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Abstract

There has been a competition between Convolutional
Neural Networks (CNN) and Vision Transformers (ViT) in
computer vision field. While CNNs are good at extracting
local features due to its inductive bias leading to better gen-
eralization, ViT-like models can capture long distance fea-
ture interactions and are good at learning global represen-
tations. There are existing works to explore ways to fuse
them together with hybrid network architectures. However,
this approach can make the model too complex, and there-
fore harder to optimize. In this paper, a simplified hybrid
network architecture is proposed, making it easy to leverage
existing self-supervised pre-trained CNN and ViT models,
and therefore easier to optimize. Our results show that this
proposed architecture can reach state-of-the-art results in
Image Classification on Image-Net with just 20 epochs, out-
performing the original Conformer by 2.4% on ImageNet,
and achieving similar results on MSCOCO for object de-
tection while being under- trained. We also show that this
approach works across different tasks such as Object De-
tection and Style Transformation via fine tuning,

1. Introduction
In the past 2 years, inspired by transformer-based pre-

trained models in NLP [27], the transformer architecture
has been introduced to visual tasks, and self-supervised pre-
training for vision representation [2,9] has proved to outper-
form supervised pre-training [13] in computer vision tasks
such as image classification. Transformer-based models,
which were used in NLP, have now shown promising re-
sults in computer vision benchmarks in fields such as Ob-
ject Detection [5], Video Classification [37], Image Clas-
sification [25] and Image Generation [12]. Thanks to the
self-attention mechanism and Multilayer Perceptron (MLP)
structure, transformer-based methods show the power of

0Github repo: https://github.com/cs231n-finalproject/robustvision

capturing global representation of the images. However,
CNN models still have the advantage of extracting local
feature representation which decreases the discriminability
between background and foreground, and is important for
instance segmentation tasks.

There are some recent works combining CNN and Trans-
former (a.k.a., Conformer) which could potentially lead to a
robust vision model leveraging the best of both worlds [26].
This methodology is similar to the Two-Streams Hypoth-
esis in Neuroscience, which claims that the brain has a
dorsal and ventral pathway [15] [7] which separately pro-
cess spatial, location-based information and recognition /
identification respectively. The corollaries to current deep
learning approaches would be transformer-based models for
the recognition / classification tasks, and CNN-based mod-
els for spatial locality. It is a good idea to combine them
into two branches, while conventional CNNs tend to re-
tain discriminative local regions, the CNN branch of Con-
former should activate the full object extent. In contrast
to using only the visual transformers, when it is difficult
to distinguish the object from the background, esp. for
the weak local features, the coupling of local features and
global representations should enhance the discriminability
of transformer-based features. Indeed, Conformer shows
that it can generalize well across different tasks. However,
combining both makes the model harder to train: On Ima-
geNet, Conformer needs over 300 epochs to reach state of
art results, and due to its design choice of network archi-
tecture, it is not easy to initialize it from other pretrained
models. Following this path, we propose a variation of con-
former that can easily leveraging self-supervised / super-
vised pre-trained models of both CNN and ViT, and fuse
them together in different layers so that it generalize well to
Image Classification, Object Detection, Instance Segmenta-
tion and Style Transformation.

To evaluate our model, we will test our model against
Image classification [10], Object Detection [23], and Style
Transformation [22].

The contributions of this paper include:



• We introduce a new dual network structure, which re-
tains local features and global representations to the
maximum extent from pre-trained model, while still
allows interaction between them to learn to fit multiple
computer vision tasks.

• We evaluate the the new dual network structure by
initializing it with state-of-the-art pre-trained models,
show that it is easy to optimize and can reach the state-
of-the-art results from CNN and ViT in different tasks,
and demonstrate the potential of it being a general
backbone network.

2. Related Work

2.1. CNNs with Global Cues

Being regarded as a hierarchical ensemble of local fea-
tures with different reception fields, most CNNs are good
at extracting local features. However, they [24, 30] more or
less experience difficulty with capturing global cues. The
Conformer approach attempts to alleviate such a limitation,
by defining larger receptive fields via introducing deeper ar-
chitectures and/or more pooling operations [18, 19]. Other
techniques include using dilated convolution [40, 41] with
increased sampling step size, deformable convolution [8]
with learned sampling positions, SENet [19] and GENet
[18] using global Avgpooling to aggregate global context
and re-weight feature channels, and CBAM [38] respec-
tively applying global Maxpooling and global Avgpooling
to refine features independently in the spatial and channel
dimensions.

Another way to alleviate the difficulty in capturing global
cues is to use the global attention mechanism [36], with
which research in natural language processing [35] has
demonstrated great advantages in capturing long-distance
dependencies. The non-local means method [4] and the
non-local operation [36] were introduced to CNNs in a self-
attentive manner so that the response at each position is
a weighted sum of the features at all (global) positions.
Together, attention augmented convolutional networks [3]
used convolutional feature maps along with self-attentive
feature maps to augment convolution operations for captur-
ing long-range interactions. An object attention module is
proposed within Relation Networks [20], which processes
a set of objects simultaneously through interaction between
their appearance feature and geometry.

Though exciting progress has been made to introduce
global cues to CNNs, the existing approaches to solve this
problem have apparent disadvantages as well. For example,
in the first solution, the larger receptive fields, more inten-
sive pooling operations are needed, hence implying lower
spatial resolution. In situations when convolutional opera-
tions are not properly fused with attention mechanism, such

as in the second solution, then local feature would deterio-
rate.

2.2. Visual Transformers

As an alternative to recurrent and convolutional neural
networks, transformers [35] were first proposed for machine
translation tasks and has been widely used in various NLP
tasks [27]. Inspired by the breakthrough of transformers
in NLP, many researchers have developed vision transform-
ers for various image/video related tasks, and proved Trans-
former to be a better model to handle really long sequences,
while the RNN- and CNN-based models could still work
well or even better than Transformer in the short-sequences
tasks.

As a pioneer among them, Dosovitskiy et al. [12] pro-
posed ViT to be capable of validating the feasibility of pure
transformer architectures for computer vision tasks. In the
studies, transformer blocks either act as independent archi-
tectures, or get married with CNNs, to leverage the long-
distance dependencies in tasks such as image classifica-
tion [39], object detection [5], image generation [6], seman-
tic segmentation, and image enhancement etc. Despite the
progress, the self-attention mechanism in visual transform-
ers often ignores local feature details.

In order to make up for this shortcoming, a distillation
token is proposed in DeiT [32] to transfer CNN-based fea-
tures to visual transformer. On the other hand, T2TViT [42]
proposed using a tokenization module to recursively re-
organize the image to tokens considering neighboring pix-
els. Additionally, the DETR method [5] proposed feeding
local features extracted by CNN to the transformer encoder-
decoder to model the global relationships between features
in a serial fashion.

2.3. Hybrid

ViT [12] proposes using several Serial hybrid ViT (CNN
→ Transformer) architectures as an alternative to raw image
patches, where the input sequence can be formed from fea-
ture maps of a CNN. In this hybrid model, the patch embed-
ding projection is applied to patches extracted from a CNN
feature map. Hybrid networks improve upon pure Trans-
formers for smaller model sizes, but the gap vanishes for
larger models.

Conformer [26] proposed the first dual structure which
has initial CNN based stem modules followed by dual
structure of stacked CNN blocks and stacked Transformer
blocks. The interaction between the dual structure is via
FCU applied on each pair of CNN and Transformer block.

2.4. Pre-Trained Model

Masked image encoding methods learn representations
from images corrupted by masking, motivated by similar
work in NLP (Generative pretraining from pixels [6] as a



pioneer among them). The ViT paper [12] studies masked
patch prediction for self-supervised learning. SimCLR [26]
introduced A Simple Framework for Contrastive Learning
of Visual Representations in self-supervised way. BEiT [2]
proposes to predict discrete tokens [34]. Zero-shot text-
to-image generation [28] are following a similar approach.
Most recently, MAE [16] proposes to apply Autoencoders
to computer vision by using ViT [12] as an encoder on visi-
ble (unmasked) patches and a decoder to predict the missing
(masked) patches. Our work will leverage the encoder of a
pre-trained model of MAE [16] and use it as a starting point
for transformer branch. Conformer [26] also introduced a
supervised pre-trained model on ImageNet, using it as a
backbone for other tasks Object Detection, Instance Seg-
mentation. Our work will leverage the pre-trained model of
Conformer [26] and use it as a starting point for convolu-
tional branch.

3. Data
Image Classification We used a combination of Ima-

geNet 2017 and MSCOCO 2017 for classification and de-
tection tasks. Like the original Conformer paper, we train
the backbone on ImageNet and then finetune on MSCOCO
for detection tasks.

Object Detection The COCO 2017 dataset has 80
classes with 118K images in the training dataset. Each
training image is annotated with both bounding boxes and
instance segmentation masks for use with their respective
tasks.

Style Transformation The dataset includes 300 Monet-
style images and 7028 photos. The task is to build a GAN
based upon the output of the Conformer block to generate
7,000 to 10,000 Monet-style images.

3.1. Evaluation

For model evaluation, we will use the evaluation criteria
defined in the competitions.

Object Detection AP (Average Precision) score is eval-
uated for each of the classes

AP =
∑
n

(Rn −Rn−1)Pn (1)

Instance Segmentation mAP is evaluated with the mean
taken over the segmentable classes.

Style Transformation MiFID (Memorization-informed
Fréchet Inception Distance) is evaluated on test set, which
is a modification from Fréchet Inception Distance (FID).

FID = ||µr − µg||2 + Tr(Σr +Σg − 2(ΣrΣg)
1/2) (2)

where Tr(·) is the sum of the diagonal elements of the
input. FID is calculated by computing the Fréchet distance

between two Gaussians fitted to feature representations of
the Inception network.

Memorization distance is defined as the minimum co-
sine distance of all training samples to the feature space,
averaged across all user generated image samples:

dij = 1− cos(fgi, frj) = 1− fgi · frj
|fgi||frj |

(3)

where fg and fr represent the “generated” and “real” im-
ages in feature space, and fgi and frj represent the i-th and
j-th vectors of fg and fr respectively.

d =
1

N

∑
i

min
j

dij (4)

defines the minimum distance of a certain generated im-
age i across all real images j, and then averaged across all
generated images.

dthr =

{
d If d < ϵ

1 Otherwise
(5)

then applies an empirically determined threshold ϵ and
restricts the weight d to only apply when it is below this
threshold. Finally, the FID is scaled by this weight:

MiFID = FID · 1

dthr
(6)

4. Methods
CNN collects local features in a hierarchical manner

via convolutional operations and retains the local cues as
feature maps. The inductive biases inherent to it are be-
lieved to be beneficial for different tasks, such as transla-
tional equivariance and locality. Visual transformers are be-
lieved to aggregate global representations among the com-
pressed patch embeddings in a soft fashion by the cascaded
self-attention modules, it has recently demonstrated promis-
ing results on certain tasks, specifically image classifica-
tion [12] and joint vision-language modeling [31]. How-
ever, Transformers lack some of the inductive biases and
therefore do not generalize well when trained on insuffi-
cient amounts of data, and more importantly fail to expand
the applicability of Transformer such that it can serve as a
general-purpose backbone for computer vision, as it does
for NLP and as CNNs do in vision. One way to fix this is
by introducing a hierarchical Transformer whose represen-
tation is computed with Shifted windows as shown in recent
work of Swin Transformer [14], which shows promising re-
sults in object detection and instance segmentation.

Another way is to design a concurrent network structure
putting CNN and ViT together. Conformer [26] introduced
a dual branch structure (CNN branch and Transformer
branch), and showed that the CNN and Transformer branch



Initialization Iterations Acc@1 Acc@5
Pre-Trained Model 10K 12.3 21.2
Random 10K 11.5 20.5

Table 1. Experiment Result of Initializing Conformer with Pre-
trained Model with Batch Size 180

can respectively preserve the local features and global rep-
resentations to the maximum extent. It has an initial stem
stage to extract initial local features (e.g., edge and texture
information) which are then fed to the dual branches. This
initial stage makes it difficult to leverage pre-trained CNN
and ViT models, by initializing the two branches with CNN
kernel and ViT transformer weights from pre-trained model
of Conformer and MAE respectively. Table-1 shows that its
performance is close to random initialization. We suspect
this is due to the input of ViT module is not the raw image
pixel as it expects, and also the interaction between the two
branches are not gated, so fusing different weight distribu-
tion from pre-trained model together will be a challenge.

To tackle these two challenges, based on the Con-
former architecture, we propose a simpler dual structure
and slightly different feature interaction units between each
pair of blocks of the two towers(conv tower and transformer
tower) as shown in Fig.1. Compared to the original Con-
former architecture Fig.2, the initial convolutional layers
are removed, as ViT [12] shows pure Transformer archi-
tecture can work with raw image patches instead of feature
maps of a CNN. This makes it easy to load the pre-trained
ViT model as initialization of the transformer branch, giv-
ing the model a good starting point to fine tune on. Later,
we will show that this idea actually works. Similarly, the
convolutional branch also starts with raw pixels, the net-
work design of convolutional branch follows ResNet [17]
so that it is easy to load pre-trained ResNet-type models as
initialization of the convolutional branch. This dual struc-
ture is organized into N repeated TransConv Blocks (seen
in Fig.3).

To make the optimization and fine tuning easier, we de-
signed the architecture such that the heads of each of the
two branches has a separate loss term.

For each TransConv Block, a FIU (Feature Interaction
Unit as shown in Fig.3) is designed to act as a gate between
the transformer unit and convolutional unit.

4.1. Network Architecture

4.1.1 Dual Structure

CNN Branch. As shown in Fig.1, the CNN branch adopts
a feature pyramid structure, where the resolution of feature
maps decreases with network depth while the channel num-
ber increases. Following ResNet [17], a bottleneck contains
a 1×1 down-projection convolution, a 3×3 spatial convolu-

Figure 1. Network architecture of proposed RobustNet

Figure 2. Network architecture of Conformer

Figure 3. Each TransConv Block with Feature Interaction Unit

tion, a 1×1 up-projection convolution, and a residual con-
nection between the input and output of the bottleneck.

Transformer Branch. Following MAE [16]’s encoder
ViT architecture, this branch contains N repeated trans-
former blocks. As shown in Fig.3, there is a special Patch
Embedding Conv operation to split the raw pixel feature
map into 16×16 or 14×14 patch embeddings according to
small or large MAE model.

Note that the pre-trained models of ResNet and ViT may
not have exactly the same blocks. So besides N-1 repeated
TransConv Blocks, the proposed model can have up to L ad-
ditional Trans Blocks and up to M additional Conv Blocks.
Our experiments shows that it is the best to keep it the same
structure as original pre-trained model in both branches, and
weave them together with Feature Interaction Units in the
first K blocks, where K = min(N+L, N+M).



4.1.2 TransConv Block

Trans Block. The purpose of the proposed robustnet is to
combat the problem of learning both local and global rep-
resentations in order to perform well in different computer
vision tasks by fine tuning. The TransConv block is de-
signed to allow information to flow from the feature map of
Trans block to Conv Block via the Expand Unit, and vice
versa via the Squeeze Unit as shown in Fig.1. The output
of the last layer of each Trans Block is connected to Conv
Block’s first Conv Unit by additive attention, followed by
another Conv Unit to capture spatial features from the fused
feature map.

Conv Block. A Conv Block comprises of two Conv
Units: Each Unit has a 1×1 down-projection convolution,
a 3×3 spatial convolution, and a 1×1 up-projection convo-
lution. The output of the 3×3 convolution is connected to
Trans Block’s input by additive attention. Note that it is
connected to the output of the 3x3 Conv layer of the Conv
Unit, instead of the output of the 1×1 up-projection convo-
lution. This reduced the number of parameters, and also
achieved better results.

Feature Interaction Unit. As shown in Fig.1, it has
one Expand Unit and one Squeeze Unit. 1x1 Conv layer
is used to match the Channel dimension of Conv Block and
Trans Block. The Squeeze Unit is a down-sampling layer
with Avg Pool. The kernel size is a configurable setting to
match the dimensions of any two pre-trained models. The
Expand Unit is an up-sampling layer with interpolate op-
erations, and is used to match the spatial dimension of the
Conv Block.

4.1.3 Two Heads

It is observed that different pre-trained models of CNN and
ViT have different heads, ViT [12] uses cls tokens as the
final output while MAE [16] uses the average pool of the
tokens other than cls token. Most recent pre-trained CNN
models use global average pool, while some are MLPs. It
turns out to be very important to keep the head of the pre-
trained model, as it allows the model to have a good start
point for training. This design also allows the two sepa-
rate heads to be copied exactly from pre-trained models, and
each head has a separate loss function using the same one
hot encoded or label smoothed labels. At testing time, the
result of the two heads is simply added together.

5. Experiments

5.1. Model Variants

The experiment is done with pre-trained model re-
leased by Conformer [26] to initialize the Conv Branch and
pre-trained model released by MAE [16] to initialize the

Model Epochs Top-1(%)
ResNet-50 [17] - 76.2
ResNet-101 [17] - 77.4
ViT-B [12] - 77.9
ViT-L [12] - 76.5
Conformer-S [26] 300 83.4
Conformer-B [26] 300 84.1
MAE-ViT-Base [16] - 83.6
MAE-ViT-Large [16] - 85.9
MAE-ViT-Huge [16] - 86.9
RN-small-patch16 20 83.6
RN-large-patch16 20 85.4
RN-base-patch14 20 86.5

Table 2. Top-1 accuracy for image classification on the ImageNet
validation set.

Trans Branch. Conformer releases 3 models Conformer-
Ti, Conformer-S and Conformer-B. MAE released 3 models
ViT-Base, ViT-Large, and ViT-Huge.

Based on this, three variants are trained and evalu-
ated with the proposed RobustNet: RN-small-patch16(ViT-
Base + Conformer-S), RN-large-patch16(ViT-Large +
Conformer-B), RN-base-patch14(ViT-Huge + Conformer-
B).

5.2. Image Classification

Experimental Setting. RobustNet is trained on
ImageNet-1K [10] training set with 1.3M images and tested
upon the validation set. The Top-1 accuracy is reported
in Table-2. Most of experimental settings follows Con-
former [26], with data augmentation and regularization
techniques following DeiT [33]. The model is trained for
only 20 epochs with the AdamW optimizer, batchsize 180
and weight decay 0.05. The initial learning rate is set to 5e-4
and decay in a cosine schedule with a warm-up of 3 epochs.
Note that this is different from Conformer: a smaller learn-
ing rate and warm-up turns out to be important for the model
to converge in 20 epochs.

Performance. As shown in table-2, under similar pa-
rameters and number of layers, with just 20 epochs, RN-
large-patch16 reaches 85.4, outperforming Conformer-B
with 300 epochs by 1.3% (85.4 vs 84.1). RN-base-patch14
outperforms Conformer-B by 2.3% (85.4 vs 84.1). Besides
superior performance, RN converges much faster than Con-
former.

However, the performance is still slightly worse than
MAE-ViT. We will analyze the performance of two heads
separately in analysis and discussion to understand this bet-
ter.



5.2.1 Analysis and Discussion

Model Convergence. To understand why the model con-
verges so fast, we did analysis on the model training of
RN-small-patch16. As shown in Fig.-8, the model starts
with Test Accuracy@1 ∼ 79% even in the first epoch, at-
tributed to the pre-trained models and carefully designed
structure. The same training was repeated 3+ times and this
result is consistent. First observation is both CNN (head 1)
and Conv (head 2) are learning in the same pace. Second
observation is that the model performance actually drops to
76% in epoch 6 and then steadily improves afterwards. It
could be because the FIU (feature interaction unit) starts to
learn and stabilizes at epoch 6, when the rest of the network
starts to learn.

Understanding FIU. To understand why the model per-
formance drops until epoch 6 and then steadily improves
afterwards, we did analysis on what has been learned by
looking at the weight histogram for each layer of the two
branches, as shown in Fig.-9. Before epoch 6, the weight
distribution of the expand block of FIU fluctuated a lot,
but after epoch 6, it is following the same distribution but
steadily decays. This aligned perfectly with the test accu-
racy@1 curve. This indicates that the dual structure needs
to learn a meaningful FIU and then steadily improves the
performance.

Understanding by Saliency Maps. We found that dual
structure as well as ViT only model does not show mean-
ingful saliency map compared to CNN only architecture.
Fig.-6 shows the saliency map of CNN-only which maps
the class objects. However Fig.-8 shows the saliency map
of dual structure, and it does not show perfect match. No-
tice that the saliency map is with small squared boxes. This
is likely due to the ViT uses patch embedding.

Understanding by CAM and Attention Map. To un-
derstand each branch’s contribution, we did analysis based
on class activation maps for Conv-only branch Fig.-5 on the
left as well as both Conv and Transformer branch Fig.-5 on
the right . It shows that they are complementary to each
other.

Understand Local Vs Global feature understanding.
We want to understand how RobustNet’s dual structure
learns both local and global features and pays attention to
both. Surprisingly, Fig.-4 shows that Attention Map of the
transformer branch pays attention to very local regions. The
Class Activation Map of the Conv branch pays attention to
larger region.

5.3. Object Detection

Experimental Setting. MMDetection lib from open-
mmlab is used to do object detection. It allows pre-
trained model as a backbone and fine tune on Faster
R-CNN [29] model. We just add RN-small-patch16
model that we pretrained on ImageNet as a backbone in

Figure 4. Local Features VS Global Features

Figure 5. CAM of RobustNet

Figure 6. Salicency Map of CNN only

Figure 7. Salicency Map of RobustNet

‘mmdet/models/backbones/Conformer.py‘. Due to its high
memory requirement, we haven’t done experiments against
better backbone RN-large-patch16 or RN-base-patch14.
The AP on bbox is reported in Table-3.

Performance. As reported in Table-3, with comparable
number of parameters and similar network structure, RN-
small-patch16 reaches the same performance of Conformer-
B. Note that we only trained it for 5 epochs and it is already
reached comparable performance with Conformer-B, which



Figure 8. Why it converges so fast - Test Accuracy@1 for both
branches during training

Figure 9. Understanding FIU via Weight Histogram

Model Backbone AP(%)
ResNet-50 [17] - 38.2
ResNet-101 [17] - 40.0
Conformer-S [26] 300 43.6
Conformer-B [26] 300 44.9
RN-small-patch16 20 44.6

Table 3. Performance for object detection on the MSCOCO mini-
val set. Other Results are reported by the mmdetection library or
Conformer Paper

was reported to be trained for 12 epochs, so it is likely that
RobustNet as the new backbone is under-trained and its per-
formance can be better.

We also show qualitative results after performing infer-
ence on the MMDetector model from the trained RN-small-
patch16 model as backbone, while in figures 11 and 12 (in
the Supplementary Material section), we are showing the
input before and output after the MMDetector.

5.4. Style Transformation

Implementation Details For the content dataset, we are
using MS-COCO, and for style dataset, WikiArt is used.
During training, all images are randomly cropped into 256
by 256, while in the testing phase, any sized images are sup-
ported. As for optimizer, we adopt the Adam method, while
the learning rate is set to 0.00001. Note that, the imple-

Figure 10. Visualization of a sample transferred result with three
style inputs.

mentation of GAN is based on the existing TransGAN [21]
framework, while the image generation process is inspired
by the StyTr2 project [11].

Comparisons with Other Methods To get a better view
of how the Conformer+TransGAN (C+T) approach is do-
ing, the model is to be compared with prevailing CNN mod-
els AdaIN, AAMS, DFP, MCC and ArtFlow, and also trans-
former models MSG, StyleGAN, and PGGAN.

Visualizations of Intermediate Results Before evalua-
tion, we can first visualize the intermediate results created
with matplotlib and tensorflow libraries. The feature maps
(Figures 13, 14), gradients (Figures 15, 16), and sobel edges
(Fig.17) are shown in the Supplementary Material section.

Qualitative Evaluation The evaluation is based on these
metrics: if (1) there are sufficient style patterns, (2) the
color distribution is looking reasonable, (3) the main and
non-main structures in the content style both get handled,
(4) there are obvious patch stitching traces, (5) any object
edge overflow effect is spotted, and (6) it has strong feature
representation ability. The comparison results are shown in
Table 6 (in the Supplementary Material section).

By contrast, the C+T model leverages the advantages of
both the CNN and transformer networks, which has better
feature representation to capture long-range dependencies
of input image features and to avoid missing of content and
style details. Therefore, the results show that this model
can achieve well-preserved content structures and desirable
style patterns. A sample transferred result with different
style inputs (shown in three columns: the original content
image, the style inputs, and the transferred results) is visu-
alized in Fig 10.

Quantitative Evaluation 21 style images and 10 con-
tent images were used to generate 210 stylized images. For
each method to be compared with, the content differences



Losses C+T ArtFlow MCC AAMS AdaIN

Lcontent 2.17 2.13 2.38 2.44 2.34
Lstyle 2.42 3.08 1.56 3.18 1.91

Table 4. QUANTITATIVE COMPARISONS. WE COMPUTE
THE AVERAGE CONTENT AND STYLE LOSS VALUES
OF RESULTS BY DIFFERENT METHODS TO MEASURE
HOW WELL THE INPUT CONTENT AND STYLE ARE PRE-
SERVED.

FiD per embedding C+T MSG StyleGAN PGGAN

CELEBAHQ 0.0136 0.008 0.009 0.012
FFHQ 0.01475 0.009 0.010 -

LSUN-BEDROOM 0.0533 - 0.012 0.037
LSUN-CHURCH 0.04117 0.030 0.067 0.030

Table 5. QUANTITATIVE COMPARISONS: FID VALUES
COMPUTED WITH DIFFERENT EMBEDDINGS.

between stylized images and content images is calculated,
and the style differences between stylized images and style
images is also computed. Our goal is to see which method
can achieve both low content and style loss, and also make
a good balance between content and style. The quantitative
comparison results for content and style losses are shown in
Table-4.

FiD is yet another way to evaluate the models quantita-
tively (as stated in [22]). The FID values for the MS-COCO
dataset computed with different embeddings are shown in
Table 5, based on Equations 2-6. Note that, we have re-
vised the Generative Memorization benchmark [1] for the
computation of FiD.

Analysis Results Overall, considering the qualitative
comparison results, the style/content losses, and FID val-
ues, the C+T model presents reasonable rankings across ex-
isting MS-COCO benchmarks (under self-supervised em-
beddings), which meets our expectation due to its balanced
nature of capturing both global cues and local feature rep-
resentation.

6. Conclusion
We introduced a new dual structure that fuses CNN and

ViT together, we name it RobustNet, and showed that it can
perform well in different kinds of Computer Vision tasks.
The key contribution is that this new architecture can lever-
age state-of-the-art pre-trained models, and show superior
performance on a wide range of tasks with comparably less
training time.

We have done analysis to understand the model training,
what does each layer and especially the FIU(feature inter-
action unit) learn along the training process via relating the

model performance per epoch to key components’ weight
histogram.

We have used methods of network visualization to better
understand what the network is doing via Saliency Maps,
Class Activation Map, Attention Map etc.

Also, we have conducted Ablation Studies to understand
which part of the network is essential and tentatively con-
clude that both Conv Branch and Transformer Branch com-
plement to each other.

It is worth noting that while this architecture can work as
a general backbone for different tasks, it comes with the cost
that hybrid model being more complex and requires more
memory similar to the pros and cons of ensemble method.

7. Future Works
Instance Segmentation We originally planned on ap-

plying our architecture on the Instance Segmentation task.
However, due to time constraints, we were unable to finish
training the network by the deadline, as it is currently on
epoch 3 out of 12 at the time of submission.

Larger datasets Originally, we planned on using the
OpenImages dataset for fine-tuning and evaluation for both
Object Detection and Image Classification tasks. However,
this dataset was very large, and fine-tuning the models on
this dataset became very difficult given the time constraint
for this project, so instead we used ImageNet 1000 and
COCO 2017, which is a significantly smaller dataset.

In the future, we wish to apply our approaches on Open-
Images and other datasets to show robustness.

One important future work is to compare this architec-
ture with simple ensemble method to fully understand the
benefit of introduced FIU(feature interaction unit) between
Conv branch and Transformer branch.

8. Contributions
Haichao Wei proposed and developed the RobustNet,

did the experiment and analysis on ImageNet classifica-
tion, MSCOCO object detection plus the model understand-
ing. Ethan Cheng performed data analysis and instance seg-
mentation experiment. Chunming Peng performed the style
transfer experiments and analysis.
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Figure 12. Inferenced output of MMDetector (Street objects)

Figure 13. The feature maps at the first convolutional layer inside
the trans conv block.

Figure 14. The feature maps at the last convolutional layer inside
the trans conv block.

Figure 15. Visualization of the gradients at the first convolutional
layer inside the trans conv block.
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Figure 16. Visualization of the gradients at the last convolutional
layer inside the trans conv block.

Figure 17. Visualization of the horizontal and vertical sobel edges.

Metrics C+T ArtFlow MCC AAMS AdaIN

(1) ✓ ✗ ✗
(2) ✗ ✗ ✗ ✗
(3) ✗
(4) ✗
(5) ✗
(6) ✓ ✓ ✗

Table 6. QUALITATIVE COMPARISONS. THIS TABLE
SHOWS THE RESULTS BY DIFFERENT METHODS EVAL-
UATED WITH QUALITATIVE METRICS 1-6 AT HOW WELL
THE TRANSFERRED OUTPUT PERFORMS PER CATE-
GORY.
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