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Abstract

Understanding the brain requires studying its observable
output: behavior. Cichlid fish provide a model system for
changing brain function and studying its effect on well-
defined behaviors. Such experiments require manual anno-
tation of aquarium video at real-time playback speed, which
is time-consuming to generate and produces single time
points. However, these annotations lack the temporal con-
text of the underlying behavior. We provide a benchmarking
dataset for animal behavior containing ~17 hours of an-
notated footage of cichlid fish. We then propose FSH-TAL,
a temporal localization model that learns from point anno-
tations and predicts behavior-specific temporal segments in
full-length videos. On our dataset, FSH-TAL reaches state-
of-the-art mAP (41.0% averaged across loU 0.1-0.7, 17.4
points above the strongest baseline). Our project page is
available at https://fsh-tal-wacv27.github.io/.

1. Introduction

Behavior is the observable output of the brain, whose devel-
opment and function are shaped by genetics [29]. Cichlids,
a family of fish, are a model system for studying social be-
haviors due to their distinct behavioral patterns [16] and so-
cial systems [22]. They also exhibit high rates of speciation,
with more than 1,500 species, providing an ideal system for
comparing social behaviors among closely related species.
This makes them ideal for understanding how genetics in-
fluences behavioral output [8, 11]. Experiments using these
fish have demonstrated various connections between brain
development, genetics, and evolution, making them highly
valuable to the scientific community [3]. Quantifying dis-
tinct behaviors is therefore essential for understanding the
drivers of variation in behavioral patterns [26]. However,
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Figure 1. FSH-TAL motivation. We propose a method to jointly
classify and localize behaviors of cichlid fish from long-form
video to accelerate animal behavioral studies.

extracting this information from the volume of footage pro-
duced by behavioral experiments remains a major bottle-
neck in the study of animal behavior (ethology) [35].

In many animal behavioral experiments, experts man-
ually annotate hours of recordings using tools such as
BORIS [10] to generate behavior counts and determine the
effects of a treatment. BORIS allows annotators to record
point annotations using hotkeys while watching a video
and provides tools for organizing experiments and projects.
Although more efficient than recording annotations in a
spreadsheet, BORIS still requires annotators to watch each
recording in real time. An hour-long video may contain
hundreds of behavior occurrences, often clustered together,
requiring multiple passes to annotate each event accurately.

Human annotations can also be subjective, particularly
when behaviors occur in rapid succession or are difficult
to identify from a single camera angle. Thus, multiple re-
searchers must annotate the same video and compare their
annotations using inter-rater reliability. Even with shared
guidelines, poor inter-rater reliability scores are possible,



which mandates recurrent annotation of the same video.
Automating this process could provide more consistent an-
notations, save substantial human effort, and accelerate be-
havioral experiments for scientific discovery [7].

Current automated approaches often use pose-estimation
methods [23, 28] to convert video into trajectories of
anatomically defined keypoints, which are then used by
downstream behavior classifiers [32, 33]. These trajecto-
ries provide an intuitive representation of animal motion but
require manual annotation of anatomical landmarks and de-
pend on those landmarks being reliably tracked. However,
in animal behavior experiments, weakly-supervised point
annotations are more readily available than pose labels.

An alternative is to bypass the explicit pose represen-
tation and classify behaviors directly from video. Action-
classification models can learn appearance and motion cues
without requiring anatomical keypoints, but typically de-
pend on large labeled datasets [6, 13]. Few-shot action-
classification methods reduce this requirement by learn-
ing from only a small number of labeled examples [18,
19]. However, both settings generally assume trimmed
clips, whereas behavioral studies can produce long record-
ings containing many behaviors with unlabeled bound-
aries. Temporal action localization (TAL) addresses this
problem by identifying each behavior and its temporal ex-
tent [14, 21, 36, 37], but most TAL methods require more
video, distinct temporal boundaries, and higher quality an-
notations than behavioral studies can provide [4, 15].

Together, these limitations highlight the need for both
benchmarks and methods designed for long behavioral
recordings, where training data is limited and only point an-
notations are available. In this paper, we address this setting
through the following contributions:

1. We introduce a benchmark for long-form cichlid behav-
ior localization, comprising 8,202 expert point annota-
tions across 17 recordings of ~1 hour each (Sec. 3).

2. We propose FSH-TAL, a point-supervised TAL model
that incorporates a few-shot action-classification objec-
tive to jointly localize and classify behaviors with lim-
ited training data. It reaches 41.0% average mAP, out-
performing prior methods with varied supervision by at
least 17.4 points (Sec. 5).

3. We report ablation tests on model components, pinpoint-
ing a 13.1 mAP improvement from object-grounded tra-
jectory tokens and a further 8.5 mAP improvement from
the few-shot objective.

2. Related Work
2.1. Computational Ethology

Video-based behavior classification is a fundamental com-
ponent of computational ethology [1, 7]. Current meth-
ods for this task utilize pose-estimation systems, such as

DeepLabCut [23] and SLEAP [28], that track anatomi-
cal points for downstream classifiers such as SimBA [12].
SimBA uses random forest models trained on pose esti-
mation features to accurately recognize behaviors. Such
models benefit from large benchmarking datasets such as
CalMS21 [32], which proposes a behavior recognition task
using labeled mice assays. While pose estimation is feasi-
ble in CalMS21 due to the size of the subjects relative to
the enclosure and clarity of the footage, producing the same
accurate pose estimations for cichlids is inconsistent due to
frequent occlusions, low contrast, and the noisy aquarium
environment. Our approach replaces anatomical keypoints
with generic tracked points derived from SAM3 [5], which
requires neither a species-specific skeleton nor pose labels.

2.2. Temporal Action Localization

TAL tasks require a model to predict the start, end, and
class of an action, with different types of TAL depending on
the strength of labels given in training. ActionFormer [36]
is fully supervised and requires start/end labels; ASM-
Loc [14] is weakly supervised from video-level labels; SF-
Net [21] and HR-Pro [37] are point-supervised. The met-
rics of these models are reported on the ActivityNet [4] and
THUMOS14 [15] datasets, whose action classes are visu-
ally distinct (e.g., swimming vs. playing guitar) and span
average durations of 4 to 50 seconds. Cichlid action classes
differ significantly: behaviors of interest are visually simi-
lar to one another and background noise, and many behav-
iors are near-instantaneous rather than spanning several sec-
onds. As a result, benchmark performance on ActivityNet
and THUMOS14 is unlikely to be a reliable predictor of
performance on cichlid annotation tasks.

2.3. Few-Shot and Trajectory-Token Recognition

Trajectory-token methods [18, 19] collect tokens along the
spatiotemporal path of tracked points, providing a represen-
tation that follows the subject through video for action clas-
sification. This method provides both motion and visual sig-
nal, which is integral for understanding video data [9, 20].
Episodic few-shot training is a popular method for tasks
involving scarce data, which allows models to learn from
fewer examples by understanding the similarities and dif-
ferences between examples in each class [2, 25]. Together,
these methods are highly suitable for capturing actions and
form the foundation of our behavior classifier.

3. Dataset

We gather our data from behavioral experiments on the ci-
chlid species Astatotilapia burtoni. We use 17 videos, each
approximately 1 hour long, for our training and testing.
In each video, a female injected with prostaglandin F2«
is introduced to an 80-liter tank containing a male and a
terracotta pot acting as a spawning site. The injection of



Figure 2. Behavior examples. For each of the six behaviors of interest, two 4 s clips from different videos including the behavior are
shown. Blue and red masks generated by SAM3 are overlaid on both subjects. A raw input version can be found in the supplemental.

prostaglandin F2« increases sexual receptivity in the fe-
male, mimicking her fertile window. To determine if olfac-
tion plays a role in female reproductive behaviors, half of
the female subjects had a noseblock placed over their nos-
trils. All videos were recorded on a Raspberry Pi Camera
Module 2 at 25 FPS from a side profile of the tank. Each
video consists of exactly two cichlid fish in one tank, but
the specific individuals and tank differ between recordings.

Expert observers annotated each video in BORIS [10],
creating point annotations for each behavior. Each point an-
notation consists of a behavior label and a timestamp. Since
the biological studies rely primarily on the counts of these
behaviors rather than the times they occur, these annotations
indicate a behavior occurred in the surrounding time (4 2
seconds), and are not necessarily centered or even within
the duration of the behavior. Each video in the dataset was
independently annotated by one of four observers trained
to identify the reproductive behaviors of the A. burtoni.
Observers followed a standardized annotation guideline to
identify and timestamp behaviors using BORIS.

In total, 8,202 point annotations are included in the
dataset. Fig. 2 displays examples of the six behaviors of
interest: Bite, Lead, Peck, Quiver, Chase, and Tilt. These
experiments focus on social interactions and reproductive
behaviors. Although each annotation marks the occurrence
of a behavior from an individual, most behaviors require
participation from the other subject to be recorded. Descrip-

tions of each behavior in the ethogram are as follows:

* Quiver: The male swims up to female, displays the side
of his body to the female and shakes.

e Lead: The male leads the female by swimming away
from her slowly with conspicuous fin wiggling, often to-
ward the nest. Often occurs after a quiver.

e Peck: Either fish pecks at the other fish’s anal fin (bot-
tom of tail) during circling behavior (circling occurs when
both fish slowly orbit each other, usually around the nest,
tilting and pecking at one another), while the receiving
fish is often tilted slightly onto its side.

« Tilt: Either fish tilts or leans on its side to display its anal
fin for the other fish to peck, usually while rotating during
circling, even if the other fish does not peck.

* Bite: The male nips at the female outside the context of
circling, typically when she is ignoring or fleeing him.

¢ Chase: During a chase, the male chases the female over
a distance of at least one body length outside of a mating
context. Bites often occur during Chases.

Aside from the quantity of data present, this dataset dif-
fers from the most popular TAL datasets ActivityNet and
THUMOSI14 [4, 15] in two key ways: 1) The duration of
behaviors is much shorter and 2) Behaviors can co-occur.
Together, these two factors lead to many annotations clus-
tering closely together and overlapping, while multiple min-
utes may have no behaviors occurring at all. These clus-
tered segments can occur from one individual quickly re-
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Figure 3. FSH-TAL architecture. A) Point trajectories are extracted from segmentation masks produced by SAM3. B) Using the videos
and point trajectories, we train our classification model in few-shot episodes to predict behaviors. C) The localizer is trained on frozen
embeddings from the MIL model to predict a starting and ending boundary, a centerness score, and the behavior itself.

peating similar behaviors over and over (e.g., Male Bite then
Chase then Bite) or from the male and female performing
courtship behaviors at the same time (e.g., Male Tilt and
Female Peck). 67.7% of annotations occur within 2 s of an-
other annotation, as explained in the supplemental. These
annotation patterns suggest that multi-labeled data analysis
and modeling techniques are necessary.

4. Method

4.1. Overview

Our model (Fig. 3) has three key stages: A) we run a
text-prompted object segmentation model to generate ob-
ject masks propagated throughout the target video. Points
are extracted from these masks and tracked over time to
create point trajectories. B) we train a Multiple Instance
Learning (MIL) recognition model, which classifies short,
4 s clips from our dataset. It uses few-shot learning to pro-
duce multi-labeled predictions. C) we use frozen embed-
dings from the MIL to train a temporal localization model
consisting of a dilated convolutional stack, pre-norm trans-
former blocks, and convolutional decoder heads.

4.2. Problem Formulation

A recording V' is an hour of continuous video of a breeding
pair. Annotations are point events {(t;,c;)}: a timestamp
and a behavior class, with no start or end. The task is to emit
segments (s, e;,c;j, ;) where s;,e; are the start and end
time of the j-th predicted segment, c; is the predicted class,
and «; is the confidence. Since the extent of a behavior
is unknown given our labeled training data, we require a
weakly supervised localization model.

4.3. Point Tracking

First, we run Segment Anything Model 3.1 (SAM3) [5, 24]
with the text prompt “fish” to identify and mask the fish
from the background of the tank. SAM3 is run over sequen-
tial 24-second chunks, and the centroids of the top two ob-
jects (i.e., male and female fish) are passed between chunks,
allowing for consistent labels. Stationary objects over the
24 seconds are discarded to prevent confusing background
objects as fish. We then extract 9 points from a 3x3 grid
over each fish’s mask, yielding 18 point trajectories per clip.

We emphasize that the 3x3 layout is deliberately not
anatomical. Keypoint detectors for fish require extensive



per-species human annotation, whereas sampling SAM3
masks does not require labels, yet still describes the sub-
ject’s motion. Sec. 6 shows that most of the benefit of
SAM3 points comes from locating each fish: a single point
per fish recovers 74% of the gain over a uniform grid.

4.4. MIL Classification

Point trajectories and video footage are then used as input
for the classification backbone. Our classification model
builds on Trokens [19], which feeds DINOv2 [27] video
features and point trajectories into a video transformer to
classify behavior. We improve on it in two ways: (1) trajec-
tory points are sampled from SAM3 masks of the two fish
rather than from Trokens’ CoTracker tracks [17], improv-
ing object grounding in a noisy aquarium. (2) We adapt
multi-label classification to handle co-occurring courtship
behaviors. We train our MIL with 4 s clips taken from the
full length videos, labeled with all behaviors present over
the clip’s duration. We also include clips where no behavior
occurs (60% of the 25,349 clips) to enhance the model.

4.4.1. Trajectory Tokens

Each 4 s clip is subsampled to 16 frames and encoded by a
frozen DINOV2 [27] ViT-B/14 at 224 x224 pixels. Trokens
samples the patch feature map at the 18 points we track.
Within Trokens, a Relational Motion Modeling module de-
scribes motion within each trajectory as well as motion be-
tween trajectories, capturing interactions between tracked
objects. Their outputs are added to the trajectory tokens be-
fore the temporal transformer that classifies the clip.

4.4.2. Multi-Label Episodes

The default Trokens model uses few-shot methods for
single-labeled data, which we adapt for our data. Since 29%
of our labeled clips carry two or more behaviors (see sup-
plementary), using multi-labeled examples becomes neces-
sary. We therefore construct closed episodes for few-shot
learning: given N=5 sampled classes, we select the sup-
port set for each class from K'=3 examples containing the
target class and (=6 examples for the query set. Support
and query examples need only contain the target class, so
multi-labeled examples are available for both. We use the
same combination of contrastive and classification losses as
Trokens [19], and refer readers there for further details.

4.4.3. Feature Bank

After training, we freeze the MIL backbone and run it once
over each video in inference mode. Each 4 s window yields
16 per-frame embeddings (the mean of its 18 point tokens).
Windows advance by 2 s and keep only their 8 new frames,
giving one 768-d vector per 0.25 s, stored in a bank of shape
(T, 768) spanning the recording (14,400 steps per hour).
This bank is the only interface between the MIL Classifi-
cation and Temporal Localization aspects of FSH-TAL.

4.5. Temporal Localization

Completing the behavior annotation task requires localiza-
tion in addition to classification. The localizer interprets
each annotated point as a +2 s timespan, which serves as a
weak boundary label inspired by the annotation guidelines
for all recordings. This time span is consistent with em-
pirical observations found across all videos. Starting with
the feature bank, we normalize and linearly project to 384
dimensions with a learned matrix, summed with a learned
position embedding. Then, for each 90 s window (45 s over-
lap) within the full-length video, these features are passed
through a dilated convolutional stack (dilations 1, 2, 4, 8)
that provides further temporal context to the embeddings
that feed into 6 pre-norm transformer blocks with § atten-
tion heads, for 15.8 M trainable parameters in total.

Next, three convolutional heads decode classification
(per-class sigmoid over six behaviors), boundary regres-
sion (distances to both localized boundaries), and center-
ness (how centrally a timestep sits inside the event it is as-
signed to [34]). For each candidate timestep retained by the
class head, we predict a distribution over possible left and
right boundary offsets, following TriDet [30]: the times-
pan head emits 2x 16 logits per timestep, softmaxed over
16 bins spanning [0, 64] timesteps. Offsets are then pre-
dicted by computing the expected value over each distribu-
tion, scaled by a learned positive factor.

4.6. Target Assignment

Finally, segments are predicted based on outputs from the
convolutional heads. A timestep (every 0.25s) is positive
for every event whose £2 s window contains it. Timesteps
can thus be claimed by several, overlapping events. Classifi-
cation is multi-hot because the head emits independent per-
class sigmoids and evaluation scores per-class AP. Regres-
sion and centerness heads are assigned the event whose cen-
ter is nearest, an adaptation of FCOS’s min-area rule [34].

4.7. Implementation Details

Training uses a focal classification loss, an Intersection over
Union (IoU) regression loss, and a centerness binary cross-
entropy loss. Inference runs on rolling 90 s windows with
45 s overlap over the full recording, scoring each timestep
by o(class) - o(centerness) and decoding with greedy tem-
poral non-maximum suppression per behavior. Training de-
tails can be found in the supplemental.

S. Experiments
5.1. Protocol

We evaluate all models with mean Average Precision at
IoU (mAP@IoU) averaged over the behaviors present in
each recording to assess the accuracy of temporal localiza-
tion predictions. All results are averaged over the held-out



Table 1. Results on our dataset. Average is over IoU 0.1-0.7. All
methods are averaged over the 17 held-out recordings. Variance
and further results are shown in the supplemental.

mAP@IoU (%)
Method 0.1 0.3 0.5 0.7 Avg
MIL classifier 29.9 14.7 5.4 0.2 12.2
MIL + post-proc 443  20.7 2.6 0.2 16.0
ASM-Loc [14] 18.2 10.9 4.1 1.2 8.3
HR-Pro [37] 30.6 19.2 6.7 1.2 14.1

ActionFormer [36] 292  26.6 22.7 144  23.6
FSH-TAL (Ours) 517 47.0 387 241 41.0
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Figure 4. mAP@]IoU results. Average is over IoU 0.1-0.7. Lines
follow Tab. 1, bands show one standard deviation across folds.

recordings from 5 distinct folds. Each fold holds out 3 or
4 entire recordings, and both the MIL backbone and the lo-
calizer are retrained for every fold, so no stage is trained
on a recording it is evaluated on. For every method, the
ground truth is a 4s window centered on each annotated
point. The MIL model is evaluated on 4 s rolling windows
with 2 s overlap, merging adjacent windows with the same
prediction (MIL). Additionally, we post-process its predic-
tions with Outer—Inner Contrast scoring and temporal NMS
(MIL + post-proc) [31] as a stronger baseline.

5.2. Baselines

We compare our method with previously defined SOTA
models for this task. ASM-Loc [14] is weakly supervised,
HR-Pro [37] is point-supervised, and ActionFormer [36] is
fully supervised on the same +2 s pseudo-segments as FSH-
TAL. ASM-Loc, ActionFormer, and our localizer all use an
identical feature bank derived from the frozen MIL embed-
dings. HR-Pro operates on its own 1024-d features but the
same folds and ground truth, as a point-supervised compar-
ison. Further details are included in the supplemental.

Table 2. Per-behavior results. Average is over IoU 0.1-0.7, and
over held-out recordings containing that behavior. # Recordings
shows how many of the 17 recordings contain the behavior and #
Annotations the total annotated events of that behavior. of.q is the
standard deviation of the 5 fold means.

Behavior # Recordings # Annotations AP (%) oroa

Bite 15 3516 359 7.5
Chase 12 846 352 16.9
Lead 16 1455 434 11.5
Peck 11 529 48.3 19.9
Quiver 17 1262 42.6 4.2
Tilt 11 594 49.4 16.4
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Figure 5. Per-behavior AP. Bars show the mean over held-out
recordings containing the behavior, whiskers show one standard
deviation across those recordings.

5.3. Results

Tab. | and Fig. 4 show mAP@IoU for all baselines com-
pared to FSH-TAL, evaluated on our dataset. Both base-
line MIL variants degrade at tighter thresholds, which is ex-
pected as a classifier cannot refine boundaries beyond its
input clip length. FSH-TAL reaches 41.0% mAP (aver-
age IoU 0.1-0.7), outperforming all tested methods, includ-
ing fully-supervised ActionFormer (23.6%). The margin
widens at looser IoU thresholds (4-22.5 points at IoU=0.1,
but +9.7 at IoU=0.7 relative to ActionFormer), indicating
FSH-TAL’s gain is driven by recognition quality rather than
by boundary precision, further verified in Sec. 6. Action-
Former shares our feature bank, but in its default THU-
MOS14 configuration our fixed 4s targets place 98% of
its positives on one of six pyramid levels, leaving the other
five to train almost only on background (see supplemental).
FSH-TAL performs better than all other tested methods at
every IoU threshold from 0.1 to 0.9. It also beats every
baseline on each of the 17 held-out recordings, by at least
4.8 points. MIL + post-proc and HR-Pro come closest at
IoU 0.1 (44.3% and 30.6%) but fall to 1.2% or below by
IoU 0.7, where FSH-TAL still reaches 24.1%.



Table 3. Training cost for one fold. Peak GPU memory is sam-
pled at 2's intervals. TTrains on the frozen MIL bank.

Method #Params (M) Train (min) Peak GPU (GB)
MIL classifier 16.0 296 17.2
ASM-Loc [14] 1.8 9.1 0.3
HR-Pro [37] 23.2 33.0 10.2
ActionFormer [36] 273" 15.7 4.1
Ours (localizer) 15.8 42.7 2.6

5.4. Per-Behavior Classification

Tab. 2 reports AP per behavior averaged across all videos in
which the behavior occurs. Since each behavior is averaged
over a different subset of recordings, the mean of the six
APs (42.5%) differs from the overall 41.0%. Bite is the most
common behavior by more than a factor of two and among
the worst localized, while Peck is 6.6 rarer and among
the best localized. Well-defined courtship behaviors such
as Tilt and Peck score higher than Bite and Chase, whose
definitions are less exact. Fig. 5 shows the spread of per-
behavior AP across held-out videos. The spread is widest
for the three behaviors present in 12 or fewer recordings
(Peck, Chase, Tilt), while Lead varies least. Further results
can be found in the supplemental.

5.5. Runtime and Memory

All runtime and memory costs are measured on one 24 GB
NVIDIA RTX A5000. FSH-TAL was designed to fit train-
ing and inference on one GPU. Training is dominated by
the MIL backbone (296 min and 17.2 GB per fold, Tab. 3),
which ASM-Loc, ActionFormer, and our localizer all share
as a frozen feature bank. On top of it, the localizer con-
verges in 42.7 min on 2.6 GB, less memory than both Ac-
tionFormer and HR-Pro. At inference (Tab. 4), streaming
SAM3 at 4 FPS tracks both fish in real time (1.0 h per hour
of video on 13.5 GB). Downstream steps are cheap: MIL
features take 3.1 min (19.5x faster than real time) and the
localizer decoding step takes 7.6 s per video-hour (474 x).
The full pipeline processes an hour of video in 1.1 h, so our
entire ~17-hour dataset can be re-analyzed in about 19 h.
Manual annotation required a trained observer to watch ev-
ery video at roughly real time playback speed and yielded
only point annotations, whereas FSH-TAL predicts tempo-
ral segments. Since tracks are computed once per recording,
re-scoring with a retrained detector, a different ethogram,
or a new operating threshold reruns only stages 2—3, which
take 3.2 min per video-hour (19x faster than real time).

6. Ablations

Every ablation is a complete 5-fold run over all 17 held-
out recordings, evaluated against the same fixed 4 s ground

Table 4. Inference cost on an RTX A5000 for one hour of video.

Stage Time GPU (GB)
1. SAM3 tracking 1.0h 13.5
2. MIL features 3.1 min 7.4
3. Localizer decode 7.6s 0.08
Full pipeline 1.1h 13.5
Stages 2-3 only 3.2min 7.4

truth window. We also show additional ablations, including
object selection and the SAM3 prompt, in the supplemental.

6.1. Classification Stage
6.1.1. Input Features

Tab. 5 varies the frozen embeddings passed to the detec-
tor. Replacing the frozen MIL embeddings with raw DI-
NOv2 [27] embeddings at the same 4 FPS, removing the
classification model entirely, costs 14.3 mAP and is worse
on 16 of 17 recordings. Therefore, FSH-TAL’s perfor-
mance relies heavily on classification-aware embeddings.
Retraining the MIL backbone on video features only (a uni-
form 16x 16 patch grid, trained with 5 instead of 6 queries
per class to fit in GPU memory) without tracked keypoints
costs 13.1 mAP, worse on 17 of 17 recordings. Similarly,
retraining the MIL backbone on point trajectory features
only without appearance features (only a black video is pro-
vided) costs 5.6 mAP, worse on 14 of 17 recordings. Both
object-grounded trajectory tokens and appearance features
are therefore valuable, though tracking matters more.

Tab. 6 compares how many points are used to generate
the point trajectory features: 8 points keeps the four cor-
ners of each fish’s 3x3 grid, 2 points keeps only the grid
centers, while the baseline uses 18 points (9 points for each
fish across the 3x 3 grid). Reducing to a single point per fish
costs 3.4 mAP, which shows that most of the benefit comes
from knowing where the subjects are, not from identifying
their shape, pose, or relation between the two.

6.1.2. Few-shot Objective

Training the MIL with standard supervised classification
instead of the few-shot objective (random batches and the
classification loss only, without episodes or the contrastive
loss) costs 8.5 mAP, proving to be worse on all 17 record-
ings. Due to the scarcity of our data, a few-shot objective is
beneficial for model results. Details are in the supplemental.

6.2. Detector Components
6.2.1. Output Heads

Tab. 7 removes one head at a time. Without the timespan
head, each prediction is a fixed 2 s window. Without the
centerness head, timesteps are scored by class probability
alone. Removing the centerness head increased average



Table 5. Comparison of input features.

mAP@IoU (%)
MIL SAM3 Appearance 0.1 0.7 Avg
X X v 36.9 13.1 26.7
v X v 37.6 13.7 27.9
v v X 46.4 19.0 354
v v v 51.7 24.1 41.0

Table 6. Comparison of SAM3 point density.

mAP@IoU (%)
Points 0.1 0.5 0.7 Avg
256 (uniform grid) 37.6 254 13.7 27.9
2 (1/fish) 47.8 35.7 21.8 37.6
8 (4/fish) 49.5 37.6 224 39.2
18 (9/fish) 51.7 38.7 24.1 41.0

Table 7. Comparison of output heads.

mAP@IoU (%)
Centerness Timespan 0.1 0.7 Avg
v X 49.8 229 40.0
X v 51.5 232 41.3
v v 51.7 24.1 41.0

mAP by 0.3, but decreased mAP at high IoU. Removing one
head costs at most 1.0 mAP, but removing both costs 3.7
mAP (supplemental). Both heads may still benefit animal
behavior problems with variable timespans and ethograms.

6.2.2. MLP Expansion

Halving the transformer MLP expansion removes 3.55M
parameters (15.79 M to 12.24 M) for a 1.2 mAP drop, worse
on only 9 of 17 recordings. The full MLP width is not
clearly needed for a 6-behavior ethogram at this corpus size.

7. Discussion and Limitations

The lack of ground truth intervals provides a substantial
challenge for this task. Since the ground-truth is derived
from point annotations using an empirically derived +2s
window, mAP at high IoU measures agreement with the
convention rather than with a true behavior interval. Ad-
dressing this requires annotation of true intervals on our
dataset. This would both remove the fixed-width paradigm
that flattens our detector ablations and provide an evaluation
reference independent of the supervision convention.

A complementary limitation raised from the nature of
our dataset is the absence of a pose-based baseline. Exist-
ing pose estimation methods require pose-labeled training
data to fit their downstream classifiers, but no such labels

exist for our dataset. Producing a pose-labeled subset of
our dataset would require a sustained manual annotation ef-
fort that our method is designed to reduce. We note, how-
ever, that this gap means we cannot compare our TAL re-
sults against pose-estimation based pipelines.

Fine-tuning SAM3 and DINOv2 could improve mask
quality, point placement, and tracking through occlusion,
since every later stage inherits SAM3’s tracking features.

We note that a large advantage of our model is that the
majority of our dataset specialization occurs only from the
SAM3 prompt. While the point extraction, number of sub-
jects, and timing scheme would also need to be changed for
most setups, this pipeline can be adapted to other subjects in
new environments. However, broader testing across differ-
ent tanks, lighting, annotators, and species is required for
validation of this claim. Overall, we see this method as a
starting point for generalized automation trained off point
annotations in behavioral experiments.

8. Conclusion

In this paper, we present an improved method for converting
point annotations into temporally localized behavior seg-
ments, assessed on long-form cichlid recordings. We con-
tribute a cichlid behavior dataset comprising 17 annotated
recordings, with a total of 8,202 point events across the
hour-long videos. We further contribute FSH-TAL, a 3-
stage model combining object masks from SAM3, an ac-
tion classification backbone trained on the extracted point
information, and a temporal localizer that outputs behavior-
labeled segments. Evaluation on our dataset demonstrates
higher performance (41.0% mAP across IoU 0.1-0.7) than
all tested TAL models on every one of the 17 recordings,
including a fully supervised detector trained on identical
pseudo-segments. We also perform a controlled attribution
of that result: object-grounded trajectory tokens are worth
13.1 mAP and the few-shot objective 8.5, while removing
one detector head inherited from mainstream TAL costs at
most 1.0 mAP under fixed-width point supervision, though
removing both the centerness and timespan heads costs 3.7
mAP. Our work provides a practical approach for convert-
ing routine point annotations into temporal behavior mea-
surements, enabling streamlined data collection for broad
genetic experiments. The full pipeline processes an hour of
video in 1.1 h on a single GPU, close to real time.
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