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1. Introduction 

As the number of parameters in neural networks increases uncontrollably, computation and communication 
become dominant bottlenecks in the training process. As neural networks grow from millions to billions of 
parameters, transmitting gradient tensors through network interconnects between workers becomes 
proportionally expensive [1]. Gradient compression, or reducing communication per training step without 
sacrificing convergence, can be used to mitigate these bottlenecks. 
Sparse gradient methods only transmit gradient components that are above a threshold of a certain size, discard 
others, and locally accumulate those components using an error feedback buffer. Sparse gradient methods, 
originating from Deep Gradient Compression and other work [2][12], can achieve compression rates of 100-600 
with minimal accuracy loss. However, applying these methods to large NLP transformer models poses challenges 
such as diverse gradient distributions among different heads, varying sensitivities across different layers, and high 
memory costs associated with an error feedback buffer proportional to the total size of the network [3]. 
Compute-efficient gradient approximation aims not only at reducing communication volume but also at reducing 
the computational overhead of identifying important gradient components. O(N log N) computation is required to 
achieve top-k accuracy; alternatively, structured block sparsity allows for approximation of top-k in sublinear time 
using the regularities of memory hierarchy [4] [11]. 
This paper introduces FruGrad, a unified framework for compute-efficient sparse gradient training. FruGrad 
reduces both communication volume and computation through structured block sparsity, momentum correction, 
and a dynamic sparsity schedule. FruGrad's contributions include: (i) a block-sparse gradient selector with 
selection complexity O(B log B) per block and O(N) overall compared to O(N log N) per layer for top-k; (ii) a 
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momentum-corrected error feedback mechanism for stable high-sparsity training; (iii) an adaptive progressive 
sparsity schedule aligned with training stages; and (iv) empirical results showing a 2.7x speedup and 56% memory 
reduction at negligible accuracy loss. 
 

2. Related Work 

2.1 Gradient Compression Methods 
Gradient sparsification brings down the communication cost by sending only a part of the gradient components at 
each step and achieving unbiased convergence through error feedback over successive steps [5] [14]. Among them, 
top-K sparsification, quantisation-based QSGD and 1-bit SGD achieved great communication savings in data-
parallel training; personalised federated learning through sparse model adaptation showed that sparse gradients 
do not affect the convergence under heterogeneous data distributions [6]. Finally, federated collaborative learning 
with sparse gradients validated the gradient sparsification in the context of a non-IID scenario under a resource-
constrained environment [7] [13]. 
 
2.2 Memory-Efficient Training 
Apart from the techniques described to alleviate training memory beyond gradient compression, one can also look 
into gradient checkpointing, mixed-precision training, and activation recomputation. More recently ZipNN has 
shown it can achieve 1.5-2x memory bandwidth reduction at no accuracy cost with lossless compression of AI 
weights [8]. Currently, training with FP16 activations and FP32 weight masters has become a common technique 
in which activation memory can be cut in half at the expense of a few cast operations. FruGrad complements all 
these techniques by only addressing gradient memory [10]. 
 
2.3 Structured Sparsity for Hardware Efficiency 
Unstructured sparsity in weights and gradients is difficult to accelerate on current GPU architectures due to erratic 
memory access patterns. Structured sparsity—such as channel pruning, block sparsity, and n:m sparsity 
patterns—aligns the sparse operations with the hardware resources that are already equipped for sparse tensor 
computations [9], enabling an acceleration. The 2:4 structured sparsity supported on NVIDIA Ampere shows that 
structured sparsity patterns allow for a close-to-2x speedup for matrix multiplications, hence this structured 
block-sparse formulation in FruGrad [15]. 
 

3. Proposed Methodology 

3.1 FruGrad Framework Overview 
FruGrad is a drop-in replacement of the default gradient aggregation procedure in data-parallel distributed 
training. At each training step, local gradients are divided into fixed-size blocks, and a lightweight percentile-based 
approximate top-K selector computes high-magnitude components without actual sorting in each block. Selected 
components are transferred to the parameter server or all-reduced, and residuals are accumulated into the block-
local error feedback buffer. The dynamic sparsity schedule increases the block-level sparsity ratio linearly from 
50% at epoch 0 to 94% at epoch N/2 and remains fixed till fine-tuning, as depicted in figure 1. 
 
Figure 1: FruGrad pipeline: block-sparse gradient selection and error feedback 
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3.2 Block-Sparse Gradient Selection 
Each gradient tensor is unrolled and packed into a contiguous chunk of size 𝐵 =  256 at each hardware cache line 
boundary. Within each chunk, find the top-K portion by using a limited partial sort only over the chunk instead of 
globally on each chunk in 𝑂(𝑁/𝐵 𝑙𝑜𝑔 𝐵)  =  𝑂(𝑁 𝑙𝑜𝑔 𝐵), from the original 𝑂(𝑁 𝑙𝑜𝑔 𝑁). Correct the error feedback 
buffers using momentum weighting with the accumulated residuals, which keeps the staleness of gradients and is 
unbiased. The blocks being aligned with the hardware memory layout enables sparse gather/scatter ops to work 
with a lower cache miss penalty. 
 
3.3 Dynamic Sparsity Schedule 
The progressive sparsity schedule is driven by the fact that training at the very beginning requires dense gradient 
information for quick descent from random initialization of the loss, while the fine-tuning phase of training can 
utilize an even stronger compression level. FruGrad has a schedule defined by initial sparsity, maximum sparsity, 
and duration of the ramp (as a fraction of total epochs). Empirical analysis shows that progressive schedules 
achieve 1.2-1.8 accuracy points better than fixed-sparsity baselines given equal communication budgets. 
 

4. Experimental Setup 

4.1 Models, Datasets, and Hardware 
The experiments cover three model-dataset combinations, which are ResNet-50 on ImageNet-1K, BERT-base on 
GLUE, and GPT-2 on WikiText-103. The distributed training experiments are all done with 8 NVIDIA A100 GPUs, 
each interconnected with another using NVLink. This setup provides 600 GB/s peak memory bandwidth between 
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each GPU. Compare this work with dense SGD, top-K sparse gradient (30% density), QSGD quantised gradient, and 
GSGD gossip-based sparse gradient in Table 1. 
 
Table 1: FruGrad vs baselines on Resnet-50/ImageNet-1K 

Method Gradient 
Density (%) 

Memory 
(%dense) 

Speedup (×) Accuracy (%) 

Dense SGD 100 100 1.0× 94.2 
Top-K Sparse 30 68 1.4× 90.1 
QSGD ~25 72 1.6× 91.4 
GSGD ~40 61 1.8× 92.8 
FruGrad (Proposed) 6 44 2.7× 93.6 

 
4.2 Evaluation Metrics 
Accuracy for each task, maximum GPU memory usage in relation to dense baseline, training speedup in relation to 
dense SGD, and the total amount of gradient information passed across nodes for each training step are averaged 
over 3 random seeds. 
 

5. Results and Discussion 

5.1 Main Results 
Full comparative results can be seen in Table 2. FruGrad achieves the optimal trade-off in terms of memory 
overhead (44% compared to dense), speedup (2.7), and accuracy (93.6%), the closest alternative being GSGD 
(61% overhead, 1.8 speedup). Only a 0.6% drop in accuracy from dense SGD implies that momentum-corrected 
error feedback and progressive schedule balance the usual drop in convergence that an aggressive gradient 
sparsification produces. 
 
Table 2: Detailed comparative results (ResNet-50/ImageNet-1K, 8-GPU run) 

Method Memory 
(%dense) 

Speedup (×) Accuracy (%) Comm Volume 
(GB/step) 

Dense SGD 100 1.0× 94.2 4.8 
Top-K Sparse 68 1.4× 90.1 1.44 
QSGD 72 1.6× 91.4 1.92 
GSGD 61 1.8× 92.8 1.60 
FruGrad (Proposed) 44 2.7× 93.6 0.29 

 
5.2 Memory and Speedup Analysis 
Figure 2 presents memory usage and speedup of training for all methods. The bars group shows that both memory 
usage and speedup over others are superior when comparing FruGrad with other methods on both metrics. Figure 
3 shows convergence and speedup trends, showing that the gradual sparsity schedule leads to a smooth accuracy 
curve without the drop seen by using high fixed sparsity from epoch 1. Speedup over baseline varies with model 
size but increases with size. 
 
Figure 2 & 3: Memory usage and speedup comparison across sparse gradient training methods 
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5.3 Ablation Study 
Omitting the momentum correction for the error feedback lowers the accuracy by 2.1 percentage points at 94% 
sparsity, providing evidence that compensating for staleness of the gradient is of importance. Replacing the 
scheduled progression of the training schedule with static 94% sparsity from epoch 1 decreases the accuracy by 
1.8 points, thus emphasizing the necessity of a denser initialization from gradients generated during the earlier 
stages of the training. 
 

6. Conclusion 

In this paper, introduced FruGrad, a computation-efficient gradient approximation framework where training 
memory is reduced by 44% over dense baselines with a 2.7x training speed-up, and 93.6% accuracy is maintained 
at 94% gradient sparsity. Through block-sparse selection, momentum-corrected error feedback and progressive 
sparsity schedules, overcome fundamental issues with previous sparse gradient methods. FruGrad's hardware-
friendly block-sparsity structure and schedule are well adapted to large transformer models when communication 
is the bottleneck. In the future will apply FruGrad to pipeline-parallel configuration and research gradient sparsity 
in a federated learning scenario and combine it with quantisation-aware training for compression at both 
communication and computation levels. 
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