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Abstract 

The growing adoption of artificial intelligence in space communications has imposed in-

creasingly demanding efficiency requirements on deep learning training for tasks such as 

intelligent signal processing and resource allocation. However, performance disparities 

and workload fluctuations across heterogeneous nodes cause synchronization delays, 

while gradient aggregation and redundant parameter updates further increase training 

overhead. This paper proposes a data-parallel training method that combines dynamic 

load balancing with communication optimization. The Iteration-Level Dynamic Batch Ad-

justment algorithm (IDAT) estimates node processing rates online and dynamically as-

signs local batch sizes while maintaining a fixed global batch size, with a time-variation 

threshold, integer adjustment, and GPU memory constraints used to control overhead. 

The communication optimization algorithm (MRA) integrates Reduce-Scatter, sharded 

parameter updates, and All-Gather into a unified workflow to reduce communication 

startup and redundant update costs. Experiments using ResNet-50, AlexNet, and VGG-

16 on a cluster of three servers and five NVIDIA V100-series GPUs show that IDAT 

achieves a 1.03×–1.04× speedup over the baseline, while the combined IDAT–MRA scheme 

achieves a 1.41×–1.82× speedup over the native PyTorch DDP 1.12.1 and Horovod 0.28.1 

configurations, with an absolute accuracy difference of no more than 0.02 percentage 

points. These results demonstrate the effectiveness of the proposed framework in improv-

ing synchronous data-parallel training efficiency on the evaluated heterogeneous cluster 

and indicate its potential applicability to the training of intelligent models for space com-

munication systems. 

Keywords: distributed deep learning; data parallelism; heterogeneous computing;  

dynamic load balancing; communication optimization 

 

1. Introduction 

In recent years, with the rapid development of low-Earth-orbit satellite constellations, 

5G non-terrestrial networks (NTNs), and integrated space–air–ground networks, space 

communication systems have evolved toward large-scale networking, dynamic collabo-

ration, and intelligent operation. Deep learning has been increasingly applied to channel 

estimation, signal recognition, interference detection, beam management, resource alloca-

tion, and satellite-state prediction, providing new tools for intelligent perception, analysis, 
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and decision-making in space communication systems [1–4]. However, the continuous 

growth of model sizes and training datasets makes it difficult for a single computing de-

vice to train deep models efficiently. Distributed training improves training efficiency by 

parallelizing data processing, gradient computation, and parameter updates across mul-

tiple computing nodes [5–7]. Among existing approaches, data parallelism maintains a 

complete model replica on each node, processes different subsets of the training data, and 

updates model parameters through gradient synchronization. Owing to its simple imple-

mentation, scalability, and compatibility with existing model architectures, data parallel-

ism has been widely adopted in frameworks such as PyTorch DistributedDataParallel 

(DDP) and Horovod [8–10]. 

Deep learning workloads in aerospace systems exhibit diverse computational and 

communication characteristics. For example, satellite communication signal classification 

requires models to extract discriminative representations from complex-valued in-phase 

and quadrature (I/Q) samples, whereas synthetic aperture radar (SAR) image interpreta-

tion relies on convolutional networks for target detection and recognition. Training these 

models on heterogeneous computing clusters can introduce substantial synchronization 

delays because individual workers differ in processing capability, available memory, and 

runtime workload. Moreover, gradient synchronization and parameter updates may be-

come significant performance bottlenecks as the model size and the number of participat-

ing workers increase. These characteristics motivate the investigation of joint computa-

tion-load balancing and communication optimization for distributed training in aerospace 

applications. 

More specifically, the efficiency of synchronous data-parallel training is affected by 

heterogeneous GPU performance, CPU processing capability, memory capacity, data-

loading efficiency, network bandwidth, and shared-resource contention. These differ-

ences can result in inconsistent processing rates across computing nodes [11–14]. Since 

each iteration must wait for all nodes to complete local computation before gradient ag-

gregation, slow nodes prolong the overall training time and leave high-performance 

nodes idle. Resource-adaptive scheduling and workload allocation can alleviate this prob-

lem by assigning different workloads to nodes with different capabilities [15–17]. How-

ever, coarse-grained adjustment may respond slowly to short-term performance varia-

tions, whereas overly frequent adjustment introduces additional monitoring and sched-

uling overhead. Meanwhile, gradient aggregation and parameter updates remain on the 

critical path of each iteration. Although Ring-Allreduce can perform decentralized distrib-

uted reduction, a large number of small tensors may incur considerable communication 

startup overhead. In addition, when every node repeatedly performs a complete parame-

ter update after full gradient aggregation, redundant computation and synchronization 

costs are introduced [18–20]. Therefore, jointly optimizing computational load allocation 

and the communication-update workflow is essential for improving synchronous data-

parallel training in heterogeneous environments. 

To address these issues, this paper investigates the joint optimization of computa-

tional load allocation and the communication-update workflow for synchronous data-

parallel training in heterogeneous environments, with the goal of supporting efficient 

model training for AI-enabled space communications. First, we propose an Iteration-Level 

Dynamic Batch Adjustment algorithm (IDAT), which monitors the iteration time of each 

node online, estimates its processing rate, and dynamically assigns local batch sizes under 

a fixed global batch size so that the local computation times of different nodes remain 

closely aligned. To limit adjustment overhead, IDAT incorporates a time-variation thresh-

old, integer batch-size allocation, and GPU-memory constraints, and redistributes sam-

ples only when changes in node performance satisfy the triggering condition. Second, we 

propose an MRA-based communication-update optimization algorithm. MRA fuses 
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gradients into a contiguous tensor and reorganizes Reduce-Scatter, sharded parameter 

updates, and All-Gather into a unified workflow. Once a node obtains its reduced gradi-

ent shard, it immediately updates the corresponding parameter shard before synchroniz-

ing the updated model parameters. This design reduces communication startup overhead 

for small tensors and avoids redundant full-model updates [21–24]. 

IDAT and MRA optimize synchronous data-parallel training from the computation 

and communication perspectives, respectively. IDAT reduces synchronization delays by 

adapting sample allocation across heterogeneous nodes, whereas MRA shortens the criti-

cal path of each iteration by reorganizing gradient aggregation and parameter updates. 

Under the requirements of a fixed global batch size, correct sample-weighted aggregation, 

and consistent optimizer states, neither method changes the model architecture or objec-

tive function. They can therefore be jointly applied to model training for a variety of intel-

ligent space communication tasks. The main contributions of this paper are summarized 

as follows: 

(1) We develop a node-level iteration-time model subject to global batch-size and 

GPU memory constraints and propose the IDAT algorithm. IDAT dynamically adjusts 

local batch sizes according to the processing rates observed during training and uses a 

time-variation threshold to control the adjustment frequency, thereby reducing inter-node 

computation-time disparities and synchronization overhead. 

(2) We propose the MRA communication-update workflow, which integrates gradi-

ent fusion, Reduce-Scatter, sharded parameter updates, and All-Gather into a unified pro-

cess. By allowing each node to update only a subset of the model parameters, MRA re-

duces both small-message communication startup overhead and redundant parameter-

update costs. 

(3) We conduct extensive experiments on heterogeneous GPU clusters using different 

model architectures and datasets to evaluate the effectiveness of IDAT, MRA, and their 

joint optimization. The evaluation considers training time, speedup, synchronization 

overhead, convergence accuracy, and time-to-accuracy. We further investigate the impact 

of computational heterogeneity and validate the applicability of the proposed framework 

to aerospace-related workloads, including automatic modulation recognition and SAR 

ship detection. 

The remainder of this paper is organized as follows. Section 2 reviews the related 

work. Section 3 presents the system model and optimization objectives. Section 4 intro-

duces IDAT, MRA, and their collaborative training workflow. Section 5 presents the ex-

perimental results, and Section 6 concludes the paper. 

2. Related Work 

2.1. Parallel Training and Communication Frameworks 

In this section, we review distributed training frameworks from two perspectives: 

task partitioning and communication organization. As shown in Figure 1, data parallelism 

keeps a complete model replica on each node and splits the global batch across nodes; 

model parallelism partitions the model and deploys different parts on multiple devices; 

hybrid parallelism combines data, pipeline, and tensor parallelism to support the training 

of extremely large models [25]. 
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Figure 1. Parallel strategies for distributed training: (a) data parallelism, (b) model parallelism, and 

(c) hybrid parallelism. 

In terms of communication organization, parameter-server architectures, as illus-

trated in Figure 2, perform gradient aggregation and parameter distribution through cen-

tralized servers, which may become communication bottlenecks as the number of workers 

increases. In contrast, Ring-Allreduce uses decentralized peer-to-peer communication for 

gradient synchronization [26]. As shown in Figure 3, Ring-Allreduce consists of two 

phases: Reduce-Scatter and All-Gather. Figure 3a illustrates gradient-shard transmission 

and accumulation, Figure 3b shows the propagation of reduced results around the ring, 

and Figure 3c summarizes the complete relationship between the two phases. 

 

Figure 2. Parameter Server Architecture. 
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Figure 3. Ring-Allreduce Communication Workflow. 

2.2. Synchronous Training and Load Balancing in Heterogeneous Environments 

According to the parameter-update strategy, distributed training can be divided into 

synchronous and asynchronous training. Synchronous training requires all workers to 

update parameters based on the same model version, which generally provides stable 

convergence but makes each iteration limited by the slowest worker. Asynchronous train-

ing reduces synchronization waiting by allowing workers to update parameters inde-

pendently, but it may introduce stale gradients [27,28]. Delay-compensation methods 

have been proposed to mitigate the impact of gradient staleness on convergence; however, 

they do not directly address load imbalance in synchronous training. 

Existing studies on synchronous-training load imbalance mainly focus on resource 

scheduling, data partitioning, and local workload adjustment. Conventional data-parallel 

training assigns the same number of samples to each node. However, heterogeneous plat-

forms often differ in computing capacity, GPU memory, data-loading speed, and runtime 

workload, leading to increased synchronization delays. Resource-adaptive frameworks 

such as ScaleFL and TapFinger adjust model workloads, task placement, or resource allo-

cation according to the capabilities of heterogeneous clients and computing nodes [15,16]. 

TimelyFL and AntDT further consider time-varying resource availability and straggler 

behavior during distributed training [13,17]. LBB proposes load-balanced batching for 

heterogeneous GPU clusters but operates at epoch-level granularity and lacks explicit 

GPU memory constraints [11]. Pollux and Sia focus on cluster-level job scheduling and 

goodput optimization rather than fine-grained intra-iteration batch adaptation [10,13]. 

Nevertheless, these methods mainly focus on client participation, task scheduling, or 

coarse-grained workload adaptation, and may not respond promptly to short-term per-

formance variations within an epoch. 

To address this issue, this paper proposes the iteration-level dynamic batch adjust-

ment algorithm IDAT. Different from existing epoch-level or scheduling-based methods, 

IDAT estimates node processing rates within each monitoring interval and dynamically 

assigns local batch sizes under global batch-size and GPU memory constraints. It uses a 

time-variation threshold to suppress unnecessary adjustments and weights local gradi-

ents according to the number of processed samples, thereby preserving the contribution 

of each sample to the global gradient and guaranteeing consistent optimization objectives. 
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2.3. Gradient Communication and Parameter Update Optimization 

Gradient communication is a critical component of synchronous data-parallel train-

ing. Existing systems mainly reduce communication overhead through tensor fusion, 

communication bucketing, gradient compression, and computation–communication 

overlap. Horovod employs Tensor Fusion to merge small gradient tensors and reduce 

communication startup overhead [6]. PyTorch DDP groups gradients into communication 

buckets and overlaps Allreduce with backpropagation [8]. Recent methods, including 

Cupcake, SLAMB, SparDL, and L-GreCo, further optimize communication through com-

pression scheduling, sparse communication, and adaptive gradient compression [20,22–

24]. 

Other approaches improve memory efficiency through parameter, gradient, and op-

timizer-state sharding. ZeRO-1 partitions optimizer states, ZeRO-2 additionally partitions 

gradients, and ZeRO-3 further partitions model parameters. ZeRO++ reduces communi-

cation overhead through quantization and data remapping [21,29,30]. PyTorch FSDP sim-

ilarly employs parameter and optimizer-state sharding to improve memory scalability, 

while Lancet coordinates computation and communication for Mixture-of-Experts train-

ing [30]. 

Compared with these methods, MRA focuses on communication–computation work-

flow optimization in heterogeneous data-parallel training. Unlike Horovod Tensor Fusion 

and DDP bucketing, which primarily optimize gradient communication, MRA integrates 

gradient fusion, Reduce-Scatter, sharded parameter updates, and All-Gather into a unified 

workflow. Each worker updates only its assigned parameter shard before synchronizing 

the updated parameters, avoiding redundant full-model updates. Although this mecha-

nism shares similarities with ZeRO-2, MRA emphasizes workflow integration rather than 

introducing a new sharding principle. Unlike ZeRO-3 and fully sharded FSDP, MRA 

maintains complete model replicas during forward and backward propagation instead of 

targeting persistent parameter-memory reduction. Furthermore, MRA complements 

IDAT by reducing communication and update overhead, while IDAT mitigates computa-

tional imbalance, enabling joint optimization of heterogeneous distributed training. 

3. System Model 

3.1. Heterogeneous Cluster Training Scenario 

We adopt DDP-style synchronous data-parallel training as the system model. Each 

process maintains a complete model replica, obtains a local batch through distributed data 

loading, and invokes the communication backend during backpropagation to synchronize 

gradients. The corresponding software and communication hierarchy is illustrated in Fig-

ure 4. IDAT adjusts data partitioning and local batch-size allocation at the user level, 

whereas MRA reorganizes gradient reduction and parameter updates within the DDP 

communication layer. 

Consider a distributed training cluster consisting of 𝑁  computing nodes (e.g., 

GPUs), with a user-defined global batch size 𝐵. In each iteration of data-parallel training, 

the global batch 𝐵 is partitioned into 𝑁 local batches. Let 𝑏𝑗 denote the local batch size 

assigned to node 𝑗, subject to the following constraint: 

∑ 𝑏𝑗

𝑁

𝑗=1

= 𝐵 (1) 

Each computing node 𝑗 has an inherent, potentially time-varying computing capac-

ity or processing rate, denoted by 𝑣𝑗, measured in samples per second. Accordingly, the 

time required for node 𝑗 to complete its assigned computation, primarily including the 

forward and backward passes, is expressed as 

https://doi.org/10.3390/aerospace13111021
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𝑇𝑐𝑜𝑚𝑝,𝑗 =
𝑏𝑗

𝑣𝑗
 (2) 

Under synchronous data-parallel training, the duration of a complete iteration 𝑇𝑖𝑡𝑒𝑟, 

is determined by the computation time of the slowest node plus the subsequent gradient 

synchronization time 𝑇𝑐𝑜𝑚𝑚. Neglecting the relatively small parameter-update overhead, 

𝑇𝑖𝑡𝑒𝑟 can be formulated as 

𝑇𝑖𝑡𝑒𝑟 = 𝑚𝑎𝑥
𝑗∈1,..,𝑁

(𝑇𝑐𝑜𝑚𝑝,𝑗) + 𝑇𝑐𝑜𝑚𝑚 = 𝑚𝑎𝑥
𝑗∈1,..,𝑁

(
𝑏𝑗

𝑣𝑗
) + 𝑇𝑐𝑜𝑚𝑚 (3) 

 

Figure 4. DDP Training and Communication Framework. 

3.2. Problem Formulation and Optimization Objective 

The primary optimization objective of this study is to minimize the duration of each 

training iteration 𝑇𝑖𝑡𝑒𝑟, thereby reducing the overall model training time. Under a given 

hardware and network configuration, the communication time 𝑇𝑐𝑜𝑚𝑚 of an All-Reduce 

operation is relatively stable. Therefore, the optimization problem can be reduced to min-

imizing the maximum computation time among all nodes: 

𝑚𝑖𝑛 ( 𝑚𝑎𝑥
𝑗∈1,..,𝑁

(
𝑏𝑗

𝑣𝑗
)) 

Conj.  ∑ 𝑏𝑗

𝑁

𝑗=1

= 𝐵, 𝑏𝑗 is a positive integer. 

(4) 

It follows from this objective that 𝑚𝑎𝑥(𝑇𝑐𝑜𝑚𝑝,𝑗) is minimized when the computation 

times of all nodes are equal, i.e., 

𝑇𝑐𝑜𝑚𝑝,1 = 𝑇𝑐𝑜𝑚𝑝,2 = ⋯ = 𝑇𝑐𝑜𝑚𝑝,𝑁 (5) 
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𝑏1

𝑣1
=

𝑏2

𝑣2
= ⋯ =

𝑏𝑁

𝑣𝑁
 (6) 

Therefore, under ideal conditions, the batch size 𝑏𝑗 assigned to each node should be 

proportional to its processing rate 𝑣𝑗. Specifically, the optimal batch allocation follows. 

𝑏𝑗
∗ = 𝐵 ×

𝑣𝑗

∑ 𝑣𝑘
𝑁
𝑘=1

 (7) 

In practice, however, the actual processing rate 𝑣𝑗 of node j is unknown and may 

vary dynamically because of external workloads, such as contention for shared resources. 

Consequently, the above optimization problem becomes an online estimation and dy-

namic decision-making problem: the processing rate 𝑣𝑗 of each node must be estimated 

accurately in real time during training, and the local batch allocation 𝑏𝑗 must then be ad-

justed dynamically so that it approaches the theoretical optimum 𝑏𝑗
∗. 

When local batch sizes vary across nodes, conventional unweighted gradient aver-

aging would deviate from the standard global-batch gradient descent objective. To pre-

serve consistency, IDAT adopts sample-weighted gradient aggregation. 

Let ∇𝐿𝑗(𝑏𝑗) denote the average gradient over local batch 𝑏𝑗 on node j. The globally 

aggregated gradient is computed as: 

∇𝐿𝑔𝑙𝑜𝑏𝑎𝑙 =
1

𝐵
∑  

𝑁

𝑗=1

𝑏𝑗 ⋅ ∇𝐿𝑗(𝑏𝑗) (8) 

This formulation is mathematically equivalent to the standard gradient computed 

over the full global batch 𝐵, since each sample contributes equally to the global gradient 

regardless of which node it is assigned to. This weighting mechanism ensures that dy-

namic batch reallocation does not alter the optimization objective or convergence behavior 

of the model. 

4. Joint Optimization Algorithm Design 

4.1. IDAT Algorithm 

Based on the preceding problem formulation, we develop an Iteration-Level Dy-

namic Batch Adjustment algorithm (IDAT). The central idea of IDAT is to refine the load-

balancing granularity from the conventional epoch level to the iteration level and dynam-

ically approach the optimal load allocation through online performance profiling. This 

design enables the algorithm to respond promptly to runtime performance fluctuations in 

the computing environment. The complete IDAT workflow comprises three stages: real-

time performance monitoring, dynamic adjustment triggering, and adaptive batch reallo-

cation. The detailed procedure is presented in Algorithm 1, which dynamically adjusts 

local batch sizes based on node processing capabilities while satisfying the global batch 

size and memory constraints. 

4.1.1. Real-Time Performance Monitoring Mechanism 

To estimate the unknown processing rate 𝑣𝑗, IDAT introduces a lightweight online 

profiler that continuously monitors node performance during training. The algorithm first 

logically divides each training epoch into 𝑀 iteration intervals, referred to as monitoring 

intervals. Each interval contains several training iterations, and the complete dataset is 

correspondingly divided into 𝑀 partitions. 

During each monitoring interval, the system accurately records the time required by 

each node to complete its assigned computation, including data loading and the forward 

and backward passes. The empirical performance metric 𝑃𝑗
𝑖 is then used as a real-time 

estimate of the theoretical processing rate 𝑣𝑗: 

https://doi.org/10.3390/aerospace13111021
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𝑃𝑗
𝑖 ≈ 𝑣𝑗   where 𝑃𝑗

𝑖 =
𝑏𝑗

𝑖

𝑇𝑐𝑜𝑚𝑝,𝑗
𝑖

 (9) 

where 𝑏𝑗
𝑖 denotes the batch size assigned to node 𝑗 during the 𝑖 monitoring interval, and 

𝑇𝑐𝑜𝑚𝑝,𝑗
𝑖  denotes the corresponding computation time. 

4.1.2. Dynamic Adjustment Triggering Strategy 

To avoid unnecessary and potentially costly adjustments caused by minor, transient 

performance fluctuations, IDAT employs a relative time-variation threshold as the trigger 

for load reallocation. Batch-size and dataset reallocation are initiated for the next moni-

toring interval only when the relative difference in total iteration time between two con-

secutive intervals exceeds the predefined threshold. The relative time-variation rate is cal-

culated as: 

Δ𝑟𝑒𝑙 = |
𝑇𝑖 − 𝑇𝑖−1

𝑇𝑖−1
| (10) 

Here, 𝑇𝑖 denotes the total training time measured during the current monitoring in-

terval, and 𝑇𝑖−1 denotes that measured during the preceding interval. An adjustment is 

triggered if Δ𝑟𝑒𝑙 > 𝛿, where 𝛿 is the user-specified time-variation threshold. This mecha-

nism improves algorithm stability by triggering an adjustment only when a significant 

change in performance is detected. 

4.1.3. Batch Reallocation 

After dynamic adjustment is triggered, IDAT reallocates the local batch size for the 

next period according to the latest performance estimates of all nodes. Let 𝐵 denote the 

global batch size and 𝑃𝑗
𝑖 denote the performance estimate of node 𝑗 in period 𝑖. The the-

oretical batch size assigned to node 𝑗 in the next period is calculated as 

𝑏𝑗
(𝑖+1)∗

= 𝐵 ×
𝑃𝑗

𝑖

∑ 𝑃𝑘
𝑖𝑁

𝑘=1

 (11) 

This allocation assigns more samples to nodes with higher processing capacity and 

fewer samples to slower nodes, thereby reducing the difference in local computation time 

among nodes. 

Since 𝑏𝑗
(𝑖+1)∗

 may be non-integer, IDAT adopts an upward rounding and difference 

correction strategy: 

Round each theoretical batch size upward to the nearest integer: 𝑏̂𝑗
(𝑖+1)

= ⌈𝑏𝑗
(𝑖+1)∗

⌉. 

Compute the total number of excess samples: 𝑑 = ∑  𝑁
𝑗=1 𝑏̂𝑗

(𝑖+1)
− 𝐵. 

Sort all nodes in ascending order of performance 𝑃𝑗
𝑖, and remove one sample from 

each of the 𝑑 slowest nodes. 

The final local batch sizes satisfy: 

∑  

𝑁

𝑗=1

𝑏𝑗
(𝑖+1)

= 𝐵, 𝑏𝑗
(𝑖+1)

∈ ℤ+ (12) 

In addition, to avoid out-of-memory errors after batch reallocation, IDAT introduces 

a memory estimation and validation mechanism. This mechanism estimates the memory 

usage of each node according to the model size and the newly assigned batch size. If the 

estimated memory usage of a node exceeds its memory limit, its batch size is capped at 

the maximum feasible value, and the excess samples are reassigned to other nodes with 

available memory. In this way, IDAT preserves the global batch size while considering 
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both node processing capacity and memory constraints, thereby reducing the risk of OOM 

errors caused by dynamic batch adjustment. 

Algorithm 1: Iteration-Level Dynamic Batch Adjustment Algorithm 

Input: the deep learning model to be trained 𝑀𝑜𝑑𝑒𝑙; the complete training dataset 

𝐷; the total number of worker nodes 𝑁 in the distributed cluster; the user-defined 

global batch size 𝐵; the total number of training epochs 𝐸; the monitoring and execu-

tion period 𝐴; and the maximum safe batch-size set of each node 𝑏𝑚𝑎𝑥,𝑗. 

Output: The batch size 𝑏𝑗
𝑖+1 assigned to each node in monitoring period 𝑖 + 1, 

and the optimized model 𝑀𝑜𝑑𝑒𝑙𝑡𝑟𝑎𝑖𝑛𝑒𝑑 

1:  Initialization phase; 

2:  Execute in parallel on each node 𝑗: 

3:     Initialize the local model replica 𝑀𝑜𝑑𝑒𝑙𝑗 ← 𝑀𝑜𝑑𝑒𝑙 

4:     Initialize the local batch size 𝑏𝑗 ← floor(𝐵/𝑁) 

5:     Allocate the remaining samples to the first 𝐵(mod𝑁) nodes 

6:     if 𝑗 ≤ (𝐵(mod𝑁)) then 𝑏𝑗 ← 𝑏𝑗 + 1 

7:     Initialize the computation-time recorder 𝑇𝑐𝑜𝑚𝑝,𝑗 ← 0 

8:  End parallel execution. 

9:  Main training loop 

10:  for 𝑒 = 1 to 𝐸 do 

11:     for 𝑡 = 1 to ceil(|𝐷|/𝐵) do 

12:        Step 1: Parallel computation 

13:        Execute in parallel on each node 𝑗: 

14:           𝑠𝑡𝑎𝑟𝑡_𝑡𝑖𝑚𝑒 ←  𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑇𝑖𝑚𝑒() 

15:           Load a mini-batch of size 𝑏𝑗 from dataset 𝐷. 

16:           Perform forward and backward propagation on the local data and  

obtain the local gradient∇𝑀𝑜𝑑𝑒𝑙𝑗 

17:           𝑒𝑛𝑑_𝑡𝑖𝑚𝑒 ←  𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑇𝑖𝑚𝑒() 

18:           𝑇_(𝑐𝑜𝑚𝑝, 𝑗) ←  𝑒𝑛𝑑_𝑡𝑖𝑚𝑒 −  𝑠𝑡𝑎𝑟𝑡_𝑡𝑖𝑚𝑒 

19:         End parallel execution 

20:         Step 2: Global synchronization and model update 

21:             Perform global gradient synchronization so that all nodes  

obtain the global gradient ∇𝑀𝑜𝑑𝑒𝑙 

22:         Each node updates its local model replica 𝑀𝑜𝑑𝑒𝑙𝑗 using  

the global gradient ∇𝑀𝑜𝑑𝑒𝑙 

23:        Step 3: Periodic dynamic adjustment 

24:           if 𝑡(mod𝐴) == 0 then 

25:              Trigger-condition evaluation 

26:               Compute the performance indicator on each node in parallel 

𝑃𝑗 ← 𝑏𝑗/𝑇𝑐𝑜𝑚𝑝,𝑗 and average iteration time of current interval  

𝑇𝑖 = 𝑚𝑎𝑥
𝑗∈1,..,𝑁

 (𝑇𝑐𝑜𝑚𝑝,𝑗) + 𝑇𝑐𝑜𝑚𝑚 

27:               if |(𝑇𝑖 − 𝑇𝑖−1)/𝑇𝑖−1| > 𝛿 then 

28:                 Batch reallocation 

29:                 Call Algorithm ReallocateBatchSize: 

30:                 𝑏𝑗 ← ReallocateBatchSize(𝑏𝑗 , 𝑇𝑐𝑜𝑚𝑝, 𝑗, 𝐵, 𝑁, 𝑏𝑚𝑎𝑥,𝑗) 

31:                 Broadcast the new batch-allocation scheme 𝑏𝑗 to all nodes 

32:               end if 

33:             end if 

34:      end for 

35:   end for 

36:   return the model replica 𝑀𝑜𝑑𝑒𝑙𝑗 from any node 
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4.2. MRA Algorithm 

The IDAT algorithm addresses the synchronization waiting time 𝑇𝑤𝑎𝑖𝑡 caused by im-

balanced computational loads across nodes, thereby improving cluster resource utiliza-

tion in dynamic heterogeneous environments. However, the gradient communication 

time 𝑇𝑐𝑜𝑚𝑚 and parameter update time still account for a non-negligible portion of the 

total iteration time 𝑇𝑖𝑡𝑒𝑟. This issue becomes more pronounced in modern deep learning 

models with increasingly large parameter scales. Therefore, we propose Merge-Ring-

Allreduce (MRA), a training algorithm that deeply integrates gradient synchronization 

communication with parameter update computation, to further shorten the training iter-

ation cycle. 

4.2.1. Gradient Fusion Mechanism 

Considering the gradient synchronization process in data-parallel training, Figure 5 

illustrates the Ring-Allreduce communication workflow on three GPUs. Each GPU ini-

tially holds a different tensor and divides it into three data blocks. The Scatter-Reduce 

phase is then performed, allowing each GPU to obtain one reduced data block. After that, 

the All-Gather phase propagates the reduced results among all GPUs, so that every GPU 

finally obtains the fully synchronized tensor. 

 

Figure 5. Example of Ring-Allreduce Gradient Synchronization Across Three GPUs. 

Assume that the model contains 𝐿 parameter layers that need to be synchronized 

and the cluster consists of 𝑁 computing nodes. In the standard synchronization process, 

after backpropagation is completed, the total time for gradient synchronization and pa-

rameter update in one iteration is mainly composed of two parts: the communication time 

of 𝐿 independent Ring-Allreduce operations and the time required for each node to up-

date the full model parameters: 

𝑇𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 𝑇𝑐𝑜𝑚𝑚𝑔𝑟𝑎𝑑
+ 𝑇𝑢𝑝𝑑𝑎𝑡𝑒𝑣𝑎𝑟

  (13) 

The gradient communication time 𝑇𝑐𝑜𝑚𝑚𝑔𝑟𝑎𝑑
 can be further expressed as the sum of 

the startup overhead and data transfer time of each communication operation: 

𝑇𝑐𝑜𝑚𝑚𝑔𝑟𝑎𝑑
= ∑ (𝑡𝑠𝑡𝑎𝑟𝑡𝑢𝑝 + 𝑡𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟(𝑠𝑖))

𝐿

𝑖=1
  (14) 

Here, the accumulated startup overhead ∑ 𝑡𝑠𝑡𝑎𝑟𝑡𝑢𝑝 = 𝐿 × 𝑡𝑠𝑡𝑎𝑟𝑡𝑢𝑝
𝐿

𝑖=1
 increases line-

arly with the number of layers, resulting in considerable fixed communication overhead. 

Moreover, 𝑇𝑢𝑝𝑑𝑎𝑡𝑒𝑣𝑎𝑟
 denotes the time for each node to independently update all model 

parameters, without exploiting the structure of gradient synchronization and parameter 

updates to reduce redundant computation. 

Therefore, the goal of MRA is to design a reorganized training workflow whose total 

time 𝑇𝑀𝑅𝐴 is significantly lower than 𝑇𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑. This is achieved through gradient fusion 

and workflow reorganization. 
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The MRA algorithm first introduces a gradient fusion mechanism. After backpropa-

gation is completed, it does not initiate communication for the gradients of each layer 

separately. Instead, it flattens and concatenates the gradients of all trainable parameters 

into a single contiguous tensor, and then performs one Ring-Allreduce operation on the 

fused tensor. This design merges numerous small communication operations into one 

large-scale communication operation, reducing startup overhead and improving network 

bandwidth utilization. 

4.2.2. Communication–Computation Fusion Workflow 

MRA integrates gradient fusion, Reduce-Scatter, sharded parameter updates, and 

All-Gather into a unified communication–computation workflow while maintaining full-

model replicas for synchronous data-parallel training. Although these operations are 

closely related to ZeRO-based optimization, MRA focuses on reducing communication 

overhead and redundant parameter updates. 

Specifically, after backpropagation, local gradients are flattened and fused into a con-

tiguous tensor. Reduce-Scatter aggregates and partitions the gradients across workers. 

Each worker then updates only its assigned parameter shard using the corresponding gra-

dient shard and locally maintained optimizer states. For SGD with momentum, each 

shard owner maintains its corresponding momentum buffers, avoiding redundant opti-

mizer-state updates and replication. Finally, All-Gather synchronizes the updated param-

eter shards to reconstruct identical full-model replicas before the next forward pass. 

As illustrated in Figure 6, unlike conventional data-parallel training, where each 

worker independently updates the complete model after gradient synchronization, MRA 

performs partitioned updates between Reduce-Scatter and All-Gather. This workflow re-

duces redundant update computation while ensuring parameter consistency across work-

ers. 

 

Figure 6. Comparison of Conventional and MRA Synchronous Update Workflows. 
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4.2.3. Algorithm Execution Workflow 

The complete execution workflow of MRA is illustrated in Algorithm 2, which inte-

grates gradient aggregation, sharded parameter updates, and parameter synchronization 

to reduce communication overhead and redundant computation. In each training itera-

tion, each worker obtains its globally aggregated gradient shard and updates the corre-

sponding parameter shard using its locally maintained optimizer states. The updated pa-

rameter shards are then synchronized through All-Gather to reconstruct identical full-

model replicas across all workers. Since each shard has a unique update owner and the 

next forward pass begins only after synchronization, parameter consistency is guaranteed. 

Combined with IDAT’s sample-weighted gradient aggregation, this mechanism preserves 

the global-batch optimization objective despite unequal local batch sizes. 

Algorithm 2: Merge-Ring-Allreduce Algorithm 

Initialization: Number of training epochs 𝐸, n umber of i terations per e poch  𝑇,  

and the deep learning model to be trained 𝑀. 

1:  for 𝑒 = 1 to 𝐸 do 

2:     for 𝑖 = 1 to 𝑇 do 

3:     Stage 1: Local computation 

4:     𝑏𝑎𝑡𝑐ℎ ← 𝐷𝑎𝑡𝑎𝐿𝑜𝑎𝑑𝑒𝑟. 𝑛𝑒𝑥𝑡() 

5:     𝑙𝑜𝑠𝑠 ← 𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑃𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛(𝑀, 𝑏𝑎𝑡𝑐ℎ) 

6:     𝐵𝑎𝑐𝑘𝑤𝑎𝑟𝑑𝑃𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛(𝑙𝑜𝑠𝑠) 

7:     Stage 2: Communication-computation fusion 

8:     𝐺 ← 𝐹𝑢𝑠𝑒𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡𝑠(𝑀. 𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡𝑠) 

9:     𝐺_𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒𝑑 ← 𝑆𝑐𝑎𝑡𝑡𝑒𝑅𝑒𝑑𝑢𝑐𝑒(𝐺) 

10:    𝑈𝑝𝑑𝑎𝑡𝑒𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠𝐿𝑜𝑐𝑎𝑙𝑙𝑦(𝑀. 𝑝𝑎𝑟𝑎𝑚𝑠, 𝐺_𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒𝑑) 

11:    𝑀. 𝑝𝑎𝑟𝑎𝑚𝑠 ← 𝐴𝑙𝑙 − 𝐺𝑎𝑡ℎ𝑒𝑟(𝑀. 𝑝𝑎𝑟𝑎𝑚𝑠) 

12:    end for 

13:  end for 

By integrating gradient fusion and sharded parameter updates, MRA reduces com-

munication startup overhead and redundant full-model update computation. Unlike con-

ventional replicated updates, each worker updates only its assigned parameter partition, 

reducing its update workload while maintaining synchronous training semantics. How-

ever, MRA retains complete model replicas during forward and backward propagation 

and does not inherently reduce parameter-memory requirements. Its primary benefit 

therefore lies in communication and update efficiency rather than memory scalability, and 

the overall speedup remains dependent on computation, communication, and synchroni-

zation overhead. 

5. Experimental Results and Discussion 

5.1. Experimental Setup 

5.1.1. Software and Hardware Environment 

To sufficiently simulate the heterogeneity of computing resources commonly found 

in real-world environments, which is one of the core challenges addressed by the pro-

posed IDAT algorithm, this experiment constructs a distributed GPU cluster with mixed 

hardware configurations. The cluster consists of three physical servers and contains a total 

of five NVIDIA Tesla V100 GPUs (Santa Clara, CA, USA). 

To ensure the reproducibility of the experimental results and the fairness of compar-

ison, all servers are deployed with a unified software stack. The detailed hardware and 

software configurations of the experimental platform are shown in Table 1. 
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Table 1. Hardware and software configurations of the experimental platform. 

Configuration Device 1 Device 2 Device 3 

CPU model 
Intel(R) Core(TM) i7-9800 @3.80 

GHz 

Intel(R) Core(TM) i9-

10850K@ 3.60 GHz 

Intel(R) Core(TM) i9-

10850K@ 3.60 GHz 

Memory capacity 94 GB 62 GB 62 GB 

GPU model 
Tesla V100-PCIE 32G, Tesla V100-

SXM2, 16G 

Tesla V100-DGXS 32G, Tesla 

V100-DGXS 32G 
Tesla V100-SXM3 32G 

CUDA version 11.2 11.2 11.2 

cuDNN version 8.6 8.6 8.6 

Operating system Ubuntu 18.04 Ubuntu 18.04  Ubuntu 18.04  

Python version 3.8 3.8 3.8 

PyTorch version 1.12.1 1.12.1 1.12.1 

5.1.2. Evaluation Models and Datasets 

To comprehensively evaluate the performance of the proposed algorithm under dif-

ferent computation and communication workloads, this study selects three representative 

convolutional neural network models in the field of computer vision: ResNet-50, AlexNet, 

and VGG-16. These models differ significantly in terms of parameter size and floating-

point operations, making them suitable for evaluating the adaptability of the proposed 

optimization algorithm to compute-intensive, communication-intensive, and mixed 

workloads. 

The key characteristics of the evaluated models are summarized in Table 2. AlexNet 

and VGG-16 contain a large number of parameters and therefore impose higher band-

width demands during training, making them representative communication-intensive 

models. ResNet-50 has a moderate parameter size, but its computational cost is signifi-

cantly higher than that of AlexNet, making it more compute-intensive. VGG-16 has both 

high parameter size and high computational cost, placing greater demands on the distrib-

uted training system. Evaluating these models with different characteristics enables a 

more comprehensive assessment of the optimization performance and generalization abil-

ity of the proposed algorithm. 

Table 2. Basic Information of the Experimental Models. 

Network Model Trainable Parameters Computational MACs 

ResNet-50 25.6 M 4.1 G 

AlexNet 61.1 M 0.77 G 

Vgg-16 138.4 M 15.6 G 

To verify the stability and effectiveness of the algorithm under different data scales, 

two widely used image classification datasets, CIFAR-10 and Mini-ImageNet, are used in 

the experiments. CIFAR-10 contains 60,000 color images of size 32 × 32 from 10 classes, 

with a total size of approximately 177 MB. It is suitable for algorithm prototype validation 

and ablation studies. Mini-ImageNet is a subset of ImageNet and contains 60,000 images 

from 100 classes, with a data size of approximately 3 GB. It places higher demands on 

computing resources, I/O performance, and distributed communication efficiency, and is 

therefore used to evaluate the practical effectiveness of the proposed method on larger-

scale tasks. 

5.1.3. Baselines and Evaluation Metrics 

To evaluate the effectiveness of the proposed framework, we select three representa-

tive methods as experimental baselines: native PyTorch DistributedDataParallel (DDP), 
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Horovod, and Dynamic Load Balancing (DLB). PyTorch DDP and Horovod represent 

conventional synchronous data-parallel training frameworks employing gradient bucket-

ing and tensor fusion, respectively. DLB serves as a direct load-balancing baseline for 

evaluating the effectiveness of IDAT in mitigating computational imbalance across heter-

ogeneous workers. To distinguish the individual and combined contributions of IDAT 

and MRA, four configurations are evaluated within the PyTorch DDP and Horovod 

frameworks: Native, IDAT-only, MRA-only, and IDAT+MRA. All configurations use con-

sistent hardware settings, global batch sizes, optimizer settings, and training hyperparam-

eters. 

To assess statistical reliability, each configuration included in the repeated-run eval-

uation is independently executed five times under consistent experimental conditions. 

Training time and convergence accuracy are reported as mean ± standard deviation, and 

95% confidence intervals are calculated for the mean training time. For the IDAT compar-

isons, statistical significance is assessed using a two-sided paired t-test against the corre-

sponding native PyTorch DDP or Horovod baseline, with 𝑝 < 0.05 indicating statistical 

significance. Paired runs use identical random seeds and controlled disturbance settings 

to reduce experimental variability. These evaluations provide a consistent basis for as-

sessing the reproducibility and performance improvements of the proposed methods. 

This study adopts metrics from three perspectives: overall efficiency, fine-grained 

runtime behavior, and final training effectiveness. First, system throughput measures the 

number of training samples processed per unit time and is defined as 

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑡 =  
𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒

𝑡𝑖𝑚𝑒
  (15) 

where 𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒 denotes the training batch size, and 𝑡𝑖𝑚𝑒 denotes the corresponding 

elapsed time. This metric is mainly used during parameter tuning to determine the global 

batch size that can fully utilize the cluster hardware resources. 

Second, speedup measures the efficiency improvement of the optimized method over 

the baseline method and is defined as 

𝑆 =
𝑇𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

𝑇𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑
  (16) 

where 𝑇𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 denotes the training time of the baseline method, and 𝑇𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑denotes 

the training time after applying the proposed optimization algorithm. When 𝑆 > 1, the 

optimized method improves training efficiency. 

In addition, single-iteration time profiling is used to analyze the time distribution 

across different stages of the algorithm, including computation time, communication 

time, and synchronization waiting time on each GPU node. This metric reveals how IDAT 

reduces synchronization waiting and how MRA lowers communication and parameter 

update overhead. 

Finally, time-to-accuracy (TTA) and model convergence accuracy are used to evalu-

ate the practical training effectiveness of the proposed method. TTA is measured based 

on the actual cumulative wall-clock training time, rather than the number of training iter-

ations. Specifically, for a predefined target accuracy 𝐴target, TTA is defined as 

𝑇𝑇𝐴(𝐴target) = 𝑚𝑖𝑛{𝑡 ∣ 𝐴val(𝑡) ≥ 𝐴target}, (17) 

where 𝐴val(𝑡) denotes the validation accuracy measured at cumulative wall-clock time 𝑡. 

For the CIFAR-10 experiments, the target accuracies are consistently set to 85% for Res-

Net-50, 82% for AlexNet, and 85% for VGG-16. The same target accuracy is applied to all 

configurations of a given model to ensure a fair comparison. 
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5.2. Hyperparameter Sensitivity Analysis 

This section examines the effects of the global batch size and the time-variation 

threshold on training performance. First, using ResNet-50 and CIFAR-10 as examples, we 

evaluate the system throughput under different global batch sizes. As shown in Figure 7, 

the throughput increases with the batch size and reaches its peak at a global batch size of 

512. 

 

Figure 7. Cluster throughput under different training batch sizes. 

We then investigate the effect of the time-variation threshold on the performance of 

IDAT. Under a fixed experimental setup, the threshold is varied in increments of 1 per-

centage point, and the corresponding training speedup is recorded. As shown in Figure 8, 

the speedup steadily increases as the threshold rises from 0% to 10%, indicating that a 

properly selected threshold can reduce frequent batch adjustments caused by transient 

performance fluctuations. When the threshold exceeds 10%, the speedup gradually de-

clines, and no further improvement is observed beyond 22%. These results show that a 

threshold of 10% provides a good balance between responsiveness to changes in node 

performance and the overhead of batch adjustment. 

 

Figure 8. Relationship between Time Volatility Threshold and Speedup Ratio of IDAT Algorithm. 

5.3. IDAT Performance Evaluation 

After completing the experimental setup and hyperparameter tuning, this section 

evaluates the performance of the proposed intra-iteration dynamic batch adjustment 

(IDAT) algorithm under heterogeneous and dynamically varying workloads. To emulate 

resource contention in shared computing environments, small random sleep delays are 

introduced at different nodes during training iterations. The performance of IDAT is com-

pared with native PyTorch DDP, Horovod, and the existing DLB method. 
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5.3.1. Performance Under Different Models and Frameworks 

Experiments are conducted on CIFAR-10 using ResNet-50, AlexNet, and VGG-16, 

which exhibit different computational and communication characteristics. Figures 9–14 

present the experimental results for these three models. Specifically, Figures 9, 11 and 13 

present the average iteration time in the 50th epoch, where the bars denote the time con-

sumed by each training stage and labels ending in “IDAT” indicate the corresponding 

optimized framework. 

As shown in these figures, native synchronous training suffers from considerable 

waiting time before gradient synchronization because of differences in node processing 

speeds. After IDAT is applied, the local batch sizes are adjusted according to the observed 

processing rates, allowing faster nodes to undertake more samples. Consequently, the 

computation times across nodes become more balanced, and the synchronization waiting 

time is substantially reduced. 

Figures 10, 12 and 14 further compare the average iteration time during training. 

Across all three models, PyTorch-IDAT and Horovod-IDAT achieve lower iteration times 

than the corresponding native frameworks and the DLB-based methods. Moreover, the 

IDAT curves fluctuate less than the DLB curves, indicating that intra-iteration adjustment 

responds more promptly to short-term workload changes than epoch-level adjustment 

and provides more stable performance gains. 

 

Figure 9. Analysis Diagram of Per-Iteration Time Consumption for ResNet-50 (CIFAR-10 Dataset). 

 

Figure 10. Comparison of Average Time per Iteration for ResNet-50 (CIFAR-10). 
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Figure 11. Analysis Diagram of Per-Iteration Time Consumption for AlexNet (CIFAR-10 Dataset). 

A comparison across models shows that AlexNet and VGG-16 have a higher propor-

tion of gradient synchronization time than ResNet-50. This is mainly because their larger 

numbers of trainable parameters produce larger gradients and increase the communica-

tion volume. These results confirm that IDAT effectively reduces synchronization over-

head across different model architectures and training frameworks. 

 

Figure 12. Comparison of Average Time per Iteration for AlexNet (CIFAR-10). 

 

Figure 13. Analysis Diagram of Per-Iteration Time Consumption for VGG-16 (CIFAR-10 Dataset). 
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Figure 14. Comparison of Average Time per Iteration for VGG-16 (CIFAR-10). 

5.3.2. Performance Quantification and Generalization Ability on Datasets of Different 

Scales 

Tables 3 and 4 quantitatively evaluate the performance of IDAT on CIFAR-10 and 

Mini-ImageNet, respectively. To assess whether the observed performance improvements 

are robust to runtime variation, each experimental configuration was independently re-

peated five times. Training time and convergence accuracy are reported as the mean ± 

standard deviation, and 95% confidence intervals are additionally calculated for the mean 

training time. An asterisk (*) denotes a statistically significant reduction in training time 

relative to the corresponding native framework according to a two-sided paired t-test (𝑝 <

0.05). 

As shown in Table 3, IDAT consistently reduces the training time of ResNet-50, 

AlexNet, and VGG-16 under both PyTorch DDP and Horovod. Compared with the corre-

sponding native frameworks, IDAT achieves mean speedups of approximately 1.03×–

1.04× and generally outperforms DLB. Although the absolute improvement is relatively 

modest, the reductions in training time are consistent across the five independent runs 

and statistically significant under the evaluated configurations, indicating that the ob-

served gains are not dominated by normal run-to-run variation. Meanwhile, the conver-

gence accuracy remains nearly unchanged after IDAT is applied, demonstrating that dy-

namic workload adjustment improves training efficiency without materially affecting 

model convergence. 

Table 3. Training Time (s) and Accuracy (%) on CIFAR-10 over Five Independent Runs (Mean ± 

Standard Deviation). 

Method 
ResNet-50 

Time (s) 
Accuracy (%) 

AlexNet Time 

(s) 
Accuracy (%) 

VGG-16 Time 

(s) 
Accuracy (%) 

PyTorch 699.1 ± 4.2 85.36 ± 0.04 445.7 ± 3.1 82.67 ± 0.05 1654.1 ± 12.3 86.03 ± 0.03 

PyTorch-DLB 686.6 ± 5.7 85.35 ± 0.05 439.8 ± 3.8 82.66 ± 0.04 1627.7 ± 15.1 86.02 ± 0.04 

PyTorch-IDAT 673.9 ± 3.5 * 85.35 ± 0.04 433.2 ± 2.9 * 82.67 ± 0.03 1596.2 ± 10.8 * 86.03 ± 0.03 

Horovod 454.4 ± 3.3 85.36 ± 0.03 289.7 ± 2.4 82.66 ± 0.04 1075.2 ± 9.6 86.03 ± 0.02 

Horovod-DLB 447.2 ± 4.1 85.33 ± 0.04 286.3 ± 2.8 82.63 ± 0.05 1059.2 ± 11.2 86.03 ± 0.03 

Horovod-IDAT 440.3 ± 2.8 * 85.36 ± 0.03 282.2 ± 2.1 * 82.65 ± 0.04 1041.9 ± 8.7 * 86.02 ± 0.03 

Note: Bold values indicate the shortest training time for each model within the corresponding frame-

work. * indicates a statistically significant difference compared with the corresponding native base-

line (paired t-test, p < 0.05). 
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Table 4 presents the training performance of different methods on the Mini-ImageNet 

dataset. Compared with the corresponding native PyTorch DDP and Horovod baselines, 

IDAT consistently reduces training time across ResNet-50, AlexNet, and VGG-16, achiev-

ing speedups of approximately 1.03×–1.04×. The results indicate that iteration-level dy-

namic batch adjustment can effectively mitigate synchronization delays caused by heter-

ogeneous worker performance. Moreover, the relatively small variations in convergence 

accuracy suggest that IDAT maintains comparable model performance while improving 

training efficiency. Together with the CIFAR-10 results in Table 3, these findings demon-

strate consistent training-time improvements across different model architectures and da-

taset scales. Although the gains under the evaluated cluster are relatively modest, they 

are consistent with the moderate degree of computational heterogeneity, which limits the 

potential reduction in synchronization waiting time. 

Table 4. Training Time (min) and Accuracy (%) on Mini-ImageNet over Five Independent Runs 

(Mean ± Standard Deviation). 

Method 
ResNet-50 

Time (min) 
Accuracy (%) 

AlexNet Time 

(min) 
Accuracy (%) 

VGG-16 Time 

(min) 
Accuracy (%) 

PyTorch 238.6 ± 2.1 76.32 ± 0.06 153.6 ± 1.4 63.36 ± 0.05 429.6 ± 4.8 83.56 ± 0.04 

PyTorch-DLB 233.6 ± 2.5 76.30 ± 0.05 151.3 ± 1.7 63.36 ± 0.04 421.5 ± 5.3 83.53 ± 0.05 

PyTorch-IDAT 229.3 ± 1.9 * 76.31 ± 0.04 148.9 ± 1.3 * 63.36 ± 0.04 413.7 ± 4.2 * 83.55 ± 0.04 

Horovod 149.2 ± 1.6 76.30 ± 0.05 91.6 ± 1.1 63.35 ± 0.04 256.2 ± 3.7 83.53 ± 0.04 

Horovod-DLB 146.5 ± 1.8 76.31 ± 0.04 90.4 ± 1.2 63.33 ± 0.05 251.8 ± 3.9 83.53 ± 0.04 

Horovod-IDAT 144.3 ± 1.5 * 76.32 ± 0.03 88.9 ± 1.0 * 63.36 ± 0.03 248.0 ± 3.3 * 83.53 ± 0.03 

Note: Bold values indicate the shortest training time for each model within the corresponding frame-

work. * indicates a statistically significant difference compared with the corresponding native base-

line (paired t-test, p < 0.05). 

The results in Tables 3 and 4 show that IDAT consistently achieves approximately 

1.03×–1.04× speedup over the native baselines. Although the improvements are relatively 

modest, the five-run statistical analysis provides evidence of their reproducibility under 

the evaluated cluster configuration. The limited gains primarily reflect the moderate ef-

fective heterogeneity of the physical cluster, where synchronization imbalance is rela-

tively small. As further investigated in Section 5.3.3, the benefit of IDAT increases with 

greater inter-worker performance disparities. 

5.3.3. Performance Under Increasing Degrees of Heterogeneity 

To investigate the sensitivity of IDAT to worker-performance disparities, controlled 

delays are introduced into the second GPU of Node 1, with the injected sleep time increas-

ing in 2 ms increments. This experiment simulates straggler-induced synchronization de-

lays while keeping the remaining training configurations unchanged. 

As shown in Figure 15, IDAT achieves greater speedups as the injected delay in-

creases. Under moderate heterogeneity, the synchronization imbalance is limited, result-

ing in approximately 3–4% improvement. With increasing delays, IDAT reallocates sam-

ples from slower to faster workers, reducing synchronization waiting. These results sup-

port the effectiveness of dynamic batch adjustment under controlled computational im-

balance. Nevertheless, delay injection does not capture all characteristics of real hardware 

heterogeneity, such as memory bandwidth differences, GPU architectural variations, and 

network contention. Further validation on larger heterogeneous clusters remains neces-

sary. 
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Figure 15. Variation in Speedup Ratio for IDAT Algorithm under Extreme Heterogeneous Environ-

ments. 

5.4. MRA Communication Optimization and Joint Performance Evaluation 

5.4.1. Acceleration Performance Across Different Models and Frameworks 

After evaluating the load-balancing effectiveness of IDAT in Section 5.3, this section 

focuses on the communication optimization provided by MRA and its complementary 

effect when combined with IDAT. To avoid ambiguity between the contributions of the 

two components, the experiments are organized into two comparison levels. First, an 

MRA-only comparison is performed between the native PyTorch DDP/Horovod configu-

rations and their corresponding MRA-enabled configurations, thereby evaluating the per-

formance gain attributable specifically to communication and parameter-update optimi-

zation. Second, a joint incremental comparison is performed between the IDAT-only con-

figurations and the corresponding IDAT+MRA configurations, which quantifies the addi-

tional benefit provided by MRA after computational load imbalance has been mitigated 

by IDAT. 

Accordingly, the experimental configurations are explicitly denoted as Native, IDAT, 

MRA, and IDAT+MRA for each training framework. The Native configuration uses the 

original framework without either proposed optimization; IDAT enables only dynamic 

batch adjustment; MRA enables only the communication-update optimization; and 

IDAT+MRA enables both components. This configuration separation ensures that the in-

dividual and combined contributions of IDAT and MRA can be evaluated independently 

and avoids ambiguity in interpreting the reported training times. The corresponding ex-

perimental results are presented in Figures 16–21. 

As shown in Figures 16, 18 and 20, the comparison between the Native and MRA 

configurations demonstrates the direct effect of MRA on the communication-update 

workflow. MRA substantially reduces gradient synchronization and parameter-update 

overhead. This improvement is mainly attributed to two mechanisms. First, gradient fu-

sion combines multiple small communication operations into a larger collective operation, 

thereby reducing repeated communication startup overhead. Second, the sharded update 

mechanism distributes parameter-update computation across nodes and eliminates re-

dundant full-model updates on each worker. 

In addition, the comparison between IDAT and IDAT+MRA shows that MRA con-

tinues to provide performance gains after IDAT has reduced inter-node computational 

imbalance. This observation confirms that IDAT and MRA address different components 

of the iteration critical path: IDAT primarily reduces synchronization waiting caused by 

heterogeneous computation, whereas MRA reduces communication and parameter-up-

date overhead. 
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To directly evaluate the practical end-to-end training efficiency of MRA, Figures 17, 

19 and 21 plot validation accuracy against the actual cumulative wall-clock training time, 

rather than the number of training iterations. The target accuracies are consistently de-

fined as 85% for ResNet-50, 82% for AlexNet, and 85% for VGG-16, and the same threshold 

is applied to all configurations of each model. TTA is measured as the first wall-clock time 

at which the validation accuracy reaches or exceeds the corresponding target threshold. 

The quantitative results of MRA and its joint optimization with IDAT are summa-

rized in Tables 5–7, covering training efficiency, convergence accuracy, and time-to-accu-

racy performance. The quantitative TTA results are summarized in Table 7. For ResNet-

50, MRA reduces TTA from 582 s to 415 s under PyTorch DDP and from 381 s to 279 s 

under Horovod, corresponding to reductions of 28.7% and 26.8%, respectively. For 

AlexNet, TTA decreases from 376 s to 237 s under PyTorch DDP and from 247 s to 161 s 

under Horovod, yielding reductions of 37.0% and 34.8%, respectively. For VGG-16, MRA 

reduces TTA from 1392 s to 901 s under PyTorch DDP and from 912 s to 621 s under 

Horovod, corresponding to reductions of 35.3% and 31.9%, respectively. Overall, MRA 

reduces time-to-accuracy by 26.8–37.0% across the evaluated configurations. Meanwhile, 

the final convergence accuracy remains essentially unchanged, as shown in Table 5. These 

results indicate that MRA does not obtain training acceleration by relaxing the conver-

gence target. Instead, by reducing communication startup overhead and redundant pa-

rameter-update computation, MRA enables the same optimization progress to be 

achieved in less wall-clock time. 

 

Figure 16. Breakdown of Single-Iteration Time for ResNet-50 (CIFAR-10, MRA). 

 

Figure 17. Validation accuracy versus wall-clock training time for ResNet-50 (CIFAR-10, MRA). 
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Figure 18. Breakdown of Single-Iteration Time for AlexNet (CIFAR-10, MRA). 

 

Figure 19. Validation accuracy versus wall-clock training time for AlexNet (CIFAR-10, MRA). 

 

Figure 20. Breakdown of Single-Iteration Time for VGG-16 (CIFAR-10, MRA). 
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Figure 21. Validation accuracy versus wall-clock training time for VGG-16 (CIFAR-10, MRA). 

5.4.2. Quantitative Performance and Generalization Across Dataset Scales 

To evaluate the individual and joint contributions of IDAT and MRA, Tables 5 and 6 

compare the training time and convergence accuracy of four configurations (Native, 

IDAT-only, MRA-only, and IDAT+MRA) on CIFAR-10 and Mini-ImageNet. The results 

show that IDAT alone achieves approximately 1.03×–1.04× speedup through adaptive 

workload balancing, whereas MRA provides greater acceleration by reducing gradient 

communication overhead and redundant parameter updates. Their combination consist-

ently achieves the shortest training time across all evaluated configurations. Specifically, 

IDAT+MRA achieves speedups of 1.41×–1.64× on CIFAR-10 and 1.44×–1.82× on Mini-

ImageNet, yielding an overall end-to-end speedup of 1.41×–1.82× over the corresponding 

native baselines. 

Table 5. Training Time (s) and Accuracy (%) of Different Optimization Configurations on CIFAR-

10. 

Framework Configuration 
ResNet-50 

Time (s) 
Accuracy (%) AlexNet Time (s) Accuracy (%) 

PyTorch DDP Native 699.1 85.36 445.7 82.67 

PyTorch DDP IDAT 673.9 85.35 433.2 82.67 

PyTorch DDP MRA 495.3 85.37 279.8 82.66 

PyTorch DDP IDAT+MRA 478.0 85.36 272.2 82.66 

Horovod Native 454.4 85.36 289.7 82.66 

Horovod IDAT 440.3 85.36 282.2 82.65 

Horovod MRA 331.8 85.35 189.2 82.66 

Horovod IDAT+MRA 321.5 85.35 184.3 82.65 

Note: Bold values highlight the results obtained using the proposed joint IDAT+MRA optimization 

method. 

Table 6. Training Time (min) and Accuracy (%) of Different Optimization Configurations on the 

Mini-ImageNet Dataset. 

Framework Configuration 
ResNet-50 

Time (min) 
Accuracy (%) 

AlexNet Time 

(min) 
Accuracy (%) 

PyTorch DDP Native 238.6 76.32 153.6 63.36 

PyTorch DDP IDAT 229.3 76.31 148.9 63.36 

PyTorch DDP MRA 136.2 76.31 92.5 63.36 

PyTorch DDP IDAT+MRA 130.9 76.31 89.7 63.35 
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Horovod Native 149.2 76.30 91.6 63.35 

Horovod IDAT 144.3 76.32 88.9 63.36 

Horovod MRA 106.9 76.32 58.8 63.34 

Horovod IDAT+MRA 103.4 76.31 57.1 63.34 

Note: Bold values highlight the results obtained using the proposed joint IDAT+MRA optimization 

method. 

The performance gains vary with model-specific computation and communication 

characteristics. MRA is particularly effective for communication-intensive workloads, 

while IDAT primarily mitigates synchronization delays caused by heterogeneous worker 

performance. Their complementary effects explain the additional acceleration achieved 

by the joint framework. Furthermore, Tables 5 and 6 show that the final convergence ac-

curacy remains comparable across all configurations, indicating that IDAT+MRA im-

proves training efficiency without noticeable degradation in model accuracy. 

As shown in Table 7, both IDAT and MRA reduce the wall-clock time required to 

reach the predefined target accuracy, although their contributions differ substantially. 

IDAT alone provides a moderate but consistent reduction in TTA. Under PyTorch DDP, 

the TTA decreases from 582 s to 561 s for ResNet-50, from 376 s to 365 s for AlexNet, and 

from 1392 s to 1343 s for VGG-16. Similar improvements are observed under Horovod, 

where the corresponding TTA values decrease from 381 s to 369 s, from 247 s to 241 s, and 

from 912 s to 884 s, respectively. These results are consistent with the approximately 3–

4% training-time improvement of IDAT reported in Section 5.3. 

Table 7. Time-to-Accuracy (TTA) on CIFAR-10 under Different Optimization Configurations. 

Framework Configuration 
ResNet-50 TTA (s), 

85% 

AlexNet TTA 

(s), 82% 

VGG-16 TTA 

(s), 85% 

PyTorch DDP Native 582 376 1392 

PyTorch DDP IDAT 561 365 1343 

PyTorch DDP MRA 415 237 901 

PyTorch DDP IDAT+MRA 401 231 871 

Horovod Native 381 247 912 

Horovod IDAT 369 241 884 

Horovod MRA 279 161 621 

Horovod IDAT+MRA 270 157 602 

Note: Bold values highlight the results obtained using the proposed joint IDAT+MRA optimization 

method. 

MRA provides a more pronounced reduction in TTA because it directly reduces gra-

dient communication and parameter-update overhead. Under PyTorch DDP, MRA re-

duces TTA to 415 s, 237 s, and 901 s for ResNet-50, AlexNet, and VGG-16, respectively. 

Under Horovod, the corresponding values decrease to 279 s, 161 s, and 621 s. The larger 

improvement observed for AlexNet and VGG-16 is consistent with their greater sensitiv-

ity to communication and parameter-update overhead. 

More importantly, the complete IDAT+MRA configuration achieves the lowest TTA 

across all evaluated models and frameworks. Under PyTorch DDP, IDAT+MRA reaches 

the predefined target accuracy in 401 s, 231 s, and 871 s for ResNet-50, AlexNet, and VGG-

16, respectively. Under Horovod, the corresponding TTA values are further reduced to 

270 s, 157 s, and 602 s. These results demonstrate that the computation-side workload 

balancing provided by IDAT remains complementary to the communication-side optimi-

zation provided by MRA. 
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5.5. Validation on Aerospace Workloads 

Although the preceding experiments demonstrate the effectiveness of IDAT and 

MRA across different neural network architectures and dataset scales, CIFAR-10 and 

Mini-ImageNet are general-purpose computer vision benchmarks and therefore cannot 

directly demonstrate the applicability of the proposed framework to aerospace-related 

workloads. To address this limitation, we further evaluate the proposed framework on 

two representative learning tasks: automatic modulation recognition (AMR) based on I/Q 

communication signals and SAR ship detection based on remote-sensing imagery [31,32]. 

These tasks involve substantially different data modalities, model architectures, and opti-

mization characteristics, enabling us to evaluate whether the proposed computation- and 

communication-side optimizations generalize beyond conventional image classification. 

5.5.1. Automatic Modulation Recognition 

Automatic modulation recognition is an important signal-processing task for intelli-

gent wireless receivers and is relevant to signal perception, spectrum monitoring, adap-

tive transmission, and interference identification in space communication systems. To 

construct a representative communication-signal learning workload, we use the RadioML 

2016.10A dataset. The dataset contains 11 modulation types over SNR levels ranging from 

−20 dB to +18 dB, with each sample represented by a 128-point two-channel in-

phase/quadrature (I/Q) sequence. 

A 1D-CNN-based classifier is employed to extract temporal and local features from 

the I/Q sequences. The model is trained for 80 epochs with a global batch size of 512. To 

ensure a fair comparison, the same model architecture, global batch size, optimizer, learn-

ing-rate configuration, and convergence criterion are maintained across all experiments. 

Four distributed training configurations are evaluated: PyTorch DDP (Native), PyTorch-

IDAT, PyTorch-MRA, and PyTorch-IDAT+MRA. Total training time, speedup relative to 

native PyTorch DDP, synchronization waiting time per iteration, and final classification 

accuracy are recorded. 

5.5.2. SAR Ship Detection 

SAR ship detection is a representative aerospace remote-sensing task with important 

applications in maritime surveillance, target monitoring, and situational awareness. Re-

cent studies have demonstrated the effectiveness of enhanced YOLO architectures for 

small-ship detection and oriented detection architectures based on edge deformable con-

volution and point-set representations for handling arbitrary ship orientations and geo-

metric variations. These learning-based approaches also introduce substantial computa-

tion and parameter-synchronization workloads during distributed model training. 

To evaluate the proposed framework on an aerospace remote-sensing workload, we 

employ a SAR ship detection dataset containing 1160 SAR images and 2536 annotated 

ship instances and adopt YOLOv5s as the detection model. The model is trained for 100 

epochs with a global batch size of 64. The Native, IDAT, MRA, and IDAT+MRA configu-

rations use identical model architectures and training hyperparameters. Total training 

time, speedup, synchronization waiting time per iteration, and mean average precision 

are used as evaluation metrics. 

5.5.3. Acceleration Performance on Aerospace-Related Tasks 

Table 8 shows consistent optimization trends across the two aerospace-related work-

loads. For RadioML AMR, IDAT reduces the training time from 827.3 s to 796.5 s and the 

synchronization waiting time from 12.6 ms to 5.8 ms per iteration, while MRA achieves a 

1.35× speedup. Combining IDAT and MRA further reduces the training time to 589.7 s, 

yielding a 1.40× speedup, with the classification accuracy remaining within 92.12–92.15%. 
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For SAR ship detection, IDAT reduces the synchronization waiting time from 18.3 ms to 

8.7 ms, while MRA achieves a 1.35× speedup. The complete IDAT+MRA configuration 

reduces the training time from 41.2 min to 29.3 min, corresponding to a 1.41× speedup, 

while maintaining mAP within 76.79–76.85%. 

Table 8. Performance Comparison on Aerospace Learning Workloads. 

Workload Configuration Training Time 
Speedup vs. Na-

tive 
Sync. Wait Task Performance 

RadioML AMR 

Native 827.3 s 1.00× 12.6 ms 92.14% 

IDAT 796.5 s 1.04× 5.8 ms 92.12% 

MRA 612.4 s 1.35× 12.1 ms 92.15% 

IDAT+MRA 589.7 s 1.40× 5.5 ms 92.13% 

SAR Ship Detection 

Native 41.2 min 1.00× 18.3 ms 76.82% 

IDAT 39.7 min 1.04× 8.7 ms 76.79% 

MRA 30.5 min 1.35× 17.8 ms 76.85% 

IDAT+MRA 29.3 min 1.41× 8.2 ms 76.81% 

Note: Bold values highlight the results obtained using the proposed joint IDAT+MRA optimization 

method. 

These results confirm the complementary roles of IDAT and MRA: IDAT mitigates 

synchronization waiting caused by computational heterogeneity, whereas MRA reduces 

communication and parameter-update overhead. Their combination consistently achieves 

the best training efficiency without degrading task performance. The consistent gains on 

both I/Q signal classification and SAR object detection further demonstrate the applicabil-

ity of the proposed framework beyond conventional image classification to communica-

tion-signal processing and aerospace remote-sensing workloads. 

6. Conclusions 

In this paper, we investigate the efficiency of synchronous data-parallel training in 

heterogeneous clusters and propose a joint optimization framework integrating IDAT for 

dynamic workload balancing and MRA for communication and parameter-update opti-

mization. IDAT dynamically adjusts local batch sizes according to worker processing ca-

pabilities, while MRA reorganizes gradient synchronization and sharded parameter up-

dates to reduce communication and redundant computation overhead. Experiments us-

ing ResNet-50, AlexNet, and VGG-16 on CIFAR-10 and Mini-ImageNet demonstrate the 

complementary benefits of the two mechanisms. IDAT achieves approximately 1.03×–

1.04× speedup over the native baselines, while the complete IDAT+MRA framework 

achieves 1.41×–1.82× speedup with comparable convergence accuracy. Additional exper-

iments on RadioML modulation recognition and SAR ship detection achieve approxi-

mately 1.40× and 1.41× speedup, respectively, further demonstrating applicability to aer-

ospace-related workloads. Nevertheless, the current evaluation is limited to a relatively 

small heterogeneous cluster, and direct comparisons with ZeRO and FSDP remain to be 

conducted. Future work will focus on larger heterogeneous clusters, systematic compari-

sons with modern distributed-training frameworks, and additional space communication 

tasks, including channel estimation, interference detection, and beam management. 
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