
Distributed First-Order and Second-Order Adaptive Hybrid
Optimization for Multi-Robot Learning

Yilun Zhang, Xianghua Xie→, and Lu Zhang

Abstract— We present a distributed first-order and second-
order adaptive hybrid optimization algorithm (DAHO) for
multi-robot systems. A team of robots collaboratively trains
a shared deep neural network using only local data while
exchanging model updates via peer-to-peer robot commu-
nication. Raw data never leaves the device, which pre-
serves privacy and conserves communication bandwidth.
The method blends a second-order Limited memory Broy-
den–Fletcher–Goldfarb–Shann (LBFGS) method with an alter-
nating direction method of multipliers (ADMM) based first-
order method to obtain both the fast convergence of second-
order methods and the robustness of first-order schemes. An
automatic switching policy, guided by a convergence analysis
rooted in trust region theory, selects the update type at
each round. A soft switch mechanism derived from the same
analysis mitigates oscillations during mode changes. Compared
with four single-method baselines that range from first-order
to second-order optimization, the proposed hybrid approach
achieves faster convergence, superior accuracy, and near cen-
tralized performance on robotics related deep learning tasks.

I. INTRODUCTION

Multi-robot systems enable a group of robots to col-
lectively explore the environment and perform a common
task (e.g., multi-robot implicit mapping, multi-UAV ma-
nipulation control, multi-object recognition, and cooperative
autonomous driving) [1]–[5] using partially distributed data
collected by each robot. This paradigm offers fast learning,
wide coverage, reduced redundancy in data collection, band-
width preservation, and privacy protection compared with
traditional centralized solutions where data from robots is
aggregated at a central server or a leader robot. Through
a communication network graph, geographically distributed
data that make centralized learning difficult can be learned
by each robot in parallel. In a typical setting, consider a team
of robots scanning a building and mapping the environment
collectively, as shown in Fig. 1. This collaborative approach
not only enlarges coverage but also improves robustness to
leader node failures and reduces the difficulty of deploying
a central server in dynamic and complex environments.

Distributed optimization is a significant challenge in multi-
robot systems because each robot uses only its local data yet
must collaboratively learn a multi-agent deep neural network
model. The goal is to train the model and minimize an empir-
ical risk via peer-to-peer robot communication so that each
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Fig. 1: Distributed learning framework: Each robot scans a
segment of the environment and independently trains a neural
network for neural implicit mapping of the building using its
locally collected LiDAR data. Through communication links,
robots exchange model updates and collaboratively optimize
a shared neural network without sharing raw sensor data.

one can exploit from data gathered by others. Existing dis-
tributed optimization methods such as distributed stochastic
gradient descent (DSGD) [6] and distributed neural network
optimization (DiNNO) [7] are based on first-order methods,
which update model parameters using the gradient (first-
order derivative) of the objective function. These methods
are generally stable and scalable for nonconvex problems.
In contrast, second-order methods, which leverage curvature
information via the Hessian or its approximations (second-
order derivative), such as distributed quasi-Newton (DQN)
[8], can achieve faster convergence. However, second-order
methods can exhibit unstable performance in large-scale
distributed deep neural network (DNN), as their strong
convergence guarantees apply to convex objectives (e.g.
logistic regression) [9]. In addition, the modified second-
order method for DNN [10] incurs higher computational
and memory overhead due to the need to compute the
Hessian. Due to the lower resource requirements and greater
robustness, first-order methods remain widely used in multi-
robot systems, although they generally converge slowly than
second-order methods.

In this work, we propose distributed first-order and second-
order adaptive hybrid optimization (DAHO), a hybrid al-
gorithm that combines the robustness of first-order meth-
ods with the rapid convergence of second-order methods
through an adaptive switch mechanism based on convergence
analysis of trust region theory [11]. We demonstrate its
effectiveness on multiple distributed learning tasks through
extensive simulations. Compared to baseline approaches, our
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method achieves faster convergence with fewer communi-
cation rounds and attains higher final accuracy, due to the
hybrid search direction incorporated in the optimization.
Unlike the warm up and switch scheme used in centralized
training, which relies on a preset iteration-based switch [12],
our adaptive mechanism requires no manual parameter tuning
in a distributed framework. It also mitigates oscillations by
replacing hard switch with a soft switch strategy derived from
the convergence analysis of the automatic switch strategy. In
addition, DAHO is easy to integrate with standard PyTorch
tools and common optimizers such as Adam [13] and LBFGS
[14].

To improve convergence in distributed optimization for
multi-robot learning, our contributions are summarized as
follows:

• We propose a hybrid distributed optimization method
for multi-robot systems that leverages second-order
method for fast convergence, while maintaining com-
putational efficiency and stability through first-order
updates in nonconvex, large-scale DNN settings.

• We develop an adaptive soft switch algorithm based on
the convergence performance, providing an automatic
transition from a fast converging second-order approach
to a stable and robust first-order approach.

• We demonstrate the superior performance of the DAHO
algorithm on a variety of distributed tasks in multi-robot
scenarios, including distributed recognition, distributed
implicit mapping, and distributed multi-agent reinforce-
ment learning.

The remainder of the paper is organized as follows. Sec-
tion II reviews related work in distributed learning. Section
III formulates the problem. Section IV presents the proposed
adaptive hybrid optimization algorithm, DAHO. Section V
reports experimental results on three robotics-related DNN
tasks. Section VI concludes the paper.

II. RELATED WORKS
Stochastic optimization algorithms have been extensively

studied in machine learning. Classical stochastic gradient de-
scent (SGD) [15] and its variants are widely adopted because
they rely solely on gradient information to determine search
directions and are effective in large-scale DNN problems.
In parallel, second-order quasi Newton methods have been
investigated for their superior convergence properties relative
to SGD [16].

In distributed learning, both first order and second or-
der approaches have been explored. Distributed subgradient
methods have been extended to DSGD, where each agent
combines local gradients with neighbors’ parameters, and
to distributed stochastic gradient tracking (DSGT) [17],
which improves convergence by tracking the global gra-
dient estimate. The alternating direction method of mul-
tipliers (ADMM) [18] is another popular framework for
distributed optimization. Building on ADMM, DiNNO has
been proposed specifically for multi robot systems, where
approximate primal and dual variables are updated and
exchanged among neighboring robots, yielding improved

performance over DSGD and DSGT. To exploit curvature
information in large scale settings, limited memory Broy-
den–Fletcher–Goldfarb–Shanno (LBFGS) [19] approximates
the Hessian matrix and thus reduces computation and mem-
ory requirements. Distributed BFGS [20] types methods em-
ploy LBFGS updates at each node and exchange parameters
to reach consensus across the network. [10] proposes a
practical quasi-Newton approach for training DNN, however
the method still incurs substantial memory and computational
overhead.

Representative applications include multi-robot neural im-
plicit mapping based on NeRF [21], where RGB images are
used to train neural networks for environment perception
tasks. Distributed frameworks have been proposed in which
each robot collects range data in real time to build a
local map that is then shared and integrated via wireless
communication using ADMM based optimization in [22].
Real time asynchronous multi agent neural implicit mapping
has also been studied under the DiNNO framework [23].
Beyond mapping, distributed optimization has been applied
to multi robot control and reinforcement learning [24], for
example in real time collision avoidance using offline trained
value functions.

III. PROBLEM FORMULATION
We consider a DNN problem setting with N robots where

each robot has access to its local problem data Dn, and the
robots are connected through a communication graph G =
(N , E). Robot n → N can communicate with its neighbors
Mn = {m → N | (n,m) → E}. Considering y = f(x;ω) to
be the function of a DNN, where x, y, and ω represent for the
input, output, and d demension of parameters, respectively.
Let l(·) be the respective loss function, then the distributed
learning optimization can be formulated as follow:

min
ω→Rd

∑

n→N
l(ω;Dn). (1)

Since only connected robots can exchange information
through communication, the above minimization problem
can be reformulated as a constrained minimization problem
as follows:

min
ω→Rd

∑

n→N
l(ωn;Dn) (2a)

s.t. ωn = ωm, ↑ (n,m) → E , (2b)

where (2b) indicates that neighbour robots are connected and
enforce agreement on the model parameters to minimize the
local loss functions. For generality, the objective functions
in (2a) can denote any standard DNN loss function. In
the distributed consensus formulation where agreement can
only be enforced between connected neighbours, (2) can be
written as:

min
{ωn}, {znm}

∑

n→N
l(ωn, Dn)

s.t. ωn = znm, ωm = znm, ↑ (n,m) → E ,

(3)

where znm is a auxiliary variable to guarantee consensus on
neighboring robots n and m.
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IV. DISTRIBUTED OPTIMIZATION ANALYSIS
To update each robot’s DNN parameters so they can

collectively learn a shared model from distributed data, the
distributed optimization problem should be analyzed. In this
section, we begin by outlining the theoretical background of
DAHO, followed by a detailed description of the proposed
optimization algorithm and baseline algorithms.

A. ADMM Based First-Order Optimization Method
ADMM is a popular method for solving distributed op-

timization problems. It operates by iteratively updating the
primal and dual variables while exchanging them with neigh-
boring agents (robots) via communication. The augmented
Lagrangian for (3) can be written as:

La =
∑

n→N

(
l(ωn) +

∑

m→Mn

(εn
nm)↑(ωn ↓ znm) + (εm

nm)↑

(ωm ↓ znm) +
ω

2
↔ωn ↓ znm↔

2
2 +

ω

2
↔ωm ↓ znm↔

2
2

)
,

(4)
where εn

nm,εm
nm are the dual variables, ω is a positive penalty

parameter is the step size of gradient ascent of the dual
variable to make consensus. Define pn =

∑
m→Mn

εn
nm +

εm
nm which combines all dual variables associated with ωn.

Let the auxiliary variable znm = 1
2 (ωn+ωm) and t represent

the iteration step. The updates of ADMM can be formulated
as follows:

ω
t+1
n = argmin

ω
l(ω;Dn)+ω

↑
n p

t
n+ω

∑

m→Mn

||ωn↓
ω
t
n + ω

t
m

2
||
2
2,

(5)
p
t+1
n = p

t
n + ω

∑

m→Mn

(ωt+1
n ↓ ω

t+1
m ), (6)

where (5) is refered as the primal update and (6) is refered
as the dual update.

B. BFGS Based Second-Order Optimization Method
Assume f is continuously differentiable. Let xt denote the

current iterate and gt = ↗f(xt) its gradient. The BFGS [25]
method maintains Ht ↘ ↗

2f(xt)↓1 and chooses the search
direction pt = ↓Htgt with step size ϑt > 0:

xt+1 = xt + ϑtpt. (7)

Define the difference of output and gradient vectors
st = xt+1 ↓ xt, yt = gt+1 ↓ gt. BFGS methods accel-
erate first–order optimization by constructing a symmetric,
positive–definite approximation to the inverse Hessian Ht

constructed from the curvature pairs (st, yt) that satisfies the
secant equation: Ht+1yt = st.

The Hessian Ht approximation Bt ↘ ↗
2f(xt) can be

written as:

Bt+1 = Bt ↓
Btsts↑t Bt

s↑t Btst
+

yty↑t
y↑t st

. (8)

For large–scale problems, forming and storing Ht (or
Bt) is computationally prohibitive. LBFGS circumvents
this by keeping only the most recent m curvature pairs
{(si, yi)}

t↓1
i=t↓m and computing pt = ↓Htgt through the

standard two–loop recursion without explicitly forming Ht.
The recursion requires O(md) storage and time for d-
dimensional parameters, while retaining much of the fast
convergence of second–order methods and the modest mem-
ory footprint of first–order algorithms. The iteration update
follows (8).

C. Distributed First-Order and Second-Order Adaptive Hy-
brid Optimization (DAHO)

In nonconvex, large-scale DNN problems, although
second-order methods can achieve rapid initial convergence,
the performance of LBFGS is still inferior compared to more
reliable first-order methods. Moreover, the computation and
memory required for evaluating the Hessian at every iteration
can be substantial. To leverage the advantages of both
approaches while reducing computational complexity, we
propose a hybrid optimization algorithm that automatically
switches from an LBFGS based method to an ADMM based
method. The switch criterion is determined adaptively by
predicting gradient improvement inspired by the convergence
analysis of the LBFGS trust-region method [11], rather
than relying on a preset rule such as a fixed number of
iterations [12]. Furthermore, we introduce a modified LBFGS
that aligns more closely with the ADMM based algorithm,
thereby reducing oscillations during the transition. A soft
switch strategy, also derived from the trust-region analysis,
is designed to further smooth the switching process.

a) Distributed ADMM based method (DADMM): Our
DADMM method uses a similar update of the dual variables
as described in Section A. To perform the update in (5), the
primal step is approximated following the idea of DiNNO
[7], where the primal update is obtained through K iterations
indexed by k = 0, . . . ,K ↓ 1:

!k+1
n = !k

n +G
(
!k

n; ω, p
t+1
n , !t

n, {!
t
m}m→Mn , Dn

)
,

ω
t+1
n = !K ,

(9)
where G represents the stochastic gradient over Dn.

b) Dual variables modified LBFGS (MLBFGS): To
ensure a smooth transition from the second-order method to
our first-order method in a), rather than using the weighting
strategy [20], we adopt the LBFGS method augmented with
the dual variables from ADMM to promote agreement among
neighbours. Specifically, we introduce dual variables ”n for
each node, and at iteration t these variables are updated by
gradient ascent:

” t+1
n = ” t

n + ω
∑

m→Mn

(
ωn ↓ ωm

)
, (10)

where ω > 0 is the ADMM step size.
Given ” t

n, each node solves an augmented local sub-
problem that implicitly enforces consensus without requiring
explicit neighbor averaging. The local augmented Lagrangian
is given by:

l tn(ωn) = ln(ωn) + ”↑ t
n ωn + ω

∥∥
∑

m→Mn

(
ωn ↓ ωm

)∥∥2
2
,

(11)
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whose gradient with respect to ωn is:

↗ωn l
t
n(ωn) = ↗ln(ωn) + ” t

n + 2ω
∑

m→Mn

(
ωn ↓ ωm

)
.

(12)
Rather than taking a fixed primal step in ADMM, we apply

a few quasi-Newton iterations of LBFGS to l tn(ωn), thereby
constructing a limited-memory inverse Hessian approxima-
tion H

t
n ↘

(
↗

2l tn
)↓1. Therefore, the fast convergence

of the second-order method is leveraged together with a
strong consensus penalty adapted from ADMM. In addition,
the introduced dual variable matches the formulation in a),
making the switch between phases smoother and less abrupt.
A single LBFGS update at node n is given by:

ω
t+1
n = ω

t
n ↓ H

t
n ↗ωn l

t
n

(
ω

t
n

)
, (13)

and can be repeated for a small, fixed number of inner itera-
tions (e.g., 5–10) to approximately minimize the augmented
subproblem.

c) Switch criteria and soft switch: To decide when to
switch from the MLBFGS in b) to the robust DADMM in a),
we measure the agreement between the predicted and actual
reduction of the loss function.

Let f(ω) denote the augmented loss. At iteration t,
MLBFGS maintains a local quadratic model [26] mt =
f(ωt) + g

↑
t st +

1
2 s

↑
t Btst. Defining the step and curvature

estimates st = ωt+1 ↓ ωt,yt = ↗f(ωt+1) ↓ ↗f(ωt), and
approximating the Hessian Bt as gradient differences y↑t st,
the predicted reduction is:

predt = f(ωt)↓mt(st) ↘ ↓g
↑
t st ↓

1
2 s

↑
t yt, (14)

where gt = ↗f(ωt). The actual reduction is measured
directly:

actt = f(ωt)↓ f(ωt+1). (15)

We define and compute the trust-region ratio as the
predicted-to-actual loss reduction as:

ϖt =
actt

predt + ϱ
, ϱ > 0. (16)

If ϖt ↘ 1, the local quadratic model is reliable. When ϖt ≃
1, there is a large disagreement between the predicted and
actual reductions, indicating that the curvature information
is unreliable, often due to nonconvexity. In this case, the
optimizer should switch from the proposed MLBFGS to
DADMM. We introduce two thresholds ς1 < ς2 as the
decision variable for this switch. If ϖt < ς1, the iteration
is classified as exhibiting slow convergence, and we switch
from the proposed method in (b) to (a) for T ↔ consecutive
iterations.

A hard switch between optimizers can destabilize dis-
tributed training, as demonstrated in the simulations pre-
sented in Section V. To address this, we introduce a soft
switch mechanism that smoothly blends the updates of the
MLBFGS and DADMM during the T ↔ transition.

Let ϑt denote the blending weight on MLBFGS and φt =
1↓ϑt the weight on DADMM. We modulate φt by the trust-
region ratio:

φt = φmin + (φmax ↓ φmin) · ↼
(
a (ς2 ↓ ϖt)

)
, (17)

Algorithm 1: Distributed Adaptive Hybrid Optimiza-
tion (DAHO)

Input: (·), initial parameters {ω
0
n}n→N , graph G,

data D, penalty ω, thresholds ς1 < ς2,
iteration T , transition T ↔

Output: {ωT
n}n→N

1 for t = 0, 1, . . . , T ↓ 1 do
2 Compute the trust-region ratio ϖt using (16);
3 if ϖt ⇐ ς1 then

// Modified second-order method
MLBFGS

4 for n → N do
5 Update dual ” t+1

n using (10);
6 Update primal ω t+1

n using (13);

7 else
8 for t = 0, 1, . . . , T ↔

↓ 1 do
// Soft switch between MLBFGS

and DADMM methods
9 Compute φt using (17);

10 for n → N do
11 Update ω

t+1
n using (18);

// ADMM based first-order
method DADMM

12 for n → N do
13 Update p

t+1
n using (6);

14 Update ω
t+1
n using (9);

15 return {ω
T
n}n→N

where ↼(z) = 1
1+e→z is the sigmoid function, a > 0

controls transition sharpness, φmin and φmax represent lower
and upper bounds of the blending. The parameter updates
from MLBFGS and DADMM, denoted by MLBFGS(ωt)
and DADMM(ωt), respectively, are blended as:

ωt+1 = ϑt ·MLBFGS(ωt) + φt ·DADMM(ωt). (18)

It can be seen that when ϖt ≃ ς2, then φt ⇒ φmax

DADMM dominates, and when ϖt ⇑ ς2, then φt ⇒ φmin

MLBFGS dominates. The transition between the two meth-
ods is governed by changes in the trust-region ratio, enabling
a smooth blend according to the convergence performance of
MLBFGS.

By applying this adaptive mechanism, (i) automatic switch
control to first-order methods is achieved when second-
order curvature becomes unreliable, eliminating the need for
manual scheduling, and (ii) by dynamically reallocating trust
between solvers during the transition, a smooth handover is
ensured, thereby stabilizing training.

The proposed DAHO algorithm is shown in Algorithm 1
with modified second-order MLBFGS update from lines 3-
7, soft switch from lines 8-11, and ADMM based first-order
method DADMM from lines 12-14.
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Fig. 2: Validation accuracy as a function of communication
rounds for four comparative distributed algorithms, with the
average accuracy across 10 robots shown as solid lines.

(a) (b)

Fig. 3: Validation accuracy as a function of communication
rounds for DAHO before (a) and after (b) applying the
proposed soft-switch method.

D. Baseline Algorithms

In Section V, we compare our DAHO with three
widely used first-order distributed optimization methods,
i.e., DiNNO, DSGD, DSGT, and one second-order method,
i.e., distributed LBFGS (DLBFGS). In DiNNO, the primal
update in (5) is approximated using K = 5 iterations, and
its convergence to a local optimum has been previously
established.

Similar to DiNNO, both DSGD and DSGT allow each
robot to update its local weight parameters based on stochas-
tic gradients that are evaluated using the parameters ex-
changed with neighboring robots. The update of DSGD
follows:

↽t+1
n =

∑

m→N
wnm ↽tm ↓ ϑt g

(
↽tn

)
, (19)

where wnm is an entry of the doubly stochastic matrix, whose
sparsity pattern matches that of the graph Laplacian of G.
ϑt is a diminishing step size, and g(↽tn) denotes a stochastic
gradient of the local loss l(↽tn;Dn).

The updates in DSGT have the same overall form as those
in DSGD, and it introduce an auxiliary variable to track an
estimate of the gradient of the joint loss:

(a)

(b)

Fig. 4: (a) Robot paths overlaid on the ground-truth floor
plan. The highlighted path includes the robot’s LiDAR scan
beams. (b) Validation loss versus communication rounds.

↽t+1
n =

∑

m→Mn

wnm

(
↽tm ↓ ϑt ytm

)
, (20)

yt+1
n =

∑

m→Mn

wnm ytm + g
(
↽t+1
n

)
↓ g

(
↽tn

)
. (21)

In DLBFGS [20], each robot updates its own weight
parameters using gradients and Hessian information com-
puted from parameters shared by other robots. Robot n first
computes a local LBFGS direction ptn = ↓H

t
ng

t
n using its

approximated Hessian approximation H
t
n and gradient gtn,

and then communicates this direction with its neighbors to
form a summed search direction to reach consensus in the
distributed optimization problem:

↽t+1
n = ↽t + ϑt ptn, (22)

pt+1
n =

∑

m→Mn

wnm ptm, (23)

where ϑt is the step size, and wnm denotes an entry of
the mixing matrix W . For simplicity, in the experiment in
Section V, we take W to be the averaging mixing matrix,
which aggregates parameters from all connected robots with
equal weights.
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V. EXPERIMENT RESULTS

We provide three distributed multi-robot experiments
namely distributed MNIST classification, distributed neural
implicit mapping, and distributed reinforcement learning
inherited from [7] to demonstrate the performance improve-
ment of our proposed DAHO. DAHO is compared against
centralized learning, DSGD, DSGT, and DiNNO in all ex-
periments. Due to the computational and memory overhead
of DLBFGS, it is included only in the first experiment
to illustrate the fast convergence benefits of second-order
methods. All baselines are implemented within the same
framework, with only the objective function and dataset
adapted per task which demonstrate that DAHO integrates
as easily as standard optimizers in DNN training while
consistently improving distributed learning performance.

A. Distributed MNIST Classification

We evaluate the classic MNIST classification task [27] in
a distributed setting, where 10 robots collaboratively train a
neural network to recognize handwritten digits. The dataset is
partitioned into 10 disjoint subsets, with each robot accessing
only one subset. To enforce a fully distributed regime, each
robot is assigned samples from a single digit class.

Fig. 2 reports the average best validation accuracy across
the 10 robots versus communication rounds for four com-
parison methods. DiNNO ultimately achieves the highest
final accuracy, while DLBFGS exhibits the fastest initial
convergence within the first 200 rounds. However, despite its
early advantage, the second-order method slows down later
and underperforms DiNNO. This is likely due to instability
in curvature information in nonconvex objectives, which
can lead to suboptimal search directions, as well as the
parameter-averaging mechanism similar to DSGD that may
degrade performance in heterogeneous data settings.

In Fig. 3, the performance of DAHO with hard switch and
after soft switch are shown in Fig. 3(a), and(b), respectively.
Without soft switching, noticeable oscillations arise due to
differing update dynamics between the two optimization
phases. The soft switch significantly reduces these oscilla-
tions. A summary of early and late stage performance for
DiNNO and DAHO of all three experiments are provided
in Table I, with better performance in green, showing that
DAHO not only converges faster in the initial phase but also
slightly improves the final accuracy relative to DiNNO.

Experiment Rounds / Iterations Method Simulation Result

A
150 DiNNO 0.800

DAHO 0.862

1600 DiNNO 0.978
DAHO 0.981

B
150 DiNNO 5.271

DAHO 5.224

3000 DiNNO 3.772
DAHO 3.014

C
3↑ 106

DiNNO 37.85
DAHO 62.35

8↑ 106
DiNNO 324.52
DAHO 385.28

TABLE I: Comparison of DiNNO and DAHO on three
distributed multi-robot experiments: (A) distributed MNIST
classification, (B) distributed neural implicit mapping, and
(C) distributed reinforcement learning. Experiments A and
B are reported at different communication rounds, where the
simulation result denotes validation accuracy and validation
loss, respectively. Experiment C is reported at different
training iterations, where the simulation result denotes the
average episode reward.

B. Distributed Neural Implicit Mapping

Neural implicit mapping methods use RGB or LiDAR
observations to train neural networks for scene representation
and prediction [28], [29]. Given a 3D world coordinate, the
corresponding RGB or LiDAR value and the truncated signed
distance function (SDF) are predicted. The training objective
is typically the sum of the respective L2 losses for RGB and
SDF predictions. In a simplified distributed setting adapted
from [7], we deploy a team of 7 robots to collaboratively
learn the density field of a 2D floorplan, with both data
collection and computation distributed across the team. The
floorplan is taken from the CubiCasa5K dataset [30]. Each
robot traverses a looped path within a subregion of the
floorplan using a LiDAR scanner, and all robots collectively
learn a global map of the entire floorplan.

Fig. 4(a) shows the ground truth floorplan and the robots’
LiDAR scanning paths. As shown in Fig. 4(b), DAHO
achieves the lowest validation loss among distributed base-
lines (DSGD, DSGT, DiNNO) while only DAHO and
DiNNO can achieve near centralized performance.

Fig. 5: Mapping reconstructions produced by DAHO and three comparison methods, alongside the ground-truth floor plan.
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(a)

(b)

Fig. 6: (a) Environment map for the distributed MARL
problem. (b) Average episode reward versus timestep. Only
DAHO and DiNNO achieve rewards comparable to the
centralized method, indicating successful goal achievement.

Fig. 5 visualizes the reconstructed maps produced by
DAHO and the comparison methods. Consistent with the
quantitative trends in Fig. 4(b), DAHO yields the most
coherent and detailed reconstruction, surpassing DiNNO,
while DSGD and DSGT produce fragmented or inconsistent
maps. Table I shows that DAHO outperform DiNNO in both
early and late phases with lower validation loss.

C. Distributed Reinforcement Learning

Multi-agent reinforcement learning (MARL) [31] is
widely used for robotic control, particularly in scenar-
ios where the actions of multiple agents jointly influence
a shared environment. We consider a distributed multi-
predator–single-prey task [32], where red agents (predators)
pursue the green agent (prey) around fixed black obstacles,
as illustrated in Fig. 6(a). Each predator observes, acts, and
receives rewards sequentially, after which the environment
state is updated. The prey follows a heuristic policy, moving
in the direction opposite to the nearest predator and the
environment is implemented in PettingZoo [33]. The reward
function penalizes predators according to their relative dis-
tance to the prey and grants a positive reward upon successful
capture. A PPO actor–critic framework [34] with distributed
optimization is applied.

As shown in Fig. 6(b), DAHO achieves the fastest con-
vergence in terms of average episode reward among dis-

tributed baselines and approaches the performance of cen-
tralized training. Notably, only DAHO and DiNNO attain
near centralized performance, with DAHO reaching strong
performance significantly earlier. Table I also proves that
DAHO converges faster than DiNNO and also outperforms
DiNNO in late phase with higher reward.

VI. CONCLUSIONS
We present DAHO, a distributed adaptive hybrid opti-

mization algorithm that integrates second-order and first-
order methods with an adaptive switch mechanism to achieve
both rapid convergence and robust performance. DAHO
automatically determines the switching criterion based on
convergence behavior and employs a soft switch transition
policy to ensure stability during the switch. Through exten-
sive multi-robot experiments, we demonstrate that DAHO
can be easily applied to distributed learning tasks, similar to
standard optimizers, while providing superior efficiency and
accuracy.
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