting
increased engagement as the animal consolidates
threat-related memory. Discovery Score = 4; this latent
variable is supported by previous literature.
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Table 9: Full comparison of expert-written interpretations and VLM-generated hypotheses for latent components (Part 5 of 5).
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Comp. Expert Interpretation VLM Interpretation Expert VLM
Score  Score
10 High neuron co-activity during familiar environment  Looking at the factor (across-trial factor), High neuron 3 3
with some activity in the safe and threatening co-activity during the initial phase of learning and
environments towards the end of learning (suggesting  again during the later phase of learning, with minimal
mouse is recognizing the environments?). activity during the middle phase. This suggests a
biphasic engagement pattern, possibly reflecting early
encoding and late consolidation or reactivation
processes. Discovery Score = 3; this latent variable is
supported by previous literature; however, the specific
biphasic pattern is not consistently reported and may
reflect task-specific dynamics not fully captured in
prior studies.
11 Safe environment responding component, with high Looking at the factor (across-trial factor), High neuron 3 3
neuron co-activity during safe environment exposure,  co-activity during the initial phase of learning and
and also high activity during familiar environment again near the end of learning, with minimal activity
exposure. during the middle phase. This suggests a pattern of
engagement during early encoding and late
consolidation or decision-making stages. Discovery
Score = 3; this latent variable is supported by previous
literature; however, the specific timing and dual-peak
structure are not consistently reported across studies.
12 Unspecific activity, as high neuron co-activity is being  Looking at the factor (across-trial factor), High neuron 1 2

detected across all 3 environment exposures and across
learning epochs.

co-activity during the initial phase of learning (early
trials) and again during the later phase of learning
(after the second transition), suggesting a pattern of
engagement during both early exploration and late
consolidation or re-evaluation. Discovery Score = 2;
this latent variable is not really supported by previous
research.

Table 10: Full comparison of expert-written interpretations and VLM-generated hypotheses for components obtained from the

end-to-end pipeline on two previously unlabeled subjects.

Subject Expert Interpretation VLM Interpretation Expert VLM
Score  Score
1 Time 1 has high variability during the trial showing Looking at the factor (across-trial factor), Highly 1 1
unspecific neuron activity for the majority of the variable and noisy neural engagement with no clear
environment exposure. However, a noticeably sharp temporal structure or alignment to behavioral epochs,
increase towards the end of the trial stands out. This suggesting either non-specific activity or potential
may indicate recognition of the environment. artifact. Discovery Score = 1; this latent variable is
Alternatively, since this is the threatening unsupported by current literature.
environment, and the mouse did not receive the
footshock it expected, this high activity may be due to
a reward-type stimulus caused by the lack of threat.
2 Time 0 has select time periods during the trial where =~ Looking at the factor (across-trial factor), High and 3 2

neurons are highly co-engaged. This may be during

different behavior output, such as the mouse engaging
in freezing or grooming behavior. Although the values
here cannot indicate valence of the environment, this
component may be providing latent information about
behavior planning and/or engagement during the trial.

variable neuron co-activity across the session, with
multiple sharp peaks distributed throughout early,
middle, and late phases, suggesting a non-specific or
exploratory neural response pattern that does not
align with distinct behavioral epochs or environmental
valence. Discovery Score = 2; this latent variable is not
well-supported by previous research, as most studies
report more structured, environment- or
learning-phase-specific dynamics in the prelimbic
cortex.
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Table 11: Test RMSE of tensor completion. Note that C and NC indicate if tensors are coupled or not.

CPD NeAT
Subjects NC C NC C
1 0.1457 0.2077 0.1099 0.1113
2 01255 0.1483  0.0937 0.0919
3 0.1231 0.1280 0.1002 0.1010
Control 4 0.0928 0.1071 0.0724  0.0729
5 0.1067 0.1085 0.0781 0.0792
6 0.0980 0.1543 0.0733  0.0747
7 0.1443 0.1675 0.0944 0.0969
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