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Background

• DNNs have been adopted 

and implemented on low-

power edge devices;

• DNNs are increasingly 

complex to gain more 

accuracy;

• DNN algorithms own a 

high degree of computing 

parallelism and extensive 

memory access.
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Background

• In-memory Computing 

Devices perform matrix 

multiplication easily;

• Include many parallel 

arithmetic units;

• Manage computing in 

memory to reduce 
memory access;
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Background

• Crossbar has large 

reconfigure latency and 

limited write endurance;

• IMC devices preload an 

entire model into 

crossbars before 

inference;

• It requires too many 

crossbars for complex 

models.
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Motivation

• Existing pruning methods employ 

fine-grained (i.e., crossbar 

column/row level) pruning, which 

trims columns/rows of weights in 

each crossbar;

• These fine-grained methods can 

reduce the number of crossbars;

• They require expensive extra 

hardware to align the intra-output 

of each crossbar.
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Motivation

• It is complicated and expensive to implement floating-

point (FP) arithmetic units using IMC crossbars;

• Quantization schemes can approximate FP inputs and 

weights with integers;

• FP scaling factors are still employed to ensure accuracy.
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Motivation

• Extra hardware (ST) for crossbar-column pruning brings 

about 44% more storage and 10% more area;

• FP scaling factors need extra multipliers, which bring about 

7% power and 9% area overhead;

Unable to accomplish 

the expected hardware 

savings
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Crossbar-Aligned IMC Pruning

IMC-aware kernel-group pruning

• Directly remove whole kernels 

from DNNs;

Suppose a DNN model has two connected 

convolutional layers (denoted as 𝑙1, 𝑙2).

We use 𝐶2 × 𝐾1 × 𝐾1 × 𝐶1 and 𝐶3 × 𝐾2 × 𝐾2 × 𝐶2
to represent the shape of kernels in these layers.

Layer 𝑙1 needs:

⌈𝐶2/𝑋𝐵𝑤⌉ × ⌈(𝐾1 × 𝐾1 × 𝐶1)/𝑋𝐵ℎ⌉ crossbars.

Layer 𝑙2 needs:

⌈𝐶3/𝑋𝐵𝑤⌉ × ⌈(𝐾2 × 𝐾2 × 𝐶2)/𝑋𝐵ℎ⌉ crossbars.



We use 𝐶𝑛+1
′ to represent the remaining kernels 

in layer 𝑙𝑛.

Kernel-group pruning means the reminding 

kernels can fully occupy each used crossbar.

Layer 𝑙1 needs:

𝐶2
′/𝑋𝐵𝑤 × ⌈(𝐾1 × 𝐾1 × 𝐶1)/𝑋𝐵ℎ⌉ crossbars.

Layer 𝑙2 needs:

𝐶3
′/𝑋𝐵𝑤 × ⌈(𝐾2 × 𝐾2 × 𝐶2

′)/𝑋𝐵ℎ⌉ crossbars.
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Crossbar-Aligned IMC Pruning

IMC-aware kernel-group pruning

• Directly remove whole kernels 

from DNNs;

The by-product of kernel-

group pruning in layer 𝑙1 can 

also guarantee that kernels 

in 𝑙2 can fully occupy 

crossbars from the row 

aspect.

The accuracy drop is larger 

than that of fine-grained 

pruning methods, especially 

under a large pruning ratio.



Crossbar pruning

• Remove the crossbar-block of 

weights from DNNs.

• Both convolutional and fully-

connected layers can be mapped 

to crossbars, which can compress 

these two kinds of layers.

• But we need a mask layer after 

each convolutional or fully-

connected layer for crossbar 

pruning, and each mask value is 

corresponding to a crossbar.
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Crossbar-Aligned IMC Pruning

As different layers in the 

DNN tend to learn at 

different speeds, the mask 

layer makes the model 

training stage more difficult 

to converge.
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Integer-Only IMC Quantization

We first symmetrically quantize the inputs, as the voltage in IMC 

architectures can represent both positive and negative integers.

𝑋 = 𝑆𝑋𝑄𝑋

But the crossbar cells’ conductivity can be only positive, so all weights and 

biases are asymmetrically quantized

𝑊 = 𝑆𝑊(𝑄𝑊 − 𝑍𝑊), 𝐵 = 𝑆𝐵(𝑄𝐵 − 𝑍𝐵)

Take the convolutional layer as an example, the following equation depicts 

the quantized convolution process

𝑋1 = 𝑊⊛𝑋 + 𝐵 = 𝑆𝑋𝑆𝑊𝑄𝑋 ⊛ (𝑄𝑊 − 𝑍𝑊) + 𝑆𝐵(𝑄𝐵 − 𝑍𝐵)

All values, except for 𝑄𝑋, are determined during training and remain 

constant throughout the inference stage.
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Integer-Only IMC Quantization

The training stage also determines the 𝑆𝑋1 of the next layer

𝑋1 = 𝑆𝑋1𝑄𝑋1

The IMC crossbar can only perform integer arithmetic and we need to 

derive the 𝑄𝑋1 for the next layer’s inference.

𝑄𝑋1 =
𝑆𝑋𝑆𝑊
𝑆𝑋1

𝑄𝑋 ⊛ (𝑄𝑊 − 𝑍𝑊) +
𝑆𝐵
𝑆𝑋1

(𝑄𝐵 − 𝑍𝐵)

Considering that IMC devices support the bit-shift operation, we can 

approximate scaling factors using the power of 2.

𝑆𝑋 = 2𝑎1, 𝑆𝑊 = 2𝑎2, 𝑆𝐵 = 2𝑎3, 𝑆𝑋1 = 2𝑏1

Thus, the quantization only needs to reuse the S+A unit in crossbars, 

without overhead.

𝑄𝑋1 = 2𝑎1+𝑎2−𝑏1𝑄𝑋 ⊛ 𝑄𝑊 − 𝑍𝑊 + 2𝑎3−𝑏1(𝑄𝐵 − 𝑍𝐵)
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Co-optimization Framework

We are employing “large-accuracy-
loss" pruning and quantization 
methods to eliminate all extra 
hardware and achieve low-power 
IMC acceleration.

To minimize the accuracy loss, we 
propose a well-designed compact 
model learning framework to co-
optimize our pruning and 
quantization schemes.
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Co-optimization Framework
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Co-optimization Framework

𝑋𝐿+1 = 𝜎𝐿(𝛿𝐿 ⋅ 𝑊𝐿⊛𝑋𝐿)

𝜕𝑙𝑜𝑠𝑠

𝜕𝛿𝐿
=
𝜕𝑙𝑜𝑠𝑠

𝜕𝑋𝐿+1
⋅ 𝜎𝐿

′
⋅ 𝑊𝐿⊛𝑋𝐿

𝛿𝐿 = 0 ⇒ 𝜎𝐿
′
= 0 ⇒

𝜕𝑙𝑜𝑠𝑠

𝜕𝛿𝐿
= 0

𝑧𝑘+1 = 𝑚 ⋅ 𝑧𝑘 +
𝜕𝑙𝑜𝑠𝑠

𝜕𝑤𝑘

𝑤𝑘+1 = 𝑤𝑘 − 𝑙𝑟 ⋅ 𝑧𝑘+1
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Experimental evaluation

▪ The IMC architecture we used is a widely-adopted ReRAM-based DNN 

accelerator – ISAAC;

▪ The crossbar size is 128 × 128, and each memristor cell stores two 

bits;

▪ We quantize DNNs to 8 bits and map each weight to 4 memristor cells;

▪ We use CACTI at 32nm to model the power and area of ST and MUL;

▪ We model the above design configurations using a modified NeuroSim

simulator with the 32nm CMOS library.

▪ We compare our method on representative DNNs: VGG and ResNet, 

and on two datasets CIFAR-10 and ImageNet.
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Experimental evaluation

❖ Quantization performance evaluation

• This quantization approach can even provide higher accuracy 

than full precision in some models;

• Our technique achieves similar accuracy to the IAO quantization 

method, whose scaling factors are not equal to the power of 2.

Compared to the baseline (i.e., 

full precision), the proposed 

quantization approach 

(denoted as INT-quan) does 

not result in a significant 

reduction of accuracy;
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Experimental evaluation

❖ Quantization performance evaluation

All compared methods still 

used FP scaling factors in 

their quantization schemes;

All lowest accuracy 

reductions are marked in 

boldface.

• Our method can achieve a large sparsity rate on VGG-16 with even 

accuracy increasing (indicating VGG-16 over-fits Cifar-10 much);

• For a large dataset like ImageNet, the sparsity rate is lower than 

that on Cifar-10, but our method achieves a larger sparsity rate and 

higher accuracy.
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Experimental evaluation

❖ Quantization performance evaluation

Crossbar-column and 

crossbar-row level pruning 

methods need the Sparsity 

Table for data alignment, and 

FP processors are needed in 

methods with FP scaling 

factors. 

• The baseline is the original model, and the power and area consumption is 

normalized to the total consumption of the baseline.

• Our method can achieve the highest power-efficiency and area-efficiency 

improvement, especially for the computing parts.
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Conclusion

✓ We introduce a crossbar-aligned pruning approach to 

reduce crossbar usage without extra processing units 

for better hardware efficiency and greater integration 

density. It includes both kernel-group pruning and 

crossbar pruning to form multi-grained pruning for 

high accuracy and large sparsity;

✓ We apply a simple yet efficient integer-only 

quantization scheme for IMC architecture by reusing 

the bit-shift units.  The quantization approach is co-

optimized with the pruning strategy during the training 

process to improve accuracy;



✓ We propose a model learning framework to complete 

the pruning and quantization schemes. And it 

compacts models with a global importance rank of 

weights and a dynamic zero-recovery procedure, 

widening the exploration space for better architecture 

and higher accuracy.

✓ We demonstrate the efficiency and effectiveness of 

our framework with extensive experiments. Compared 

to state-of-the-art methods, our method can achieve a 

higher sparsity rate and a slighter accuracy drop 

without extra hardware. Thus, we can reduce 

computing power and computing area significantly.
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Conclusion
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