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This supplementary material presents additional details
of Section 2.1, 2.3, 4.2, and 4.3. Besides, extra experiments
show that EfficientViT can be further accelerated using au-
tomatically searched kernel with TVM [3].

* Runtime Profiling on Subnetworks. We present the
runtime profiling of subnetworks in Sec. 2.1.

* Parameter Efficiency Analysis for DeiT-T. We pro-
vide the results of using Taylor pruning [10] on DeiT-
T [14] for parameter efficiency analysis in Sec. 2.3.

¢ Comparison on Mobile Chipsets. We deploy our
model on Apple A13 Bionic chip in iPhone 11 with
CoreML [1], and compare with other efficient models
designed for mobiles in Sec. 4.1.

* Instance Segmentation. We present results on COCO
instance segmentation benchmark [7] and compare
with other efficient models in Sec. 4.2.

* Further Acceleration with TVM. We apply auto-
matic kernel optimization with TVM [3] and show that
EfficientViT can be further accelerated.

A. Runtime Profiling on Subnetworks

We perform runtime profiling for subnetworks in Sec.
2.1 in the main manuscript, and present the results of Swin-
T-1.25x, Swin-T-1.5x, DeiT-T-1.25 %, and DeiT-T-1.5x in
Fig. 1, 2, 3, and 4, respectively. It is observed that under a
similar inference throughput, the subnetworks with smaller
proportions of MHSA layers tend to have less time con-
sumption on memory-bound operations. The results further
validate that reducing the utilization ratio of MHSA layers
appropriately can enhance memory efficiency.

B. Parameter Efficiency Analysis for DeiT-T

To further study the parameter redundancy in vision
transformers in Sec. 2.3, we also adopt Taylor structured

pruning [10, 15] to automatically find the important mod-
ules in DeiT-T [14]. The ratios between the remaining out-
put channels to the input embedding dimensions are plotted
in Fig. 5, and the original ratios in the unpruned model are
also given for reference. Similar to the pruning results of
Swin-T in Sec. 2.3, we observe that the (), K’ dimensions are
largely trimmed, whereas V' prefers relatively large chan-
nels, being close to the input embedding dimension. The
only difference is that the FFNs in DeiT-T are less likely
to get pruned, which demonstrates that the channel redun-
dancy in the isomorphic structure may be less significant
than in the hierarchical structure. Meanwhile, it is shown
that the model tends to preserve more channels in FEN than
MHSA, which suggests the importance of channel commu-
nication in vision transformers, and may further reflect the
effectiveness of the proposed sandwich layout design.

C. Comparison on Mobile Chipsets

To test the performance on mobile devices, we deploy
the proposed EfficientViT on the mobile chipset, i.e., Ap-
ple A13 Bionic chip in iPhone 11, and provide the results
in Tab. 1. We compare our EfficientViT with other ef-
ficient models that were designed for mobiles, including
MobileViT [9] and MobileNetV3 [6]. CoreMLTools [1] is
used for the deployment. Compared to MobileViT-XXS§,
EfficientViT-M2 runs 2.3x faster with 1.8% higher accu-
racy. Compared to the state-of-the-art efficient CNN Mo-
bileNetV3, EfficientViT-M4 has comparable accuracy yet
runs 9.7% faster, and achieves 1.9% higher accuracy when
trained for 1,000 epochs with distillation as in Sec. 4.4. The
results demonstrate the proposed design is efficient across
different deployment platforms.

D. Instance Segmentation

We use Mask R-CNN [5] with FPN for instance segmen-
tation task on COCO [7], and train the models for 12 epochs
(1x schedule) with the same settings as [8] on MMdetec-
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Figure 1. Runtime profiling of different subnetworks of Swin-T with 1.25x acceleration. Red text denotes memory-bound operations. The
percentages below the figures denote the MHSA layer proportions.
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Figure 2. Runtime profiling of different subnetworks of Swin-T with 1.50x acceleration. Red text denotes memory-bound operations. The
percentages below the figures denote the MHSA layer proportions.
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Figure 3. Runtime profiling of different subnetworks of DeiT-T with 1.25x acceleration. Red text denotes memory-bound operations. The
percentages below the figures denote the MHSA layer proportions.
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Figure 4. Runtime profiling of different subnetworks of DeiT-T with 1.50x acceleration. Red text denotes memory-bound operations. The
percentages below the figures denote the MHSA layer proportions.

tion [2]. Specifically, to adapt the 3 backbone features with AP? and 1.6% in AP™, while using 42.47% fewer Flops,
strides 16, 32, and 64 in EfficientViT to FPN, we apply 2 de- demonstrating the transfer ability of the proposed model.
convolutions on the stride 16 feature to generate 2 additional

features with strides 8 and 4. Then, these 5 features are fed E. Further Acceleration with TVM
to the FPN. We compare EfficientViT-M4 with other effi-

cient models and present the results in Tab. 2. Compared to To further accelerate the proposed EfficientViT on CPU,
MobileNetV2, our EfficientViT-M4 uses comparable Flops we propose to apply automatic kernel optimization with
yet achieves 3.2% higher AP’ and 3.8% higher AP™, re- TVM [3], and show the results in Tab. 3. With the automat-
spectively. Compared to the prevailing searched efficient ically searched kernel, the proposed models further show

model EfficientNet-B0, our model surpasses it by 0.9% in remarkable throughput improvements. e.g., the throughput
of EfficientViT-M1 is increased by 71.4% on an Intel Xeon
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Figure 5. The ratio of the channels to the input embeddings before
and after pruning DeiT-T [14]. Baseline accuracy: 67.0%; pruned
accuracy: 59.6%.

Table 1. CoreML [1] performance of EfficientViT and other effi-
cient models designed for mobiles. The result in brackets is trained
for 1,000 epochs with distillation.

Model ‘ Top-1 (%) ‘ Latency (ms) Flops (M) Params (M)
MobileViT-XXS [9] 69.0 12.03 410 1.3
MobileViT-XS [9] 74.7 23.01 986 23
MobileNetV3 [6] 752 7.43 217 54
EfficientViT-M2 70.8 5.23 201 4.2
EfficientViT-M4 74.3 (77.1) 6.71 299 8.8
EfficientViT-M5 77.1 8.64 522 12.4

E5-2690 v4 @ 2.60 GHz processor. The results demonstrate
the potential of EfficientViT in achieving much faster infer-
ence speed with the optimization of the kernel functions.
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