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Abstract—In this letter, we present deep partitioned training to accelerate
computations involved in training DNN models. This is the first work that partitions
a DNN model across storage devices, an NPU and a host CPU forming a unified
compute node for training workloads. To validate the benefit of using the proposed
system during DNN training, a trace-based simulator or an FPGA prototype is
used to estimate the overall performance and obtain the layer index to be
partitioned that provides the minimum latency. As a case study, we select two
benchmarks, i.e., vision-related tasks and a recommendation system. As a result,
the training time reduces by 12.2~31.0 percent with four near-storage computing
devices in vision-related tasks with a mini-batch size of 512 and 40.6~44.7 percent
with one near-storage computing device in the selected recommendation system
with a mini-batch size of 64.

Index Terms—DNN accelerators, near-storage computing, training deep neural
networks, workload partitioning
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1 INTRODUCTION

To enhance the performance of computing Deep Neural Networks
(DNNs), there is a plethora of research work in the domain of accel-
erator design [1], [2], [3]. There are two different research direc-
tions in developing DNN accelerators or so-called NPUs: i) low-
power inference engines and ii) high-performance training
engines. For low-power inference, a variety of dataflow models or
hardware techniques have been proposed [1]. To reduce the train-
ing time, specialized tensor cores are designed or high-density
DRAMs are utilized [2], [3]. This paper focuses on the training of a
DNN model which is a challenging task as a bulk of training data
has to travel across expensive interconnect interfaces.

Recently, both academia and industry have focused on moving
compute capability to storage devices in dealing with data-intensive
workloads [4], [5]. As data resides in the storage server, it is natural
to process some of computations then reduce data size to alleviate
the burden for SSD-CPU communication. For DNN training with a
small dataset, it is possible to move the entire training data to
DRAM attached to an NPU then sample mini-batches directly from
the DRAM with higher bandwidth. If the training data exceeds the
DRAM capacity, however, mini-batches have to be sampled from
the storage and then fetched to the NPU system. Yet, none of the
prior work discusses the possible advantage of utilizing near-stor-
age computing for high-performance DNN training.

More importantly, there is a lack of research effort in bridging
these two approaches, DNN accelerators and near-storage comput-
ing, to maximize the overall throughput in training DNN models.
In this work, we put these decoupled hardware fabrics together so
that each takes charge of a fraction of DNN training workloads
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using a hybrid of data parallelism and layer partitioning. This is
the first work that partitions the DNN model across storage devices, an
NPU and a CPU for the training process.

2 BACKGROUND

2.1 Process of DNN Training

- Forward Propagation (FP): The forward propagation is equivalent
to the inference in deep learning. Depending on the layer type, a
DNN accelerator performs the corresponding computation, e.g., a
convolution with 3x3 kernel (conv-3 layer) or a matrix multiplica-
tion (fully-connected layer). The computations at each DNN layer
for a single training sample during the forward propagation can be
expressed as

—-15-1 S-1

Z SO Wik[dls.lsy) - e[z + sally + s, )

=0 s3=0 sy=0

OlK][=][y] =

where W is weight kernel, ‘SxS” is the kernel size, ‘C" and ‘K’ are
the number of input (/) and output (O) channels, and ‘XxY” is the
size of a feature map (fmap). For dense processors (CPU/GPU) or
accelerators (TPU), convolutions are converted to a matrix multi-
plication by applying an ‘Im2Col” operation. Thus, it is possible to
assume a generic DNN operation as a GEMM operation [1].

- Backward Propagation (BP): After the forward propagation is
completed over a mini-batch with size B, the loss £ for each train-
ing sample is computed. Then, the loss is backpropagated to com-
pute gradient maps at each layer (G;). The gradient propagation is
performed by
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where Wy, is the flipped kernel and G and Gy are the input and
output gradient maps. Note that Wy, also rearranges the channel
dimension as the input to the layer is an output gradient map (Go)
to compute G7.

- Weight Update (WU): While backpropagating the loss, Hada-
mard product is performed between the gradient map and its cor-
responding input feature map. This is identical to a convolution
operation on a relevant input region with the output gradient map
(Go) as a kernel. It is performed on every input and output channel
pair (¢, k). Then, the AW[k]|[¢] is computed and we can update the
corresponding weight kernel.

2.2 Challenges in DNN Training

In this work, we leverage the benefit of layer partitioning across
near-storage computing devices and an NPU hosted by CPU on
two representative DNN models, i.e., Convolutional Neural Net-
work (CNN) and Deep Learning Recommendation Model
(DLRM). Note that this work focuses on scaling up a single com-
pute node by using near-storage computing devices with the NPU.
The training of a DNN model is challenging when the training
dataset becomes large and do not fit in off-chip DRAM. For
instance, ImageNet dataset requires 150 GB (compressed size) for
training which far exceeds the capacity of a high-density HBM
stack (8~16 GB [6]). Thus, sampling and processing mini-batches
at multiple near-storage devices (data parallelism) will greatly
reduce the computation load on the NPU (layer partitioning). In
addition, as projected in Table 1, the size of embedding tables for a
production-scale recommender system exceeds the NPU DRAM
capacity (12 GB/16 GB for expensive HBM2/2E) [7], [8]. Thus, it is
reasonable to do reduce operations, i.e., sum, average or concat,
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TABLE 1 TABLE 2
The Size of Embedding Tables Projected by Referring to [7], [8] FPGA Specifications for a SmartSSD and a Host-Side NPU
Bandana [7] RMC [8] FPGA Specifications LUTs FFs DSP Slices
# of Emb. Tables 8 4 ~40 Kintex KU15P (smartSSD) [5] 523K 1,045K 1,968
Size / Emb. Table 1.2 ~2.4GB 10MB ~3-4GB Alveo U250 (NPU) [10] 1,728K 3,456K 12,288

on embedding vectors near storage and fetch the result to the NPU
for computing the following MLPs.

3 DEEP PARTITIONED TRAINING

3.1 Overall System Architecture

We present a system architecture for efficient DNN training by par-
titioning DNN layers across near-storage computing units, i.e.,
smartSSDs [5] and an NPU/CPU (Fig. 1). For NPU design, we
select a 2D systolic array similar to Google TPU [2]. The size of a
systolic array in a smartSSD or an NPU is selected by implement-
ing RTL on each FPGA (Section 3.2). The FPGA specifications of
the smartSSD and NPU are provided in Table 2. The bandwidths
of various interfaces used in our simulation are provided in Fig. 1.
The bandwidth within the storage is limited by the I/O parallelism
of underlying NAND chips and PCle interconnection speed. Also,
DRAM bandwidth in the storage is assumed to be 4x lower than
the one attached to CPU/NPU. As the PCle bandwidth assigned to
storage devices is limited to 16GB/s, we may allow up to four
near-storage computing units.

3.2 Selection of NPU Size

As half-precision (FP16) is enough for training DNNs, we synthe-
sized a systolic array with FP16 on each FPGA and obtained the
maximum allowable array size. As a result, a smartSSD allows a
32x16 systolic array and an NPU allows a 48x48 array using FP16
(test case @). The size of a systolic array is limited by the number
of available DSP slices. As LUTs and FFs are not fully utilized, we
also implemented a systolic array based on the block floating-point
presented in [9]. By using block FP16 (Block16), we can increase
the size of a systolic array by 4x for both smartSSD and NPU (test
case @). To consider the host-side NPU as an ASIC implementa-
tion, e.g., Google TPU (bfloat16), we also tested a 128x128 systolic
array as an NPU with a 64x32 array at each smartSSD (test case ®).
We actually trained and tested a CNN model with data types of
the test case O~@® reaching the same accuracy and convergence
speed.

i ! DNN |
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Fig. 1. The overall system architecture for deep partitioned training of DNN models
using a hybrid of data parallelism and layer partitioning.

3.3 Selection of Partition Index
The problem of layer partitioning across smartSSDs and an NPU
can be formulated by

partition_idx = argmin(B - max(FPEi !, FPEL)
i

+Tpcre + B+ (BPRT! + BPUS!) + WU o), @)
WUt = WUREG + WUSS' + Thicssps

where ‘i’ is the partition index, ‘B’ is the mini-batch size, and FP,
BP, WU represent the latency required for the forward pass, back-
ward pass, and weight update. The subscript ‘NPU” or ‘SSD’ indi-
cates where the computation happens. During the forward
propagation, the pipelined execution is allowed for higher perfor-
mance. “Tpcy.” is the latency for moving fmaps from smartSSDs to
the NPU. ‘T¥ L.” is the latency of inter-SSD communication
required for the gather, reduce and broadcast operations on locally
computed gradients (AW) at multiple smartSSDs. To solve Eq. (3),
we sweep ‘i’ from layer ‘0" to ‘N-1" in a DNN model with ‘N’ layers.
After evaluating every possible ‘i" with our simulator (Section 3.4),
we select the layer index providing the minimum latency.

3.4 Workflow of Our Simulator
For the evaluation of Eq. (3), we implement a trace-based simula-
tor, i.e., DPT-sim, in the granularity of accessing each component
in the system shown in Fig. 1. The trace file stores the list of opera-
tions by (tensor type, tensor index, storage or memory RD/WR
time, NPU start/end time). The unit size of data read from SSDs is
assumed to be 4KB, i.e., logical block size, for the simple latency
projection. For accessing DRAM and SRAM, we consider the unit
of data bus width for the estimation of access latency. For NPU
design, we implement a cycle-level simulator of a 2D systolic array
that deals with 2-Byte operands. As various types of DNN layers
can be mapped to a set of GEMM operations, the systolic array can
be used for DNN computation in general.

The proposed system exploits the data parallelism at multiple
smartSSDs and the layer partitioning between smartSSDs and the
NPU (Fig. 2). A mini-batch with a fixed size, e.g., 32, 64 or 128, is
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Feature Map
per Batch per Batch

Layer -~ (Loss
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Partitioning ,-*_.* o 2
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CPU~<".-~ " o a3
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Data Parallelism (SmartSSDs)

Fig. 2. A hybrid of data parallelism and layer partitioning of the proposed deep par-
titioned training for CNN models.
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TABLE 3
The Required Number of Cycles for Training CNN Models at Various
Mini-Batch Sizes Only With a Host-Side NPU (Baseline)

CNN \ Latency with 96x96 Systolic Array in NPU (# of Cycles)
Model | B=32 | B=64 | B=128 | B=25 | B=512
[ ResNet-50 [ 58,929,786 | 116,910,970 [ 262,873,338 | 464,798,074 | 928,647,546
| Faster R-CNN | 49,436,937 | 98,009,481 | 195,154,569 | 389,444,745 | 778,025,097

split into four smaller mini-batches and they are processed by each
smartSSD in parallel. After reaching the DNN layer with a given
partition index, intermediate fmaps from four smartSSDs are
moved to the NPU together. Then, the remaining layers are proc-
essed by the NPU and finally the loss per batch is computed
sequentially on the CPU. The backward pass is activated to per-
form the gradient propagation and the weight update. Note that
the gradient maps are distributed back to the corresponding
smartSSDs. The process of forward and backward passes for a
given mini-batch is simulated using DPT-sim for the performance
estimation.

4  ANALYSIS OF DEEP PARTITIONED TRAINING

4.1 Case Study I: Vision-Related DNN Models

First, we evaluate the efficiency of deep partitioned training on the
vision-related tasks, image classification [11] and object detec-
tion [12]. The training consists of three parts: i) forward prop, ii)
backward prop, and iii) weight update. Feature maps are reduced
in advance for computing AW. The baseline is running the entire
computations on the NPU with a relatively larger systolic array.
Note that the classifier, i.e., softmax layer and computing loss, is
processed at the host CPU. To set up the best possible baseline
model, we allow prefetching the next mini-batch to NPU DRAM
for higher performance. In Table 3, the latency to complete the
training on a mini-batch at various sizes is provided for ResNet-50
(54 layers) and Faster R-CNN (46 layers).

For the deep partitioned training, we utilize up to four
smartSSDs and a host-side NPU. Our simulation results are sum-
marized in Table 4. As we increase the number of smartSSDs and /
or the size of a mini-batch, a significant performance improvement
is observed thanks to batch-wise data parallelism and increased
PCle bandwidth. The number inside the parenthesis denotes the
optimal partition index by the sweep test showing the minimum
latency. For instance, ‘31.0 percent (32) means that the perfor-
mance improves by 31.0 percent over the baseline when we parti-
tion the model at layer 32 in Faster R-CNN. The benefit of utilizing
smartSSDs for test case @ is smaller compared to other cases as the
NPU has 2x larger systolic array than four smartSSDs. We can see
that the optimal partition index is governed by the ratio of comput-
ing power of NPU to that of smartSSDs.

In Fig. 3, the latency breakdowns of the proposed deep parti-
tioned training on ResNet-50 at three different mini-batch sizes are
provided (B=32, 64, and 128). As we pipeline the forward propaga-
tion for each training instance, most of the computation time in the
storage is overlapped with the compute time of the NPU (refer to
‘Hide’ for the actual training time). Most of the computation time

220M
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0
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Fig. 3. The latency breakdowns of deep partitioned training on ResNet-50 with four
smartSSDs (test case 2) at various mini-batch sizes.
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Fig. 4. The baseline and the proposed training system for the recommendation
system (DLRM).

is consumed by systolic arrays in the NPU and smartSSDs. The
other dominant part of computation is the time for inter-SSD com-
munications to gather, reduce and broadcast weight gradients, i.e.,
Tiierssp in Eq. (3).

4.2 Case Study ll: Recommendation System

As another benchmark, we evaluate the deep partitioned training
on a DLRM model for recommendation system [7]. Note that this
is a preliminary result which will be extensively studied in our
future work. We compare two systems, adding embedding vectors
(emb) i) on a host CPU (baseline) and ii) within a smartSSD (pro-
posed), and process the ‘bottom & top MLPs’ on an NPU (Fig. 4).
The prediction layer computing the click through rate (CTR) is
processed at the CPU. For the experiment, we use our FPGA proto-
type with NAND flash chips that stores embedding tables. For
both the baseline and the proposed system, embedding vectors are
read from the storage. The parameters used in our DLRM experi-
ments are summarized in Table 5. Considering the baseline, we
need to move 26 vectors per request to complete the reduce oper-
ation prior to computing the top MLP. Instead, we can perform the

TABLE 4
The Performance Improvement by Utilizing Deep Partitioned Training on Two Representative CNN Models (ResNet-50 and Faster R-CNN)

CNN Array Size Parameters: (# of smartSSDs, Mini-batch Size)

Model (SSD, NPU) (2, 32) @4, 32) (2, 64) 4, 64) (2, 128) 4, 128) (2, 256) 4, 256) (2, 512) 4, 512)
@ (32x16, 48x48) | 54% (11) | 15.9% (25) | 6.5% (11) | 20.5% (31) | 7.1% (11) | 23.9% (31) | 7.4% (11) | 25.6% (31) | 7.5% (11) | 26.5% (31)
ResNet-50 | @ (64x32, 96x96) 3.9% (12) | 10.8% (25) | 5.1% (12) | 17.4% (25) | 7.0% (24) | 21.9% (35) | 8.0% (24) | 26.9% (35) | 8.5% (24) | 29.4% (35)
(3 (64x32, 128x128) | 2.4% (2) | 6.8% (10) | 3.5% (6) | 95% (12) | 42% (9) | 11.0% (11) | 4.6% (9) | 11.8% (11) | 4.9% (9) | 12.2% (11)
Faster @ (32x16, 48x48) 6.0% (11) | 17.7% (25) | 7.2% (11) | 21.9% (27) | 7.9% (11) | 24.9% (29) | 8.2% (11) | 26.4% (29) | 8.3% (11) | 27.2% (29)
R-CNN @ (64x32, 96x96) 4.6% (12) | 12.9% (25) | 6.0% (12) | 20.8% (25) | 7.8% (22) | 25.2% (29) | 8.8% (22) | 28.8% (29) | 9.3% (22) | 31.0% (32)
3 (64x32, 128x128) | 2.9% (2) | 8.4% (10) | 4.3% (6) | 11.7% (12) | 5.2% (9) | 13.5% (11) | 5.7% (9) | 14.5% (11) | 6.0% (9) | 15.0% (11)
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TABLE 5
The Parameters Used in the Experiment for Recommendation System
Mini-batch Size PCle BW # of Vectors/Request Word Size
64 4GB/s 26 32bit
B Bottom FC1 B Bottom FC2 H Bottom FC3
B Top FC1 W Top FC2 O Top FC3
O Loss B Embedding Reduce M Embedding Update
x108 x10°
5.0 24
M Baseline
— 1 — 2.0
8 4.0 M Proposed 3 16
[&] o .
Q 3.0 CE
= ~ 12
& 20 2
L © 038
3 10 3 04
0.0 0.0
128 256 512 Baseline Baseline Proposed
dim(emb) w/ PiM

(a) (b)

Fig. 5. The experimental results on a DLRM model. (a) Total runtime comparison
between the baseline and the proposed system at various embedding vector sizes.
(b) Latency breakdown when dim(emb)=256.

reduce operation within the smartSSD to minimize the data that
move across the PCle interface. The computation time of the bot-
tom MLP at the NPU is shorter than that of reading embedding
vectors, thus hidden in the total latency.

As shown in Fig. 5a, we can reduce the total runtime per mini-
batch over the baseline by 40.6, 43.3 and 44.7 percent with vector
dimension of 128, 256 and 512. The reduce operation (sum) in the
proposed system is actually performed on an ARM processor on
the Xilinx Zynq board, while it is performed on an x86 processor
(host CPU) for the baseline. As the bottom and the top MLP are
processed on the NPU for both cases, the same latency is consumed
on the MLP computations (extracted from DPT-sim). Thus, the
reduction in total runtime comes from the reduce operation,
updating embedding tables, and its PCle transfer time. The perfor-
mance of the baseline can be improved by using Processing-in-
Memory (PiM) instead of the NPU as proposed in [13]. By deploy-
ing a PiM device, the latency of a forward/backward propagation
in the top MLP is minimized (Fig. 5b). As the dominant part of
training the DLRM model is in reducing and updating the embed-
ding vectors, the proposed system still reduces the training time by
37.9 percent compared to the baseline with the PiM device.

5 CONCLUSION

In this work, we proposed a system architecture, named deep par-
titioned training, that splits a DNN model and training data across
multiple storage devices, an NPU and a CPU. The proposed system
utilizes a hybrid of data parallelism and layer partitioning
schemes. For two representative DNN workloads, vision-related
tasks and a recommendation system, we were able to efficiently
reduce the training time by up to 31.0 and 44.7 percent, respec-
tively. Considering the sparsity in input features during the train-
ing or more flexible assignment, allowing more than a single
partition index, of DNN layers to either smartSSD or NPU at run-
time remains as our future work.
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