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What Do Deep CNNs Learn About Objects? 

 Deep convolutional neural networks learn extremely powerful 

image representations, yet most of that power is hidden in the 

millions of deep-layer parameters. 

 We explore the invariance of CNNs to various intra-class 

variations by simulating different rendering conditions

3D MODELS

 Collected models for 20 objects in PASCAL dataset

 Selected about 20 models per category manually from 3D 

warehouse

 15 poses per model were generated by randomly rotating the

original model from 0 to 15 degrees in each of the three axes

VIRTUAL IMAGE EXAMPLES

VCNN MODEL

CONCLUSION

We investigated the representation of ConvNet to various 

factors in the training data: 3D pose, foreground texture and 

color, back-ground image and color. To simulate these factors 

we used synthetic data generated from 3D CAD models and a 

few real images. Our results demonstrate that the popular deep 

ConvNet fine-tuned for detection on real images for a set of 

categories is indeed invariant to these factors. Training on 

synthetic images with those variations leads to similar 

performance as training on synthetic images without those 

variations. However, if the network is not fine-tuned for the 

task on real images, its invariance is diminished. 

SAMPLE DETECTIONS

 Select image formation parameters

 Generate a batch of synthetic 2D images with those 

parameters

 Sample positive and negative patches for each class

 Extract hidden CNN layer activations from the patches as 

features

 Train a classifier for each object category

 Test the classifiers on real images.

MAP of detectors trained on positive examples from each row’s

When the real annotated images are limited or not available, eg. 

for a novel category, VCNN performs much better than RCNN 

and the Fast Adaptation method.

RESULTS

 To explore the representation of CNN features, we choose a 

subset of factors that can easily be modeled using simple 

computer graphics techniques, namely, object texture and 

color, context/background appearance and color, 3D pose 

and 3D shape.

 We use these synthetic data to train deep convolutional 

neural networks and test on PASCAL test set.

EFFECT OF REAL VIEWPOINT

We are interested here in objects whose frontal view presentation 

differs significantly (eg: the side-view of a horse vs a frontal view). 

MAIN IDEA

Sample detections of our VCNN model
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Table 1 Results of synthetic data

The generation settings RR-RR, W-RR, W-UG, RG-RR with 

PASC-FT all achieve comparable performance, despite the fact 

that W-UG has no texture and no context. For the IMGNET 

network, the trend is similar

Table 2 Results of Synthetic Pose

We change the number of views used in each experiment, but 

keep the total number of synthetic training images (RR-RR) 

exactly the same, by generating random small perturbations 

around the main view. Results indicate that for both networks 

adding side view to front view gives a boost, but improvement 

from adding the third view is marginal

Table 3 Result of Realistic Pose

Results point to important and surprising conclusions regarding

the representational power of the CNN features. Note that mAP

drops by less than 2% when detectors exclusively trained by 

removing either view are tested on the PASCAL VOC test set. 

In a last experiment, we reduce the fine-tuning training set by 

removing front-view objects, and note a larger mAP drop of 5 

points (8%), but much less than one may expect.

Top 10 regions with strongest activations for pool5 units using 

the method of RCNN. For each unit we show results on (top to 

bottom): real PASCAL images, RR-RR, W-RR, W-UG.


