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Abstract
Recent advances in computer vision have enabled
the development of automated animal behavior ob-
servation tools. Despite their generally encourag-
ing performance, multi-animal tracking tools still
face challenges, particularly with “body swapping”
– failure to maintain identities across time. Here we
present DIPLOMAT, multi-animal tracking software
tool that greatly reduces identity assignment errors
by introducing a combination of (i) an automated
pose estimate post-processing algorithm (“Track”)
and (ii) an graphical interface for efficient human su-
pervision (“Interact”). Evaluation involving record-
ings of multiple moving mice shows that DIPLO-
MAT’s automated method yields reductions in iden-
tity swaps of 80 to 95% relative to leading methods,
and that these can then be almost entirely eliminated
with time-efficient human editing.

1 Introduction

Recent technological developments, including advances
in computer vision, have paved the way for objective
measurement of high-dimensional, complex behavior.
This is particularly valuable for studies of social inter-
action, which are by nature complex, variable, and de-
pendent on naturalistic contexts. Relevant social infor-
mation can often be signaled through subtle, moment-
to-moment movements of specific muscles, such as fa-
cial expressions or posture. To understand the nature of
social interaction, it is therefore necessary to use mea-
sures that take into account nuanced pose and move-
ment changes. This can be accomplished by tracking
body parts in two or more individuals over time, but
only works if the tracking methods are consistent about
which individual the body parts belong to.
Several tools for multi-animal tracking have recently

become available, including SLEAP [1], multi-animal
DeepLabCut [2], AlphaTracker [3], ID tracker [4], and

TRex [5]. Two of these, DLC and SLEAP, have caught-
on as particularly popular and powerful for tracking
dyads and triads of rodents using a single-camera video
source (Shemesh and Chen, 2023; Luxem et al., 2023;
Bordes et al., 2023). Both apply convolutional neural
networks to detect animal body parts, paired with dif-
fering algorithms to then assign animal identities (gen-
erally based on associations between the body parts,
“skeletons”). Despite their generally encouraging per-
formance, multi-animal tracking tools still face chal-
lenges, particularly with “body swapping” – failure to
maintain identities across time when presented with
similar-looking, sometimes-overlapping bodies.
To overcome these body-swapping challenges, we

have developed DIPLOMAT, a Deep learning-based,
Identity-Preserving, Labeled-Object Multi-Animal
Tracker. DIPLOMAT introduces automated algorithms
(“Track”) and an efficient human interface (“Interact”)
to jointly eliminate identity assignment errors.
Tracking in DIPLOMAT begins by running either

SLEAP or DeepLabCut to produce frame-by-frame dis-
tributions of the probabilities of possible locations for
body parts. It then treats the movement of each individ-
ual as a Markov process, identifying a maximum prob-
ability (Viterbi) trace for each individual’s body parts
based on a custom hidden Markov model. Tracking ac-
curacy is improved by application of skeletal constraints
(which enforce body part proximity), along with a novel
signal dampening strategy for ensuring mutually inde-
pendent traces (see Methods). Efficient parallel com-
putation ensures that run time for DIPLOMAT’s Track
stage is less than that of the initial pose estimation stages
of DeepLabCut or SLEAP.
Following automated tracking, a researcher may use

DIPLOMAT’s Interact tool to identify potential errors,
then correct those errors with a simple point-and-click
error interface that enables rapid correction of multiple
body parts at a time; a small number of user edits are
smoothly integrated with automated algorithms for re-
tracking.
Testing against stand-aloneDeepLabCut or SLEAP re-
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veals that DIPLOMAT’s automatedmethod alone results
in statistically-confirmed reductions in identity swaps of
80 to 95%, and that these can then be eliminated with
time-efficient human editing. DIPLOMAT therefore has
the potential to streamline analysis of multi-animal in-
teraction, and can be used on its own or as a complement
to other methods to improve multi-animal tracking ac-
curacy and workstream efficiency. By design, DIPLO-
MAT is agnostic to the source of body part maps, and
can be easily extended to wrap other pose estimation
tools that may appear in the future.

2 Methods
DIPLOMAT is developed as two major components. The
first component, Track, uses either SLEAP or DeepLab-
Cut to produce body part location heatmaps for each
video frame (CNN-based probabilities that each pixel
in the frame is the location of each kind of body part),
then traces all animals through the full video by iden-
tifying mutually-exclusive maximum probability traces
through those heatmaps. The second component, Inter-
act, is a smooth and intuitive user interface for quick
editing of multiple body parts across video frames, with
the ability to re-integrate these edits to a quickly and
smoothly re-track body parts and, when necessary, re-
assign identities.
The methods underlying DIPLOMAT are guided by 4

assumptions:

1. Bodies don’t teleport. This means that a previ-
ous video frame can be used as a prior that informs
probability distributions for current body part lo-
cations.

2. Body parts stick together. Skeletal information
(distance between body parts) can further inform a
posterior probability of body part location.

3. Bodies will be easier to distinguish in some
frames over others. Some frames can serve as an
anchor, with probabilities extending forward and
backward from that point.

4. Fixed body count. In a given experiment, there is
typically a pre-set number of bodies.

Although not all of these assumptions will be true for
every application, they cover a wide scope of animal be-
havior and neuroscience protocols.

2.1 Track
The workflow for the automated Track component is
presented in the top two boxes of Figure 1.

2.1.1 Train and apply the pose estimation model

DIPLOMAT’s Track stage depends on a per-frame pose
estimation heat map. This requires that the user se-
lect a pose estimation tool (currently choosing between
SLEAP and DeepLabCut), and use the model training
methods provided by that tool. This requires that the
user train a tool-specific model by labeling a modest
number of frames (typically 10-1000 frames). When
DIPLOMAT is run, the trained model is supplied along
with the tracking video, and the tool produces the req-
uisite per-frame heat map of body part placements for
each body part. Let B be the set of labeled body parts
(e.g. B = f nose, left ear, right ear, tail baseg), and
F be the number of frames in a video recording with
N animals. Then for each frame i 2 f1::Fg, and each
body pat type b 2 B, the pose estimation tool produces
a softmax-based pseudo-probability Pi;b(x; y) for each
position (x; y).

2.1.2 Identify an anchor frame.

For each frame, DIPLOMAT computes a measure of the
quality of separation of the animals in the frame. First, a
median distance is computed between each pair of body
parts (the skeleton), across all frames. Then for each
frame, an estimate is computed of the number of parts
that can be reliably paired with each other according to
those median distances. The frame with greatest sepa-
ration reliability is chosen as an “anchor” frame.

2.1.3 Compute a maximum probability trace

Computing a most-probable trace requires definition of
a probability model. In DIPLOMAT, the base form of
this model motivates a recurrence in which a probabil-
ity is computed that the true path for body part b for
individual k runs through position (x; y) in frame i:
Vi;b;k(x; y). This probability is computed as a product of
(i) the per-frame softmax-based pseudo-probability from
the base model, (ii) the probabilities of all possible paths
up to the preceding frame, and (iii) the probability T

of transitioning (moving) from position (x0; y0) in one
frame to position (x; y) in the next:

Vi;b;k(x; y) = max
x′;y′

(
Vi�1;b;k(x0; y0)

� T (x0; y0; x; y)

� Pi;b(x; y)
) (1)

The transition probability T (x0; y0; x; y) is similar to a
Gaussian distribution with mean at (x0; y0) and standard
deviation based on the median body size, to discourage
unreasonably largemoves. Functionally, this path-based
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