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Abstract—Dynamic neural network is an emerging research
topic in deep learning. Dynamic networks selectively skip re-
dundant computations conditioned on the input during inference
(i.e., dynamic inference). And they have demonstrated superior
trade-offs between accuracy and inference efficiency. However,
memory I/O turns irregular and dominant because of the fine-
grained computation skip in dynamic networks. Processing-In-
Memory (PIM) can perform Matrix-Vector Multiplications inside
the memory, eliminating the data movement of network parame-
ters. So, it is promising to address the memory I/O challenge.
However, deploying dynamic networks on PIM architectures
faces severe performance degradation caused by (1) Pipeline
stall when deciding on computation to be skipped. (2) Mismatch
between fine-grained algorithm computation skip and coarse-
grained hardware computing granularity. (3) Improper proxy of
hardware performance during training. To tackle these problems,
we propose DyPIM, the dynamic inference-enabled PIM acceler-
ator with software-hardware co-optimizations. At the algorithm
level, a PIM-friendly dynamic network with a standalone mask
generation network and a throughput-optimal training technique
is proposed. At the hardware level, a PIM architecture supporting
dynamic networks is proposed, with a pipeline controller to
process the dynamic dataflow. Peripheral circuits are also designed
in processing units to enable non-contiguous activating of non-
zero wordlines to better utilize the computation skip. Experiments
show that DyPIM can achieve 1.52× to 2.74× speedup and
2.05× to 3.95× throughput improvement over the existing PIM
architectures for ResNet networks.

I. INTRODUCTION

In recent years, convolutional neural networks (CNNs) have
demonstrated remarkable potential across various fields, such
as computer vision [1] and natural language processing [2].
To improve the computational efficiency of CNNs, researchers
have been actively exploring dynamic neural networks. By se-
lectively skipping redundant computations of the model during
inference conditioned on the input (i.e., dynamic inference),
dynamic networks can achieve superior trade-offs between ac-
curacy and efficiency [3]. For example, BranchyNet [4] utilizes
the Early-Exit strategy, which partitions the model into multiple
stages and processes simpler inputs with fewer stages compared
to more complex ones, and achieves 2× to 6× speedup on
CPU and GPU. DGNet [5] introduces dynamic pruning, which
dynamically skips specific pixels and channels by applying
masks on the features during the convolution process, and can
provide 59.7% computation reduction without loss of accuracy.

Although having demonstrated superiority in reducing com-
putation while preserving accuracy, dynamic networks working
on a finer granularity (e.g., spatially dynamic networks) suffer
from irregular I/O pattern caused by sparse activations and
weights. Moreover, as the computation overhead decreases in
dynamic networks, the hardware becomes increasingly memory
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Fig. 1. Challenges in Deploying Dynamic Networks to PIM

bounded. In such cases, memory I/O significantly impacts the
overall hardware efficiency [6].

Processing-In-Memory (PIM) architectures [7]–[10] based
on emerging Non-Volatile Memories (NVMs) is a promising
solution to the memory I/O problem in neural networks. PIM ar-
chitectures can perform Matrix-Vector Multiplications (MVMs)
inside the memory, allowing for inference of CNNs without the
need for extensive data movements of weights. However, there
exist challenges when deploying dynamic inference on PIM
accelerators. First of all, dynamic networks stall the inter-layer
pipeline of PIM architectures when deciding the computations
to be skipped, causing PIM latency deterioration. Inter-layer
pipeline starts computation once the required input data of a
layer are ready, rather than waiting for the previous layer to
complete all the calculations [9]. But the decision process of
dynamic networks takes the entire intermediate feature map as
inputs to generate decision results. And the following layers
require decision results to select the part of calculation to be
executed. Thus different convolutional layers must be computed
sequentially, which hinders the inter-layer pipeline and leads to
over 2.5× latency increase in the deployment of DGNet [5].

Secondly, the mismatch between the granularity of algorithm
computation skip and MVM execution in PIM accelerators
leads to the gap between computation reduction and actual
hardware speedup. In the fine-grained dynamic inference like
dynamic pruning, computation reduction comes from the spar-
sity in the spatial and channel dimensions of the pruned feature
map [5]. But when conducting MVM in a PIM memory array,
dot-product computations on weight are conducted at a coarser
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Fig. 2. Overview of DyPIM

granularity containing multiple pixels and channels, which is
called Operation Unit (OU). OU is the maximum region of
weights that can be computed together in a cycle [11]. The size
of OU is decided by the number of wordlines and bitlines that
can be activated simultaneously. Fig.1(b) shows an example of
OU-based MVM computation with 2× 2 OU. Weights in four
OUs are computed in order in four cycles. An OU is skipped
only if all the weights in it are skipped, so the latency reduction
(2×) is much lower than the computation reduction (8×).

Finally, training techniques of dynamic networks are mainly
designed to reduce the overall computation, which is not a
suitable proxy for the hardware performance of PIM architec-
tures. This improper proxy can lead to nearly 2× throughput
degradation. In traditional architectures like CPU and GPU,
the processing latency is proportional to the amount of com-
putation. However, in the PIM architecture, to avoid the write
overhead of NVM, weights are typically fixed within the PIM
crossbar. Due to varying parameter quantities across different
layers and the varying number of PIM crossbars employed,
the compute capability differs across layers. Consequently, the
amount of computation cannot serve as a proper proxy for PIM
processing latency. As shown in Fig.1(c), balanced pruning on
the computation of two layers will cause unbalanced latency,
and thus non-optimal throughput.

To tackle these challenges, we present DyPIM, a software-
hardware co-design strategy that can enable and optimize
dynamic inference in PIM architectures, as is shown in Fig.2.

The contributions of our work are as follows:

• We propose a pipeline-enabled dynamic network that
utilizes a standalone and lightweight decision network to
predict channel masks for the backbone network. The de-
cision network calculates the channel mask directly from
the original image, which does not require the intermediate
feature. As a result, it can recover the inter-layer pipeline.

• We propose a granularity alignment strategy to better
utilize computation skip. At the algorithm level, channel
grouping is utilized to merge the granularity of compu-
tation skip. At the hardware level, computing granularity
is broken down by selectively activating non-contiguous
wordlines to form OUs [11]. Our implementation of the
OU formation strategy can reduce the number of required
adders from N − 1 to K2 − 1, and the cycles for process
from ⌈log2N⌉ to ⌈log2K2⌉ in an N×N crossbar mapped
with a K ×K kernel.

• We designed a throughput-optimal training technique,

which can achieve balanced latency across layers by
reducing the computation of the layer with the longest
latency during training process. It also prevents unneces-
sary computation reduction on layers with shorter latency
for better accuracy.

Experiments show that DyPIM can achieve 1.52× to 2.74×
speedup and 2.05× to 3.95× throughput speedup over the
baseline ResNet networks.

II. BACKGROUND
A. PIM Architectures

PIM architectures include different levels of hierarchies. A
typical architecture contains multiple tiles connected together
through point-to-point or network-on-chip connection [10],
while each tile possesses several processing elements (PEs)
composed of crossbars of NVMs. During weight mapping,
kernels are divided into smaller sub-kernels which can be
directly mapped to a PE, and crossbars within the PE are
mapped with different bits of the sub-kernel [8].

B. Dynamic Pruning Algorithms
Dynamic pruning methods select the most relevant part of

the network for inference based on specific inputs. Fig.3(a)
demonstrates a typical integration form [5], [6] of dynamic
pruning with ResNet [12] as the backbone static network.

In the residual block (ResBlock) in the backbone network,
spatial mask generator is plugged in to calculate a binary mask
over the spatial dimension of OF, which decides the pixels to be
evaluated. This spatial mask is designed to prune the redundant
background information. Channel mask generator is plugged in
to calculate a binary mask over the channel dimension of OF
to decide channels to be calculated. The channel mask is used
to select the channels that contribute most to the final results.

The spatial mask Ms and channel mask Mc are
calculated from the input feature (IF), i.e., Ms =
fs(Conv1×1(IF )), Mc = fs(FC(AvgPool(IF ))). Step func-
tion fs is non-differentiable and can not be directly trained.
To make mask generators trainable, Gumbel-Softmax [13] is
commonly adopted to replace the step function during training
process [5], [6].

III. PIPELINE-ENABLED DYNAMIC NETWORK FOR PIM
For network structure in Fig.3(a), channel mask generator

takes all pixels in IF as input, which will stall the inter-
layer pipeline in PIM architectures. In contrast, spatial mask
generator takes only one pixel in the IF as input at a time,
which does not face the same challenge. So, our network design
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Fig. 3. Left: Different Structures for Channel Mask Generation; Right: An
Example of Pipeline Stall

is mainly focused on how to enable the pipeline from the stall
of channel mask generation.

A. Problem Analysis: An Example
Firstly, we take a static network with two convolutional

layers l1 and l2 as the example. In PIM architectures, inter-
layer pipeline allows a layer to start computation once the
required input data from the previous layer are ready [9]:
T l2
start = T l1

req(Static), where T l2
start stands for the start time

of l2, and T l1
req stands for the time when the required input data

from the l1 layer are ready, as shown in Fig.3(d).
Next, dynamic pruning is introduced in the dimension of

channels. Assuming that channel masks are generated from l1,
and applied to l2. Then l2 should also wait for the channel
mask from generator to start computation:

T l2
start = max(TGen

end , T l1
req), TGen

end = TGen
start + LGen (1)

where TGen
start, TGen

end , LGen are the start time, end time, and
computing latency of the channel mask generator. And the
generator takes the entire output feature of l1 as input to
produce the channel mask. Thus, TGen

start = T l1
end, where T l1

end is
the time when l1 finishes computation.

Based on the former analysis, the generator is restricted to
start computing after l1 finishes computing. This restriction
brings extra latency (Lextra) to the start time of l2 almost as
much as the total computation time of l1, which is the main
cause of pipeline stall, as shown in Fig.3(d).

T l2
start = TGen

end = T l1
end + LGen >> T l1

req(Static)

Lextra = T l2
start − T l1

req = (Tend − Treq)
l1 + LGen

(2)

Facing this problem, simply reducing the latency of the
generator is not an effective approach, as the restriction is left
unchanged:

Lextra > (Tend − Treq)
l1 + 0 (3)

DPACS [6] shares channel masks across several ResBlocks,
reducing the mask generation overhead. However, since sharing
channel masks across too much ResBlocks will lead to accuracy
drop, there still exist multiple ResBlocks that need to generate
channel masks. As a result, pipeline stall can not be avoided.
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B. Our Approach: Channel-Net
In order to break the restriction of TGen

start = T l1
end in all

ResBlocks of the backbone network without compromising
accuracy, we replace the plug-in generator with a standalone
decision network [14], as shown in Fig.3(b). The key idea is
to generate the channel mask using the original input image,
rather than the intermediate OF of l1. To be specific, a ResNet-
20 model is used to generate channel mask using the original
image. As ResNet-20 can be computed faster than l1, the gen-
erator can start computing earlier than l1 finishes computing:
TGen
start = TR.N.

end < T l1
end, where TR.N.

end represents the finish time
of the ResNet-20. Therefore, the mask generation and l2 can
start earlier than T l1

end. However, the naive standalone decision
network generates the channel mask at the cost of additional
processing latency of ResNet-20, which is as much over 25%
of the total latency.

To tackle this problem, we propose Channel-Net that intro-
duces branch structures to the decision network, as is shown in
Fig3(c). In Channel-Net, the original image is processed by a
series of lightweight feature extractors in sequence. Generators
are inserted between feature extractors as branches. Channel
masks for the backbone ResBlocks at different depths are
computed at different branches step by step. In this way, mask
for the first backbone ResBlock can be computed right after
the first feature extractor of the decision network, which is
much faster than waiting for the entire decision network to be
completed: TGen

start = TF.E.
end << TR.N.

end < T l1
end, where TF.E.

end

is the finish time of the first feature extractor. By leveraging
Channel-Net, Equation 2 can be rewritten as Equation 4.

Lextra = max(0, (TF.E.
end + LGen)− T l1

req) = 0 (4)

With Channel-Net, if the mask generation is finished before
the required input data of l2 are ready, l2 can start computing
and the inter-layer pipeline between l1 and l2 is recovered, as
shown in Fig.3(f). Experimental results show the extra delay
of Channel-Net is only 5.16% of the total latency. Therefore,
the extra latency of channel mask generation can be reduced
by 57.17×, and the inter-layer pipeline is recovered.

IV. GRANULARITY ALIGNMENT STRATEGY

A. Problem Analysis
In fine-grained dynamic algorithms like dynamic pruning,

computation reduction comes from the sparsity in the spatial
and channel dimension of the pruned feature map:

Comp. Reduct. = ((1− SRs) ∗ (1− SRc))
−1 (5)

where SRs and SRc are the sparsity ratio (i.e., percentage of
0s) of the spatial and channel mask. Assuming that values in the
spatial/channel mask are independent and identically distributed
(i.i.d.) random variables. Then the probability of a value being



0 in the spatial/channel mask, i.e., Ps(0)/Pc(0), is equal to the
spatial/channel sparsity ratio, i.e., SRs/SRc.

From the hardware perspective, after mapping network pa-
rameters onto RRAM crossbars, the computation skip of dy-
namic network means deactivating some memory cells. For
example, if a pixel of IF is masked, computations of weights in
a wordline can be skipped. And if a channel of OF is masked,
computations of weights in a bitline can be skipped. At the
algorithm level, the minimum granularity of sparsity (SG) is to
mask one pixel of IF and one channel of OF. As a result, the SG
corresponds to a single memory cell in the crossbar, as shown
in Fig.4(a). Denoting the height and width of SG as SGH

and SGW , respectively. Then we have SGH = SGW = 1.
While for the hardware, when conducting MVM in a crossbar
array, dot-product computations on weight are conducted at the
granularity of OU, which contains multiple rows and columns
of memory cell, as shown in Fig.4(a). Because of the granularity
mismatch between SG and OU, one OU usually contains
multiple SGs. The SG number within an OU can be calculated
as: #Ms =

⌈
OUH

SGH

⌉
,#Mc =

⌈
OUW

SGW

⌉
, where OUH and OUW

are the height and width of OU. #Ms and #Mc are the number
of spatial & channel mask minimum granularity within an OU.

An OU can be skipped if and only if all the weights in it are
masked. In other words, if all spatial mask values on an OU
are zero, or all channel mask values on an OU are zero, then
it can be skipped. As a result, the probability that an OU can
be skipped, i.e., POU (Skip), is as follows:

POU (Skip) = P (
∑

Ms = 0
⋃ ∑

Mc = 0)

= 1− P (
∑

Ms > 0)) ∗ P (
∑

Mc > 0)

= 1− (1− (SRs)
#Ms) ∗ (1− (SRc)

#Mc)

(6)

Since OUs are activated and computed sequentially, the PIM
hardware speedup comes from the number of skipped OUs:

Speedup =
#OUall

#OUall −#OUskip
=

1

1− POU (Skip)

= ((1− (SRs)
#Ms) ∗ (1− (SRc)

#Mc))−1

(7)

where #OUall is the total number of OUs to be computed in
one layer, and #OUskip is the number of skipped OUs.

To maximize the PIM hardware speedup in Equation 7, #Mc

and #Ms should be as small as possible, i.e., approach to one.
However, the mismatch between the size of SG and OU leads
to high #Mc and #Ms, causing severe speedup degradation,
as shown in Fig.4(b).

B. Granularity Alignment: Channel Grouping and Dynamic
OU Formation

In order to improve the PIM performance, we align the size
of sparsity granularity to the size of OU from two dimensions.
As a result, #Mc and #Ms are reduced to one and the com-
putation reduction is fully converted to the hardware speedup.

To align the widths of OU and SG, we propose the channel
grouping method from the algorithm level. Every N channels
are merged into a channel group, which share the same mask
value. As a result, SGW is raised and leads to smaller #Mc.
In this work, N is aligned to the width of OUs, thus #Mc can
be reduced to 1, as shown in Fig.4(c).

To align the heights of OU and SG, it is not easy to raise
SGH from the algorithm level. As spatial mask changes for
each sliding window, SGH will varies at different position,
which is hard to control. Alternatively, we reduce OUH through
a hardware-friendly dynamic OU formation (DOU) strategy
from the hardware level. DOU split an OU into several sub-
OUs that can be activated together in one cycle. It is realized
by dynamically choosing the wordlines with non-zero masks to
form OUs, instead of statically grouping contiguous wordlines
as OUs. As the height of this new sub-OU is one, #Ms is
reduced to one, as shown in Fig.4(d). More hardware details
will be discussed in Sec.VI-D.

V. THROUGHPUT-OPTIMAL TRAINING TECHNIQUE
In pipeline-enabled PIM architectures, the throughput de-

pends on the layer with the longest latency. As a result,
to achieve optimal throughput with the same computation
reduction, latency of different layers should be balanced.

In traditional architectures like CPU and GPU, the processing
latency is proportional to the amount of computation. So
existing training techniques of dynamic networks [5], [6] are
designed to achieve balanced computation across layers while
reducing the overall computation. But in PIM architectures, the
compute capability differs across layers as mentioned before.
Consequently, these training techniques can not ensure balanced
latency even if the computation is balanced.

To achieve balanced latency on PIM architectures, we use
the longest latency after pruning as the proxy of hardware
performance, instead of the overall computation reduction.
Specifically, we first inference on the backbone network and
record the latency Lati of each layer i. Then we compute
the lowest target sparsity ratio for different layers in order to
achieve the throughput improvement target T.I.tar.

SRi
tar = max(0, 1− max(Latj)

Lati ∗ T.I.tar
) (8)

During training, gradients are backpropagated to the weight in
the layers that vary most from its sparsity target, through the
design of loss function:

LPerf = (ReLU(max(SRi
tar − SRi))2 (9)

where SRi is the sparsity ratio of the ith layer.
Furthermore, we also restrict on the upper bound of sparsity

to prevent unnecessary computation reduction, so as to achieve
optimal accuracy.

LAcc = β ∗ (ReLU(SR
argmaxi(SRi)
tar −max(SRi)))2

Loss = α ∗ CrossEntropy(yp, y) + LPerf + LAcc

(10)

where yp and y are the prediction and the groundturth. α
is the trade-off coefficient between accuracy and hardware
performance. β represents the strictness of the upper bound on
the sparsity ratio for optimal accuracy. With the loss function,
our network is then trained with Gumbel-Softmax [13].

VI. HARDWARE ARCHITECTURE

A. Overall Architecture

The overall DyPIM accelerator architecture is shown in
Fig.5. It can support the layer-wise, spatial-wise and channel-
wise dynamic inference with the designed control modules in
the accelerator architecture.
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B. Tile Architecture with Layer-wise Control Flow

In DyPIM, decision results encompass spatial masks, channel
masks, and exit decision. Exit decisions indicate whether the
output data proceed to the subsequent stage or is directed to
the classifier for early-exit. To efficiently utilize the decision
results in the tile-level structure, a dynamic table is designed,
as illustrated in the left part of Fig.5. Decision results are
detected by the input encoder, and then buffered in the dynamic
table. It is implemented with a circular queue, where each entry
comprises the ID and decision results of the input image.

C. Intra-layer Pipeline Controller

If a pixel in OF is skipped, the entire MVM will be skipped.
And the pixel will not be transmitted to the subsequent layer,
leading to sparse inter-layer dataflow. To handle the sparse input
flow and skip MVM for masked pixels, an intra-layer pipeline
controller is designed, as shown in the middle part of Fig. 5.
Firstly, sparse input dataflow is recovered by inserting zeros
with the assistance of input spatial mask. Then line-buffer [9]
is utilized to perform sliding window on the recovered inputs.
Spatial mask values are also integrated with corresponding
inputs in the line buffer to provide mask values for each sliding
window. Finally, if computation of a pixel in OF is skipped,
then the input data won’t be transferred to PE for computation.

D. PE Architecture with Dynamic OU Formation

In the original implementation of DOU [11], prefix sum is
asserted on the input mask Mw to get the orders (f ) of non-zero
values, which is calculated as:

f(M)[x] = ReLU(P(M)[x]− 1) (11)
where P(M) stands for the prefix sum of M .

Non-zero wordlines are grouped and activated in order to
form OUs. In cycle Clk, the jth word line is activated to form
the OU to be computed if it satisfies:
Mw[j] & (Clk − 1) ∗OUH ≤f(Mw)[j]<Clk ∗OUH (12)
But for each sliding window, prefix sum operation is asserted

on Mw, which has the same length as the crossbar size. Based
on the algorithm [15] used in [11], if the crossbar is sized
N × N , (N − 1) adders are needed to compute prefix sum
within ⌈log2N⌉ cycles, resulting in bad scalability of area and
latency.

As input channel mask Mc and input spatial mask Ms are
related to the input mask Mw, it is possible to conduct shorter
prefix sum on channel and spatial masks separately:
f(Mw)[c ∗K2 + s] = f(Mc)[c] + f(Ms)[s] ∗

∑
Mc (13)
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where K is the kernel size.
As shown in the right part of Fig. 5, the channel mask

is pre-processed for each input image to get f(Mc) and the
multiply table of

∑
Mc. For each sliding window, spatial masks

are processed to get f(Ms), which requires (K2 − 1) adders
for ⌈log2K2⌉ latency of prefix sum, which is constant under
crossbars with different size. To be specific, We prepare f(Mc)
and the multiply table of

∑
Mc for each input image. And for

each sliding window, we only need to calculate f(Ms). For a
typical 3∗3 kernel, only 8 adders are needed to compute prefix
sum in 4 cycle. Then f(Ms)[s] ∗

∑
Mc is directly read from

multiply table to get f(Mw).

VII. EVALUATION

A. Experiment Setup

We evaluate DyPIM using ResNet-20 [12], ResNet-32, and
ResNet-56 on the CIFAR-10 and CIFAR-100 datasets [16].
The hardware performance is evaluated using MNSIM 2.0 [9].
Dynamic control flows are added to enable the simulation of
dynamic inference algorithms. For hardware configuration, we
adopt a crossbar size of 128× 128 and an OU size of 16× 8,
in line with an existing RRAM accelerator [17].

B. Hardware Speedup Results

Under various computation budgets, DyPIM can achieve
1.52× to 2.74× speedups on ResNet models. Fig. 6 illustrates
the speedups under 50% computation budgets. The results
indicate that all techniques can achieve speedup improvement.
DyPIM’s full implementation can achieve 1.91× to 2.24×
speedups, which basically aligns with the computation budgets.
But speedups degrade in deeper models, where inter-layer
delays are more dominant and limit the speedups.

C. Throughput Improvement

Under various computation budgets, DyPIM can achieve
2.05× to 3.95× throughput improvement on ResNet mod-
els. Fig. 7 illustrates the throughput improvement of various
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Fig. 8. Trade-offs between Accuracy and Speedup on CIFAR10 dataset

models under 50% computation budgets. Remarkably, DyPIM,
when equipped with the throughput-optimal training technique,
achieves up to 3.89× throughput improvement, which is nearly
twice the computation reduction. However, ResNet-56 achieves
a non-optimal improvement in throughput, as the increasing
model depth makes it difficult to accurately control the density
of each layer.

D. Trade-offs between Accuracy and Speedup

Fig. 8 presents the trade-offs between accuracy and speedup
under different computation budgets on CIFAR-10 dataset.
On ResNet-32, DyPIM can achieve 1.52× speedup with only
1.13% accuracy loss. It remarkably outperforms DPACS [6] and
BlockDrop [18] in the trade-off between accuracy and speedup.
Moreover, Fig. 9 showcases the trade-offs between accuracy
and speedup on the CIFAR-100 dataset.

E. Overhead Analysis

Under the hardware settings, employing Channel-Net instead
of inserted decision modules for channel-wise dynamic infer-
ence introduce approximately 6.8% more area and 5.5% more
energy consumption. Also, our design of the hardware architec-
ture only introduces 0.51% more area to the tile architecture.

VIII. SUMMARY AND CONCLUSIONS

This article proposed DyPIM, a software-hardware co-design
system combining a PIM-friendly dynamic inference algo-
rithm along with a dynamic-inference-enabled PIM accelerator,
which is the first PIM architecture for dynamic inference algo-
rithms. We used Channel-Net to avoid the pipeline stall of de-
cision modules, along with a channel-grouping and a dynamic
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Fig. 9. Trade-offs between Accuracy and Speedup on CIFAR100 dataset

OU formation strategy to align the granularity of algorithm and
OU. We also proposed a throughput-optimal training theme
to achieve optimal throughput under the same computation
reduction. Experiments show that DyPIM can achieve 1.52× to
2.74× speedup and 2.05× to 3.95× throughput improvement
over over the existing PIM architectures for ResNet networks.
In the future, we will research on the combination of layer-
wise dynamic inference with spatial-wise and channel-wise
dynamic pruning to improve the performance of DyPIM on
deeper networks, as well as more stable training technique for
better sparsity control.
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