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Abstract. Deep neural network (DNN) training systems suffer from 
communication bottlenecks among workers for gradient synchronization. 
Gradient compression reduces this overhead but impacts model accuracy, 
prompting the use of residuals to compensate for the loss. However, we 
observe that these residuals consume significant GPU memory but for-
tunately can be reduced with tiny accuracy impact. We propose ResiRe-
duce, a memory-saving mechanism that reuses residuals across similar 
layers and applies strategic compression within specific layers. Experi-
ments on local and cloud clusters show that ResiReduce can reduce the 
memory footprint of the model states by up to 15.7% while preserving 
the model accuracy and training throughput. 

1 Introduction 

Deep neural networks (DNNs) have seen rapid development in natural lan-
guage processing (NLP) [ 1, 5] and computer vision (CV) [ 8, 20]. As the dataset 
in today’s DNN training is continuously growing, DNN training systems often 
enable each node (or worker) to have a subset of the dataset to compute the 
model updates (i.e., gradients) based on its own data, and then exchange the 
gradients across workers through synchronization strategies to update the model. 
Nevertheless, the gradient communication caused by exchanging gradients often 
takes up a significant portion of the overall training time (as high as 76.8%) 
[ 4], which has become one of the major bottlenecks in DNN training [ 21, 23, 25]. 

One common way to address the above communication bottleneck is to adopt 
compressed communication (or called gradient compression) to reduce communi-
cation overhead [ 2, 11, 18], at the expense of losing accuracy (due to compressed 
gradients). To ensure accuracy, residuals that represent the difference between 
the original and compressed gradient are often stored in memory to compensate 
the loss, also known as error feedback [ 13, 18, 24], which has been applied in many 
DNN training systems (e.g., Horovod [ 19], Hipress [ 4], and Grace [ 25]). 

However, we observe that residuals often incur significant memory overhead; 
for example, the residuals account for 23.56% of the VGG-19 model state in terms 
of the GPU memory consumption (see Observation #1 in Sect. 3). Fortunately, 
we also observe that, via a tradeoff curve between the residual memory overhead 
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and accuracy, residuals can be reduced moderately in memory at the expense of 
only a tiny accuracy loss (see Observation #2 in Sect. 3). 

In this paper, motivated by the above two observations, we propose a residual 
reduction based memory-optimizing mechanism, called ResiReduce, whose  main  
idea is to save memory by trading a tiny sacrifice in accuracy for a significant 
reduction in residuals. Specifically, ResiReduce performs residual reduction in two 
ways that i) first reuse residuals on adjacent DNN layers that have an identical 
structure, and ii) further compress some DNN layers inside themselves carefully 
with rare accuracy loss. Our contributions includes: 

– We conduct measurement analysis and give two observations to show that 
residuals cost a lot of memory overhead but they can be reduced with rarely 
affecting the accuracy. We propose ResiReduce which is the first to leverage 
residual reduction to save GPU memory for DNN training (Sect. 3). 

– We design ResiReduce composed of i) two inter-layer residual reduction 
schemes (a straightforward one and an improved one) based on the similar-
ity of adjacent residuals and ii) two intra-layer residual reduction schemes (a 
naive one and an improved one) by an L1-norm based strategic compression 
(Sect. 4). 

– We implement ResiReduce atop Horovod [ 19] and Pytorch [ 14] (opensourced 
at https://github.com/YuchongHu/ResiReduce), and train six typical DNN 
models on a local cluster as well as a Cloud cluster. Experimental results 
show that ResiReduce can reduce the memory footprint of the model states 
by up to 15.7%, without damaging the accuracy and throughput (Sect. 5). 

2 Background and Related Work 
2.1 Basics of DNN Training 

A DNN model is basically composed of multiple layers, which contains thou-
sands or even millions of parameters. To reach the model convergence (i.e., the 
model training process reaches a stable state), the training process iterates over 
a dataset many times (i.e., epochs), each of which contains multiple iterations. 
In each iteration, the model runs forward and backward propagation to generate 
a gradient for each layer so as to update the model parameters. 

Existing DNN training systems typically distribute the training tasks across 
multiple nodes (i.e., GPUs) and employ parallelization methods to accelerate 
the training and handle the large-scale datasets and models [ 16, 19]. During each 
iteration, the dataset is divided into multiple subsets (mini-batches) and allo-
cated to various nodes. Each node computes gradients based on its mini-batch, 
and then synchronizes gradients with other nodes to collectively update the 
model parameters. The formula for updating model parameters is denoted as: 
.xi

t+1 = xi
t − η 1

N

∑N
i=1 Gi

t, where  .xi
t and .Gi

t represent the model parameters and 
the gradients of the .i-th node at the .t-th iteration, respectively, . η determines the 
step size at each iteration (called learning rate), and .N is the number of nodes. 
Here, . 1N

∑N
i=1 Gi

t represents the gradient synchronization across multiple nodes.

https://github.com/YuchongHu/ResiReduce
https://github.com/YuchongHu/ResiReduce
https://github.com/YuchongHu/ResiReduce
https://github.com/YuchongHu/ResiReduce
https://github.com/YuchongHu/ResiReduce
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Fig. 1. Residual in Error Feedback. 

2.2 Compressed Communication in DNN Training 

Gradient Compression. Gradient communication between nodes during DNN 
training often causes significant communication overhead (accounting for as high 
as 76.8% of the training time [ 4]), which severely limits the DNN training perfor-
mance. Thus, many distributed DNN training systems employ gradient compres-
sion to reduce the amount of data transmitted during gradient synchronization, 
which can be generally categorized into two major categories: sparsification and 
quantization [ 23], where the former [ 2, 11] selects a subset of gradient elements 
to produce a sparse vector for communication, and the latter [ 18] lowers the  
number of bits of each gradient element to reduce communication volume. Since 
only the compressed gradient need to be transmitted, the model update equa-
tion is described as: .xi

t+1 = xi
t−η 1

N Q−1(
∑N

i=1 Q(Gi
t)), where . Q denotes gradient 

compression (e.g., Top-. k [ 2]), and .Q−1 denotes gradient decompression, which 
reconstructs the shape and size of the original gradient. 

Residual. Due to the lossy nature of compression, gradient compression can 
lead to a decrease in model accuracy [ 11, 21]. Consequently, Residual, which  is  
generally known as error feedback, is widely applied by many gradient compres-
sion methods to ensure the accuracy of the model training [ 2, 13, 18]. 

As shown in Fig. 1, an iteration of training with residuals is conducted with 
five steps. (Step 1) Gradient Calculation: The original gradient .Gi

t is calculated 
through forward and backward propagation. (Step 2) Gradient Compensation: 
The residual .Ri

t is accumulated with original gradient .Gi
t to compensate the 

loss of information caused by gradient compression. The formula of compen-
sating the gradient is: ..~Gi

t = Ri
t + Gi

t, where  .~Gi
t represents the compensated 

gradient. (Step 3) Gradient Compression: The compensated gradients are then 
compressed to .Q(~Gi

t). (Step 4) Model update: The compressed gradients are 
aggregated through communication and then update the parameters. (Step 5) 
Residual Update: The residuals of next iteration are updated by the difference 
of the compressed gradient .Q(~Gi

t) and the original gradient .Gi
t. The formula of 

updating the residual is: ..Ri
t+1 = ~Gi

t − Q(~Gi
t).
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Fig. 2. Observation #1: Residual ratio of the model states. 

2.3 Memory Optimization Techniques for DNN Training 

Chen et al. [ 6] first introduced activation recomputation to recompute activations 
as necessary instead of storing them. To mitigate the computational overhead, 
Vijay et al. [ 9] proposed selective activation recomputation to recalculate only 
parts of activation data. ZeRO-DP [ 16] is proposed to partitions the model state 
instead of duplicating it to reduce redundancy. StrongHold [ 22] extends the max-
imum trainable model size by dynamically offloading data from GPU to CPU. 
Different from the above studies, this paper is the first to save memory by reduc-
ing residuals for distributed DNN training systems, which is orthogonal to and 
complements existing memory optimization techniques. 

3 Motivation 

We conduct measurement analysis to observe how residuals have an impact on 
the memory overhead and the accuracy. 

Measurement Setting. We evaluate four typical training tasks (specified in 
Sect. 5.2) on a local cluster with 4 NVIDIA V100 GPUs connected by a 25Gbps 
Ethernet, including ResNet-50 [ 8] and VGG-19 [ 20] on Cifar-100 [ 10], BERT-base 
[ 7] on SQuAD [ 17], and GPT2-M [ 15] on WikiText-103 [ 12]. We apply Top-. k [ 2] 
with residual as a standard compressed communication technique. 

Observation #1. Residual Occupies a Significant Amount of Memory 
Space. Many studies [ 9, 22] show that the model states, which include model 
parameters, gradients, residuals and optimizer states, often dominate the mem-
ory overhead when training large DNNs (e.g., the model states can account for 
87.5% of the GPU memory footprint [ 22]). Thus, we measure the proportion of 
residuals of the model states to see if the residual memory overhead is significant. 
Figure 2 shows that residuals account for approximately 20% of the model-state 
memory consumption. For example, the memory footprint of residuals occupies 
23.56% of the VGG-19 model states, which leads non-negligible memory over-
head as the model states dominate the total memory consumption. 
Observation #2. Residual Memory Can be Reduced with a Tiny Accu-
racy Loss. Observation #1 indicates that residuals incur significant memory
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Fig. 3. Observation #2: Tradeoff between residual memory and accuracy. 

overhead in return for compensating the accuracy loss, so it is natural to ask if 
we can reduce the residual memory footprint without damaging the accuracy. 
To this end, we apply a layer-wise random sparsification [ 21] to the entire resid-
uals in a way that sets a random subset of elements to zero to simulate residual 
reduction (i.e., only a portion of the residuals stored). In this way, we measure 
a tradeoff between the stored residual memory ratio (100% means all residuals 
are stored in memory) and the accuracy (i.e., Top-1 accuracy for ResNet-50 and 
perplexity for GPT-2). Note that the lower the perplexity is, the higher accuracy 
we have. 

Interestingly, we observe that only storing around half of residuals in memory 
results in a very small loss in accuracy. As shown in Fig. 3a, storing 52% and 
100% of the residuals in memory can achieve the accuracy of 72.76% and 73.52%, 
respectively. Similarly, in Fig. 3b, storing 60% and 100% of the residuals can 
achieve the perplexity of 14.61 and 14.47, respectively. 

Main Idea. Observation #1 shows the memory overhead of residuals is signif-
icant. Observation #2 implies that moderately reducing residuals only slightly 
affects the training accuracy. These observations motivate us to propose ResiRe-
duce, whose main idea is to leverage residual reduction to save memory without 
damaging the accuracy. While ResiReduce can help reduce the memory consump-
tion of residuals, how to design ResiReduce in details still remains unexplored, 
which will be specified in Sect. 4. 

4 Design 

4.1 Insight and Design Goals 

Based on the measurement setting in Sect. 3, we evaluate the probability density 
function (PDF) of residual values (i.e., .Ri

t in Sect. 2.2) and find that multiple 
adjacent residual layers which have the same layer type often have similar den-
sity distribution. Note that different residual layers have different types, e.g., 
ResNet-50 has four types of residuals: Conv2, Conv3, Conv4 and Conv5 [ 8]. 
Specifically, Fig. 4a shows that six adjacent residual layers (Layers 0–5) that 
belong to the same “Conv4” layer type in ResNet-50 have almost overlapped dis-
tribution curves. Similarly, as shown in Fig. 4b, 4c and  4d, homogeneous triple
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Fig. 4. Similar distribution of residuals of the same type. 

adjacent residual layers in VGG-19, BERT-base, and GPT2-M exhibit near-
overlapping distribution curves, demonstrating that both CNN and Transformer 
architectures inherently exhibit analogous distribution characteristics in adja-
cent residual layers. 

Based on the insight above, we introduce a new concept called reusable 
groups, each consisting of multiple adjacent residual layers that belong to the 
same residual type, such that a reusable group can just reuse a single residual 
to replace all residuals within the group. 

We design ResiReduce with the following goals based on reusable groups: 

– Inter-layer residual reduction: ResiReduce reuses an average residual to 
replace residuals of multiple layers within each reusable group, and further 
proposes a weighted averaging method to improve the training accuracy (Sect. 
4.2). 

– Intra-layer residual reduction: ResiReduce additionally reduces residu-
als existing inside some specific layers via a simple dimension-wise compres-
sion method, and further proposes a two-dimension compression method to 
improve the training accuracy (Sect. 4.3). 

4.2 Inter-layer Residual Reduction 

ResiReduce-a: Average residual reusing of ResiReduce. A straightfor-
ward method to utilize the reusable group (Sect. 4.1) is to  average the residuals 
within each reusable group, replacing all residuals with the average residual, 
called ResiReduce-a, making each reusable group only stores its average residual 
in memory, such that the residual memory overhead can be largely reduced. 

Figure 5 illustrates ResiReduce-a with two reusable groups. Specifically, Resi-
Reduce-a has four steps. (Step 1) Grouping: First, the DNN model is divided 
into .m reusable groups based on their different layer types, with each group 
containing .αj (.1 ≤ j ≤ m) residual layers. (Step 2) All residual calculating: The 
.αj residuals of the .jth reusable group (.1 ≤ j ≤ m) are calculated based on 
Step 5 in Sect. 2.2. (Step 3) Average residual calculating: The average residual 
(denoted by .arj) of the  .jth reusable group is calculated by averaging the . αj

residuals within the group, and then it is stored in GPU memory to represent 
all the .αj residuals within the .jth reusable group, meaning that the original . αj

residuals do not need to be stored. (Step 4) Gradient compensation: For the . jth
reusable group, its .arj is reused to compensate all the .αj original gradients in 
the group.



Saving Memory via Residual Reduction for DNN Training 227

Fig. 5. An example of ResiReduce-a. 

Fig. 6. The effect of significance of accuracy. L.n-L/S denotes storing residuals with 
the largest L-. n norm (e.g., L1-L) or smallest L-. n norm (e.g., L1-S). 

ResiReduce-w: Weighted Average Reusing of ResiReduce. Although 
ResiReduce-a can significantly reduce the residual memory overhead, we find that 
its simple averaging operation does not consider the fact that different residuals 
within the same group often have different significance of accuracy. 

To confirm the above fact, we evaluate different significance using the L-
n norms (L1 and L2 norms) for measurement, similar to [ 24, 26]. We observe 
that in the same group, the layers with the largest L1 or L2 norms have higher 
accuracy than those with the smallest L1 or L2 norms. Specifically, Fig. 6 shows 
that residuals with the largest L1 or L2 norms improve the accuracy by 1.5–5.5% 
compared to those with the smallest ones, indicating that the residuals within 
each reusable group have different significance of accuracy. 

Therefore, we propose ResiReduce-w, which reuses a weighted average residual 
(denoted by .war) instead of the simple average one .ar in ResiReduce-a, where  
the different weights indicate the different significance of accuracy of different 
residuals within the group. Specifically, the formula of calculating the weight 
of the .ith residual within each reusable group is: .wi = φ||ri||1

ni
+ (1 − φ)||ri||2√

ni
, 

where the L1 and L2 norms jointly represent the significance of the residual 
. ri, .||r||1 and .||r||2 refer to the L1 and L2 norms of the residual respectively, . ni

denotes the number of elements in the residual and the parameter . φ represents 
the significance coefficient (which we set as 0.5 by default). Note that the division 
between .||r||n and . n

√
ni is to keep them in the same order of magnitude. Finally, 

we can obtain the weighted average residual of the .jth group is: .warj =
∑αj

i=1 wiri
∑αj

i=1 wi

. 

4.3 Intra-layer Residual Reduction 

Limitation of ResiReduce-w: We note that ResiReduce-w only reduces the 
residual memory for multiple residuals of the reusable groups. However, we find
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Fig. 7. Examples of ResiReduce-d and ResiReduce-2d. 

Fig. 8. Comparison between 1d and 2d at different compression ratios. 1d (50%) rep-
resents applying ResiReduce-d to achieve 50% compression. 

that for some specific layers, each of them belongs to only one layer type (i.e., its 
reusable group has only one residual), so we cannot perform inter-layer reduction. 
For example, for the fully connected layers in VGG-19, each of them has a unique 
type [ 20], and thus can be considered one specific layer, which cannot be reduced 
by ResiReduce-w to save more memory space. 

ResiReduce-d: Dimension-Wise Compression of ResiReduce. To han-
dle the above limitation, a naive method is to first find the specific layers and 
represent them as a two-dimension tensor [ 24], and then individually perform 
dimension-wise compression on the residual for each of the specific layers, called 
ResiReduce-d. Specifically, the dimension-wise compression first calculates all L1 
norms of all row vectors of the two-dimension tensor, and then samples the rows 
with the largest L1 norms, which reduces the residual itself. As illustrated in 
Fig. 7, the original residual corresponding to one specific layers is represented as 
an 8*6 tensor (Fig. 7a), and we perform L1-norm (same as [ 24]) to compress the 
specific layer (Fig. 7b) with a compression ratio of 25%; that is, we sample two 
out of eight rows (2/8 = 25%). 

ResiReduce-2d: Two-Dimension Compression of ResiReduce. We note 
that ResiReduce-d only samples some rows for compression and thus results in 
losing dimension information (i.e., other rows are not selected). Unfortunately, 
the above residual dimension loss may have a negative impact on the accuracy, 
which has been found in [ 13].
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To verify the impact of residual dimension loss on accuracy, we evaluate the 
accuracy of ResiReduce-d under different residual compression ratios. We use the 
non-compression scheme as baseline. We consider the following specific layers: 
FC layers in VGG-19 [ 20] and WPE and WTE layers in BERT-base [ 7]. Figure 8 
shows that the accuracy decreases as the compression ratio increases when apply-
ing ResiReduce-d. For example, as illustrated in Fig. 8a, we compress the specific 
layers in VGG-19 by ResiReduce-d, and the accuracy at a 25% compression ratio 
is 3.2% less than that at a 50% compression ratio. Figure 8b shows a similar 
observation. We see that the dimension loss of residuals of the specific layers has 
a non-negligible negative impact on accuracy. 

To address the above issue, we propose ResiReduce-2d which enhances Resi-
Reduce-d by considering the column dimension information besides the row 
dimension information. Specifically, we first select both row vectors and column 
vectors that have the largest L1 norms, and then we sample the overlapping 
elements of the above selected elements. 

As illustrated in Fig. 7c, ResiReduce-2d selects four rows .R0, R3, R4, R6 and 
three columns .C1, C4, C5, and finally samples 12 overlapping elements from the 
above selected rows and columns, which also achieves the same 25% compression 
ratio as ResiReduce-d in Fig. 7b, while the former introduces more dimension 
information, which can help improve the accuracy. As illustrated in Fig. 8, we  
observe that compared to ResiReduce-d at a 25% compression ratio, the accuracy 
of ResiReduce-2d is much higher while maintaining the compression ratio 25%. 

5 Evaluation 

5.1 Implementation 

We prototype our system atop Horovod [ 19] and Pytorch [ 14], establishing a 
memory-efficient distributed DNN training framework with the inter-layer resid-
ual reusing module (i.e., ResiReduce-w) and the intra-layer residual compression 
module (i.e., ResiReduce-2d). We implement the gradient compression library, 
including Top-k [ 2], DGC [ 11] and QSGD [ 3] according to their open source code. 

Inter-layer Residual Reusing Module. We implement the inter-layer resid-
ual reusing module with a memory.update function and a memory.compensate 
function, similar to grace [ 25]. In the memory.update function, we first traverse 
the entire DNN layer, grouping and numbering the layers of the same type. 
Next, we use a dictionary to store the group number corresponding to each 
layer of the model, such that the layers of the same type have the same group 
number. We allocate a separate buffer for each group to store the residual. In 
the memory.compensate function, we compensate the original gradient of each 
node with the reused residual for each grouped layer at each iteration. 

Intra-layer Residual Compression Module. We implement the intra-layer 
residual compression module with a dimension-wise compression function, called 
dwcompress. The  dwcompress takes the original gradient matrix as input, and 
uses Pytorch’s torch.topk() function [ 14] as the basic compressor to select the
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Table 1. Tasks, models and datasets used for evaluation. 

Tasks Models Model Size Dataset 

Image 
Classification 

ResNet-50 [ 8] 97.5 MB Cifar-100 [10] 

VGG-19 [20] 548.1 MB Cifar-100 [10] 

Natural 
Language 
Processing 

BERT-base [ 7] 420 MB SQuAD [17] 

BERT-large [ 7] 1.34 GB SQuAD [17] 
GPT2-M [ 5] 1.4 GB WikiText-103 [12] 
GPT2-L [ 5] 3.25 GB WikiText-103 [12] 

top-k largest dimensions from the row and column dimensions for compensating 
the original gradient. The dwcompress further reduces the indices and values of 
the residual gradients, thus reducing the GPU memory overhead. 

5.2 Experimental Setup 

Testbeds. We conduct experiments on two testbeds: 1) a cloud cluster of 16 
nodes, each of which is equipped with 4 NVIDIA A100 GPUs (80 GB), 2 EPYC 
7543 CPUs, and 200 Gbps InfiniBand; 2) a local cluster of 4 nodes, each of which 
is equipped with 2 NVIDIA V100S GPUs (32 GB), 2 XEON Silver 4214 CPUs, 
and 25 Gbps Ethernet. Both clusters run Ubuntu 20.04, with software libraries 
including CUDA-12.0, NCCL-2.8.3, PyTorch-1.13.1 and Horovod-0.28.1. 

Workloads. We evaluate six widely-used DNN tasks on three datasets, which 
are listed in Table 1. We set training parameters such as batch size and learning 
rate on different models similar to [ 4, 13, 25]. 

Baseline and ResiReduce Setting. We use Top-. k with a default density of 
0.01 [ 2] for gradient compression. We set the compression scheme with storing 
the whole residual in GPU memory as the Baseline scheme. We name our pro-
posed schemes in Sects. 4.2 and 4.3 as ResiReduce-w and ResiReduce-2d, respec-
tively. ResiReduce-(w+2d) represents our proposed final scheme that combines 
the above two schemes. In addition, in Experiments 2 and 5, we also consider 
a non-compression scheme which does not apply gradient compression and thus 
has no accuracy loss (i.e., the best accuracy). 

Metrics. We mainly evaluate three metrics: 1) the normalized model-state mem-
ory consumption, which refers to the memory consumption of the model states of 
all schemes normalized to that of the Baseline scheme; 2) the training accuracy, 
including Top-1 accuracy (acc) for ResNet-50 and VGG-19, F1 score (F1) for 
BERT, and perplexity (ppl) for GPT2; and 3) the training throughput, measured 
by the number of trained samples (images for image classification and tokens for 
natural language processing) per second [ 4].
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5.3 Experiments 

Experiment 1 (Memory consumption): We evaluate the normalized model-
state memory consumption of ResiReduce and Baseline on five training tasks 
in our local cluster. Figure 9a shows that ResiReduce can reduce the memory 
footprint of the model states by up to 13.3%. For CV tasks (ResNet-50 and 
VGG-19), compared to Baseline, the normalized model-state memory consump-
tion is reduced by 11.9% and 14.8%. For NLP tasks (BERT-base, BERT-large 
and GPT2-M), compared to Baseline, the normalized model-state memory con-
sumption of ResiReduce is reduced by 13.2%, 13.3%, and 11.6%, respectively. 

We also evaluate the individual performance gains under the different settings 
for ResiReduce. We see that inter-layer residual reduction (e.g., ResiReduce-w) 
provides the main contribution for saving memory due to our insight (see Sect. 
4.1); intra-layer residual reduction (e.g., ResiReduce-2d) enhances the memory-
saving benefits, especially for VGG-19 which contains large-size specific layers 
(see Sect. 4.1). 

Fig. 9. Experiment 1: Normalized memory consumption of the model states 

Fig. 10. Experiment 2: Convergence performance and training time.
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Table 2. Experiment 2: The training accuracy on the large-scale cluster. 

Methods ResNet-50 VGG-19 BERT-large GPT2-L 
Baseline 72.6% 60.5% 88.73 16.62 
ResiReduce 72.9% 61.9% 88.64 16.80 

Scaling to More GPUs:  We evaluate the memory consumption of ResiReduce and 
Baseline for four training tasks on a large-scale cloud cluster with 64 GPUs. 
Figure 9b shows that ResiReduce can reduce the memory footprint of model 
states by up to 15.7%. Specifically, compared to Baseline, ResiReduce reduces 
the normalized model-state memory consumption by 15.6%, 15.7%, 13.4% and 
12.7% on ResNet-50, VGG-19, BERT-large and GPT2-L, respectively. Thus, 
ResiReduce maintains its benefits for memory saving in large-scale clusters. 

Experiment 2 (Training Accuracy): We evaluate the training time and accu-
racy of ResiReduce, Baseline and non-compression (the best accuracy) on our local 
cluster. Figure 10 shows that ResiReduce can preserve the accuracy compared to 
Baseline. For example, Fig. 10c for BERT-base shows ResiReduce achieves F1-
scores of 86.03, which is also close to Baseline (86.82) and non-compression 
(86.99). This means that ResiReduce does not reduce training accuracy. In addi-
tion, the training time of ResiReduce is  close to that of  Baseline, indicating that 
ResiReduce has nearly the same benefit as Baseline from gradient compression. 

Scaling to More GPUs:  We compare the training accuracy of ResiReduce and 
Baseline on the 64-GPU cluster. Table 2 shows that ResiReduce has a very close 
accuracy to Baseline. For example, Baseline and ResiReduce achieve 72.6% and 
72.9% accuracy for ResNet-50, 16.62 and 16.80 (perplexity) for GPT2-L, respec-
tively. Thus, ResiReduce preserves model accuracy in large-scale clusters. 

Experiment 3 (Training Throughput): We evaluate the training through-
put of ResiReduce and Baseline using four training tasks on a large-scale cluster 
with 64 GPUs. Figure 11 shows that the training throughput achieved by ResiRe-
duce is nearly identical to that of Baseline when the number of GPUs increased 
from 16 to 64. Specifically, ResiReduce exhibits throughput reductions of 0.72%, 
1.84%, 0.48% and 1.23% compared to Baseline when training ResNet-50, VGG-
19, BERT-large and GPT2-L with 64 GPUs. Therefore, ResiReduce has a slight 

Fig. 11. Experiment 3: The training throughput on the large-scale cluster.
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impact on model training throughput in large-scale scenarios. Note that ResiRe-
duce exhibits a slightly more pronounced throughput reduction in VGG-19 com-
pared to other models, primarily due to the higher proportion of specific layer 
parameters in VGG-19 (see Sect. 4.3). 

Experiment 4 (Impact of Different Gradient Compression Methods): 
We evaluate the training accuracy of ResiReduce under two classic gradient com-
pression methods: QSGD [ 3] for quantization and DGC [ 11] for sparsification. 
Table 3 shows the training accuracy of ResiReduce and Baseline on four models 
with QSGD and DGC. We see that ResiReduce performs consistently well on dif-
ferent gradient compression methods. For example, when training VGG-19 with 
DGC, ResiReduce achieves 0.16% higher accuracy compared to Baseline. There-
fore, ResiReduce integrates well with any quantization and sparsification gradient 
compression methods. Note that we do not consider the memory consumption 
under different compression methods, since they have the same residual memory 
reduction due to the fact that the size of residuals only depends on the model 
size regardless of the compression details [ 24]. 

Experiment 5 (Impact of Different Gradient Compression Ratios): 
We evaluate the training accuracy of ResiReduce and non-compression scheme 
on four models using different compression ratios. Table 4 shows that compared 
with the non-compression scheme, ResiReduce has rare accuracy loss. Specifically, 
for compression ratio of 0.1, 0.05 and 0.01, the accuracy loss is 0.17%–0.68%, 
0.24%–1.35%, 1.10%–1.76%, respectively. This ensures that ResiReduce has a 
negligible accuracy loss under different compression rates. 

Table 3. Experiment 4: Accuracy across different compression methods. 

Methods ResNet-50 VGG-19 BERT-base GPT2-M 
Baseline-QSGD 72.5% 64.2% 86.68 15.16 
ResiReduce-QSGD 72.4% 64.7% 87.07 14.99 
Baseline-DGC 71.7% 63.0% 86.88 14.81 
ResiReduce-DGC 71.5% 63.1% 86.01 14.96 

Table 4. Experiment 5: Accuracy across different compression ratios. 

Methods ResNet-50 VGG-19 BERT-base GPT2-M 
Non-Compression 74.0% 64.2% 86.99 14.69 
ResiReduce-0.1 73.5% 64.0% 86.84 14.72 
ResiReduce-0.05 73.0% 63.5% 86.78 14.78 
ResiReduce-0.01 72.7% 63.2% 86.03 14.87
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6 Conclusion 

In this paper, we propose ResiReduce, a memory-saving mechanism designed 
to address the significant memory overhead of residuals in DNN training. Our 
analysis reveals that residuals consume a significant portion of the model states 
memory but can be reduced with tiny accuracy impact. By leveraging inter-layer 
and intra-layer residual reduction techniques, our results show that ResiReduce 
reduces memory footprint of the model states by up to 15.7% while maintaining 
model accuracy and training throughput. 
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