BHacniok TpeHyBaHHS MOXHA BHOKpPEMHTH 4 Kiactepu crpareriii (puc.l)ski 3rpyroBaHi 3a
OYIKYBaHOIO BHHAropoJOI0 Ta areHTa Ta IiXHIM piBHEM Koomepamii. BHIHO OJHM3bKO YOTHPHOX
KJjacrepiB crpareriii. Ha puc.2 BuBeeHi pe3ysibTaTH pi3HULI MK O4iKyBaHUM BHIPAILIOM CTpaTerii Ta

pe3ybTaTaMU HABYCHOT'O arcHTa.
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Puc.1Po3nozin crpareriif y mpocTopi iXHbOI 34aTHOCTI 10 KOOIIEpaIlii 3 areHTOM Ta 3Ba)KEHOTO
pe3ynbTaTy areHTa.
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Puc.2 Pi3Huns cepeqHpOTO 04iKyBaHOTO BUTPAITY CTPATETiil BITHOCHO HAaBYEHOTO areHTa.

Crucie noAaHHst CTaHy J03BOJISIE PO3PI3HATH THITU OTIOHEHTIB 1 aIallTUBHO pearyBaTH Ha iXHi naTepHH
NOBEIHIKK i €(QEeKTHBHO BiATBOPIOBATH ix min yac dasu TectyBands. OCHOBHHUMH OOMEKCHHSIMU
LBOTO JOCIHIIKEHHS € JACTepPMiHOBAHICTh MOMYJIsLii, BiACYTHICTh JTOBTOTPUBAIO] MaM’sTi Ta
HECTAIIOHAPHICTh JWHAMIKH HaBYaHHSA. Y TOJAIBIINX JOCTIDKEHHSIX OyJie MPOBEICHO
MOPIBHSHHS 3 PEKypPEHTHUMH Ta TPaHC(HOPMEP-MOJICNISIMU, BBEACHO CTOXAaCTHYHHX
ononentr” Ta TOMyNAIiHEAN TpeHiHT. Y MACYMKY, MOKHA cTBepKyBatH 1110 DQN i3 KoMIakTHAM
IMOJIaHHAM TIOKa3y€ KOHTEKCTHO-3AJIC)KHY MHOBCAIHKY Ta BUABJIAEC KIACTCPHY CTPYKTYPY OIIOHCHTIB,
(hopMyI0UH OCHOBY JUISI IOJANBIINX JOCITIHKEHb KOOIepaIlii.
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LEARNING VIA KNOWLEDGE DISTILLATION FOR ROBOTIC MANIPULATION
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The work focuses on the computational intractability of large-scale Reinforcement Learning (RL)
models for robotic manipulation. While world-like models like TD-MPC2 demonstrate high
performance in various manipulative tasks, their immense parameter count (e.g., 317M) hinders
training and deployment on resource-constrained hardware. This research investigates Knowledge
Distillation (KD) with a loss function specifically described in [1] and [2] as a primary method for
model compression. This involves training a lightweight "student" model to mimic the behavior of a
large, pre-trained "teacher" model. Unlike in supervised learning, distilling knowledge in RL is
uniquely complex; the objective is to transfer a dynamic, reward-driven policy, not a simple input-
output function.

Previous work in this area, specifically the TD-MPC-Opt study [3], established the feasibility of this
approach using a static distillation coefficient. While successful in transferring capabilities to a IM
parameter student, a static coefficient presents a conceptual trade-off. A high, constant coefficient may
overly bias the student towards imitation, stifling its own exploration and learning from direct
environmental rewards. Conversely, a low coefficient may fail to provide sufficient guidance. This
work extends the original study by hypothesizing that a dynamic distillation coefficient, which adapts
over the training process, can lead to faster convergence and a more robust final policy.

Our methodology is centered on a composite loss function that governs the student model's training.
This loss function has two primary components. The first is the student's original learning loss, which
includes standard RL objectives such as reward loss, value loss, and consistency loss (a key feature of
TD-MPC ensuring stable predictions). This component allows the student model to learn directly from
its own environmental interactions. The second component is distillation loss. For this, we specifically
target the teacher's learned value function. We chose this target because the value function encapsulates
the teacher's long-term, high-level understanding of task success, providing a much denser and more
stable training signal than distilling a volatile, high-variance policy directly. The loss is calculated as
the mean squared error between the reward predictions of the teacher and the student for identical
states and actions.

The entire process is balanced by the distillation coefficient, a critical hyperparameter that determines
the weighting between self-learning and teacher imitation at any given point in training. The higher the
coefficient the bigger effect teacher imitation has on the student model.

The central investigation of this paper is the behavior of this distillation coefficient. We moved beyond
the static baseline to experiment with several adaptive schedules around 50,000 training steps. These
included: Linear Decay (a high initial coefficient gradually decreasing to the baseline of 0.4,
prioritizing guidance early); Cosine Decay (a smoother, non-linear version of decay); Increase (testing
the inverse hypothesis of starting with self-learning and adding guidance later); and a Four Phase
stepped schedule to test for sensitivity to abrupt changes.

We conducted our experiments on the MT30 dataset, distilling knowledge into a 1M parameter student
model. The results demonstrate that dynamic coefficient strategies significantly outperform the static
baseline.

Analysis of Results: The dynamic schedules showed a clear performance hierarchy. Both Linear Decay
and Cosine Decay achieved the highest normalized score (8.64), surpassing the static Constant (0.4)
coefficient's score of 8.39. This finding strongly supports our hypothesis: "front-loading" the teacher's
guidance is the most effective strategy. At the same time same dynamic distillation coefficient showed
worse results when they were starting with 1 and ending with 0 (lower that the baseline of 0.4) that
means that not only “front-loading”, but also a quite a strong “support” closer to end of training and
KD is important.

The success of the decay schedules suggests that the student model benefits most from heavy imitation
during the initial, random phases of its policy. As the student's own policy improves, the relative
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importance of this guidance is reduced, allowing the student to fine-tune its behavior based on direct
environmental feedback.

Conversely, strategies that delayed or provided erratic guidance underperformed. The "Increase"
schedule, which delayed guidance, yielded a poor score of 8.09. The "Four Phase" schedule (8.32) and
another "Decrease" variant (8.07) also failed to match the baseline. The failure of the "Increase"
schedule is particularly informative, as it implies that withholding guidance initially is detrimental. The
student fails to form a competent base policy on its own and cannot effectively leverage the teacher's
complex knowledge when it is finally introduced. The results show that not all dynamic strategies are
beneficial, but a clear pattern emerges: the most effective methods apply a high coefficient at the
beginning of training and gradually decrease it.

Subsequent work will proceed in two main directions. First, we will validate these findings on more
complex and diverse domains, specifically the ManiSkill 3 dataset. This benchmark includes tasks with
complex object interactions and deformable objects, which will rigorously test the generalization of our
dynamic distillation method in both single-task and multi-task regimes. We aim to verify if these decay
schedules remain optimal or if greater task complexity necessitates a different approach.

Second, we will investigate a highly promising architectural direction: distilling knowledge into
Mixture of Experts (MoE) models using a routing architecture [4]. Rather than compressing knowledge
into a single dense student, we can distill it into a set of smaller, specialized "experts." This architecture
is a natural fit for multi-task robotics, where one expert might learn "picking" motions and another
"placing." We will explore using the teacher's knowledge to train not only the experts but also the
routing mechanism that selects the appropriate expert for a given task. This could achieve higher
performance and efficiency than a monolithic student.
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Abstract. This research focuses on analyzing the current state and challenges in the
coordination of multi-agent systems based on Large Language Models (LLMs). We review the
evolution from single autonomous agents (like ReAct) to complex multi-agent architectures. The
analysis of current approaches reveals a key limitation: a reliance on deterministic, predefined
coordination rules. This paper identifies the lack of adaptive, learned coordination policies as a
research gap. We conclude by highlighting Reinforcement Learning (RL) as a promising, though
challenging, direction for developing dynamic meta-agents capable of overcoming these limitations.
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