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ABSTRACT
On-device deep neural network (DNN) training holds the potential
to enable a rich set of privacy-aware and infrastructure-independent
personalized mobile applications. However, despite advancements
in mobile hardware, locally training a complex DNN is still a non-
trivial task given its resource demands. In this work, we show that
the limited memory resources on mobile devices are the main con-
straint and propose Sage as a framework for efficiently optimizing
memory resources for on-device DNN training. Specifically, Sage
configures a flexible computation graph for DNN gradient evalua-
tion and reduces the memory footprint of the graph using operator-
and graph-level optimizations. In run-time, Sage employs a hybrid
of gradient checkpointing and micro-batching techniques to dy-
namically adjust its memory use to the available system memory
budget. Using implementation on off-the-shelf smartphones, we
show that Sage enables local training of complex DNN models by
reducing memory use by more than 20-fold compared to a baseline
approach. We also show that Sage successfully adapts to run-time
memory budget variations, and evaluate its energy consumption to
show Sage’s practical applicability.
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1 INTRODUCTION
Many mobile deep learning applications require or can benefit from,
the ability to update their models on-the-fly. Especially, for applica-
tions that offer personalized feedback, a small amount of extra train-
ing with actual user data (e.g., model fine-tuning) can significantly
enhance application quality. Services that exploit speech recogni-
tion [24], face verification [28, 39] or activity recognition [8, 42]
can benefit from such additional training to improve accuracy and
adapt to heterogeneous sensors and usage characteristics. Unfortu-
nately, deep learning model training is a resource intensive task,
and their hardware demands are much higher than that of infer-
ence operations. Thus, the common practice has been to offload the
training task to a more powerful external server [19, 30, 45] rather
than to perform model training on the resource-limited mobile or
embedded computing devices themselves.

Albeit challenges, on-device model training provides substantial
advantages over computation offloading regarding privacy protec-
tion and application scalability. Specifically, by updating models
locally, user data can be kept local, and external data exchange
can be minimized. Sharing information such as keyboard input
history, voice recordings or face images with an external server
may raise privacy concerns [14, 15, 29]. Furthermore, mobile ap-
plications with on-device training can quickly scale with minimal
backend infrastructure and reduces their reliance on stable network
connections. Furthermore, practical on-device training of complex
models is a fundamental prerequisite for federated learning [23, 25],
enabling scalable intelligence with private and large data.

Fortunately, recently released mobile GPUs have demonstrated
impressive progress towards supporting heavy deep learning work-
loads, becoming powerful enough to not only serve inference opera-
tions but also some level of model training on mobile platforms. For
example, modern smartphones equipped with dedicated accelera-
tors for fast neural network processing (e.g., NPUs and GPUs), the
Samsung Exynos 990 (released in 2020) processes 8 samples/sec for
MobileBERT [1, 38], a language model with 25M parameters, being
only 4× slower compared to a server-used NVIDIA GTX 1080 GPU
(released in 2019). This performance gap differs with GPU models,
but it is safe to conclude that processing power on mobile GPUs is
scarce, but not in despair. Energy limitations can be another hurdle,
but we can practically assume that training operations take place
when the device is power-plugged and idle from other operations.

A more fundamental and prevailing challenge that hinders on-
device model training is itsmemory limitations. Training operations
mandate all intermediate activations to be retained in memory
when computing gradients with automatic differentiation, making
memory management a non-trivial task given limited memory on
mobile platforms. For example, training BERT-small [6], a state-
of-the-art language model, consumes more than 8 GB of memory,
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whereas inference requires less than 500 MB. Considering that
smartphones in the market are equipped with 4-12 GB of memory,
locally training heavy models remains a challenging task.

Despite active research on mobile-targeted deep neural network
(DNN) optimization for inference, model compression, and offload-
ing, schemes for enabling effective on-device training is yet under-
studied. There are memory reduction schemes designed for on-
server DNN training [13, 31–33, 43]. However, they rely on assump-
tions invalid on mobile architectures, such as host-side memory,
ample memory bandwidth, and predictable resources. This suggests
that memory management for mobile on-device model training re-
quires a different approach, given distinctive characteristics.

In this work, by thoroughly analyzing various memory man-
agement approaches for DNN training, we show theoretically and
empirically that naive application of existing low-memory training
schemes to on-device training can cause sub-optimal performance
due to three reasons: (i) mobile devices aremore heterogeneous com-
pared to server configurations, (ii) server-grade GPUs and mobile
GPUs exhibit significantly different levels of parallel processing ca-
pability and memory bandwidth, and (iii) mobile memory resources
are extremely limited and can show high levels of dynamics. These
challenges suggest that assumptions on aggressive parallel process-
ing made by currently available memory management schemes will
not hold, and static memory planning approaches are unsuitable
for mobile DNN model training.

Based on such observations, we propose a novel framework for
memory-efficient on-device DNN training, Sage, which employs
four core techniques: (i) a flexible automatic differentiation frame-
work, (ii) a series of graph-level optimization, (iii) operator-level
optimization, and (iv) a hybrid approach for run-time memory man-
agement. Specifically, to minimize memory consumption during
the model training process, Sage configures a flexible computational
graph for DNN gradient evaluation so that optimizations such as
operator fusion (Sec.3.2.1) and subgraph reduction (Sec 3.2.2) can
be applied. We note that Sage is the first work to explore the graph-
level optimization for low-memory training. In operator-level op-
timization, memory-heavy operations (e.g., matrix multiplication)
are manually tuned and memory transfer operations are minimized
(Sec 3.3). As a final step, to dynamically adjust memory use to the
available system resources, a novel hybrid algorithm of gradient
checkpointing and gradient accumulation is designed (Sec. 3.4).

We implement Sage on three GPUs to perform extensive empir-
ical evaluations. Specifically, we take two mobile platforms (e.g.,
Samsung Galaxy S10 and Note 20) and the NVIDIA RTX 3090 as
target hardware to examine the impact of Sage in computing en-
vironments of different capabilities. Using these implementations,
we test for four widely-used deep learning models ranging from
lightweight models commonly used for mobile applications (e.g.,
MobileNet v2) to heavier models with higher accuracy and complex
tasks (e.g., ResNet-50, DenseNet-121, BERT-small). Our evaluations
show that Sage supports model training even when memory is
extremely scarce on mobile GPUs, with competitive latency and
20-fold memory reduction compared to baseline approaches. Fur-
thermore, we show that Sage well adapts to dynamically changing
memory availabilities when training complexmodels, indicating the
practical usability of Sage under real-world mobile usage scenarios.

Specifically, this work makes the following contributions.

• Through a preliminary study on the memory requirements
for DNN training, we show that memory scarcity is the core
limitation that restricts on-device training of complex deep
learning models. Furthermore, we identify three accompa-
nying challenges in implementing a low-memory training
framework on mobile devices.
• We propose Sage, the first on-device training framework
which incorporates various low-memory approaches given
the constraints of mobile systems. Sage reveals a practical
balance between memory consumption and training latency
based on the hypothetical and empirical experiments on
mobile platforms.
• We present extensive evaluations of Sage with four state-
of-the-art deep learning models via implementations on the
Samsung Galaxy S10 and Note 20. Our results show that Sage
realizes on-device training of complex DNNs in a memory-
and latency-efficient manner.
• Finally, we provide a fully open-sourced implementation of
Sage at http://github.com/eis-lab/sage.

2 MOTIVATION AND BACKGROUND
2.1 On-device DNN Training
Recent advancements in mobile SoCs and software have catalyzed
novel research on expanding the limits of deep learning model us-
age on resource-limited platforms. Performing on-device inference
for fairly heavy models is no longer a challenge, and their simplified
versions can now be trained locally. Yet, albeit aggressive research
from the machine learning research community in designing more
precise neural networks, mobile computing research has not ad-
dressed how such state-of-the-art but heavy and complex models
can be trained and customized on mobile platforms.

As challenging as it is, on-device model training holds the poten-
tial to accelerate research in mobile computing as well as federated
learning [25]. By supporting applications to train deep neural net-
works (DNNs) locally, services can be designed to be more aware of
protecting privacy-sensitive data and minimize their infrastructure
dependency so that users can be served under any external circum-
stances. With on-device training, model fine-tuning can be applied
to an initially-provided generic deep learning model, which can be
highly beneficial as locally collected data can be used to directly
and easily update model parameters.

Specifically, the main technical hurdle, as we further argue in
the following sections, is that model training requires a significant
amount of memory resources. A slower processor may increase
the training latency, but insufficient memory is a game-stopper
by itself. Even the most recently released mobile platforms cannot
support the memory requirements of well-known state-of-the-art
deep learning models. Thus, in current practice, applications that
require (or can benefit from) user personalization, either utilize a
simple model or delegate the training task to an external server.

On the contrary, there is still a rapidly growing interest in design-
ing “more accurate” deep learning models at the cost of additional
processing and memory resources [44]. Graphics Processing Units
(GPUs) designed for deep learning servers are more powerful than
ever, capable of executing complex operations in large batches, al-
lowing sophisticated deep learning models to execute efficiently.
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Figure 1: Computational graph representation of model in-
ference and training.

Figure 2: Memory breakdown for four widely-used DNNs
when performing inference and training (with different
batch sizes).

Mobile GPUs are also experiencing similar improvements, yet, they
still lack processing power and peripheral resources compared
to their server-side counterparts. Naturally, system designers are
forced to sacrifice the performance, as fully exploiting a complex
deep learning model, including the training operations, is not yet
feasible on mobile platforms.

2.2 The Memory Blowup Problem
A major bottleneck in training deep learning models on-device is
their memory scarcity. Given that DNN training is an iterative pro-
cedure requiring model states and weights to be retained between
iterations, memory usage can be 5 to 100 times more compared to
inference operations depending on the input and batch size. This
translates to multiple GBs of memory on platforms where memory
is not abundant.

A fundamental reason behind this memory blowup originates
from how a model’s gradients are computed when training the neu-
ral network. Automatic differentiation, an essential technique for
computing DNN gradients, is cored on the chain rule of derivatives.
For example, take Figure 1, a neural network layer ®𝑦 = 𝑓 ( ®𝑥) with
loss 𝐿 = 𝑔( ®𝑦). The gradient ∇®𝑥 = ( 𝜕𝐿𝜕𝑥1 , ...,

𝜕𝐿
𝜕𝑥𝑛
) is computed as:

𝜕𝐿

𝜕𝑥𝑛
=
𝜕𝐿

𝜕𝑦𝑛
× 𝜕𝑦𝑛
𝜕𝑥𝑛

, (1)

which indicates that ®𝑥 and ∇®𝑦 should be computed a priori and
be present in memory when computing the gradient ∇®𝑥 .

For inference operations of model 𝑓 ( ®𝑥), the computational graph
is straightforward and intermediate states are discharged after its
use. However, for model training, the graph topology becomes
more complex. Each gradient node (∇®𝑥 ) depends on both its output
gradient (∇®𝑦) and original value (®𝑥 ) due to the nature of automatic
differentiation (Eq. 1). Therefore, all intermediate states are retained

in memory until the final loss is computed. Roughly, the memory
requirement for inference is determined by the largest-sized acti-
vation in the network, whereas memory requirements for training
are determined by the sum of all activation sizes.

With this in mind, we quantify the required memory for four
widely-used DNN architectures in Figure 2. We examine the mem-
ory requirements for inference operations and model training with
different batch sizes and break down the memory usage into three
portions to show how much memory the model, optimizer, and ac-
tivations consume, respectively. Training relatively lighter models
such as MobileNet v2 requires only ∼1 GB of memory. Given recent
smartphones’ memory budgets, this is (although still substantial)
not infeasible to guarantee. However, more complex state-of-the-art
models, such as BERT-small, can require up to 8 GB of memory for
training. Since the mobile OS and its background apps will consume
a few GBs of memory as a baseline, training these complex models
becomes a challenging, if not infeasible, task. Nevertheless, with
increased model complexity comes higher accuracy and broader
application scenarios. Thus, there is a need for a framework that
effectively manages the memory usage of DNN training so that
they properly function on mobile platforms.

2.3 Memory Reduction Approaches
Thememory blowup issue in DNN training has become increasingly
prominent as deep learning research has evolved towards utilizing
deeper models and larger mini-batches to seek higher accuracy.
Even on server-scale GPUs, this increased memory requirement is
becoming challenging to accommodate, leading to various efforts to
reduce model training memory overhead, which we broadly classify
into five categories below and illustrate in Figure 3.
• Gradient accumulation approaches reduce memory usage
in model training by incrementally computing mini-batch opera-
tions [37]. Typically, computing the gradient of an entire mini-batch
is preferable to enhance parallelism. Unfortunately, computing a full
mini-batch can be overwhelming for resource-limited platforms due
to its memory needs. Mathematically, it is possible to split the mini-
batch into smaller units and separately compute sub-mini-batch
gradients and then accumulate them to evaluate the mini-batch gra-
dient. Thus, for models where larger mini-batch sizes are beneficial,
gradient accumulation is an efficient method to reduce memory use
with no accuracy loss (with exceptions for batch-norm, as we dis-
cuss in Sec. 5). The key challenge is determining how the mini-batch
is split as batches too small can result in hardware under-utilization.
• Gradient checkpointing directly trade-offs memory and addi-
tional computation by retaining only a subset of activations on the
memory, and recomputing non-stored ones on demand [9]. The key
here is determining which activations to store and which to drop.
Step-based gradient checkpointing stores activations based on a pre-
defined distance (e.g., one every

√
𝑛) [3]. Some studies compute an

optimal schedule to minimize computation latency given available
hardware profiles [17, 22]. Recently, dynamic gradient checkpoint-
ing exploits heuristics to determine on-memory activations with
minimal computing overhead [20]. As Figure 3 shows, gradient
checkpointing reduces memory footprints over activation layers
(c.f., Fig. 3 (b)), while accumulation operates over mini-batches (c.f.,
Fig. 3 (a)). These approaches are orthogonal and can easily co-exist.
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Figure 3: Different memory reduction schemes that can be applied for DNN training optimization.

• Using smaller activation sizes is a widely adopted strategy for
reducing a model’s memory consumption (c.f., Fig. 3 (c)). For ex-
ample, using lower-precision floating points or integer units when
calculating and storing intermediate states reduces model opera-
tion costs [26]. Most GPUs, including mobile GPUs have built-in
support for 16-bit floating points or 8-bit integers, offering computa-
tional efficiency compared to commonly used 32-bit floating points.
Sparsification also reduces gradient size by suppressing computa-
tion for (near) zero-value elements [4]. However, current hardware
has shown inefficiencies in storing/computing sparse matrices [7],
which limit their practical and general use.
• Reducing the number of activations is also feasible for allevi-
ating model computation memory by reducing intermediate states
in a model (c.f., Fig. 3 (d)). For example, a series of arithmetic oper-
ations in a computational graph can be merged into one composite
operation to garner multiple gradients into a single state. Many
DNN compilers [2, 35] employ such graph-level optimization for ac-
celeration and memory footprint reduction of inference operations,
but its use in training operations is yet to be explored.
• Memory virtualization in GPUs exploits host-side memory
to logically extend usable memory (c.f., Fig. 3 (e)). A number of
previous works have applied such schemes to server-scale DNN
training [11, 31, 34]. Unfortunately, since mobile SoCs exploit a
unified memory architecture for the GPU and CPU, this is not
suitable for mobile environments.

2.4 Technical Challenges
Locally training a complex DNN model with mobile GPUs intro-
duces several unique challenges not present in server-used GPUs.
Among many, we summarize three major challenges and present
discussions on how they affect the design of an on-device DNN
training framework.
• Device heterogeneity: Optimizing a DNN training operation
requires a well-specified target environment as the ideal approach
varies for different memory budgets and hardware capabilities. In
server-side training scenarios, specific hardware and platform (e.g.,
CUDA) can be targetted for the system design, allowing optimiza-
tion solutions to be determined at the compilation time. On the
other hand, finding generic solutions for mobile platforms is chal-
lenging due to device heterogeneity. For example, even the same
smartphone models can have different memory capacity and pro-
cessing power depending on their version. This complicates the
design of a globally applicable optimization scheme and suggests
that memory management schemes for on-device DNN training
should be flexible and runtime-adaptable.
• Limited processing power:While the performance of mobile
GPUs has improved to a level where they can support some level
of DNN training, their limited parallelism and memory bandwidth

invalidate several presumptions of existing memory management
algorithms tailored for powerful GPUs. For example, the benefits of
using larger batches when applying gradient accumulation may be
insignificant in mobile GPUs due to the limited processing power.
Therefore, memory optimization strategies for mobile on-device
training must consider such performance limitations and fully ex-
ploit the available hardware.
• Scarce and dynamic memory: Unlike server platforms where
the CPU and GPU are paired with separate hardware memory,
most mobile SoCs adopt a unified memory architecture, where
the different processors share a common physical memory. This
means that host-side memory consumption caused by the operating
system, background workloads, and applications can constrain the
available memory for DNN training. As a result, the unifiedmemory
architecture can cause unpredictable memory churn. Therefore, an
on-device DNN training framework should dynamically adjust its
operations to suit the real-time memory constraints.

With these challenges in mind, the following section presents
details on Sage, our proposed framework that optimizes thememory
usage on mobile platforms for supporting on-device training of
complex DNN models.

3 SAGE DESIGN
Training approaches discussed in the previous section show dis-
tinctive latency overhead depending on the memory budget and
underlying hardware. Thus, various methods can achieve similar
memory reduction but with different latency overhead. The design
goal of Sage is to (i) combine multiple low-memory training meth-
ods to support on-device training with an extreme memory budget
while (ii) ensuring practical latency overhead on mobile platforms.

Sage optimizes training operation via a three-step process as
illustrated in Figure 4. First, given a DNN model, Sage constructs
a computation graph with automatic differentiation (AD). Unlike
typical AD implementations, gradients exist as separate nodes in
the computation graph. This enables the second step, where a series
of graph- and operator-level optimizations are performed to lighten
static memory footprints. Finally, during the graph evaluation for
the gradient descent, Sage employs a hybrid strategy to adaptively
combine gradient checkpointing and gradient accumulation based
on the available system memory and computation power. The rest
of this section provides details on these operations.

3.1 Automatic Differentiation
As briefly discussed in Sec 2.2, AD is a fundamental algorithm for
computing DNN parameter gradients. There can be various ways
to implement the AD framework, but a typical way adopted by
most deep learning frameworks (e.g., TensorFlow and PyTorch) is
to use forward and backward passes for gradient computation. For
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Figure 4: Sage’s operational flow, consisting of graph construction, graph optimization, and runtime optimization.

Figure 5: A sample unified computation graph generated by
Sage’s automatic differentiation framework compared to a
conventional computation graph.

example, the forward pass computes and stores model activations,
and the backward pass traverses the model in the reverse order to
compute gradients using stored activations, as in (b) of Figure 5.

However, such separated passes for gradient evaluation limit and
complicate the use of graph-level optimizations such as operator
fusion, as fusing operations in one direction can invalidate the math-
ematical logic in the other. To fully integrate graph optimization in
DNN training, we re-design the AD framework to generate a unified
computational graph (combining the two passes) for gradient eval-
uation. Specifically, Sage uses a two-layer abstraction to express a
DNN node (i.e., differentiable operations (DO)) and computable oper-
ations (CO) to decouple the evaluation and differentiation processes
of DNN computation graphs.

Specifically, a DNN model is defined as a DO graph, where DO
nodes include a set of high-level tensor operations necessary to de-
fine DNNs, such as arithmetic and convolution operations, coupled
with its derivative definition, also expressed in the DO graph. In
performing automatic differentiation, each DO node augments the
graph with its gradient DO graph. As Figure 5 shows, Sage outputs
a unified graph containing both the forward and backward pass
information. DO nodes can be translated into a corresponding CO
graph, where CO nodes describe lower-level operations for tensor
computation and memory layout modifications. As CO graph is
not tied to the differentiability constraints, it can be freely altered,
merged, or removed as long as it gives the same computation result,
allowing subsequent graph-level optimizations to take place.

3.2 Graph-level Optimizations
Once the CO graph is produced from the DO graph, Sage exe-
cutes a series of graph-level optimizations to minimize the memory
consumption and execution overhead by reducing the graph size.
Optimization approaches presented below take place sequentially
in their respective dimensions, and we illustrate details on each of
their operations in Figure 6.

Figure 6: Graph-level optimization schemes (i.e., operator
fusion and subgraph reduction) used in Sage.

3.2.1 Operator fusion. Fusing multiple operators and generating
a single (larger) operator is an effective approach for reducing
memory footprints of a DNN’s graph representation. At a high level,
all CO operations can be categorized into three groups: symmetrical
operation, asymmetrical operation, and opaque operation. Using the
rules described below, we target to fuse most (if not all) operators
of a CO graph to minimize its memory footprint.

The first category of operations, symmetrical operation, group
tensor operations where all inputs and outputs hold the same ten-
sor shape, with computation occurring in an element-wise manner.
Basic arithmetic operations, element-wise mathematical functions,
and activation functions fall into this category of operations. For
these, we observe that all neighboring symmetrical operations in
the graph can be fused into a single operation. On the contrary,
the second operation type, asymmetrical operation, covers broader
tensor operations with heterogeneous input and output shapes. Ex-
amples in this category include matrix multiplication, convolution,
reduction and contraction operators. Their characteristics suggest
that asymmetrical operations can be fused with neighboring sym-
metrical operations, but not with adjacent asymmetrical operations.
Finally, opaque operations (e.g., sorting and argmax) cannot be
fused with different operators given their unique characteristics.

One important detail that Sage considers in the fusing process
is in identifying CO nodes whose output needs to reside in the
memory. Model gradients or outputs with multiple dependencies
may fall into this category. For these, Sage assures that nodes are
either not fused or at least kept at the last part of the fused operator
to secure the output.
3.2.2 Subgraph Reduction. Sage conducts a subgraph reduction
phase upon completing operator fusion to pare the graph size fur-
ther. Note that a computation graph generated from automatic
differentiation commonly induces complex dependencies between
CO nodes, possibly limiting the impact of operator fusion. Subgraph
reduction further aggressively simplifies the CO graph via inline
rematerialization, a common compiler optimization technique to
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curtail memory operations by recomputing certain values instead
of storing them in memory. This approach allows for an aggressive
node reduction in the CO graph and contributes to a significant
reduction in memory use.

Sage implements this concept by deliberately neglecting nodes
with multiple dependencies during operator fusion that satisfies
three conditions: (i) the node is a symmetrical operation, (ii) if
the node is a variadic fused operation, its input number should be
less than 𝐾𝑤 , and (iii) if the node is a monadic fused operation, its
fusion count should be less than 𝐾ℎ . Conditions (ii) and (iii) prevent
memory bandwidth-heavy or computation-heavy operations from
being rematerialized. 𝐾𝑤 and 𝐾ℎ are both set to 5 in our work. We
show an example of this operation in Figure 6 (c).

While subgraph reduction seemingly trades-off memory space
and latency, this approach has empirically shown improved latency
on mobile hardware due to the limited memory bandwidth, as in-
line recomputation is often faster than reading a computed value
from memory.

3.2.3 Just-in-time Compilation. To realize the benefits of graph-
level optimization, operations must be compiled and executed as
a single GPU kernel. Considering mobile platform heterogeneity,
compiling CO graphs into kernel codes prior to deployment is not
ideal, since device-specific optimizations are essential in generat-
ing efficient GPU kernel codes. Specifically, the compiling process
should consider factors such as workgroup size selection and shared
memory configurations based on underlying GPU specifications.

For this reason, Sage performs just-in-time (JIT) compilation of
CO graphs via OpenCL. First, a high-level OpenCL code fragment
is generated for each CO node by translating the CO operation
with predefined code templates. This process includes adding in-
dex translation code based on tensor memory layouts. Next, based
on the graph optimization information, kernel code is generated
by merging code fragments from fused and rematerialized nodes.
Finally, the generated kernel code is compiled into machine code
(i.e., SPIR-V) by the system’s OpenCL library. As a result, the com-
pilation process yields a kernel code graph, which is a collection
of compiled codes with execution dependencies. We note that JIT
compilation induces some overhead (e.g., 260 ms for compiling
ResNet-50 on Samsung Galaxy Note 20) during model initialization,
but its impact on the overall performance is neglectable since the
compiled kernels can be cached.

3.3 Operator-level Optimizations
The memory footprint of some computation-heavy CO nodes, such
as the matrix multiplication and convolution, are manually op-
timized in Sage. For example, it is common to implement GPU
matrix multiplication with additional memory copy operations
(e.g., transpose and pad) for better vectorization performance, and
image-to-column (im2col) algorithms are frequently used to imple-
ment convolutions. However, such utilization of memory resources
over (slightly) better latency may not be preferable for mobile plat-
forms with harsh memory constraints. Therefore, we employ a
single-kernel implementation [27] for matrix multiplication and
convolution that does not induce additional memory overheads.

Figure 7: Illustration of dynamic gradient checkpointing and
dynamic gradient accumulation strategies.

Memory transfer also occurs commonly when memory copy
operations are explicitly issued by tensor reshaping CO (e.g., trans-
pose and permutation). Several sophisticated DNN components,
such as attention mechanisms [41], exploit a noticeable amount of
tensor reshaping to perform complex tensor operations. Naturally,
these operations increase memory use in a DNN training process.
Thus, Sage aggressively employs index translation within the kernel
to in-line compute results without memory copies. We note that
using direct tensor operations over composite tensor operations can
cause a slight increase in computation time. However we argue that
given the tight memory constraints on mobile devices, reducing the
memory overhead should be prioritized over computation speed.
We discuss the latency impact of this process in Section 4.

3.4 Run-time Memory Management
The aforementioned optimizations focus on buildingmemory-efficient
computation graphs. Nevertheless, even an optimized graph still
possesses complicated node dependencies, resulting in excessive
memory use. Furthermore, the heterogeneous and dynamic mem-
ory availability prevalent in mobile platforms should be carefully
considered, which is challenging to address using only graph-level
optimization.

We now discuss a run-time solution to optimize memory con-
sumption during graph execution. As we will detail, this phase
is essential for Sage to adjust and adapt to extremely scarce and
dynamic memory budgets. We start by introducing the two core
concepts, namely, dynamic gradient checkpointing and dynamic
gradient accumulation, then introduce a hybrid approach that suits
the constraints of mobile/embedded computing environments.

3.4.1 Dynamic gradient checkpointing. During graph execution,
nodes are visited in topological order. However, due to the complex
dependencies caused by automatic differentiation where nodes with
low topological order (e.g., input data) connect to high-order nodes
(e.g., gradient of the first model layer), all intermediate states are
destined to be retained in the memory, resulting in significant mem-
ory consumption. As Figure 7 (a) illustrates, gradient checkpointing
alleviates this overhead by storing only a subset of intermediate
states (i.e., checkpoints) in the memory. Those not stored are re-
computed on-demand. This approach can be extremely effective in
minimizing the memory consumption of model training operations.

Among a handful of work that target to identify the ideal set
of nodes to remain in the memory (and which to drop), Sage se-
lectively employs the on-line checkpointing approach, as it offers
high flexibility in managing memory consumption at runtime [21].
Specifically, using this scheme, Sage retains all intermediate com-
putation results in the memory until it meets a memory usage

469



Memory-efficient DNN Training on Mobile Devices MobiSys ’22, June 25–July 1, 2022, Portland, OR, USA

threshold. If the storing of the next intermediate state exceeds the
threshold, Sage will greedily (and iteratively) evict memory con-
tents by identifying lowest heuristic value items. Sage takes the
computational cost per bit as its heuristic to assess the “memory
worthiness” and among all states stored on the memory, the one
with the lowest computational cost / tensor size is victimized as this
leaves the least recomputation overhead. Note that we use compu-
tation latency when evaluating the computational cost of a tensor.
For this, we record the latency for all tensor computations. The
current implementation of Sage only focuses on GPU operations,
and we leave the use of heterogeneous embedded processors (e.g.,
NPU) and employing cost values based on energy consumption as
part of future work.

3.4.2 Dynamic gradient accumulation. As illustrated in Figure 7
(b), gradient accumulation, also known as micro-batching, splits the
original mini-batch into smaller micro-batches. The use of smaller
batch sizes result in less (instantaneous) memory use; thus, is effec-
tive in reducing peakmemory requirements of model training. Once
all micro-batch computations complete, per-iteration accumulated
results are used to recover the mini-batch gradient.

The key to applying gradient accumulation is to determine the
micro-batch size. We devise and incorporate a simple algorithm
that dynamically adjusts micro-batch sizes to the available memory
budget. Note that a large micro-batch offers minimal memory re-
duction, while a too-small micro-batch may under-utilize the GPU.
Thus, Sage targets to identify the maximum possible micro-batch
size that it can support given its current memory availability. Once
the memory is scarce, a single batch column for all intermediate
states in the memory is collectively evicted from the memory (c.f.,
Fig. 3 (b)) until the target budget is met. Micro-batched gradients
are stored, and the graph evaluation process iteratively continues
until all micro-batch gradients accumulate.

3.4.3 Hybrid strategy in Sage. While gradient checkpointing and
accumulation can theoretically be applied together, generating an
optimal hybrid approach is not straightforward, given the distinct
memory-latency tradeoff characteristics of different strategies. Take
a scenario in which nodes are asked to be evicted from the memory.
There can be many ways in which the two strategies coalesce. For
example, they may operate on separately allocated memory spaces,
or be applied simultaneously, or may prioritize one over the other.
While these options may lead to similar memory reduction, their
latency overhead can significantly differ.

Sage employs a hybrid strategy of combining dynamic gradient
checkpointing and dynamic gradient accumulation based on an
empirical observation made for mobile GPUs. Note that the major
concern of aggressive micro-batching is in under-utilizing the GPU.
We noticed that for mobile GPUs, under-utilization only occurs
when the micro-batch is relatively small (e.g., ≤6 for ResNet-50)
due to computing power limitations. Thus, it makes sense to aggres-
sively exploit gradient accumulation until reaching a pre-defined
tipping point as memory reduction can come at no cost.

Based on such observation, we design Sage to prioritize dynamic
gradient accumulation until reaching the GPU under-utilization
point (i.e.,𝑀𝑇𝑃 ). Then, Sage employs gradient checkpointing for
further memory reduction (c.f., Algo. 1 ; Fig. 3 (f)). We show through

Algorithm 1 Sage’s runtime memory management
Require: 𝐺 ⊲ List of gradient nodes in the graph
Require: 𝑏𝑎𝑡𝑐ℎ ⊲ Mini-batch size
1: 𝑄 ← BinaryHeap(𝐺) ⊲ Sorted in topological order
2: 𝐷 ← Set ⊲ Prevents infinite loop in checkpointing
3: 𝑚 ← 𝑏𝑎𝑡𝑐ℎ

4: while 𝑏𝑎𝑡𝑐ℎ ≥ 0 do
5: while 𝑛𝑜𝑑𝑒 ← Pop(𝑄) do
6: if 𝑛𝑜𝑑𝑒 ∈𝑚𝑒𝑚𝑜𝑟𝑦 then continue
7: Insert(𝐷, Parents(𝑛𝑜𝑑𝑒))
8: if Parents(𝑛𝑜𝑑𝑒) ⊂ 𝑚𝑒𝑚𝑜𝑟𝑦 then
9: while not sufficient memory do
10: if 𝑚 ≥ 𝑀𝑇𝑃 then ⊲ Accumulation
11: free all last batches in memory
12: 𝑚 ←𝑚 − 1
13: else ⊲ Checkpointing
14: 𝐶 ←𝑚𝑒𝑚𝑜𝑟𝑦 ∩ 𝐷𝐶

15: free 𝑐 ∈ 𝐶 with the smallest Latency(𝑐)
Memory(𝑐)

16: end if
17: end while
18: Compute(𝑛𝑜𝑑𝑒)
19: Remove(𝐷, Parents(𝑛𝑜𝑑𝑒))
20: else
21: Push(𝑄,𝑛𝑜𝑑𝑒)
22: Push(𝑄, Parents(𝑛𝑜𝑑𝑒))
23: end if
24: end while
25: 𝑏𝑎𝑡𝑐ℎ ← 𝑏𝑎𝑡𝑐ℎ −𝑚
26: end while

Figure 8: Minimum memory requirements for baseline,
graph optimization (GO), gradient checkpointing (DGC), gra-
dient accumulation (DGA) and Sage.

our evaluations that this hybrid approach is highly efficient for
mobile devices compared to other possible options.

4 EXPERIMENT AND EVALUATION
4.1 Experimental Settings
We implement Sage with ∼15K lines of Rust code 1, and evaluate its
performance using four deep learning models that are widely-used

1https://github.com/eis-lab/sage
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(a) Single core hypothetical machine - limited processing capabilities

(b) Infinite core hypothetical machine - ideal processing capability with maximum parallelism

Figure 9: Theoretical computation throughput of various gradient accumulation and gradient checkpointing schemes for two
(extreme) hypothetical computing environments.

in natural language processing (i.e., BERT-small [6]) and computer
vision (i.e., ResNet-50 [10], DenseNet-121 [12], MobileNet-v2 [36]).
We implement the DO graph of each model with parameters taken
from the original work and employ input data of shape (64, 512)
for BERT-small, and use (3, 224, 224) for other models. For all cases,
the mini-batch size is set to 32. Specifically, we evaluate Sage using
three platforms: (i) Samsung Galaxy S10 (Exynos 9820) with Mali-
G76 GPU and 8 GB RAM, (ii) Samsung Galaxy Note 20 (Snapdragon
865) with Adreno 650 GPU and 8 GB RAM, and (iii) an NVIDIA RTX
3090 GPU server. Smartphone implementations run on Android 11.

4.2 Memory Requirements for Training
We start our evaluations by presenting results on how much mem-
ory is required for training deep learning models when applying
Sage. Figure 8 compares the minimum memory requirements for
training the four deep learning models of our interest with dif-
ferent configurations. Specifically, here, we compare Sage with a
baseline approach (no memory management), graph and operator
optimizations (GO; Sec 3.3 and Sec 3.2), dynamic gradient check-
pointing (DGC; Sec 3.4.1), and dynamic gradient accumulation
(DGA; Sec 3.4.2).

As the plots show, Sage significantly reduces the required mem-
ory for DNNmodel training (20-fold reduction compared to baseline
for ResNet-50 and DenseNet-121 andmore than 13-fold for all tested
cases). We can also notice that compared to graph optimization
schemes, run-time optimization methods, especially dynamic gradi-
ent accumulation, aggressively reduces memory usage. From these
plots, we can conclude that by effectively combining the individ-
ual strategies, Sage reduces the memory requirements for model
training to suit the tight memory availability of mobile platforms.

4.3 DNN Training Performance
We now present benchmark evaluation results on the performance
of Sage in training various DNNs. Here, we focus on examining the
impact of different memory-reduction techniques used in Sage in
greater detail.

4.3.1 Comparison methods. We exploit the five following configu-
rations to compare the run-timememorymanagement performance

Sage. First, we consider a baseline approach where no memory
optimization is used. Second, we implement static gradient check-
pointing (SGC) in which only one sample every

√
𝑛 samples are

stored in the memory [3]. Third, we also implement a static gradient
accumulation (SGA) scheme, where we configure the batch size to
1
2 of the original (i.e., 16). Finally, we present results for dynamic
gradient checkpointing (DGC) and dynamic gradient accumulation
(DGA), integrated in Sage, separately.

4.3.2 Performance on hypothetical platforms. Prior to presenting
experimental results, for a concrete and comprehensive understand-
ing of how Sage exploits mobile hardware characteristics to support
complex DNN training, we configure an emulation environment
that exploits two extreme hypothetical devices: (i) a single core ma-
chine with limited computing power and (ii) a machine with infinite
cores of ideal processing capability and maximum parallelism. In
Figure 9 we present the computational throughput (in samples per
second) for different comparison methods with varying (statically
configured) memory availability.

From the trends of the plots, we make a few interesting observa-
tions. First, from the fact that the plots for static approaches (SGA,
SGC) are shorter than those of their dynamic counterparts, we can
notice that static schemes offer less memory reduction benefits
than dynamic approaches. This is due mainly to the fact that it is
challenging to identify static parameters prior to run-time. Next, for
cases when the processing capabilities are limited (Fig. 9 (a)), DGC
shows superior performance over DGA, as no overhead is induced
in split-computing the mini-batch. On the other hand, with ideal
processing power (Fig. 9 (b)), DGC shows a better performance.
These results, suggest that DGA should be prioritized in computing
environments with less parallel processing capability, whereas DGC
should be preferred with powerful processors. Note that we did
not test with Sage in this configuration. This is due to the fact that
when using these extreme conditions, Sage will naturally merge to
the best performing option, as Sage takes a hybrid approach.

4.3.3 Experimental benchmark. Figure 10 presents the same evalua-
tions as above, this time, on three real hardware platforms, Samsung
Galaxy S10 and Note 20 together with the NVIDIA RTX 3090. Given
that mobile GPUs show less parallelism compared to the RTX 3090
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(a) Samsung Galaxy S10

(b) Samsung Galaxy Note 20

(c) NVIDIA RTX 3090

Figure 10: Empirical throughput performance for different runtime memory management schemes compared to Sage on the
Samsung Galaxy S10, Note 20 and the NVIDIA RTX 3090.

(∼100× difference in processing speed), the performance trends
agree with our findings from the emulations in Figure 9. Here, the
computing performance of RTX 3090 closely resembles the high-
processing power environment, while the performance of the two
mobile GPUs generally follows the limited computing power case.
Nevertheless, note that when provided with sufficient memory,
Sage shows DGA-like performance, but once the amount of avail-
able memory becomes scarce, Sage issues checkpointing operations,
to achieve a more memory efficient solution. As a result, when
observing the minimum required memory for model training, on
mobile devices, we can see that Sage enables models to be trained
even with extremely low memory availability (e.g., 50% reduction
compared to the maximum reduction of DGA and 420% to DGC
in ResNet-50). In terms of throughput, Sage can process up to 7
samples (of model training) per second for BERT-small. This implies
that Sage successfully achieves its initial design goal of offering a
memory-efficient deep neural network training environment for
mobile computing platforms.

4.3.4 Performance impact of graph and operator optimization. Next,
we take a deeper look into the impact of applying graph- and
operator-level optimization strategies used in Sage using Table 1.
Here, we take the four models of our interest and present num-
ber of nodes in the resulting CO-graph, memory consumption
and processing latency on the Samsung Galaxy S10 with different
optimizations enabled. Starting from operator-level optimization,
replacing composite tensor operations with direct operations (Di-
rect) shows a small decrease in the CO node count, and all four
models exhibit effective memory reduction at the cost of (marginal)
added computation latency. With operation fusion (OF), all models
show noticeable improvements in reducing both memory usage and
latency. Subgraph reduction (SR), a more aggressive fusing scheme,
amplifies these benefits. Sage, which combines all three operations,
achieves both memory and latency reductions by effectively curtail-
ing memory copy operations and fusing adjacent operations so that
the number of computation-needing components are minimized.

Figure 11: Throughput comparison of different DGA-DGC
hybrid strategies.

4.3.5 Evaluation on different runtime optimization approaches. Fi-
nally, we focus on evaluating Sage’s run-time optimization scheme.
As mentioned in Section 3.4, gradient accumulation and check-
pointing strategies can be combined in different ways. While Sage
prioritizes gradient accumulation until reaching the GPU under-
utilization point, then applies gradient checkpointing, other combi-
nations can also be possible. In Figure 12 we present the average
processing throughput of the ResNet-50 model on three platforms
for six different hybrid approaches: (i) DGC only, (ii) DGA only,
(iii) half of memory drop using DGC and the other half with DGA ,
(iv) DGA-DCG used interchangably, (v) DGC prioritized, and (vi)
Sage - DGA prioritized. The plots show that among all cases, Sage
shows the highest throughput performance on mobile platforms.
Interestingly, on the RTX 3090, fully exploiting and prioritizing
gradient checkpointing shows better performance. This is because
the cost of recomputing gradients is less significant given the com-
puting resources available on server-scale GPUs. Nevertheless, our
evaluations on different hybrid approaches show that Sage is the
most suitable approach for mobile platforms.

4.4 Performance with Dynamic Memory
Given a reduced computational graph from the graph optimization
phase, the goal of run-time memory optimization is to adapt the
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Model ResNet-50 DenseNet-121 MobileNet-v2 BERT-small

CO
nodes

Memory usage
(MB)

Latency
(ms)

CO
nodes

Memory usage
(MB)

Latency
(ms)

CO
nodes

Memory usage
(MB)

Latency
(ms)

CO
nodes

Memory usage
(MB)

Latency
(ms)

Original 1762 3303 1161 5120 3607 1511 1478 908 290 2509 7197 572
Direct 1699 3147 (-4.7%) 1240 (+6.8%) 4912 3408 (-5.5%) 1677 (+10.9%) 1320 867 (-4.5%) 323 (+11.3%) 2275 6578 (-8.6%) 602 (+5.2%)
Direct+OF 760 2903 (-12.1%) 760 (-34.5%) 3895 3253 (-9.8%) 1226 (-18.8%) 791 846 (-6.8%) 237 (-18.0%) 1730 5368 (-25.4%) 380 (-33.5%)
Direct+OF+SR 650 2857 (-14.5%) 685 (-41.0%) 3330 3207 (-11.1%) 978 (-35.3%) 629 838 (-7.7%) 207 (-28.8%) 1547 5246 (-27.1%) 335 (-41.5%)

Table 1: CO graph size, memory and latency impact of different graph and operator optimization used in Sage.

Figure 12: Time-series trace of Sage’s memory usage with
dynamic memory availability.

training process towards the dynamic memory budgets of a mobile
computing environment. To confirm that Sage performs properly
(and well) under such dynamics, we configure the Galaxy S10 with
ResNet-50 and dynamically vary the amount of available memory.
In Figure 12 we present the memory use trace and memory man-
agement strategy applied at each point for one mini-batch training
iteration. Specifically, in the initial phase, no micro-batch is defined
(e.g., batch size = 32) until approaching the first memory capacity
wall. At this point, gradient accumulation issues for a micro-batch
size reduction (e.g., batch split to 20 + 12). When the next memory
wall is met, the micro-batch is reduced once more (e.g., 14 + 14 + 4).
At memory walls that follow, Sage determines that further micro-
batch reduction would cause GPU under-utilization and applies
gradient checkpointing for the remainder of the iteration. As this
example shows, Sage successfully manages memory usage with
respect to the available memory resources.

4.5 Energy Consumption
Finally, Figure 13 plots the per-training iteration energy consump-
tion on the Galaxy S10 and Note 20 for the four models of our inter-
est. For all cases, we present results for different memory budgets
and use the BatteryHistorian power monitoring tool for measure-
ments [5]. Note that we measure and deduct the base energy usage
of the OS to extract Sage’s energy use. Given that the Galaxy S10 is
equipped with a battery of ∼60,000 Joules and with the ResNet-50
consuming ∼4.9 J per training iteration, a 1,000-iteration training
operation (enough for model fine-tuning) with ResNet-50 will re-
sult in consuming 8% of the entire battery. These results suggest
that while not explicitly optimized for minimal energy consump-
tion, Sage is still suitable as an practical on-device DNN training
framework for mobile platforms.

5 DISCUSSIONS
Our evaluations indicate that Sage effectively allows the training of
memory demanding state-of-the-art complex deep neural network

models on mobile computing platforms. Based on our experiences
in designing, implementing and evaluating Sage, we outline some
interesting discussion points that can potentially lead to meaningful
future research below.
• Thermal constraints: An important factor that we do not con-
sider is the thermal profile of the mobile platform when on-device
DNN training takes place. As the results in Section 4.3.3 show, de-
spite Sage effectively managing memory contents to realize DNN
training, the process still can take a noticeable amount of time and
energy. This opens the possibility of the device’s thermal throttling
to function. We see such effect as a possibility and plan to address
such issue as part of future work.
• Impact on mobile user experience: To enable on-device com-
plex DNN training, Sage is designed to fully exploit all available
resources on the mobile platform. However, if we consider the case
where on-device training is used as a background service of an
application, the exhaustive use of computing/memory resources
can easily impact the user experience. While out of the scope for
this work, we see this as an important next research direction.
• Handling batch normalization: Through our experiments, we
showed that dynamic gradient accumulation is highly efficient in re-
ducing the training memory budgets in mobile platforms. However,
for DNN architectures that employ batch-wise regularization meth-
ods (e.g., batch normalization), gradient accumulation approaches
can interfere with the training results. For this, a simple work-
through is to compute and store the entire mini-batch mean and
variance data in inference mode prior to each training iteration, and
exploit this stored data in the following training operations. This
will add latency overhead induced by the computing of mini-batch
statistics separately, but will not affect the overall training memory
requirements.
• Low-precision training: Low-precision floating points oper-
ations can coalesce with Sage for additional memory reduction.
While not included as part of our evaluations, our elementary (and
incomplete) implementation of half-precision (FP16) training sug-
gests that ∼40% linear reduction can be made in overall memory
consumption. While not included in the scope of this work, where
we target to keep the original precision of the model, we plan to
add a complete half-precision feature in our open source software
of Sage.

6 RELATEDWORK
The task of proposing a memory-efficient DNN training frame-
work for mobile platforms has not been actively studied in previous
work. In Section 2.3, we presented a number of memory reduction
techniques that can be (or have been) applied to model training
operations. As we show throughout this work, server-scale GPUs
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Figure 13: Per-training iteration energy consumption on the Galaxy S10 and Note 20 for four DNN models.

and those equipped on mobile platforms show noticeably differ-
ent performance characteristics. Specifically, the assumptions that
previously proposed schemes are based on do not hold; thus, they
cannot be applied naively for mobile on-device DNN training.

While not being memory saving mechanisms themselves, mobile
deep learning frameworks such as TensorFlow Lite [40], Alibaba
MNN [18], and Apple’s Core ML [16] are designed to support some
basic level of on-device training. We note that the implementa-
tion of Sage on such industry-scale mobile DNN frameworks can
potentially enhance the system’s real-world applicability. Unfortu-
nately, at this point, many components of Sage (e.g., graph-level
optimizations and runtime memory management) require consid-
erable design modifications for full integration. Furthermore, some
frameworks implement internal optimizations (e.g., tensor pooling)
that can interfere with our design hypotheses. Thus, we believe
that coalescing the proposed memory-reducing optimizations in
Sage with existing latency-reducing framework designs will be the
next step to democratize on-device training.

7 SUMMARY
This work targets to address the challenge of training complex deep
learning models on today’s mobile computing platforms. When
made possible, we believe that the consequences of on-device model
training is significant. A mobile device can lessen its dependency
towards powerful servers and privacy-sensitive data can remain lo-
cal while fully enjoying the capabilities of precise and personalized
neural networks. We present Sage as a solution to realize this goal.
Specifically, we identify memory budget limitations as the most
significant hurdle and propose Sage as a framework for dynamically
managing the memory usage in on-device model training scenarios.
Specifically, Sage reforms the computational graph for gradient
evaluation with minimal memory transfer operators and performs
operator fusion and subgraph reduction to reduce the graph size.
Using a combination of gradient accumulation and checkpointing,
Sage also adapts its memory use with respect to the dynamic mem-
ory budgets on mobile platforms. Extensive evaluations with real
implementations of Sage on the Samsung Galaxy S10 and Note 20
indicate that Sage is robust enough to train heavy state-of-the-art
DNNs, such as ResNet-50 and BERT-small, which were previously
infeasible using mobile GPUs. We foresee Sage as an important
milestone in catalyzing a rich set of mobile applications that fully
exploit the capabilities of highly accurate neural networks.
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