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ABSTRACT

Fleets of robots ingest massive amounts of heterogeneous streaming data silos
generated by interacting with their environments, far more than what can be stored
or transmitted with ease. At the same time, teams of robots should co-acquire
diverse skills through their heterogeneous experiences in varied settings. How
can we enable such fleet-level learning without having to transmit or centralize
fleet-scale data? In this paper, we investigate policy merging (PoMe) from such
distributed heterogeneous datasets as a potential solution. To efficiently merge
policies in the fleet setting, we propose FLEET-MERGE, an instantiation of dis-
tributed learning that accounts for the permutation invariance that arises when
parameterizing the control policies with recurrent neural networks. We show that
FLEET-MERGE consolidates the behavior of policies trained on 50 tasks in the
Meta-World environment, with good performance on nearly all training tasks at test
time. Moreover, we introduce a novel robotic tool-use benchmark, FLEET-TOOLS,
for fleet policy learning in compositional and contact-rich robot manipulation tasks,
to validate the efficacy of FLEET-MERGE on the benchmark.'

1 INTRODUCTION

With the fast-growing scale of robot fleets deployed in the real world, learning policies from the
diverse datasets collected by the fleet (Osa et al., 2018; Bagnell, 2015; Kumar et al., 2020; 2022)
becomes an increasingly promising approach to training sophisticated and generalizable robotic
agents (Jang et al., 2022; Levine et al., 2020). We hope that both the magnitude of the data —
streamed and actively generated by robots interacting with their surroundings — and the diversity of
the environments and tasks around which the data are collected, will allow robot fleets to acquire rich
and varied sets of skills. However, the data heterogeneity and total amount of the data are becoming
as much of a challenge as a benefit. Real-world robot deployments often run on devices with real-time
constraints and limited network bandwidth, while generating inordinate volumes of data such as video
streams. Hence, a “top-down” scheme of centralizing these data (Grauman et al., 2022; Collaboration,
2023), and training a single policy to handle all the diverse tasks, can be computationally prohibitive
and violate real-world communication constraints. At the same time, we wish to consolidate the skills
each robot acquires after being trained on its local datasets via various off-the-shelf robot learning
approaches. Thus, it is natural to ask: How can the entire fleet efficiently acquire diverse skills,
without having to transmit the massive amount of heterogeneous data that is generated constantly in
silos, when each one of the robots has learned some skills from its own interactions?

To answer this question, we propose policy merging (Figure 1), PoMe, a “bottom-up” approach for
fleet policy learning from multiple datasets. Specifically, we consider neural-network-parameterized
policies that are already trained separately on different datasets and tasks, and seek to merge their
weights to form one single policy, while preserving the learned skills of the original policies. Policy
merging acquires skills efficiently with drastically reduced communication costs, by transmitting
only the trained weights of neural networks but not the training data. Such a bottom-up merging
scheme is agnostic to and thus compatible with any local training approaches used in practice.

Merging the weights of neural networks has been studied in various contexts, including finetuning
foundation models (Wortsman et al., 2022a;b), multi-task learning (He et al., 2018; Stoica et al.,
2023), and the investigation of linear mode connectivity hypothesis for (feedforward) neural networks
(Frankle et al., 2020; Entezari et al., 2021; Ainsworth et al., 2022). Distributed and federated learning

!Code is available at https://github.com/liruiw/Fleet-Tools.
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Figure 1: We consider the problem of merging multiple policies trained on potentially distinct and
diverse tasks, which can be more computation and communication efficient than pooling all data
together for joint training. Instead of acquiring astronomical size of data from the fop-down (red arrow,
requiring terabytes-per-day worth of data transfer), we demonstrate that the botfom-up approach
(green arrow, megabytes-per-day): merging from locally trained policies, can also produce general
policies that incorporate skills learned by the individual constituent policies. Moreover, local training
and sharing weights are more suitable for agents that actively generate data, which is especially the
case in robotic control, and are more efficient in communicating with the other agents. We aim to
achieve the following objective in fleet learning: One robot learns, the entire fleet learns.

(McMabhan et al., 2017; Wang et al., 2020a; Konec¢ny et al., 2016), which iteratively update central
model weights from decentralized updates, can be viewed as an iterative form of model merging;
these approaches have achieved tremendous success in learning from diverse datasets, especially in
solving supervised learning tasks (McMahan et al., 2017; Wang et al., 2020a; Mansour et al., 2020).
However, such an approach has not yet demonstrated its power in solving robot learning and control
tasks, which are generally more challenging due to their dynamic and sequential nature, and the
richness of the tasks and environments. Notably, with the commonly used sensors in robot learning,
e.g., cameras, one has to handle the partial observability in learning such visuomotor policies (Levine
et al., 2016), which necessitates the use of latent state in parameterizing the policies, and is usually
instantiated by recurrent neural networks (RNNs) (Elman, 1990). Indeed, policies with latent state
dynamics are known to be theoretically necessary for partially-observed linear control problems
(Bertsekas, 2012), and outperform policies parameterized by stateless policies in practice, i.e., those
using feedforward neural networks, in perception-based robotic tasks (Andrychowicz et al., 2020).

In this work, we address policy merging in robotic fleet learning, with a focus on RNN-parameterized
policies. A naive approach of averaging the weights would easily fail because multiple configurations
of network weights parametrize the same function. One reason behind this is the known permutation
invariance of neural networks, i.e., one can swap any two units of a hidden layer in a network,
without changing its functionality (Hecht-Nielsen, 1990; Entezari et al., 2021). We have to account
for such invariance in merging multiple policies. Indeed, such a fact has been accounted for recently
in merging the weights of trained neural networks, with extensive focuses on aligning the weights of
feedforward neural networks, and solving supervised learning tasks (Entezari et al., 2021; Ainsworth
et al., 2022; Pefia et al., 2022). We generalize these insights to the RNN setting, where permutation
symmetries not only appear between layers, but also between timesteps, in solving robotic control
tasks. Compared with one of the few federated learning methods that also explicitly account for
permutation symmetry in merging RNNs (Wang et al., 2020a), we develop a new merging approach
based on “soft” permutations (see Section 3 for a formal introduction) of the neurons, with more
efficient implementation and an application focus on robotic control tasks. We detail our main
contributions as follows, and defer a detailed related work overview in Appendix A.

* We design a new policy-merging approach, FLEET-MERGE, that outperforms baselines by
over 50%, by accounting for the permutation symmetries in RNN-parameterized policies,
and also extend the approach to the training stage, by allowing multiple rounds of merging
between each training update, and also extend to merging multiple (more than two) models.

* We evaluate our proposed approach with different input modalities such as states, images,
and pointclouds, in linear control and the Meta-World benchmark (Yu et al., 2020) settings.

* We develop and evaluated on a novel robotic tool-use benchmark, FLEET-TOOLS, for policy
merging and fleet robot learning in compositional and contact-rich manipulation tasks.
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2 PRELIMINARIES

Model. We consider the general setting of policy learning for controlling a dynamical system, when
the system state may not be fully observed. Speci cally, consider a sequential decision-making
setting with time index 1, where at timd, a robot makes observations2 O of a latent state

st 2 S, and then selects a control actian2 A . Dynamics and observations are characterized by
probability distribution®ops andPgyn , such that, P ops( j St) andsisr P oayn (] St;&). In

the special case with full state observability, we h&ve S ando; = s;. In the special setting of
linear control, both the dynamics and observations can be characterized by linear functions (with
additional noises), see Appendix G for a formal and detailed introduction.

Feedforward and recurrent policies. For simplicity, we consider the case where the robot agent exe-
cutes deterministicecurrentpolicies . Speci cally, we parameterize these policies by maintaining a
policy stateh;, updated ab; = (o;;h; 1). As a special case, we considgatic feedbaclpolicies

:O!'A thatseleck; = (o) as a function of only the instantaneous observation. Given a non-
linear activation function ( ), which is applied to vectors entry-wise, we can parameterize the static
feedback policies by an-layerfeedforwardheural networks with parameter= (W ;b )o - o 1,
whereW andb™ denote the weight and bias at layerespectively. The actioa = (o) given
observatioro; is then given by

h®=o; a=h; h**= Wh+b ; 0 ° L 1 (2.1)

where aboveh are the hidden layer activations. For the general case with recurrent policies,
we parameterize them with EIman recurrent neural networks (Elman, 1990), with paranseter
(W, 22:W ;b)o - L 1. Leth, = (h)); - L be asequence of hidden states, such tipat

(or; he 1) is given by
h°=o; a=h; ht= Wih'™+W h+b), 0 ° L & (2.2)

The presence of the recursive tevkh, 2 h,*% that incorporates the hidden state at the previous time
t 1ldistinguishes the RNN architecture in Eq. (2.2) from the feedforward architecture in Eq. (2.1).
Notice here that at timg the actiorg; is just the last layer of the hidden stdte.

Permutation invariance. As well-understood for supervised learning (Frankle et al., 2020; Wortsman

et al., 2022b; Ainsworth et al., 2022), policies trained separately — even on the same dataset — can
exhibit similar behavior whilst having very different weights. This is in large part due to the
invariancesof neural network architectures to symmetry transformations. Fdr-Eyer neural

network with layer-dimensiondy; dy; :::; d., letGyerm denote the set dfard permutation operators
These are sequences of matriBes (P°; P;:::;P"), where we always take® = 14,,P" = Ig,_,
and takeP asad- d- permutationmatrix for 1 L 1 WeletGin G perm denote the set
of linear transformation operatorthat are sequences of matrides= (P%;P;:::;PL), where we
still haveP? = 14, Pt = I4,, but now we allo(P*;:::; Pt 1) to be generahvertible matrices.
Elements ofGi, (and thusG,em ) act on feedforward modelsvia

(W ;b)7! (P*TW (P) %P *b): (2.3)

It is known that the feedforward architecture Eq. (2.1) is invariant, in terms of input-output behavior,
to all hard permutation transformatioRs2 Gperm , but not to generdP 2 Gy, . When the activation
function is an identity mapping, i.e., the neural networks are linear, it becomes invar{ggt to

Imitation learning. As a basic while effective imitation learning method, we here focus on behavior
cloning (Osa et al., 2018; Bagnell, 2015) for the purpose of introducing the policy-merging framework
next. Note that our merging framework and algorithms will be agnostic to, and can be readily applied
to other imitation learning algorithms. In behavior cloning, one learns a policparameterized
by some 2 RY, that in general maps the observation-action trajectories to actions, by imitating
trajectories generated by expert policies. Det ( ()); ; y denote a set dfl trajectories, with

(). 4(

M = (o”;a"y; | 1 denoting tha-th trajectory of lengtiT . Asjan example, we study behavior
cloning with the",-imitation loss, instantiated blypc( ;D) := = 1, Lpe( ; @), where for a
given =(0t;a)1 Ft) T

Loc(; )i= (o kay ak’; wherefiy :=  (o;fy 1); &y = At (2.4)
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whereﬁ denotes the hidden state that arises from executing the recurrent policythe observa-
tion sequencel, 0p;:::; ¢, via the Elman recurrent updates in Eq. (2.2), and the action is part of the
hidden state correspondlng to the last layer. Note that in the special case whggestatic feedback

policy, we can drorﬁ 1+ from the above display, and generate eadghusingo; based on Eq. (2.1).

Policy merging framework. We now introducepolicy merging our framework for eet policy
learning from diverse datasets. Consitledatasets collected by a eet df robots from possibly
different tasks and environments, and can potentially be highly heterogeneous and non-i.i.d. Each
robotagent =1;2; ;N only has access to the dataBgtof itself, in the form given in Section 2.
Ideally, if the robot designer can pool all the data together, then the objective is to minimize the
following imitation loss across datasets

min | N Lbe( ;Di): (2.5)

Let poo denote the solutionto Eq. (2.5), i.e., the best policy parameter one can hope for when
seeing all the data, and will provide an upper bound for the performance we will compare with
later. Let ; denote the policy parameter of robdty minimizing the loss associated wiih, i.e.,

i 2 argmin Lyc( ;D;). The goal of policy merging is to nd a single policy parametgfg , as
some aggregation of the local policy parameteis ; ), without sharing the datasets
An example of this aggregatlonmrect averagingi.e., mg = = i P :\‘1 i. We propose more
advanced policy merging methods in Section 3 by accountmg for the symmetries of RNN weights.
Note that the above merging process can also ormmIHpIenmes during training: at rount, we

rst merge the trained policie¢ ; w. . (l)) to obtain § mrg , and send it back to the robots to either
conduct more training and/or collect more data. At ro@nthe newly trained local policy parameters

(1 @. . (2)) are then merged to obtanﬁfrg This iteration can proceed multiple times, and we

WI|| refer to it as theiterative mergingsetting. When the merging is instantiated by direct averaging,

this iterative setting exactly corresponds to the renowkertiAvgalgorithm in federated learning
(McMahan et al., 2017). When there is only one such iteration, we refer to it amthishot merging
setting. Fewer iterations lead to fewer communication rounds between the robots and the designer,
and note that no data is transmitted between them.

3 METHODOLOGY

Given the i |r|yar|ance properties introduced in Section 2, merging by naive averaging the parameters

mrg W INl i may not perform well. Brlor work has instead proposed mergiigned

feedforward neural network modelg,g Ni iz1 Pi( i), where the elemeny;:::;Py are

weight transformations which are often, but not necessanly, hard permutation operators (i.e., elements
of Goerm ). The GITREBASIN algorithm (Ainsworth et al., 2022) iteratively computes the weight
permutathzns{P ). At each step, agent indéxs drawn unlformly from[N ], and one constructs

0= N1 jei i byaveraging the parameters of indi¢e i. It then solves a series of linear
assignment problems (LAPs) (Kuhn, 1955; Jonker & Volgenant, 1988; Bertsekas, 1998) for each layer
" to nd someP , which is derived by matching the activations between two models via ordinary least
squares regression. The algorithm then repeats the samplind fiom:; n) and the computation

of 2 until convergence.

Pefia et al. (2022) instead propose a gradient-based variant to twengmdels by relaxing the rigid
constraint of using &ard permutation matrix. The direct extension of their algorithm to our setting is
as follows: given two modelé; 9), iteratively trajectories from a common datasé, and update
the aligning parameteR® by following the gradient oL, ( P( ) + (1 ) & ), whereL . is as
given in Eq. (2.4). Thus, for each iteratisn 1

Ps P s roplp( P()+@ )° ) pop.s Unif[0; 1]; D (3.1)

with some stepsize> 0. Note that the updated matricesfg = (P2;:::; PL) are not necessarily
(even close to) permutation matrices. We de ngadt permutation prolectlomnth regularization

2For convenience, we speak heuristically of exact minimizers in this section. In practice, we understand
“minimizer” as “model trained to minimize the given loss”.



Published as a conference paper at ICLR 2024

Algorithm 1 FLEET-MERGE Fleet Learning of Policies via Weight Merging

1: Input: Models 1;::;; N, dataset®ipca;i for eachi 2 [N]
2: Parameters: Epoch lengthe, iteration numbef, soft-projection parameter> 0, stepsize

>0
3: Initialize: Permutation®nard:1;:::; Phard:N ; Psoft:1; 17 15 Psoft:N Identity
4: for Epochs=1;:::;E do
5:  Averagemodels: LN Prardi ()
6: Sampleindicesl [N]
7. fori2l do
8: for Iterationt =1 :::;T do
9: Sampledata pair(o;a) D oca:i to form a trajectory , and sample interpolation
parameter  Unif[0; 1]
10: Update with gradient: Psorti P soft:i reLloc( P()+(1 )5 ) by
11: Update Pgoft - Proj (Psoit:i) by applying the soft projection step Eq. (3.2)
12: Update Pha[g i Projnara (Psoft:i )
13 Return: = 27 N Pragsi (1)
> QOas:
Proj (P)= P¥L 1, whereP 2 argmax WP ;Pig+ H (P); (3.2)
P2B 4.

and the associatdthrd permutation projectioﬁ’rq:i,hard '=Proj _,,whereB q is the Birkhoff
polytope of doubly-stochastic matrices, (P) = i Pii log(Pj; ) is the matrix entropy (Cuturi,

2013; Mena et al., 2018), and> 0 is some hyperparameter that weights the strength of the
entropy regularization. Computation Bfoj,,.q can be implemented ef ciently via solving a linear
assignment problem, and the solution witt» 0 can be solved approximately via a Sinkhorn
iteration (Eisenberger et al., 2022; Pefia et al., 2022), which also allows gradient computation on any
differentiable objective. The operators are then updatd®tas  Proj (Ps). Note that for =0

andL, we directly seP ., to be identity matrices. At the nal step, Pefia et al. (2022) conducts a
hard projection onto the space of permutation matrices.

To measure the performance of model alignment, we studyirtiigation) loss barrier as de ned
previously in the supervised learning setting (Frankle et al., 2020; Ainsworth et al., 2022). Speci cally,
given two policy parameters °suchthatl,.( ;D) Lpc( %D), the loss barrier of the policies,
dened asmax o Loc((1 ) + %D)  Z(Loc(( ;D) + Loc( D)), evaluates the worst
performing policy linearly interpolating betweenand ° where we recall the de nition of p

above Eq. (2.4). More amenable to the control and policy learning setting, we can also de ne the
taskperformance barrierwhich replaces the behavior cloning ldsg with any suitable measure

T of task performance (e.g., the accumulated rewards or the success rates of task completion):
max 2 3(T()+T(9 T (@ ) + 9;thesignis ipped to model the rewards achieved

in accomplishing the tasks. These metrics will be used in our experiments in Section 5.

3.1 MERGINGMANY RECURRENTPOLICIES

In this section, we describe our new algorithm for merging many RNN-parameterized policies.

Permutation invariance of RNNs. Given a recurrent neural network with parameter=
(W 2L,W ;b)o - | 1 as parameterized in Eqg. (2.2), we let weight transformati®ns:

W, ;W b H7t PW(P)LPW P Y Lpb ! (3.3)

for each layef with1l ~ L 1. In Appendix B, we verify that RNNs are invariant to the above
operation wher? 2 Gperm G jin are hard permutation operators.

Proposition 3.1. Any recurrent neural network given by Eq. (2.2) is invariant to any transformation
of P 2 Gperm -
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In Appendix B, we also expand upon the group structur€gf, , to the larger sets of invariance
groups, for the special architecture with ReLU activations. Moreover, we also argue that permutations
are in essence thenly generic invariances of ReLU and polynomial networks whose weights
minimize the , norm, which might be of independent interest.

Merging many models with a single reference. Rather tharsequentiallymergingN = 2 models,

we merge all models to a common reference moddhspired by the update rules in federated
learning, this approach has the following advantages: (a) it removes the dependence of sequential
merging on therder of the merging sequence; (b) it allows better pooling of weights fnaamy

models to guide each merging step; (c) we align ordylasebf models per iteration, which becomes

more ef cient whenN is very large. We show the bene ts of our approach over sequential merging

in ablation studies (Appendix F). In addition, unlike tineo-model-mergingetting of Pefia et al.
(2022), we do not have access to a common dafagdet the aligning updates. Instead, each model is
updated by sampling trajectories from its local dat&%gts -i , obviating the need for dataset sharing.

Algorithm description. Our algorithm,FLEET-M ERGE, is depicted in Algorithm 1. We maintain

each epoch, we compute the reference modey averaging each model under the associated
transformation (Line 5). We then select a subset of mode#nd initialize the “soft” permutation

Psoi:i P nard:i asthe hard permutation operator. For ea2h , we update the “soft” permutation
Psoft:i for T steps. Importantly, because eagltorresponds to a recurrent neural network model, the
action ofPsf i ( i) in the gradient step in Line 10 is given by Eq. (3.3). Of equal signi cance (and
as noted above), the trajectoriesn Line 9 are sampled not from a common dataset, but rather from

a local dataseD oca i associated with theth agent. We conclude by re-projecting ed&tfq i onto

Goerm to Obtain a newPparq i (Line 12), which are used to updatexccordingly in the next epoch.

In particular, our algorithm allowserative mergingi.e., merging multiple times during the course

of training, compared to other (feedforward) neural network merging approaches (Ainsworth et al.,
2022; Pefia et al., 2022; Stoica et al., 2023), which allows tradeoffs between communication cost and
merged-model performance. At test time, the merged polidg deployed for the test task. In the
multi-task setting, we consider the cases where the task identity can be inferred from observations.

4 FLEeET-TooLS: A RoBOTIC TOOL-USE SIMULATION BENCHMARK

To validate the performance of our policy-merging framework, we develop a new robotic tool-use
benchmarkFLEET-ToOLS, in the robotic simulator Drake (Tedrake & the Drake Development Team,
2019). The benchmarkLEeT-TooLs focuses on robotic manipulation tasks with rich contact-
dynamics, and category-level composition, as in several existing literature in robotic manipulation for
tool-use (Toussaint et al., 2018; Holladay et al., 2019).

Expert tasks. To scale the generation of expert demonstrations for the tool-use tasks, we specify
the tasks via keypoints (Manuelli et al., 2022) when generating the expert trajectories. We mainly
consider four skills as examples (or task familiesyr¢énch , hammer, spatula , andknife }-—
consisting of tasks involving the eponymous tool-type. Speci cally, we consiglera spanner

to apply wrenches ,use a hammer to hit ,use a spatula to scoop , anduse

a knife to split . All of these tasks can be solved to reasonable performance by specifying a
few keypoints. For instance, in thierench tasks as shown in Figure 5, the wrench needs to reach the
nut rst and then rotate by 45 degrees while maintaining contact. The same strategy can be applied
to a set of nuts and wrenches. We choose these tasks because they provide a balance of common
robotic tasks that require precision, dexterity, and generality in object-object affordance. We use the
segmented tool and object point-cloud as the observaticand the translation and rotation of the
robot end effector (6-dof) as the actian At test time of a multi-task setting, the task would be
identi ed by the observations, i.e., the (combination of) a tool and an object, which can be inferred
from the point could as the input of the test policy, identi es the task being tested on.

Keypoint transformation & trajectory optimization. We denote the end effector frame and world
frame aE andW, respectively. For each tool, we spedifikeypoints, for example, wham= 3,

we can specify one point on the tool head, one point on the tool tail, and one point on the side.
We de ne a rigid transformatioilX 2 SE(3) R* 4, the current locations of the keypoints

on the tool in the world fram&V asVW pt® = Wptool ;1. -Wptoolin “gnd the poses in the
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Figure 2:FLEET-TooLS Benchmark. We develop several tool-use tasks that focus on contact-rich
motions and category-level compositions in the Drake simulator.

end-effector frame dsp©® = Eptool 1. -E pt°°' no respectively For the object, we specify

m keypoints in the world frame a¥% p°b' = Wpobi:l, W pobiim - Then, one can solve an
optimization problem, referred to &AM-Opt(where kPAM stands foIKeyPomt Affordance-based
Manipulation) (Manuelli et al., 2022), to nd the transformatiofi (see Eq. (C.1)-Eq. (C.3) for the
detailed formulation). However, recovering the joint angle from the transformztivia inverse
kinematics can be computationally challenging. Hence, we propose to solve the kPAM optimization
in thejoint space, i.e., optimize over the joint angtgthat parameterize the transformation through

forward kinematics (i.efprward-kinematics (9)), and only add constraints to the keypoints
in the transformed frame. Speci cally, we solve the following joint-space optimization problem:
Joint-Space-kPAM-Oﬁt min X Eptool W ptool i (4.1)
a;
E 4tool ;i W bj ;j .
s.t. X p°° ! p"“ , 5 8] (4.2)
ij g X(Epott Epletdy o+ 8 (4.3)
X = forward-kinematics (9) (4.4)
where we choose2 f 1;  ;ngandj 2f1; ;mg,and ;; 2 R*is a vector on the unit sphere
with the fourth dimension;; (4) =0, ; is some constant that represents the target angle alignment,

and > 0is some relaxation level. We provide a detailed explanation of the constraints in §C.1.
After nding the optimal joint angle, one can nd pre-actuation and the post-actuation trajectories by
solving a trajectory planning problem (see Eq. (C.8)-Eqg. (C.10) for more details).

The benchmark can be easily extended to new tool-use tasks by labeling a few keypoints and providing
a con guration for constraints and costs for the desired task. The overall pipeline can also easily
represent “category-level” composition and generalization, across various (combinations of) tools
and objects, providing a systematic and scalable way to create “local and distributed demonstration
datasets”. This makda_.EET-ToOOLSa great t for evaluating large-scale eet policy learning. More
details of the benchmark can be found in Appendix C.

5 EXPERIMENTS. PoLICY MERGING

We evaluate the performance of various algorithms in several benchmark environfierts:

ToolLs, as described in Section 4, Meta-World (Yu et al., 2020), which has 50 distinct robotic
manipulation tasks, and linear control. This section summarizes resufiseeT-TooLS and Meta-

World, deferring additional experimental details with different network architectures and results to
Appendix C.2 and Appendix D. Details for our results on linear control problems can be found in
Appendix G. Ablation studies have also been conducted for supervised learning settings including
classi cation (Deng, 2012) and language generation (Caldas et al., 2018); these are deferred to
Appendix F. To summarize, the ablations validate the bene ts of: (a) merging to a common reference
model (Line 5) and (b) performing hard projections (Line 12) in Algorithm 1, as well as other
algorithm-design choices.

Baselines. We compare ouFLEET-MERGE against the following baselinedNjaIvVE AVERAGE,
GITREBASIN, SINGLEDATASET}: NAIVEAVERAGE andGITREBASIN denote the method of naive
averaging and that in Ainsworth et al. (2022), respectively, i.e.NforvE AVERAGE, it directly
averages = +(1 ) © and forGITREBASIN, it computes an aligning permutatiéhfrom the

ReBasin algorithm in Ainsworth et al. (2022) and merges  + (1 YP( 9. SINGLEDATASET

trains on a single dataset which differs from the test dataset, and thus measures the performance
of “zero shot adaptation” in contrast to model merging. Each merging method is appliednce

after training is complete. We study how the performance of these methods variessasiite
distributionsof datasets on which the different models are trained become more diverse.
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Figure 3: Results on One-Shot Mergir(@.& b) FLEET-MERGE attains better mode connectivity for

policies in bothFLEET-TooLs and Meta-World(c) One-shot merging performance is predictive of
relative performance after netuningd) FLEET-MERGE succeeds in multitask settings with varying
data heterogeneity for 5 data sources, as measured by the Dirichlet parameter

Data heterogeneity. We also validate the performance of policy merging by varying the levels of
data heterogeneifyan important metric in distributed and federated learning (McMahan et al., 2017;
Hsieh et al., 2020). We adopt a popular approach in federated learning (Hsieh et al., 2020) to create

(e.g., imitation learning from Aammer task v.s. aspatula task). We then sampld source
distributions by sampling a mixture weigtgs; :::;py 24 (K) Dirichlet( 1k ) from an evenly-
weighted Dirichlet distribution with parameterin dimensionK . Smaller biases toward “peakier”
probability distributions, encouraging greater dataset heterogeneity. By default, We=xiSeand
each data source has the same number of data points.

5.1 ONE-SHOTMERGING

We rst study one-shot model merging, and validate the presenceode connectivithetween

the policy models, as in the weight-merging literature for feedforward NNs (Frankle et al., 2020;
Entezari et al., 2021). We consider two policy models® trained on thesamedataset, and measure

the performance dNAIVE AVERAGE andGITREBASIN (as described above), abFTUPDATE,

which computes the aligning perturbation using the soft-projection updates as described in Section 3.

FLEET-TooLS. As a preliminary test, we rst train multiple feedforward policies on a single dataset
with distinct tasks with behavior cloning. In Figure 3 (a), we evaluate the performance barrier for
every pair of the trained policies. We observe that the algorithm that accounts for permutation
alignment has a signi cantly smaller performance barrier when interpolating along the segment in
parameter space between two aligned weights. This implies that it is possible to acquire a policy by
merging the policies trained on separate datasets, without sharing data or changing the input-output
behavior of each individual model. We extend this merging setting to multiple datasets and multiple
tasks. In Figure 3 (c), we show that the merged model can also serve as a warm start for policy
netuning, which can be further netuned on downstream tasks with a held-out small dataset. In
this caseFLEET-M ERGE enjoys superior performance compared to naive averaging, git-rebasin
Ainsworth et al. (2022)'s extension to multiple models, and Sinkhorn rebasin Pefia et al. (2022)'s.

Meta-World. We use the frozen ResNet features on the images as policy inputs. In Figure 3
(b), we compare different merging algorithms by measuring the mode connectivity in the one-shot
merging regime. We observe that there are almostarriersfor certain tasks. See Appendix D for
more experiments with different network architectures. In Figure 3 (d), we $h@8T-MERGE
outperforms baseline methods in the challenging multitask setting, across all settings of the Dirichlet
parameter (which, we recall, controls the local dataset heterogeneity).

Linear control. Lastly, we evaluate on Linear Quadratic Gaussian (LQG) control tasks with high-
dimensional observations. We brie y summarize our ndings here and defer a detailed description
of the setting, algorithms, and experiments to Appendix G, together with the implications of policy
merging on the topology of the LQG landscape. In short, we compare three baselines: direct
averaging of policy parameters, permutation-based averaging computed via linear sum assignment,
and a gradient-based alignment approach that aligns over all invertible matrices. First, we discover
that our framework can still be effective for merging linear control policies, in both single-task and
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Figure 4: Results on lterative Merging. We showed that FedAvg with our merged algorithm achieves
better performance on bofhL.EET-ToOLSand Meta-World benchmarks, when changibpDirichlet
parameterd(c) partial participation ratios (25 tasks), afajd) communication epochs. The perfor-
mance is upper-bounded by joint training (which pools all the data together for training).

certain multi-task settings. Additionally, because control policies exhibit symmetries to general
invertible linear transformations, we nd that the gradient-based alignment approach performs the
best. This directly contrasts what we nd when merging RNN policies with nonlinear activations.
Indeed, in the ablations depicted in Figure 12 in Appendix F, we nd that failing to project the “soft
permutation” matrices back to hard permutations leads to non-trivial degradation in performance
when merging a variety of neural network architectures. Thus, our linear experiments demonstrate
that the group structure of policy invariances can be essential for proper algorithm design.

5.2 ITERATIVE MERGING

We also evaluate the performance of our framework when merging models over the course of training,
i.e., iterative merging We focus on multi-task problems in this setting and try to minimize the
merging frequencies and ratios under high non-1IDness. Speci cally, at &eepoch, we merge
models according to different methods, and then reinitialize all the individual modatthe merged

model g . This scheme allows more communication rounds between the robots and the designer,
trading-off the biases caused by local training when there is a high data heterogeneity across robots.
This scheme connects to the popular distributed learning protocol of federated learning (McMahan
et al., 2017). See also Section 3.1 and Algorithm 1 for more details of this setting.

FLEET-TooOLS. We rst evaluate the performance of the flHLEET-MERGEalgorithm inFLEET-

TooLs, as plotted in Figure 4 (a)&(b). We nd that the performance of our method degrades
gradually as the frequency of iterative merging decreases (i.e., the number of epochs between merging
increases), which is essential in eet-learning applications. We also have real-world demos for tool-
use using the merged policy from.EET-MERGEIn simulation, which are deferred to Appendix C.2.

In Figure 4 (b), we show th&LEET-MERGEalso has the best absolute performance and resilience to
dataset heterogeneity in the Meta-World benchmark.

Meta-World. Figure 4 (c)&(d) study iterative merging in Meta-World. We nd tHatEET-MERGE

is resilient to a lower frequency of weight merging (which allows more epochs of local training
between merges) and to a smaller fraction of models being merged per round (which we refer to as
the “participation ratio” of the agents in the eet). These two together show that communication
between agents in the eet can be reduced without signi cantly harming the performance of the
merged model. We observe similar results across different neural network architectures, different
inputs and metrics, and in large-scale settings. We defer the detailed results to Appendix D. Notably,
we can learn a multi-task learning policy to solve all 50 manipulation tasks jointly in Meta-World,
without pooling the data together.

6 CONCLUSION

We studied policy merging, a framework faet learning of control policies from distributed and
potentially heterogeneous datasets, by aggregating the parameters of the (trained) policies. We
developed new algorithms to merge multiple policies by taking into account their parameterization
ambiguity using recurrent neural networks. Finally, we proposed a novel robotic manipulation
benchmark, EEET-TOOLS, in generalizable tool-use tasks, which might be of broader interest.



