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ARTICLE INFO ABSTRACT

Learned multi-UAV tracking policies often perform well in simulation but degrade
when deployed under noisy, range-limited sensing. This paper presents DTS-Swarm, a
Revised: 21 April 2025  distilled teacher-student transfer framework for robust multi-UAV target tracking. The
teacher observes privileged simulator state, whereas the deployable student acts from
a horizontal probabilistic occupancy map, its own kinematic state, and compact
teammate-relative features. The method combines privileged teacher training, partial
decoder-layer transfer, temperature-annealed Kullback-Leibler policy distillation, and
a weak V-formation auxiliary loss. Across five degraded-sensing scenarios, evaluated
over 30 episodes per seed and 5 random seeds with seed-level confidence intervals,
DTS-Swarm reduces nominal target-wise tracking error by 32.6% relative to a no-
transfer student and reduces high-noise tracking error by 44.1%. The main empirical
finding is that hidden-layer transfer can produce negative transfer when action-
distribution alignment is removed. In this cross-modality setting, copied teacher
weights become useful only when KL distillation aligns the teacher and student action
distributions during noisy-map fine-tuning.
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INTRODUCTION

Multi-UAV swarms are increasingly important for surveillance, search and rescue, environmental monitoring, and
cooperative target tracking. Compared with a single UAV, a swarm can cover a wider operational area, tolerate
individual-agent failures, and respond more rapidly to moving targets. Recent UAV tracking studies emphasize that
successful target tracking requires perception, state estimation, strategy generation, and flight control to operate
coherently under dynamic and uncertain conditions [1], [2].

A central difficulty is that each UAV usually acts with incomplete and noisy observations. Onboard sensors have
limited range, detections can be corrupted by measurement noise, and targets may temporarily leave the sensing
region. In practical multi-UAV systems, communication bandwidth is also limited, which prevents every UAV from
receiving complete global state information at every timestep. Recent multi-UAV path-planning and assignment work
commonly formulates this setting as a partially observable decision-making problem[3]. Therefore, deployable
tracking policies must be robust to partial observability, missed detections, and degraded sensing conditions.

Many reinforcement learning policies are trained in simulation using privileged information, such as exact UAV
states, target positions, target velocities, and inter-agent distances. Although this information is useful for learning
strong control behavior, it is generally unavailable during deployment. Multi-agent reinforcement learning has
become a major framework for cooperative UAV control, but recent surveys still identify robustness, scalability,
communication, and deployment reliability as open challenges[4]. A policy trained only on full simulator state can
therefore degrade when transferred to real UAVs that rely on onboard sensing and limited communication.
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This paper addresses the problem through a distilled teacher-student framework called DTS-Swarm. The teacher
policy is trained with full privileged simulator state and learns a strong cooperative tracking strategy. The student
policy is deployable: it acts from a probabilistic horizontal occupancy map, its own kinematic state, and compact
teammate-relative features. The student receives guidance from the teacher through action-distribution distillation,
allowing it to benefit from privileged training while using only realistic observations at execution time.

The proposed method is based on the observation that cross-modality transfer is not solved by copying neural-
network weights alone. The teacher observes exact state variables, whereas the student observes uncertain map-based
beliefs. Because these input modalities have different semantics, transferred hidden layers can become misaligned
and may even harm learning. DTS-Swarm therefore combines partial decoder-layer transfer with temperature-
annealed Kullback-Leibler policy distillation, so that the student's action distribution remains aligned with the
teacher during noisy-map fine-tuning.

The main contribution of this paper is the identification of a negative-transfer mechanism in cross-modality multi-
UAV tracking. Specifically, the study shows that transferring hidden decision layers from a privileged teacher to a
map-based student can harm performance when action-distribution alignment is absent, because the teacher and
student latent representations are induced by different observation modalities. Building on this finding, the paper
makes four contributions. First, it empirically demonstrates that KL-based policy distillation is required to convert
partial decoder transfer into a useful decision prior. Second, it introduces DTS-Swarm, a teacher-student framework
for robust multi-UAV target tracking under degraded sensing. Third, it develops a deployable student observation
interface based on Bayesian log-odds occupancy maps, ego-state features, and teammate-relative features. Fourth, it
formulates a composite student-training objective that integrates reinforcement learning, continuous-action KL
distillation, entropy regularization, and weak V-formation regularization.

RELATED WORK

Multi-UAYV target tracking combines cooperative planning, multi-agent reinforcement learning, formation control,
and robust perception. Recent work models UAYV target assignment and path planning under partial observability,
where agents must make decisions from incomplete local observations[3]. UAV target tracking surveys emphasize
that active tracking requires perception, state estimation, strategy generation, and flight control to operate coherently
under sensing and platform constraints [1] [2]. Multi-agent reinforcement learning is widely used for cooperative
aerial control, but recent surveys still report fragmented evaluation protocols and limited deployment evidence [4].

Formation control remains important because spatial structure affects coverage, collision risk, and sensing quality.
Classical flocking methods provide useful geometric priors, while modern UAV systems must preserve robustness
under uncertainty and partial observability [5]. DTS-Swarm therefore uses formation only as a weak auxiliary term
so that target tracking remains the primary objective.

Sim-to-real transfer methods include domain randomization, privileged learning, and teacher-student distillation [6]
[7]. Distillation is especially relevant when a powerful teacher has access to information that a deployable student
cannot use [8] [9]. Recent robotic learning studies show that privileged teachers can accelerate student learning, but
they also show that teacher-student asymmetry can make imitation difficult when the student cannot infer the
teacher’s actions from its observation stream [10] [11]. DTS-Swarm studies this issue in multi-UAV tracking where
the teacher receives exact state and the student receives an occupancy map.

SYSTEM DESIGN

Proposed Framework

DTS-Swarm is formulated as a three-stage teacher-student framework for multi-UAV target tracking under cross-
modality transfer. The framework addresses the mismatch between an oracle teacher, which observes exact simulator
state, and a deployable student, which observes only noisy belief-based information. Instead of relying on naive
weight transfer, the design combines partial decoder transfer with action-distribution alignment so that the student
can inherit useful decision structure while learning its own perception representation.
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Stage 1: Privileged teacher training. A teacher policy m7(a | s(t)) is trained in simulation using exact UAV states,
target states, relative geometry, and environment labels. The teacher is not used during deployment. Its role is to
provide a high-quality supervisory signal during student training.

Stage 2: Partial decoder transfer. The student perception modules are initialized independently because they operate
on deployable observations rather than privileged simulator states. These modules include the occupancy-map
encoder, the ego-state encoder, and the teammate-relative feature encoder. Only the compatible teacher decoder
layer is copied into the matching student decoder layer:

W, € R128%256  p_ ¢ R128,
This partial transfer provides the student with a useful decision prior while avoiding direct transfer of teacher layers
that depend on privileged full-state inputs.

Stage 3: Distilled fine-tuning under degraded sensing. The student is fine-tuned with PPO using noisy observations
while being supervised by the teacher through a forward Kullback-Leibler loss between Gaussian action distributions.
A weak V-formation auxiliary term encourages spatial dispersion without overriding the tracking objective.

The deployable student observation has three components: a horizontal probabilistic occupancy map, the UAV’s own
normalized kinematic state, and compact teammate-relative features. This interface contains no privileged target
state, so the teacher and privileged simulator information are discarded after training.

Problem Formulation

Consider a swarm of N UAVs tracking M moving targets in a bounded three-dimensional arena of side length L. At
timestep t, each UAV has a three-dimensional position and velocity, and each target has a three-dimensional position.
The swarm acts over a finite horizon T with timestep At. Each UAV selects a bounded velocity-increment action as
follows:

a;(t) = [Avx,i(t):Avy,i(t):sz,i(t)]T' Il a;(t) < Gmax- (1)

The teacher observes the privileged simulator state, consisting of all UAV states, all target states, and inter-agent
relative geometry. The student observes only deployable quantities:

of (1) = (m; (1), x}(®), z{" (V). (2)

where the first component is the probabilistic occupancy map, the second is the ego-UAV normalized kinematic state,
and the third is a permutation-aware summary of teammate-relative features, including relative position, relative
velocity, and communication availability.

Noisy Sensing and Occupancy Map Update

When target g lies within the sensing radius of UAV i, the onboard sensor returns a noisy detection:
Pig(®) =pg() +€,4(t), €4(t) ~N(0,0%;). (3)

If the target is outside R_s, no measurement is received. To accumulate evidence under detection noise and missed
detections, the student maintains a G x G x M horizontal grid of log-odds occupancy values. For cell ¢ and target
channel g, the log-odds update is

Phit <C | T, (ﬁi,g (ﬂ))
1= puie (¢ 1 1y (B ©)

Here, a € (0, 1) is a temporal decay coefficient that prevents stale evidence from accumulating indefinitely, and IIxy(-)
projects a three-dimensional detection onto the horizontal plane. The hit likelihood is modeled by a Gaussian kernel
centered at the projected detection:

tig(t,c) =at;4(t —1,c) +log 4)

Phie(c | @) = exp <— @) 5)

2
20}
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When no detection is received for target g, only temporal decay is applied to the log-odds map. The occupancy
probability supplied to the student encoder is the logistic-sigmoid transformation of the updated log-odds value. This
representation enables the student to reason about spatial uncertainty instead of acting on a single noisy point
estimate.

Tracking Objective and Distillation Loss

The primary mission metric is the target-wise nearest-UAV tracking error. It tests whether every target is covered by
at least one UAV and avoids the degeneracy of scoring only a single closest UAV-target pair:

Ltrack(t) - M Z |pL (t) - pg (t)llz (6)

Both the teacher and student output diagonal Gaussian distributions over the joint continuous action. The student is
supervised by the forward Kullback-Leibler divergence:

L = KL (mr (1 50) s (108®)). )

For diagonal Gaussian policies, the distillation loss has the closed form:

2
Us; UTZ,j + (Mr,j - lis,j) L

LKD -_ 0.52. - .

J

®)

The teacher variance is temperature—annealed during student fine-tuning. Early epochs use a softened teacher
distribution to avoid over-constraining the randomly initialized map encoder. Later epochs sharpen the guidance
signal once the student observation encoder becomes stable.

The full student objective combines task learning, distillation, formation regularization, and entropy regularization:
Liotal = Lre + Akp(€)Lxp + Ay Ly — BH (5).  (9)

The coefficient lambda_KD(e) is linearly annealed from 0.5 to 0.1 across fine-tuning epochs. This keeps the teacher
influential early, when the student policy gradient may be noisy, while allowing the task reward to dominate later.
The formation coefficient lambda_V is deliberately small so that spatial dispersion acts as a structural prior rather
than a competing objective.

DTS-SWARM METHOD

Teacher and Student Policies

The teacher policy 7y (s;; 67) is trained with full simulation state. It is not deployable but provides a high-quality
supervisory signal. The student policy 7s(07,;05) uses the probabilistic map, self-state, and teammate-relative
features. The teacher is a two-layer multilayer perceptron with hidden widths [256,128], tanh activations, and
Gaussian mean and log-standard-deviation heads for the joint continuous action. The student uses a two-layer
convolutional encoder for occupancy maps, a one-layer encoder for self-state, and a two-head attention layer for
teammate information. The fused student feature is projected to a 256-dimensional latent vector and decoded into a
diagonal Gaussian continuous-action policy.

Only the compatible teacher decision layer is copied during transfer. The teacher tensor WT(Z) € R128%256 and bias

b(TZ) € R'28 initialize the matching student decoder layer. Map encoders, attention modules, and output heads are
initialized independently. This makes the ablation precise: it tests whether copying a compatible teacher layer is
useful without action-level distillation. It also avoids copying early teacher layers that are tied to full-state coordinates
and therefore have no natural equivalent in the student map encoder.

The student output is a diagonal Gaussian action distribution. The mean controls the nominal velocity update, and
the standard deviation represents exploration during training. At evaluation time, deterministic actions are obtained
by using the mean. This choice reduces randomness in reported performance while keeping the training objective
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smooth.

Algorithm 1 summarizes the DTS-Swarm training pipeline. The three phases correspond to privileged teacher
training, partial decoder transfer, and distilled fine-tuning under degraded sensing. During deployment, only the
student policy is retained.

Input: Multi-UAV simulator, sensing radius, noise level, map size, and training budgets.
Output: Deployable student policy.
1. Train a privileged teacher policy in simulation using exact UAV states, target states, and environment
information.
2. Initialize the student policy with realistic observation inputs:

occupancy map, ego-UAV state, and teammate-relative information.
3. Copy only the compatible decoder layer from the trained teacher to the student.
4. Fine-tune the student under noisy sensing:

- generate noisy target detections when targets are within sensing range;

- update the probabilistic occupancy map;

- construct the student observation;

- compare teacher and student action distributions using KL distillation;

- optimize the student using PPO, tracking reward, distillation loss, and auxiliary losses.
5. After training, discard the teacher and privileged state.
6. Deploy only the student policy for target tracking under realistic sensing.

Algorithm 1. DTS-Swarm training procedure across the three stages.

Continuous-Action Distillation

For Gaussian policies, the distillation loss is computed analytically:
Lo =KL(mrCls) I ms( of,))

2
12 [ ai;  of;+ (ur; —ps;)
== log—~ —-1].
2L
J

+
o7 o3,
The forward direction KL(7; || 7rg) is used because the objective is to make the student cover the teacher’s plausible
action distribution under the student’s noisy observation. In contrast, reverse KL can be more mode-seeking and can
encourage overconfident behavior when the teacher distribution is broad.

The teacher variance is temperature-annealed so that early training uses soft guidance and later training uses sharper
action alignment:

e
Gg,j(e) = T(€)20'72~J-, 7(e) = Tmax — E (Tmax — Tmin)-

This avoids forcing the randomly initialized map encoder to match a sharp teacher distribution too early. Early in

training, a soft teacher distribution tells the student which action regions are plausible. Later in training, the lower

temperature makes the guidance more specific.

The final student objective is
Liota = Lrr + Axp(€)Lyp + Ay Ly — BH (7).
The KL coefficient is linearly annealed from 0.5 to 0.1 across fine-tuning. This schedule keeps the teacher influential
early but prevents the final student from ignoring its own task reward.
V-Formation Auxiliary Loss

A weak V-formation loss encourages useful spatial dispersion. Desired offsets r/ are assigned around the swarm
heading, and the loss is
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where p; is the swarm centroid. The swarm heading is computed from the exponentially smoothed centroid velocity.
If centroid speed is below 0.1 m/s, the previous valid heading is retained. The formation term is kept small, with 1, =
0.1, because tracking must dominate.

EXPERIMENTAL SETUP

The environment is a 50 m 3-D arena with N = 5 UAVs, M = 3 targets, horizon T = 150, timestep 4t = 0.1 s, and
maximum action magnitude ap,,, = 1.0 m/s. UAVs follow a clipped single-integrator model,

Pits1 = Clip[o,LP(plL‘ft + AtViL,Lt+1)v Vierr = Clipvmax(vilft + ai,t)-
All evaluations in this study are conducted within a newly presented Python-based simulation framework. The
reported results therefore demonstrate transfer robustness under controlled sensing degradation, rather than field-
deployment readiness
Targets follow reflective-boundary random-waypoint dynamics. At episode start, each target speed is drawn from
[0.4,0.8] m/s and multiplied by the scenario speed factor. Every 25 steps, each target resamples its heading with
probability 0.15. This model prevents trivially predictable straight-line motion while keeping the task interpretable.

The student map has G = 20 cells per axis, @ = 0.95, and kernel bandwidth g, = 1.54c¢. Log odds are clipped to [—5,5].
Five scenarios evaluate robustness: nominal sensing, high noise, reduced range, fast targets, and combined
adversarial degradation. The scenarios use Gaussian noise levels from 1.5 to 3.5, sensing ranges from 6 to 10 m, and
target-speed multipliers from 1.0 X to 2.5 X. The adversarial setting combines elevated noise, reduced range, and
faster targets.

Reward and Metric Definitions

The training reward is the negative of a weighted cost:

N
1 2
" =—d;—ng Nz la;, 15— 1nc Z max (0' Amin — dij,t) ,
i=1

i<j
where d; = Lok (t), d;j ¢ is the distance between UAVs i and j, dyin = 1.5 m, g = 0.02, and n, = 0.05. This reward

captures mission performance, energy economy, and safety spacing without combining them into a single reported
score.

The primary evaluation metric is target-wise nearest-UAV tracking error,

1 ——
Etrack = Wz z miin Il p}"t - pg,t Il,.
t=1g=1
Coverage rate is
M T
1 ' . .
€= WZ Z 1 [m}“ I Pl — Py 2= Rs],

g=1t=1

where R, is the scenario-specific sensing radius. The primary reported metric is target-wise tracking error. Coverage,
control energy, formation quality, collision proximity, and recovery behavior are retained as diagnostic quantities
during training and validation, but the main comparative evaluation focuses on tracking error across sensing-
degradation scenarios. The percent gain is

Ebase - EDTS

Gain = 100 x
Ebase

Positive values mean that DTS-Swarm reduces tracking error relative to the no-transfer student.

Training Hyperparameters and Baseline Protocol
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All methods use the same student architecture and observation interface unless explicitly stated otherwise. PPO uses
discount y = 0.99, GAE parameter 1 = 0.95, clipping parameter 0.2, value coefficient 0.5, entropy coefficient 0.01,
Adam learning rate 3 x 107*, rollout length 2048, minibatch size 256, 10 optimization epochs per rollout, and
gradient-norm clipping at 0.5. The privileged teacher is trained for 2.0 x 10° environment steps. Each student variant
is trained for 1.2 X 10° environment steps after initialization. All observations and actions are normalized by arena
size and action bounds.

The compared methods are: oracle teacher, no-transfer student, behavior cloning from teacher means, domain
randomization without a teacher, DTS without KD, DTS without formation, DTS with behavior-cloning-only
initialization, and full DTS-Swarm. Behavior cloning trains the student to regress the teacher’s mean action under
student observations but discards the teacher’s variance. Domain randomization trains the student under
randomized sensor noise, range, and target speed without teacher supervision. Hyperparameters for all baselines are
selected using the same validation protocol: five candidate learning rates and three entropy coefficients are tested on
the nominal and high-noise settings, and the best validation tracking error is used for final evaluation.

All reported metrics are averaged over 30 evaluation episodes per seed and 5 random seeds per condition. Statistical
comparisons are conducted on seed-level means, not individual episodes, to avoid treating correlated trajectories
from the same training seed as independent. Confidence intervals are computed by 10,000 bootstrap resamples over
seed-level means. Pairwise tests use paired permutation tests over matched seeds with Holm-Bonferroni correction
across scenario-wise comparisons.

RESULTS

Training Behavior

Figure 1 compares the convergence of the privileged teacher, DTS-Swarm student, and no-transfer student. The
teacher trained with PPO reaches a stable performance plateau, while the DTS-Swarm student converges faster and
achieves higher returns than the no-transfer baseline. Its tighter confidence band indicates more stable learning
across seeds, suggesting that teacher guidance reduces optimization variance by providing a dense action-
distribution signal during training. The remaining gap to the teacher is expected because the student acts from noisy
occupancy maps rather than privileged simulator state.

Phase 1 — Teacher training (PPO, n=5 seeds) Phase 3 — Student training (n=5 seeds, IQR band)
—10.0 7 —10 1
-12.51
~15 4
-15.0
£ 173 £ 20
= ®
2 —200 =
o o 251
S —22.5 3
& =25.0 1 & -30 1
o == No-transfer baseline
= -35 wee  STLF-Swarm (full)
-30.0 - Toacher (privileged state) Teacher asymptote
T T T T r v T ' - —4() A= T - r T T T
0 25 50 75 100 125 150 175 200 0 20 40 60 80 100 120
Training epoch Training epoch

Figure 1. Training convergence of teacher and student policies.

Nominal Performance

Under nominal sensing, full DTS-Swarm obtains a tracking error of 14.2 + 0.5 m, compared with 21.0 + 0.6 m for the
no-transfer baseline, a 32.6% reduction. DTS-Swarm also outperforms behavior cloning (18.4 m) and domain
randomization (19.6 m), confirming that the gain comes from distributional teacher supervision rather than from
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imitation or randomization alone. The nominal result is meaningful because both DTS-Swarm and the no-transfer
baseline use the same deployable occupancy-map observation at test time.

Robustness Across Scenarios

Figure 2 compares target-wise tracking error across five sensing scenarios. DTS-Swarm reduces error in all cases,
with the largest improvement in the high-noise setting, where error decreases from 25.5 m to 14.3 m, corresponding
to a 44.1% reduction. The nominal, reduced-range, fast-target, and adversarial scenarios show gains of 32.6%, 34.0%,
32.5%, and 33.9%, respectively. These results indicate that probabilistic occupancy maps and teacher-guided
distillation improve robustness when detections are noisy, sparse, or dynamically challenging. In the adversarial
scenario, which combines elevated noise, reduced sensing range, and faster targets, DTS-Swarm still reduces tracking
error from 24.5 m to 16.2 m.

Target-wise mean tracking error across scenarios (n=30 ep x 5 seeds, 95% bootstrap CI)

B Teacher (oracie) EZA Behavior cloning B DTS-Swarm (tull)

B No-wranster X5 Domain rendomization
a0

Tracking waror (m) { better

Nomimal High Reduced Fast Adtversarial
Noiso Range Tangats

Figure 2. Tracking error across sensing scenarios.

Figure 2 shows that DTS-Swarm consistently achieves lower target-wise tracking error than the deployable baselines
across all sensing conditions. Confidence intervals are computed over seed-level means using 30 evaluation episodes
per seed and 5 random seeds.

Sample Efficiency and Ablation Analysis

Teacher supervision substantially improves sample efficiency. DTS-Swarm reaches the 18 m tracking-error threshold
approximately 4x earlier than both behavior cloning and no-transfer training, while also converging to a lower final
error. The annealed KL temperature schedule tau: 2.0 -> 1.0 is retained because it provides soft teacher guidance
during early map learning and sharper action alignment later in training. In contrast, fixed low temperatures
destabilize the early student encoder, fixed high temperatures weaken teacher supervision, and an aggressive
schedule of tau: 4.0 -> 0.5 degrades the final tracking error.

Figure 3 summarizes the nominal-sensing ablation results. Removing KL distillation increases the tracking error to
25.5 m, which is 21.4% worse than the no-transfer baseline. This result indicates that copied teacher weights alone
can harm the student when the teacher and student operate on different observation modalities. The likely cause is
representation mismatch: the transferred decoder layer is trained to process privileged-state features, whereas the
student encoder produces map-derived belief features. Without KL-based action-distribution alignment, the
inherited decoder acts as a misaligned prior rather than a useful decision module.
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Figure 3. Nominal-sensing ablation results.

Removing the V-formation loss gives a tracking error of 16.8 m. This remains better than the no-transfer baseline but
worse than full DTS-Swarm, indicating that formation regularization contributes to spatial coordination but is
secondary to KL distillation. Overall, the ablation results show that the main performance gain comes from aligning
the student's action distribution with the privileged teacher, while the weak formation term provides an additional
but smaller improvement.

Mechanism and Alternative Transfer Strategies

The ablation indicates that copied teacher layers become harmful when the student input modality changes from
exact coordinates to occupancy maps. With KD, the student is continuously pulled toward the teacher’s action
distribution, so the inherited decoder remains useful. Without KD, optimization is driven only by the task loss, and
the map encoder can drift away from the coordinate semantics expected by the transferred decoder. The copied
weights therefore act as a misaligned prior rather than a reusable representation.

Behavior cloning from teacher means is easier to implement but less flexible because it treats the teacher action as a
point target. When the teacher has uncertainty, a point target discards useful information. KL distillation keeps the
uncertainty structure and therefore gives a richer learning signal. Domain randomization can improve robustness by
exposing the policy to many noise levels, but it does not solve the exploration problem by itself. DTS-Swarm is
complementary: randomization changes the environments, while the teacher supplies action guidance.

DISCUSSION

The results support three conclusions. First, occupancy maps make the student deployable because they avoid
privileged target state while smoothing noisy detections. Second, in this cross-modality setting, action-level
distillation is the component that prevents transferred decoder weights from becoming a harmful prior. Third,
formation is useful as a weak structural prior, but it is secondary to distillation.

The reported gains should be interpreted as simulation-based evidence for the proposed transfer mechanism rather
than as proof of field-ready deployment. The 2-D map compresses horizontal target belief and does not represent a
full 3-D target occupancy distribution. Although altitude enters through self-state and teammate-relative features, a
3-D voxel map would provide a more complete deployable belief state. The simulator also omits onboard perception
latency, aerodynamic effects, communication dropout, and hardware-in-the-loop dynamics. Future work should
therefore use 3-D voxel maps, delay-aware filtering, communication-aware training, sparse attention for larger
swarms, independent safety monitors, hardware-in-the-loop evaluation, and real flight data before operational
claims are made.

CONCLUSION

This paper presented DTS-Swarm, a distilled teacher-student transfer framework for robust multi-UAV target
tracking under degraded sensing. A privileged teacher is trained with full simulation state, and a deployable student
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learns from probabilistic occupancy maps, self-state, and teammate-relative information. The student is guided by
partial decoder-layer transfer, temperature-annealed KL distillation, and a weak V-formation loss. Across 30
episodes per seed and 5 seeds, DTS-Swarm reduces nominal tracking error by 32.6% and high-noise tracking error
by 44.1% relative to a no-transfer student. The most important result is that distillation prevents negative transfer
caused by modality mismatch in this experimental setting. Without KL alignment, copied teacher weights
underperform random initialization; with KL alignment, they become a useful decision prior.
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