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Abstract

Agentic Al aims to create systems that set their own goals,
adapt proactively to change, and refine behavior through con-
tinuous experience. Recent advances suggest that, when fac-
ing multiple and unforeseen tasks, agents could benefit from
sharing machine-learned knowledge and reusing policies that
have already been fully or partially learned by other agents.
However, how to query, select, and retrieve policies from a
pool of agents, and how to integrate such policies remains
a largely unexplored area. This study explores how an agent
decides what knowledge to select, from whom, and when and
how to integrate it in its own policy in order to accelerate its
own learning. The proposed algorithm, Modular Sharing and
Composition in Collective Learning (MOSAIC), improves
learning in agentic collectives by combining (1) knowledge
selection using performance signals and cosine similarity
on Wasserstein task embeddings, (2) modular and transfer-
able neural representations via masks, and (3) policy inte-
gration, composition and fine-tuning. MOSAIC outperforms
isolated learners and global sharing approaches in both learn-
ing speed and overall performance, and in some cases solves
tasks that isolated agents cannot. The results also demonstrate
that selective, goal-driven reuse leads to less susceptibility
to task interference. We also observe the emergence of self-
organization, where agents solving simpler tasks accelerate
the learning of harder ones through shared knowledge.

Code — https://github.com/DMIU-ShELL/MOSAIC

1 Introduction

The ability to solve complex, open-ended problems is an
increasingly desirable objective as agentic Al principles
become central in Al architectures. In open-ended real-
world settings, these systems face challenges in generalizing
and adapting to an ever-evolving stream of data and tasks
(De Lange et al. 2022; Parisi et al. 2019). Although new
lifelong learning algorithms (Kudithipudi et al. 2022) are
being introduced to provide continual evolution and adap-
tation, when agents learn in isolation, they can only benefit
from their limited experiences, unlike humans who benefit
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from collaboration and sharing of experiences and skills. Re-
cent studies suggest that a shift towards more collaborative
types of learning, where agents selectively share and reuse
modular knowledge from other agents, is key to reducing
redundant learning, accelerating adaptation, and improving
robustness (Tarale, Rietman, and Siegelmann 2025; Soltog-
gio et al. 2024; DARPA/MTO 2021).

In the context of self-adaptation, reinforcement signals
provide an effective tool to achieve continuous improvement
in a wide range of domains (Sutton and Barto 2018; Jader-
berg et al. 2017). In addition, task similarities have been ex-
ploited to benefit learning in areas such as transfer learning
and multi-task RL (Hendawy, Peters, and D’Eramo 2024;
Sun et al. 2022; D’Eramo et al. 2020). Lifelong learning
approaches also leverage task similarity when previously
learned tasks benefit the learning of subsequent tasks, with
an advantage often named forward transfer (Ben-Iwhiwhu
et al. 2023; Kirkpatrick et al. 2017). However, many ap-
proaches to sharing knowledge, e.g., distributed RL (Sar-
toretti et al. 2019) or Federated Learning (Yoon et al. 2021),
often assume some form of centralization and uniformity of
tasks, which is ill-suited to the requirements of agentic Al
where each agent acts independently, asynchronously, and
likely on a large variety of different tasks. Recent studies
have begun to investigate the sharing and reuse of policies
in evolving multi-agent contexts (Nath et al. 2023; Tarale,
Rietman, and Siegelmann 2025; Gerstgrasser, Danino, and
Keren 2023). These developments reflect a growing recog-
nition that scalable Al systems increasingly depend on self-
directed selective collaboration among autonomous learners.

Knowledge and skill sharing among a set of indepen-
dent and autonomous learners, while conceptually appeal-
ing, presents significant challenges. In particular, open re-
search questions reflect the problems of how to identify what
knowledge to acquire, from whom to acquire it, how such
knowledge is best represented, and how to integrate it to
manifest robust lifelong learning properties (DARPA/MTO
2021; Soltoggio et al. 2024). Furthermore, it is still unclear
to what extent collaborative learning offers an advantage
over isolated or centralized learning.

To address these questions, this study introduces Modu-
lar Sharing and Composition in Collective Learning (MO-



SAIC), which describes how agents can select appropriate
knowledge from peers with the aim of implementing policy
composition and reuse. Problem analysis and the following
ablation studies indicate that essential components of such a
system are (1) knowledge selection through task similarity,
(2) modular and transferable neural representations, and (3)
policy integration, composition, and fine-tuning.

Specific algorithmic choices in MOSAIC to implement
such components are Wasserstein embeddings for task sim-
ilarity, transferable binary network masks for sharing, and
learnable linear combinations of those to achieve integra-
tion and fine tuning. In principle, analogous methods could
be used to adapt MOSAIC to a variety of domains, e.g.,
LoRA-based modular composition for foundation models
and LLMs (Hu et al. 2022; He et al. 2022) and embedding
methods or descriptors to express task alignment (Achille
et al. 2019; Grover et al. 2018; Rakelly et al. 2019).

Simulations indicate that selectively acquiring relevant
knowledge is essential to effectively reuse policies. The
composition of policies is best achieved with a similarity-
driven and reward-aware weighting. The results show how
communicating MOSAIC agents learn faster than isolated
learners by reusing knowledge from peers on similar tasks.
In some cases, communicating agents can solve tasks that
they could not learn alone. In addition, the analysis reveals
an implicit self-organization, where agents discover and ex-
ploit curriculum structures in the available knowledge, re-
sulting in agents building on skills hierarchically, from sim-
pler tasks to learn more complex ones.

In summary, MOSAIC supports the hypothesis that task-
relevant policy transfer and reuse, guided by agent-centered
optimization objectives, is feasible and effective with advan-
tages over learning in isolation or sharing global parame-
ters, which could lead to task interference. To the best of our
knowledge, this is the first study that combines modular and
transferable task-specific knowledge with similarity-based
selection and integration. Such a combination of compo-
nents is sufficient to significantly improve sample efficiency
and learning through collective knowledge sharing.

2 Related Work

Recent work in modular knowledge reuse for multi-agent
RL explores various approaches to enable efficient knowl-
edge transfer. Federated learning methods (Yoon et al. 2021)
communicate task-specific masks or binary representations.
These approaches lack principled task similarity metrics
for selective reuse. MOSAIC addresses this gap through
Wasserstein-based similarity measures that guide knowl-
edge selection based on performance signals.

Several frameworks allow parameter-efficient knowledge
sharing through masking (Ge et al. 2023; Nath et al.
2023; Gerstgrasser, Danino, and Keren 2023), prototype
aggregation (Tan et al. 2022), or decentralized training
(Douillard et al. 2024; Jaghouar and Hagemann 2024).
Communication-efficient methods reduce information ex-
change through knowledge preservation and selective shar-
ing (McMahan et al. 2017). These approaches rely on
predefined sharing protocols or require synchronous up-
dates. MOSAIC’s binary mask representation enables asyn-
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chronous, selective reuse and maintains modularity while
minimizing communication overhead.

Policy composition methods like PaCo (Sun et al. 2022)
interpolate within shared subspaces. These methods lack
mechanisms for similarity-driven integration. Peer-to-peer
frameworks (Tarale, Rietman, and Siegelmann 2025; Yu,
Vincent, and Schwager 2022) and model-based approaches
(Jiang, Narayanan, and Li 2021) enable decentralized coor-
dination. These frameworks do not combine selection with
modular representations. MOSAIC combines Wasserstein-
based task similarity with binary mask modularity and
similarity-driven linear policy combinations. Further discus-
sion of related works is provided in Appendix B.

3 Methodology

The following section describes the components of the MO-
SAIC algorithm. A high level illustration is provided in Fig-
ure 1. Pseudocode can be found in the Appendix F.

3.1 Policy Representations

Isolating task-specific knowledge in compact representa-
tions (Alet, Lozano-Perez, and Kaelbling 2018) is a key to
making policy transfer easier and more lightweight across
agents. Lifelong learning parameter isolation approaches
can achieve this goal (Rusu et al. 2016; Mallya and Lazebnik
2018; Wortsman et al. 2020; Ben-Iwhiwhu et al. 2023).

This study adopts neural network masks (Ben-Iwhiwhu
et al. 2023; Wortsman et al. 2020) that have shown strong
results in lifelong reinforcement learning and supervised
learning settings, and supports composition through linear
combinations of mask modules. PPO is used for the exper-
iments in this paper; however, the proposed modular com-
position mechanism is, in principle, agnostic to the choice
of RL algorithm. Mask representations rely on a frozen
backbone network @ that is homogeneous across all agents.
Each policy 7 is implicitly parameterized through a sparse
mask ¢, such that 7, = mge4(4,), Where © denotes the
Hadamard product, and ¢(-) is a binarization function ap-
plied during the forward pass. The mask ¢, consists of
a set of real-valued score vectors, one per layer of the
shared backbone network &, which select a sparse task-
specific subnetwork from ® without modifying its parame-
ters. Scores are binarized during the forward pass to select a
discrete subnetwork from the backbone, given by the thresh-
olding function,

L if (¢‘r)€ > €

. withe =0
0 otherwise ' ’

9(dr)e = { (D

where g(¢,) denotes the complete binary mask and ¢ in-
dexes the layers of the backbone network ®. During the
backward pass, gradients are computed with respect to the
real-valued mask parameters ¢, and updates are performed
using the straight-through estimator (STE) (Wortsman et al.
2020) to enable learning through the non-differentiable bi-
narization step.
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Figure 1: High-level illustration of the main MOSAIC algorithmic steps. (A) A Wasserstein task embedding v is computed
from a SAR batch by Agent A0 (representing any agent in the collective). (B) Periodically, the agent AO broadcasts a task
embedding query (TEQ) to all known peers. (C) Peers send back a query response (QR) that contains their task’s v, r, and the
corresponding mask ID; (D) Agent AO selects relevant embeddings using cosine similarity on the Wasserstein embeddings. (E)
AQO further selects relevant embeddings using Criterion 1 and Criterion 2. (F) AO sends mask requests (MR). (G) The contacted
agents respond by sending the requested mask through a mask transfer (MTR). (H) Incoming masks from A2 and A3 are
incorporated into AQ. The training of the agent’s policy occurs in parallel (not represented in the figure).

3.2 Wasserstein Task Embeddings for Online
Reinforcement Learning

To identify suitable policies for a given task, MOSAIC ex-
tends Liu et al. (2025) to RL by computing embeddings over
batches of state-action-reward (SAR) data collected online
(see Figure 1(A)). For task 7, the agent maintains an empir-
ical task distribution

N
1
= . R? 2
i N;&EP( ), @)

where (s¢,at,7¢) and x; ~ D,. Here, D, denotes
the replay buffer for 7, and each z; € R is a state-action-
reward (SAR) tuple. The tuple dimensionality is d = ds +
d,+d,., where d,, d,, and d,. are the dimensions of the state,
action, and scalar reward, respectively. We use N = 128
samples in our experiments. J,, denotes the Dirac measure
centered on the sample x;. A fixed synthetic reference dis-
tribution pig is defined as

1 M
Ho = Mrnzﬂ(swoma

where 70, ~ Uniform(—1,1)% is sampled once during ini-
tialization and fixed thereafter. We fix M = 50 as the num-
ber of reference points in the synthetic distribution. This
shared reference is used across all agents and enables them
to align their embeddings in a shared latent space without
centralized training or supervision. The 2-Wasserstein dis-
tance between .- and pi is computed by solving the optimal

3)
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transport problem,
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where 15 and 1,; are vectors of ones in RY and RM,
respectively. The Wasserstein task embedding operator v

maps the task distribution p, to a vector v, € RM*? yia
the barycenter projection of v* on {z} ;,
N M
vr = (pr) = [Z vz‘mxt] (5)
t=1 m=1

This mapping places each task 7 in a shared latent space,
where metrics can be used to quantify task relationships. A
moving average is maintained to smooth fluctuations as the
agent’s policy evolves, 7.

3.3 Knowledge Selection and Sharing

Agents communicate by maintaining a list of IP addresses
and ports for other agents, which allows them to be located
anywhere on the Internet. Each agent ¢ € Z can communi-
cate directly with all other agents j € Z, j # ¢ at any time.

Phase 1: Embedding queries At any time, an agent ¢ can
initiate a task embedding query (TEQ) by broadcasting its
current task embedding v;, iteration performance 7;, and its
IP/port (see Figure 1(B)(C)). Upon receiving the TEQ, each
peer agent j # i responds with its most recent task embed-
ding v; and associated performance 7.



Phase 2: Policy selection. Once the agent has received
query responses (QR) (see Figure 1(F)(G)) with relevant em-
beddings from other agents, it computes the cosine similarity
between its own embedding and those of each peer,

_ (vee(w), vee(v;))
[vee(w)| - [vee(v )]

cos(v;, v;) , cose€[—1,1]. (6)
To identify useful policies, agent ¢ applies two heuristic fil-
ters based on similarity and performance:

. 1 if cos(vs,vi) > 6, L
Latign (7, 7) = {0 otherwise J (Criterion 1)
1 if7; > 7,
Loert(2,7) = J v Criterion 2
pert (1) {0 otherwise (Criterion 2)

with 6 = 0.5 in all experiments. The first criterion promotes
semantic alignment between tasks, revealing latent similari-
ties that can lead to effective transfer (see Section 4.4). The
second ensures that agents only acquire masks from peers
whose performance exceeds their own, avoiding noisy or
under-trained policies that can degrade performance. Cri-
terion 2 guards against the frequent false positives seen
when comparing poorly trained policies that yield decep-
tively similar embeddings.

The two phases and the selection criteria also result in
a bandwidth-efficient approach, since policies are trans-
ferred only when considered potentially useful. The peer
masks that pass both criteria are stored as the set Py =
{¢1, ..., 0k }, where each ¢} denotes a mask received from
a selected peer.

3.4 Knowledge Composition and Fine Tuning

Masks received from other agents meeting the two selection
criteria above have been pretrained on tasks that are likely
related to or share similarities with the agent’s current task.
As previously shown in Ben-Iwhiwhu et al. (2023), a linear
combination of masks, weighted with trainable parameters
B, can lead to beneficial policy search in RL. MOSAIC ex-
ploits this idea by combining policies that have been trained
on the local agent, plus those acquired from other agents.
In this study, the 3 values are computed using softmax on a
set of beta parameters, optimized in log-space, 3 € R TPl
where P, is the number of masks acquired during a com-
munication event c. During the forward pass, the agent con-
structs the linearly combined, binarized mask,

| Pet1

¢]7‘—: =49 6T¢T + Z qusk )

k=1

N

where ¢, is the agent’s own task mask, and ¢y, is the k-
th peer mask. The parameters 3, and ) are the softmax-
normalized values derived from g, for ¢, and ¢y, respec-
tively. | P.41| is the number of masks acquired in the next
communication event. The resulting binary mask, qﬁlf, is then
used to modulate the backbone parameters, which gives the
final policy 7. As training continues on the local task, the
agent updates the /3 parameters and the real value ¢, via
backpropagation (keeping all ¢; masks fixed) thus fine tun-
ing the overall resulting policy determined by ¢'°.
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Reward-Guided Initialization (RGI). The trainable pa-
rameters, 3, allow gradient descent to determine which poli-
cies are most useful for the current task. The initial weight-
ing as the masks are received is given by,

0.5(1 —7)
|Pc+1| ’

where 7 € [0, 1] is the agent’s normalized return from the
last iteration. This scheme biases low-performing agents to-
ward external knowledge and high-performing agents to-
ward their own policies. Ablation studies show that such an
initialization provides a strong advantage, even though [ is
later tuned by gradient descent.

Before integrating a new set of peer masks P, 1, the agent
consolidates its current task mask ¢, with the previous peer
masks P, using a weighted linear combination,

By =05+057, fBi= (8)

| Pel

¢T <~ ﬁ‘ﬂﬁr + Z/Bk¢k

k=1

©))

The consolidation collapses multiple masks into one without
affecting the policy, managing memory scalability.

4 Experiments

MOSAIC is evaluated on three sparse-reward reinforcement
learning benchmarks. The CT-graph (Soltoggio et al. 2023)
and the MiniHack MultiRoom (Samvelyan et al. 2021)
are used to assess the advantage of communicating agents
versus isolated agents. The MiniGrid Crossing (Chevalier-
Boisvert, Willems, and Pal 2018) is used to assess the per-
formance of MOSAIC against the chosen baselines. Each
benchmark includes tasks with similar, dissimilar, and in-
terfering tasks to assess whether MOSAIC can identify and
leverage the available task similarities, while avoiding in-
terfering policies. Each agent is assigned a unique task and
trained in parallel with other agents. PPO (Schulman et al.
2017) was used in all experiments, with an FCN for Min-
iGrid and CT-graph, and a CNN for MiniHack. Individual
results are shown in Appendix E, Figures 14, 15, and 16. De-
tails on computing infrastructure, hyperparameters, architec-
tures and libraries are reported in the Appendix F, Tables 5,
6,7, and 8. Appendix A, Table 3 reports significance testing.

4.1 Image Sequence Learning

The image sequence learning (ISL) benchmark, imple-
mented with the Configurable Tree Graph (CT-Graph) en-
vironment (Soltoggio et al. 2023), consists of procedurally
generated tree navigation problems where each node is an
RL state encoded as an image. We define a curriculum
of 28 tasks organized into four independent image sets,
each containing seven related tasks of increasing tree depth
(2-8). This configuration produces four distinct and unre-
lated task groups with internal hierarchies of difficulty, from
easy (depth 2) to very hard (depth 8). Sparse rewards and ex-
ponential branching make the benchmark challenging, with
reward probabilities as low as ~ 7.74 x 10~9 for depth-8
tasks (Soltoggio et al. 2023).
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Figure 2: Performance of communicating MOSAIC agents
versus isolated agents on the same tasks. (A) Image se-
quence learning, 28 tasks, five seeds/task: average of 140
runs with 95% confidence intervals (Colas, Sigaud, and
Oudeyer 2018). (B) MiniHack Multiroom, 14 tasks, five
seeds/task: average of 70 runs with 95% confidence inter-
vals. MOSAIC agents achieve relative gains of 170.8% and
128.2% over the isolated baseline in the image sequence and
MiniHack benchmarks, respectively.

Results in Figure 2(A) show that MOSAIC achieves sig-
nificantly faster learning and broader task coverage, outper-
forming MOSAIC-NoComm (no sharing among agents) by
2.7x, reaching a maximum total return of 26.0 across all
28 tasks. MOSAIC reaches 50% performance (total return
of 14) in 37 iterations (18,944 steps). MOSAIC-NoComm
plateaus at a maximum of 9.6. On average, MOSAIC-
NoComm fails on 18 tasks, whereas MOSAIC fails on only
2.

4.2 MiniHack MultiRoom

MiniHack is a grid-based navigation task with sparse re-
wards and pixel observations. Agents must traverse con-
nected rooms to reach a final goal. We evaluate MOSAIC
on 14 tasks grouped into two difficulty clusters: room sizes
of 4 x 4 and 6 x 6. Each level adds a room connected by a
closed but unlocked door. Agents receive +1 for task com-
pletion and -0.01 for collisions. Task layouts are random-
ized every episode to enable learning of behavioral strategies
as opposed to trajectories. As shown in Figure 2(B), MO-
SAIC agents reach zero reward by iteration 132 (270,336
steps) versus iteration 176 (360,448 steps) for MOSAIC-
NoComm, which is a 25% reduction in the required sam-
ples. Over the full run, MOSAIC attains a maximum total re-
turn of 9.04 across all tasks, compared to 3.96 for MOSAIC-
NoComm.

4.3 MiniGrid Crossing

The MiniGrid benchmark is a sparse-reward grid-world nav-
igation task with symbolic observations. MOSAIC is evalu-
ated on 14 tasks spanning seven SimpleCrossing and seven
LavaCrossing variants, which differ in layout, object place-
ment, and room structure. Total return curves for all methods
are shown in Figure 3, with final and intermediate metrics in
Table 1. MOSAIC is compared against the following base-
lines: Multi-Task PPO (MTPPO) uses a shared backbone
without modularity or interference mitigation. Multi-DQN
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Figure 3: Comparison of MOSAIC to baseline approaches
on the 14 task MiniGrid curricula made up of SimpleCross-
ing and LavaCrossing task variations: average performance
for 70 runs with 95% confidence intervals.

Method Final 25% 50% 75%
perf perf perf perf
MOSAIC (ours) 11.67 55 90 119
MTPPO 4.64 48 - -
MDQN 0.31 - - -
PCGrad+MoE 6.66 24 54 -
MOORE 8.83 13 24 -
MOSAIC-NoComm  10.78 46 87 291

Table 1: Performance metrics on the MiniGrid Crossing
benchmark. The table reports the final average return and the
number of iterations to reach 25%, 50% and 75% of the the-
oretical maximum. Dashes indicate that the thresholds were
not reached during the training.

(MDQN) (D’Eramo et al. 2020) attaches task-specific Q-
heads to a shared encoder but has no mechanism to avoid in-
terference. PCGrad+MOoE (Yu et al. 2020) combines a shared
encoder, expert subnetworks, and gradient projection to re-
solve conflicts. Mixture of Orthogonal Experts (MOORE)
(Hendawy, Peters, and D’Eramo 2024) promotes expert di-
versity via orthogonalization with learned gating to reduce
overlap. MOSAIC achieves the highest final return (11.67),
outperforming all baselines. MTPPO peaks at 4.64 (30% of
the theoretical maximum), while MDQN fails to learn any
tasks, peaking at 0.31. MOORE and PCGrad+MoE improve
faster early, reaching 50% thresholds in 24 (49,152 steps)
and 54 iterations (110,592 steps) respectively, but plateau
well below MOSAIC and never exceed 75%. We speculate
that centralized models with gradient sharing (MTPPO, PC-
Grad+MOoE) achieve early gains through shared features but
suffer interference that limits long-term specialization.

4.4 How Similarity Helps Targeted Policy
Transfers

Figure 4 illustrates the average cosine similarity in the CT-
graph benchmark between task embeddings and the con-
verged consolidation parameters B; (see Eq. (9)), which pro-
vides an indication of the influence of policies derived from
task 7 when learning task i.

The cosine similarities of tasks presented in random order
(Figure 4(A)), when clustered with WPGMA (Figure 4(C)),
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Figure 4: Pairwise cosine similarity and B statistics in the
image sequence learning benchmark. (A) Cosine similarity
matrix. (B) B values indicating policy use per task. (C) Co-
sine similarities clustered using WPGMA, shown as a den-
drogram. (D) Cosine similarity matrix reordered by cluster-

ing. (E) Clustered ( values show that similar tasks exhibit
the highest policy reuse. Annotated heatmaps of individual
clusters are in Appendix E.1, Figure 18.

allow for the reconstruction of the four groups of tasks, and
even the inter-group difficulty relationship. By reordering
the matrix using a such clustering, Figure 4(D) illustrates
visually the successful reconstruction of task relationships.
The B matrices (Figures 4(B) and (E)) confirm that policy
reuse and task similarity remain similar even after fine tun-
ing of the policies. Note that, unlike the symmetric similarity

matrix, 3 values are asymmetric, reflecting source-to-target
policy reuse.

Figure 5 presents the performance of agents in the CT-
graph grouped by difficulty levels. Interestingly, comparing
with isolated learning (B) suggests that the policies of eas-
ier tasks are progressively shared with agents solving harder
tasks. This coordination enabling those agents to find suc-
cessful policies that the same RL algorithm fails to discover
when learning in isolation. This analysis helps explain the
170.8% performance gain of communicating agents over
isolated agents (Figure 2(A)): agents tackling harder tasks
retrieve, combine, and refine policies from simpler tasks to
solve complex problems.

Level 2 Level 3 Level 4 Level 5
Level 6 Level 7 Level 8

0 25 50 70 100 125 150 175 200
Iteration

Figure 5: Performance grouped by task complexity, i.e.,
seven different levels, corresponding to different graph
depths, in the image sequence learning problem. Average
performance for 20 runs (four tasks and five seeds/task) with
95% confidence intervals. (A) Communicating MOSAIC
agents are compared with (B) isolated MOSAIC agents .
Communicating agents solve tasks progressively, from the
simplest to the hardest tasks. Isolated agents only manage to
solve the two simplest tasks, and partially the third, but fail
on the four most complex tasks.

4.5 Ablation Studies

Ablation studies were conducted to assess the effect on per-
formance of MOSAIC’s knowledge selection criteria and
reward-guided initialization (RGI) on performance. Fig-
ure 6 compares three ablated variants of MOSAIC: with-
out cosine similarity-based selection (— Criterion 1), with-
out performance-based selection (— Criterion 2), and with-
out reward-guided weight initialization (— RGI). MOSAIC-
NoComm is included as a reference baseline.

— Criterion 1 reaches a total return of 20.1, whereas MO-
SAIC reaches 26.0, outperforming it by a factor of 1.29.
We speculate that this gap could widen further in settings
in which the number of unrelated tasks grows, i.e., where
selecting the most relevant knowledge becomes critical.

- Criterion 2 performs comparable to MOSAIC at the end
of training (25.6), but exhibits significantly slower learning.
This behavior makes sense because as agents improve their
performance, prioritizing higher reward becomes less crit-
ical. These two ablations — Criterion 1 and — Criterion 2
reach 50% of the theoretical maximum (14.0) in 76 (38,912
steps) and 71 iterations (36,352 steps), respectively. MO-
SAIC reaches this threshold in 37 iterations (18,944 steps),
reaching 50% performance 1.9x and 2.0x faster, respec-
tively.

- RGI removes reward-guided initialization and instead
uses a fixed weighting of 0.5 for the local policy and 0.5
for external policies. This experiment performs comparably
with MOSAIC; however, the average return shows periodic
instability, characterized by sharp performance drops coin-
ciding with communication events, resembling a sawtooth
pattern. This behavior suggests that RGI is crucial to learn-
ing stability when integrating external masks.

Further ablation studies are shown in Appendix D to test
the impact of query frequency on the performance of MO-
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Figure 6: Ablation studies showing average performance
over 140 runs (28 tasks, five seeds per task), with 95%
confidence intervals. Variants tested include MOSAIC with
no similarity criterion (— Criterion 1), no reward crite-
rion (— Criterion 2), or no reward-guided initialization (—
RGI). MOSAIC-NoComm is included as a baseline. Remov-
ing any of these components significantly degrades perfor-
mance, highlighting their combined importance.

SAIC, and the impacts of the number of samples and size of
the reference distribution on embedding accuracy and per-
formance.

5 Discussion

The results show that MOSAIC’s principles are effective
across diverse settings. Agents achieved faster and more suc-
cessful learning dynamics than isolated agents. In particu-
lar, transferring masks from some tasks accelerated learn-
ing in other tasks, consistent with findings in centralized
lifelong learning (Ben-Iwhiwhu et al. 2023). These gains
were most evident in reward-sparse and hierarchical envi-
ronments, where agents that learned simpler tasks supported
those that learned harder ones (Florensa et al. 2018; Nachum
et al. 2018).

The ablation study highlights the importance of selec-
tion based on relevance and utility and of reward-adjusted
weighting when integrating new policies. Naive sharing
overwrites stable learning (Isele and Cosgun 2018), deterio-
rating performance. These results emphasize the importance
of selection when the available tasks and curriculum are un-
known (Foerster et al. 2016). The effect of reward-guided
initialization suggests that careful policy weighting is im-
portant to avoid performance disruption before fine tuning.

It is worth noting that MOSAIC’s design takes inspiration
from lifelong learning algorithms. Thus, policy composition
can easily be extended to previously learned policies of pre-
vious tasks. Such an extension could deal with continuous
streams of evolving tasks (Serra et al. 2018), supporting scal-
able and open-ended lifelong learning.

Limitations. Although the experiments were conducted
in simulation, MOSAIC is designed for decentralized,
bandwidth-limited deployments (e.g., robot fleets, on-device
perception). Agents exchange only compact embeddings
and mask scores while inference stays on-device. Key de-
ployment considerations are cross-site normalization, pri-
vate/authenticated exchange, and tuning query frequency
and size to fit bandwidth.
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MOSAIC relies on raw per-iteration reward as a selection
and weighting signal, which limits generalization to environ-
ments with differing reward functions. Reward-normalized
scores or task-progress metrics could improve environment-
agnostic reuse. Adaptive or sparse topologies would bet-
ter mitigate bandwidth scalability constraints (Tang et al.
2024). The policy composition used in MOSAIC is limited
to positive combinations only. Other composition or mix-
ture approaches could be tested (He et al. 2022). Alterna-
tive modular skill representations could be used for applica-
tions to larger neural networks, e.g., LoORA-like modules and
adapters for transformer architectures (Hu et al. 2022; He
et al. 2022). In all such cases, the requirement for a shared
backbone or foundation model can reduce the pool of agents
able to share knowledge and limit long-term development of
progressively more complex skills (Houlsby et al. 2019).

Communication and selection mechanisms in MOSAIC
were introduced as a proof-of-concept to test whether se-
lective transfer is essential for agentic knowledge reuse
(DARPA/MTO 2021; Soltoggio et al. 2024). Allowing poli-
cies to learn when and how to communicate could further in-
crease autonomy (Foerster et al. 2016), but dynamic commu-
nication policies raise safety concerns. Agents could learn
uncooperative strategies, exploit collective knowledge with-
out contributing, or share harmful policies. Such risks mirror
classic game-theoretic challenges and require safeguards.
MOSAIC-like systems may also face adversarial attacks that
exploit the agent-to-agent nature through model poisoning
or policy extraction.

6 Conclusion

This work introduced Modular Sharing and Composition in
Collective Learning (MOSAIC), where agents search, re-
trieve, and compose policies obtained from peers learning
other tasks. The collective was shown to significantly out-
perform isolated agents by selecting and fine-tuning task-
aligned knowledge. Results show that policy sharing is most
effective when implemented selectively, with policy weight-
ing and fine-tuning. Selection also results in the discovery
of implicit curricula where simpler tasks help agents learn
complex ones faster.

MOSAIC improves interpretability, as composed policies
are traceable to their sources and the approach could extend
to domains such as language, perception, and control. How-
ever, autonomous knowledge sharing carries risks: flawed or
misaligned policies may spread rapidly. Future work must
ensure that transfers remain safe and aligned with agent ob-
jectives. Using selective and modular reuse, MOSAIC can
support scalable, adaptive, and collaborative agentic Al in
real-world applications.
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