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Today
▪ Examples of DNN authors imposing structure on networks to 

better perform a desired task 

▪ For each example, consider: 
- What knowledge does the human inject? 
- What does the computer learn? 

▪ Tasks: 
- Image/video compression networks 
- Visual Question Answering via Neural Module Networks 

[Toderici 16, Tsai AAAI 18]

[Johnson 17, 17]
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Image compression using DNNs 
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Review: JPG image compression
▪ Lossy compression designed to retain information that is most 

important to human perception 
▪ Human-designed compact representation

Coefficient reordering

RLE compression of zeros 

Entropy compression of non-
zeros

Compressed 
bits



Stanford CS348V, Winter 2018

Deep learning learns useful representations

▪ Can we apply deep learning techniques to obtain compact 
image representations for efficient storage and transmission? 

▪ Discussion: why should we even consider this? (isn’t JPG a 
pretty darn good representation?)
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Example: autoencoder
Compressing 32x32 8-bit RGB thumbnails (24 bpp)

Input: 
32x32x3 

image

Output: 
approximation to 

32x32x3 
image

Decoder 
(D)

Encoder 
(E)

Binarization 
Function (B)

x0 = D(B(E(x)))

x0
x0

Auto-encoder: learn to compress (encode) and reconstruct (decode) 
the input signal 

- Jointly train D, B, and E using supervision from Loss(x, x’)

Compact intermediate 
(for storage/transmission)
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Progressive encoding: chain copies of autoencoder 
(each iteration contributes additional bits to stored output)

Input: 
32x32x3 
residual

Output: 32x32x3Decoder 
(D)

Encoder 
(E)

Binarization 
Function (B)

= input image to compress

Ft(rt�1) = Dt(B(Et(rt�1)))

Ft(rt�1)rt�1

r0

rt = Ft(rt�1)� rt�1

Version 1: 
each iteration predicts the residual

x0 =
NX

t=1

Ft(rt�1)

Version 2: (stateful E() and D() units) 
each iteration predicts input image

x0 = FN (rN�1)

rt = Ft(rt�1)� r0

In both cases, loss given by krtk22 for all t
[Toderici ICLR 16]
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Binarization
▪ Step 1: output of encoder passes through fully-connected layer with m 

outputs (to “squeeze” to desired number of outputs) 

▪ Step 2: quantize each output to a bit

f(x) = x+ ✏

B(x) = f(tanh(Wx+ b))

f(x) =

⇢
�1 x < 0
+1 x � 0

�

Add random perturbation during training (regularization):

Published as a conference paper at ICLR 2016

(1) bit vectors are trivially serializable/deserializable for image transmission over the wire, (2) control
of the network compression rate is achieved simply by putting constraints on the bit allowance, and
(3) a binary bottleneck helps force the network to learn efficient representations compared to standard
floating-point layers, which may have many redundant bit patterns that have no effect on the output.

The binarization process consists of two parts. The first part consists of generating the required
number of outputs (equal to the desired number of output bits) in the continuous interval [�1, 1]. The
second part involves taking this real-valued representation as input and producing a discrete output in
the set {�1, 1} for each value.

For the first step in the binarization process, we use a fully-connected layer with tanh activations.
For the second part, following Raiko et al. (2015), one possible binarization b(x) of x 2 [�1, 1] is
defined as:

b(x) = x+ ✏ 2 {�1, 1}, (4)

✏ ⇠
⇢
1� x with probability 1+x

2 ,
�x� 1 with probability 1�x

2 ,
(5)

where ✏ corresponds to quantization noise. We will use the regularization provided by the randomized
quantization to allow us to cleanly backpropagate gradients through this binarization layer.

Therefore, the full binary encoder function is:

B (x) = b
�
tanh(W binx+ bbin)

�
. (6)

where W bin and bbin are the standard linear weights and bias that transform the activations from the
previous layer in the network. In all of our models, we use the above formulation for the forward
pass. For the backward pass of back-propagation, we take the derivative of the expectation (Raiko
et al., 2015). Since E[b(x)] = x for all x 2 [�1, 1], we pass the gradients through b unchanged.

In order to have a fixed representation for a particular input, once the networks are trained, only the
most likely outcome of b(x) is considered and b can be replaced by binf defined as:

binf (x) =

⇢
�1 if x < 0,
+1 otherwise.

(7)

The compression rate is determined by the number of bits generated in each stage, which corresponds
to the number of rows in the W bin matrix, and by the number of stages, controlled by the number of
repetitions of the residual autoencoder structure.

3.3 FEED-FORWARD FULLY-CONNECTED RESIDUAL ENCODER

In the simplest instantiation of our variable rate compression architecture, we set E and D to be
composed of stacked fully-connected layers. In order to make the search for architectures more
feasible we decided to set the number of outputs in each fully-connected layer to be constant (512)
and only used the tanh nonlinearity.

Given that E and D can be functions of the encoding stage number, and since the statistics of the
residuals change when going from stage t to t+ 1 we considered two distinct approaches: in the first
we share weights across all stages, while in the second, we learn the distinct weights independently
in each stage. The details of this architecture are given in Figure 1.

3.4 LSTM-BASED COMPRESSION

In this architecture, we explore the use of LSTM models for both the encoder and the decoder. In
particular, both E and D consist of stacked LSTM layers.

Following the LSTM formulation and notation proposed by Zaremba et al. (2014), we use superscripts
to indicate the layer number, and subscripts to indicate time steps. Let hl

t 2 Rn denote the hidden
state of l-th LSTM layer at time step t. We define T l

n : Rm ! Rn to be an affine transform
T l
n(x) = W lx+ bl. Finally, let � denote element-wise multiplication, and let h0

t be the input to the
first LSTM layer at time step t.

4

[Toderici ICLR 16]
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Version 1 autoencoder
Published as a conference paper at ICLR 2016

Figure 1: The fully-connected residual autoencoder. We depict a two-iteration architecture, with the
goal of the first iteration being to encode the original input patch and the goal of the second iteration
being to encode the residual from the first level’s reconstruction. In our 64-bit results, reported in
Table 1, we have 16 iterations giving 4 bits each. The blocks marked with 512 are fully-connected
neural network layers with 512 units and tanh nonlinearities. The loss applied to the residuals in
training is a simple L2 measure.

Figure 2: The fully-connected LSTM residual encoder. The 512 LSTM blocks represent LSTM
layers with 512 units. This figure shows an unrolling of the LSTM, needed for training, to two time
steps. The actual architecture would have only the first row of blocks, with the functionality of the
second row (and subsequent recursions) being realized by feeding the residual from the previous
pass back into the first LSTM block. For the results reported in Table 1, this repeated feeding back
was done 16 times, to generate 64 bit representations. The vertical connections between the LSTM
stages in the unrolling shows the effect of the persistent memory instead each LSTM. The loss is
applied to the residuals in training is a simple L2 measure. Note that in contrast to Figure 1, in which
the network after the first step is used to predict the previous step’s residual error, in this LSTM
architecture, each step predicts the actual output.

Figure 3: The convolutional / deconvolutional residual encoder. The convolutional layers are depicted
as sharp rectangles, while the deconvolutional layers are depicted as rounded rectangles. The loss is
applied to the residuals.

5

Encode (iter1) Decode (iter 1)B()

Encode (iter2) Decode (iter2)

Compute 
r1

F(r0)

F(r1) Compute 
r2

F(r0)+F(r1)

Fully-connected version: 

Input is 8x8 block 

Each fully connected layer has 512 outputs and tanh non-linearity 

Each iteration through auto encoder yields 4 bits (two iterations shown) 
[Toderici ICLR 16]
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Version 1 autoencoder (convolutional)

Convolutional version: 
2 bits per spatial location of output per iteration 

32x32 input → 8x8 spatial outputs  (128 bits per iteration)

Published as a conference paper at ICLR 2016

Figure 1: The fully-connected residual autoencoder. We depict a two-iteration architecture, with the
goal of the first iteration being to encode the original input patch and the goal of the second iteration
being to encode the residual from the first level’s reconstruction. In our 64-bit results, reported in
Table 1, we have 16 iterations giving 4 bits each. The blocks marked with 512 are fully-connected
neural network layers with 512 units and tanh nonlinearities. The loss applied to the residuals in
training is a simple L2 measure.

Figure 2: The fully-connected LSTM residual encoder. The 512 LSTM blocks represent LSTM
layers with 512 units. This figure shows an unrolling of the LSTM, needed for training, to two time
steps. The actual architecture would have only the first row of blocks, with the functionality of the
second row (and subsequent recursions) being realized by feeding the residual from the previous
pass back into the first LSTM block. For the results reported in Table 1, this repeated feeding back
was done 16 times, to generate 64 bit representations. The vertical connections between the LSTM
stages in the unrolling shows the effect of the persistent memory instead each LSTM. The loss is
applied to the residuals in training is a simple L2 measure. Note that in contrast to Figure 1, in which
the network after the first step is used to predict the previous step’s residual error, in this LSTM
architecture, each step predicts the actual output.

Figure 3: The convolutional / deconvolutional residual encoder. The convolutional layers are depicted
as sharp rectangles, while the deconvolutional layers are depicted as rounded rectangles. The loss is
applied to the residuals.

5

Encode (iter1) B()

Decode (iter 1) 
Upsampling by stride 

then conv

Compute 
r1

F(r0)

1x1 conv to convert to rgb not 
shown (3 filters in layer)

[Toderici ICLR 16]
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Version 2 autoencoder (LSTM-based)

LSTM version: predicts source image each iteration (not a residual) 
LSTM units: 
- Recurrent: output from iteration t-1 fed into unit in iteration t 
- Stateful: each unit maintains its own hidden state

Published as a conference paper at ICLR 2016

Figure 1: The fully-connected residual autoencoder. We depict a two-iteration architecture, with the
goal of the first iteration being to encode the original input patch and the goal of the second iteration
being to encode the residual from the first level’s reconstruction. In our 64-bit results, reported in
Table 1, we have 16 iterations giving 4 bits each. The blocks marked with 512 are fully-connected
neural network layers with 512 units and tanh nonlinearities. The loss applied to the residuals in
training is a simple L2 measure.

Figure 2: The fully-connected LSTM residual encoder. The 512 LSTM blocks represent LSTM
layers with 512 units. This figure shows an unrolling of the LSTM, needed for training, to two time
steps. The actual architecture would have only the first row of blocks, with the functionality of the
second row (and subsequent recursions) being realized by feeding the residual from the previous
pass back into the first LSTM block. For the results reported in Table 1, this repeated feeding back
was done 16 times, to generate 64 bit representations. The vertical connections between the LSTM
stages in the unrolling shows the effect of the persistent memory instead each LSTM. The loss is
applied to the residuals in training is a simple L2 measure. Note that in contrast to Figure 1, in which
the network after the first step is used to predict the previous step’s residual error, in this LSTM
architecture, each step predicts the actual output.

Figure 3: The convolutional / deconvolutional residual encoder. The convolutional layers are depicted
as sharp rectangles, while the deconvolutional layers are depicted as rounded rectangles. The loss is
applied to the residuals.

5

Encode (iter1) B() Decode (iter1)

F(r0) ~ x’

(Convolutional form of the LSTM auto encoder also exists)

[Toderici ICLR 16]
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Compression results
Published as a conference paper at ICLR 2016

Original (32⇥32) JPEG compressed images

WebP compressed images

Compressed images with LSTM architecture

Compressed images with conv/deconv LSTM architecture

From left to right

Average bits per pixel (bpp)
JPEG 0.641 0.875 1.117 1.375
WebP 0.789 0.914 1.148 1.398
LSTM 0.625 0.875 1.125 1.375
(De)Convolutional LSTM 0.625 0.875 1.125 1.375

Figure 4: 32⇥32 image compression comparison between JPEG and convolutional/deconvolutional
LSTM architecture.

reduce JPEG encoding quality in order to produce 4:4:4 JPEGs at a comparable bitrate to the LSTM
models.

In terms of coding efficiency, we took an autoencoder architecture (one iteration of the model
presented in Section 3.5) with a given bit budget of either 64 or 128 bytes, and compared its SSIM
against the (de)convolutional LSTM encoder at these targets. In both cases, the LSTM model
produces SSIM values that are equivalent to the autoencoder, even though the resulting model is more
flexible.

5 CONCLUSION & FUTURE WORK

We describe various methods for variable-length encoding of image patches using neural networks,
and demonstrate that for the given benchmark, the fully-connected LSTM model can perform on par
with JPEG, while the convolutional/deconvolutional LSTM model is able to significantly outperform
JPEG on the SSIM perceptual metric.

9
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9

Average bpp:

[Toderici ICLR 2016] 
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Compression results

Published as a conference paper at ICLR 2016

Table 1: Comparison between the proposed methods for a given compression target size (in bytes) on
the 32x32 image benchmark.

Patch Size
SSIM / 64B Target
(Header-less Size)

SSIM / 128B Target
(Header-less Size)

Header-less JPEG 8⇥8
0.70

(72.5 bytes avg.)
0.80

(133 bytes avg.)

Header-less JPEG 2000
0.66

(73 bytes avg.)
0.77

(156 bytes avg.)

Header-less WebP
0.62

(80.7 bytes avg.)
0.73

(128.2 bytes avg.)

Fully Connected Residual Encoder
(Shared Weights)

8⇥8 0.46 0.48

Fully Connected Residual Encoder
(Distinct Weights)

8⇥8 0.65 0.75

LSTM Compressor 8⇥8 0.69 0.81

Conv/Deconv Residual Encoder
(Shared Weights)

32⇥32 0.45 0.46

Conv/Deconv Residual Encoder
(Distinct Weights)

32⇥32 0.65 0.75

Convolutional/Deconvolutional Autoencoder 32⇥32 0.76 0.86
Conv/Deconv LSTM Compressor 32⇥32 0.77 0.87

Table 1 summarizes the results on the 32⇥32 benchmark, comparing our two LSTM approaches to
two JPEG codecs and to WebP. To avoid unfairly penalizing the codecs due to the unavoidable cost
of their file headers, we exclude the header size from all metrics. Note also that since these standard
codecs can not be tuned to an exact byte budget (e.g., 64 bytes excluding the file header), we search
for the encoder quality setting that leads to a file whose size is as close as possible, but never less
than, the target size. On average, this leads to each JPEG and WebP image consuming slightly more
space than we allow for the LSTM models.

4.4 ANALYSIS

These 32⇥32 images contain considerable detail that is perceptually relevant. As can be seen in
Figure 4, compressing these images without destroying salient visual information or hallucinating
false details is challenging. At these very low bitrates and spatial resolution, JPEG block artifacts
become extremely prominent, and WebP either introduces blocking or overly blurs the image
depending on the strength of the internal filter. Color smearing artifacts due to the codecs’ default
(4:2:0) chroma subsampling are also clearly visible.

Compared to JPEG, the non-convolutional LSTM model slightly reduces inter-block boundaries on
some images but can also lead to increased color bleeding (e.g., on mandrill as shown in Figure 4).
Furthermore, the visual quality never exceeds JPEG on average as measured by SSIM and shown in
Figure 5. This motivates the (de)convolutional LSTM model, which eliminates block artifacts while
avoiding excessive smoothing. It strikes the best balance between preserving real detail and avoiding
color smearing, false gradients, and hallucinated detail not present in the original image.

Note that the (de)convolutional LSTM model exhibits perceptual quality levels that are equal to
or better than both JPEG and WebP at 4% – 12% lower average bitrate. We see this improvement
despite the fact that, unlike JPEG and WebP, the LSTMs do not perform chroma subsampling as a
preprocess. However, at the JPEG quality levels used in Figure 4, disabling subsampling (i.e., using
4:4:4 encoding) leads to a costly increase in JPEG’s bitrate: 1.32-1.77 bpp instead of 1.05-1.406 bpp,
or 26% greater. This means that if we desired to preserve chroma fidelity, we would need to drastically

8

SSIM: structural similarity index 
(attempt to quantify perceived 

similarity of images)

[Toderici ICLR 16]
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Summary / thoughts
▪ Idea: learn how to compress thumbnail-sized images by trying to 

compress large database of tiny images 
- Loss is not perceptually motivated (if there was a differentiable perceptual loss 

metric, they would have used it instead of L2 on pixel residual) 

▪ Improvement on JPG for small images, future work extends to large 
images by exploiting global redundancy [Toderici 2016] 

▪ Why use learning for this problem? 
- Potential for higher quality encode (learn better representations than humans 

can manually craft) 
- General mechanism to specialize representations for task 

- [Toderici 2016]: specific to thumbnail images 
- What about camera-viewpoint specific compression? 
- Task-based definition of loss rather than pixels (compress subject to still 

being able to recognize objects)
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Video compression
▪ Idea: use deep network to compress only the residual of H.264 compressed 

video stream (recall: residual = loss due to H.264 compression)

Figure 1: Overview of our proposed video streaming pipeline. It consists of two modules: a conventional H.264 module and our
proposed residual autoencoder. The input to our residual module is the difference between the original and compressed videos.
The difference is encoded and binarized to generate binary representations. We utilize Huffman coding to further compress the
binary representations into a bit stream in a lossless manner. On the client side, we reconstruct the output video by adding back
the decoded difference to the compressed video.

only can we improve the output quality by spending a small
amount of effort, but also the system can adapt to existing
compression platforms and train for specific domains by ex-
ploiting large-scale data. Note that, although we use H.264
in our pipeline, other video compression standards such as
MPEG4 and HEVC can be used as well.

Given an input video X, we obtain the compressed video
Y by applying H.264. The difference between the two
videos is called the residual information R = X �Y. The
larger the residual information, the poorer the compressed
video quality. We also note that R is not included in Y be-
cause it consists of highly non-linear patterns, which can not
be compressed effectively with conventional approaches.

We argue that by limiting the video domain, we could
leverage a novel autoencoder to effectively compress the
residual information. The autoencoder consists of a pair of
functions (E ,D), where the encoder E maps R to a binary
map and the decoder D recovers R from the binary map
on the client side. The recovered residual information is re-
ferred to as R̂ and the final output video Y+ R̂ has a better
visual quality than Y. We note that the binary map is further
mapped to a bit stream by using the Huffman coding algo-
rithm (Cover and Thomas 2006), which is asymptotically
optimal, to reduce its bandwidth usage.

Sending the bit stream of the residual information requires
additional bandwidth. However, we can train an autoencoder
that only requires a much smaller bandwidth to compress
the residual information than H.264. Therefore, we can run
the H.264 standard in a higher compression rate, which uses
a smaller bandwidth but results in a larger residual signal.
We then apply our autoencoder to compress the residual sig-
nal into a small bit stream. Considering a scenario where
the bandwidth for a video stream is 5Mbps, we can apply
the proposed pipeline to compress the video in 4Mbps us-
ing H.264 and utilize the remaining 1Mbps for sending the
residual signal. Because our autoencoder is more efficient

than H.264 in compressing the residual signal, our system
achieve better performance than a baseline system that allo-
cates all the 5Mbps for H.264.

One may wonder why not completely replacing the H.264
standard with the proposed residual autoencoder. We argue
that our residual autoencoder is only more efficient than
H.264 in compressing the residual signal. The carefully-
engineered H.264 is more efficient in compressing the core
video. By marrying the strength of H.264 and the proposed
autoencoder, our hybrid system achieves better performance.
Moreover, our pipeline can be easily integrated into the ex-
isting H.264 standard since the residual information can
be attached in the meta field of a H.264 streaming packet.
Hence we can enjoy the popularity of the H.264 standard
and various hardware accelerators implemented for H.264.

We note that in the proposed domain-specific video
streaming pipeline, one needs to send the parameters of D
and the Huffman decoder table to the client for the stream-
ing service, which requires an additional bandwidth. How-
ever, the parameters can be sent before the streaming starts.
Once the parameters are sent, the user can enjoy the low la-
tency and high video quality features of the proposed video
streaming pipeline.

Binary Residual Autoencoder

We design an autoencoder that consists of three components:
encoder E , binarizer B (introduced in the next section) and
decoder D. For the encoder, the goal is to learn to extract
compact feature representations for the following binarizer.
We use L convolutional layers in our encoder, in which each
layer has the same channel number C and a stride of two
that down-samples feature maps. The binarizer converts the
output from the last convolutional layer into a binary map.
For the decoder, we aim to up-sample the binary map back to
the original input. Our decoder has L convolutional layers.
At the end of each convolutional layer, a sub-pixel layer (Shi

Figure 2: Architecture of the proposed binary residual autoencoder. It process the video frame by frame. The autoencoder
consists of an encoder, a binarizer and a decoder. The encoder/decoder, each has L convolutional layers and each layer contains
C/4C channels. For simplicity, Huffman coding modules are not illustrated here.

et al. 2016) is used for up-sampling. Since we aim for up-
sampling the resolution of the feature map by two on each
spatial dimension, the channel number of each convolutional
layer in the decoder is set to 4⇥C due to the use of the sub-
pixel layer. To facilitate the learning process, batch normal-
ization (Ioffe and Szegedy 2015) and ReLU layers are used.
The architecture of the autoencoder are given in Figure 2.

We encode and decode the residual signal R frame by
frame. Let {ri} be a set of residual frames computed by ap-
plying H.264 at a target bit rate. We train our autoencoder
by solving the following optimization problem:

min
D,E

X

i

||ri �D(B(E(ri)))||22. (1)

We care a lot about the bandwidth required for transmitting
binary representations, which is determined by two factors:
1 the number of layers L in the encoder, and 2) the number
of channels C. Let W and H be the width and height of the
input image, the binary map size is given by C⇥W⇥H

22L . A
large number of L and a smaller number of C would result
in a smaller size of the encoder output and hence a smaller
binary map. However, a smaller encoder output makes train-
ing of the autoencoder difficult. In our experiments we will
discuss the results with different numbers of L and C.

Training of the Binary Residual Autoencoder

Binarizing feature maps in neural networks have been stud-
ied in several earlier works (Rastegari et al. 2016; Cour-
bariaux et al. 2016; Tang, Hua, and Wang 2017) for the
purpose of reducing memory footprint in mobile devices. It
is also used for image compression (Toderici et al. 2016;
2017), while our work is different in that we binarize feature
maps for video streaming. We will discuss several binariza-
tion methods here and compare their advantages and draw-
backs when used in our pipeline in the experiment section.

Formulation. Let the output feature map of E be ei = E(ri).
Our binarizer B aims to produce the binary output {�1, 1}1.
To generate such binary outputs, the process B consists of

1We have found that our network requires negative responses to
achieve reasonable results. Instead of producing the binary output
{0, 1}, we aim to generate the discrete output {�1, 1}.

two parts: 1) map each element of the encoder output ei to
the interval [�1, 1], and 2) discretize it to {�1, 1} given by:

B(ei) = b(�(ei)), (2)
where � and b are the activation and discretization func-
tions, respectively. In the following, we discuss different
functions for activation (i.e., tanh, hardtanh, sigmoid) and
various methodologies for binarization (i.e., stochastic regu-
larization (Raiko et al. 2015) , Gumbel noise (Jang, Gu, and
Poole 2017; Maddison, Mnih, and Teh 2017)).
Tanh/Hardtanh Activation. tanh is a common activation
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tion. However, since binarization is not a differentiable func-
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propagation. To avoid the issue, inspired by the recent bina-
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Figure 2: Architecture of the proposed binary residual autoencoder. It process the video frame by frame. The autoencoder
consists of an encoder, a binarizer and a decoder. The encoder/decoder, each has L convolutional layers and each layer contains
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et al. 2016) is used for up-sampling. Since we aim for up-
sampling the resolution of the feature map by two on each
spatial dimension, the channel number of each convolutional
layer in the decoder is set to 4⇥C due to the use of the sub-
pixel layer. To facilitate the learning process, batch normal-
ization (Ioffe and Szegedy 2015) and ReLU layers are used.
The architecture of the autoencoder are given in Figure 2.

We encode and decode the residual signal R frame by
frame. Let {ri} be a set of residual frames computed by ap-
plying H.264 at a target bit rate. We train our autoencoder
by solving the following optimization problem:

min
D,E

X

i

||ri �D(B(E(ri)))||22. (1)

We care a lot about the bandwidth required for transmitting
binary representations, which is determined by two factors:
1 the number of layers L in the encoder, and 2) the number
of channels C. Let W and H be the width and height of the
input image, the binary map size is given by C⇥W⇥H

22L . A
large number of L and a smaller number of C would result
in a smaller size of the encoder output and hence a smaller
binary map. However, a smaller encoder output makes train-
ing of the autoencoder difficult. In our experiments we will
discuss the results with different numbers of L and C.

Training of the Binary Residual Autoencoder

Binarizing feature maps in neural networks have been stud-
ied in several earlier works (Rastegari et al. 2016; Cour-
bariaux et al. 2016; Tang, Hua, and Wang 2017) for the
purpose of reducing memory footprint in mobile devices. It
is also used for image compression (Toderici et al. 2016;
2017), while our work is different in that we binarize feature
maps for video streaming. We will discuss several binariza-
tion methods here and compare their advantages and draw-
backs when used in our pipeline in the experiment section.

Formulation. Let the output feature map of E be ei = E(ri).
Our binarizer B aims to produce the binary output {�1, 1}1.
To generate such binary outputs, the process B consists of

1We have found that our network requires negative responses to
achieve reasonable results. Instead of producing the binary output
{0, 1}, we aim to generate the discrete output {�1, 1}.
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tions, respectively. In the following, we discuss different
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various methodologies for binarization (i.e., stochastic regu-
larization (Raiko et al. 2015) , Gumbel noise (Jang, Gu, and
Poole 2017; Maddison, Mnih, and Teh 2017)).
Tanh/Hardtanh Activation. tanh is a common activation
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C/4C channels. For simplicity, Huffman coding modules are not illustrated here.

et al. 2016) is used for up-sampling. Since we aim for up-
sampling the resolution of the feature map by two on each
spatial dimension, the channel number of each convolutional
layer in the decoder is set to 4⇥C due to the use of the sub-
pixel layer. To facilitate the learning process, batch normal-
ization (Ioffe and Szegedy 2015) and ReLU layers are used.
The architecture of the autoencoder are given in Figure 2.

We encode and decode the residual signal R frame by
frame. Let {ri} be a set of residual frames computed by ap-
plying H.264 at a target bit rate. We train our autoencoder
by solving the following optimization problem:

min
D,E

X

i

||ri �D(B(E(ri)))||22. (1)

We care a lot about the bandwidth required for transmitting
binary representations, which is determined by two factors:
1 the number of layers L in the encoder, and 2) the number
of channels C. Let W and H be the width and height of the
input image, the binary map size is given by C⇥W⇥H

22L . A
large number of L and a smaller number of C would result
in a smaller size of the encoder output and hence a smaller
binary map. However, a smaller encoder output makes train-
ing of the autoencoder difficult. In our experiments we will
discuss the results with different numbers of L and C.

Training of the Binary Residual Autoencoder

Binarizing feature maps in neural networks have been stud-
ied in several earlier works (Rastegari et al. 2016; Cour-
bariaux et al. 2016; Tang, Hua, and Wang 2017) for the
purpose of reducing memory footprint in mobile devices. It
is also used for image compression (Toderici et al. 2016;
2017), while our work is different in that we binarize feature
maps for video streaming. We will discuss several binariza-
tion methods here and compare their advantages and draw-
backs when used in our pipeline in the experiment section.

Formulation. Let the output feature map of E be ei = E(ri).
Our binarizer B aims to produce the binary output {�1, 1}1.
To generate such binary outputs, the process B consists of

1We have found that our network requires negative responses to
achieve reasonable results. Instead of producing the binary output
{0, 1}, we aim to generate the discrete output {�1, 1}.

two parts: 1) map each element of the encoder output ei to
the interval [�1, 1], and 2) discretize it to {�1, 1} given by:

B(ei) = b(�(ei)), (2)
where � and b are the activation and discretization func-
tions, respectively. In the following, we discuss different
functions for activation (i.e., tanh, hardtanh, sigmoid) and
various methodologies for binarization (i.e., stochastic regu-
larization (Raiko et al. 2015) , Gumbel noise (Jang, Gu, and
Poole 2017; Maddison, Mnih, and Teh 2017)).
Tanh/Hardtanh Activation. tanh is a common activation
to project feature values to [�1, 1], so as the approxima-
tion version hardtanh function. Here, we define the bina-
rized output as:

b(z) =

⇢
1, if z � 0
�1, if z < 0,

(3)

where z = �(ei) and � can be the tanh or hardtanh func-
tion. However, since binarization is not a differentiable func-
tion, we can not train the proposed autoencoder using back-
propagation. To avoid the issue, inspired by the recent bina-
rization work (Courbariaux et al. 2016), we adopt a piece-
wise function bbp during back-propagation:

bbp(z) =

8
<

:

1, if z > 1
z, if �1  z  1
�1, if z < �1.

(4)

By using the straight-through estimator (Courbariaux et al.
2016), we can compute the gradient of bbp(z) and pass gra-
dients through b unchanged as:

b
0
bp
(z) =

⇢
1, if �1  z  1
0, otherwise.

(5)

Sigmoid Activation. The sigmoid function outputs a value
in [0, 1]. We convert the output to [�1, 1] by applying z =
2(�(ei) � 0.5). We can then use the approach discussed in
the previous paragraph for binarization and training.
Stochastic Regularization. Following Toderici et
al. (Toderici et al. 2016), we incorporate a stochastic
process into (3) using the tanh activation:

b(z) = z + ✏,
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Takeaway:
▪ Can learn to compress residuals effectively when compressor tailored to specific 

type of video stream 

(a) KITTI (b) Assassins Creed (c) Skyrim (d) Borderlands

Figure 3: PSNR comparisons on four datasets at different bandwidths. We compare our pipeline with H.264 and an artifact-
removal method based on (Kim, Lee, and Lee 2016; Zhang et al. 2017).

(a) KITTI (b) Assassins Creed (c) Skyrim (d) Borderlands

Figure 4: SSIM comparisons on four datasets at different bandwidths. We compare our pipeline with H.264 and an artifact-
removal method based on (Kim, Lee, and Lee 2016; Zhang et al. 2017).

Figure 5: Example results on the KITTI and video game datasets. We compare our pipeline with H.264 and an artifact-removal
method. The corresponding bit rate and PSNR are shown next to the images. Best viewed with enlarged images.
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Figure 4: SSIM comparisons on four datasets at different bandwidths. We compare our pipeline with H.264 and an artifact-
removal method based on (Kim, Lee, and Lee 2016; Zhang et al. 2017).

Figure 5: Example results on the KITTI and video game datasets. We compare our pipeline with H.264 and an artifact-removal
method. The corresponding bit rate and PSNR are shown next to the images. Best viewed with enlarged images.
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Camera-specific compression?
Security cameras (stationary)

Head mounted cameras 
(person only sees so many things)

On-vehicle cameras 
(specialization to neighborhood or city?)
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Visual question answering

▪ Common approach at the time: 
- DNN (LSTM) to compute embedding of the question 
- Use the question to “attend” to the relevant part of the image 
- Mix visual features in attended region and question embedding to answer question

1 x 14 x 14 

512 x 14 x 14 

CNN 
(ResNet152) 16k x14x14 

2048x14x14 

2048x14x14 

Conv, Relu 

Conv 

“Carrot” 
16k 

3000 

2048 

2048 

W
E, LSTM

 

Softm
ax 

W
eighted Sum

 

Tile 

2048 

What is the 
woman feeding 

the giraffe? 

Multimodal 
Compact 
Bilinear 

Multimodal 
Compact 
Bilinear 

FC 

Softm
ax 

Figure 3: Our architecture for VQA: Multimodal Compact Bilinear (MCB) with Attention. Conv implies
convolutional layers and FC implies fully connected layers. For details see Sec. 3.2.

where ⇤ is the convolution operator. Additionally, the
convolution theorem states that convolution in the
time domain is equivalent to element-wise product
in the frequency domain. The convolution x0 ⇤ q0 can
be rewritten as FFT�1(FFT(x0) � FFT(q0)), where
� refers to element-wise product. These ideas are
summarized in Figure 2 and formalized in Algorithm
1, which is based on the Tensor Sketch algorithm of
Pham and Pagh (2013). We invoke the algorithm with
v1 = x and v2 = q. We note that this easily extends
and remains efficient for more than two multi-modal
inputs as the combination happens as element-wise
product.

3.2 Architectures for VQA

In VQA, the input to the model is an image and a
question, and the goal is to answer the question. Our
model extracts representations for the image and the
question, pools the vectors using MCB, and arrives
at the answer by treating the problem as a multi-class
classification problem with 3,000 possible classes.

We extract image features using a 152-layer Resid-
ual Network (He et al., 2015) that is pretrained on
ImageNet data (Deng et al., 2009). Images are re-
sized to 448⇥448, and we use the output of the layer
(“pool5”) before the 1000-way classifier. We then
perform L2 normalization on the 2048-D vector.

Input questions are first tokenized into words, and
the words are one-hot encoded and passed through
a learned embedding layer. The tanh nonlinearity
is used after the embedding. The embedding layer
is followed by a 2-layer LSTM with 1024 units in
each layer. The outputs of each LSTM layer are
concatenated to form a 2048-D vector.

The two vectors are then passed through MCB.
The MCB is followed by an element-wise signed
square-root and L2 normalization. After MCB pool-
ing, a fully connected layer connects the resulting
16,000-D multimodal representation to the 3,000 top
answers.

Attention. To incorporate spatial information, we
use soft attention on our MCB pooling method. Ex-
plored by (Xu et al., 2015) for image captioning and
by (Xu and Saenko, 2016) and (Yang et al., 2015)
for VQA, the soft attention mechanism can be easily
integrated in our model.

For each spatial grid location in the visual rep-
resentation (i.e. last convolutional layer of ResNet
[res5c], last convolutional layer of VGG [conv5]),
we use MCB pooling to merge the slice of the visual
feature with the language representation. As depicted
in Figure 3, after the pooling we use two convolu-
tional layers to predict the attention weight for each
grid location. We apply softmax to produce a nor-
malized soft attention map. We then take a weighted
sum of the spatial vectors using the attention map to
create the attended visual representation. We also ex-
periment with generating multiple attention maps to
allow the model to make multiple “glimpses” which
are concatenated before being merged with the lan-
guage representation through another MCB pooling
for prediction. Predicting attention maps with MCB
pooling allows the model to effectively learn how to
attend to salient locations based on both the visual
and language representations.

Answer Encoding. For VQA with multiple
choices, we can additionally embed the answers. We

[Fukui 2016]



Stanford CS348V, Winter 2018

Example challenge: debugging failures
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CLEVR dataset
▪ Main idea: images and questions can be answered from 

contents of images alone (no external knowledge)

CLEVR: A Diagnostic Dataset for
Compositional Language and Elementary Visual Reasoning

Justin Johnson1,2⇤

Li Fei-Fei1
Bharath Hariharan2

C. Lawrence Zitnick2
Laurens van der Maaten2

Ross Girshick2

1Stanford University 2Facebook AI Research

Abstract

When building artificial intelligence systems that can
reason and answer questions about visual data, we need
diagnostic tests to analyze our progress and discover short-
comings. Existing benchmarks for visual question answer-
ing can help, but have strong biases that models can exploit
to correctly answer questions without reasoning. They also
conflate multiple sources of error, making it hard to pinpoint
model weaknesses. We present a diagnostic dataset that
tests a range of visual reasoning abilities. It contains mini-
mal biases and has detailed annotations describing the kind
of reasoning each question requires. We use this dataset to
analyze a variety of modern visual reasoning systems, pro-
viding novel insights into their abilities and limitations.

1. Introduction
A long-standing goal of artificial intelligence research

is to develop systems that can reason and answer ques-
tions about visual information. Recently, several datasets
have been introduced to study this problem [4, 10, 21, 26,
32, 46, 49]. Each of these Visual Question Answering
(VQA) datasets contains challenging natural language ques-
tions about images. Correctly answering these questions
requires perceptual abilities such as recognizing objects,
attributes, and spatial relationships as well as higher-level
skills such as counting, performing logical inference, mak-
ing comparisons, or leveraging commonsense world knowl-
edge [31]. Numerous methods have attacked these prob-
lems [2, 3, 9, 24, 44], but many show only marginal im-
provements over strong baselines [4, 16, 48]. Unfortunately,
our ability to understand the limitations of these methods is
impeded by the inherent complexity of the VQA task. Are
methods hampered by failures in recognition, poor reason-
ing, lack of commonsense knowledge, or something else?

The difficulty of understanding a system’s competences

⇤Work done during an internship at FAIR.

Q: Are there an equal number of large things and metal spheres?
Q: What size is the cylinder that is left of the brown metal thing that
is left of the big sphere? Q: There is a sphere with the same size as the
metal cube; is it made of the same material as the small red sphere?
Q: How many objects are either small cylinders or metal things?

Figure 1. A sample image and questions from CLEVR. Questions
test aspects of visual reasoning such as attribute identification,
counting, comparison, multiple attention, and logical operations.

is exemplified by Clever Hans, a 1900s era horse who ap-
peared to be able to answer arithmetic questions. Care-
ful observation revealed that Hans was correctly “answer-
ing” questions by reacting to cues read off his human ob-
servers [30]. Statistical learning systems, like those used
for VQA, may develop similar “cheating” approaches to
superficially “solve” tasks without learning the underlying
reasoning processes [35, 36]. For instance, a statistical
learner may correctly answer the question “What covers the
ground?” not because it understands the scene but because
biased datasets often ask questions about the ground when
it is snow-covered [1, 47]. How can we determine whether
a system is capable of sophisticated reasoning and not just
exploiting biases of the world, similar to Clever Hans?

In this paper we propose a diagnostic dataset for study-
ing the ability of VQA systems to perform visual reasoning.
We refer to this dataset as the Compositional Language and
Elementary Visual Reasoning diagnostics dataset (CLEVR;
pronounced as clever in homage to Hans). CLEVR contains
100k rendered images and about one million automatically-
generated questions, of which 853k are unique. It has chal-

1

ar
X

iv
:1

61
2.

06
89

0v
1 

 [c
s.C

V
]  

20
 D

ec
 2

01
6

objects
objects
objects

yes/no
numberobjects

objects

objects
object

value

objects

number

number

CLEVR	function	catalog

Relate

Equal
Less	/	More

yes/no

Equal yes/no
value

value

Exist
Count

And
Or

Filter	<attr>

objectobjects Unique

In	front	vs.	behind

Sizes,	colors,	shapes,	and	materials

Left	vs.	right

Large	gray
metal
sphere

Large	red
metal	cube

Small	blue
metal	cylinder

Small	green
metal	sphere

Large	brown
rubber
sphere

Large	purple
rubber
cylinder

Small	cyan
rubber
cube

Small	yellow
rubber
sphere

Behind
In	front

Left Right

Filter	
color

Filter	
shape

Unique Relate
Filter	
shape

Unique
Query
color

yellow sphere

value

right cube

What	color	is	the	cube	to	the	right	of	the	yellow	sphere?

object Query	<attr> value

Filter	
color

Unique Relate

green left

Filter	
size

Unique Relate

small in	front

And Count

How	many	cylinders	are	in	front	of	the	small	
thing	and	on	the	left	side	of	the	green	object?

Sample	chain-structured	question:

Sample	tree-structured	question:

object Same	<attr> objects

Filter	
shape

cylinder

Figure 2. A field guide to the CLEVR universe. Left: Shapes, attributes, and spatial relationships. Center: Examples of questions and
their associated functional programs. Right: Catalog of basic functions used to build questions. See Section 3 for details.

ground-truth structures allow us to analyze models based
on, for example: question type, question topology (chain
vs. tree), question length, and various forms of relationships
between objects. Figure 2 gives a brief overview of the main
components of CLEVR, which we describe in detail below.

Objects and relationships. The CLEVR universe con-
tains three object shapes (cube, sphere, and cylinder) that
come in two absolute sizes (small and large), two materi-
als (shiny “metal” and matte “rubber”), and eight colors.
Objects are spatially related via four relationships: “left”,
“right”, “behind”, and “in front”. The semantics of these
prepositions are complex and depend not only on relative
object positions but also on camera viewpoint and context.
We found that generating questions that invoke spatial rela-
tionships with semantic accord was difficult. Instead we
rely on a simple and unambiguous definition: projecting
the camera viewpoint vector onto the ground plane defines
the “behind” vector, and one object is behind another if
its ground-plane position is further along the “behind” vec-
tor. The other relationships are similarly defined. Figure 2
(left) illustrates the objects, attributes, and spatial relation-
ships in CLEVR. The CLEVR universe also includes one
non-spatial relationship type that we refer to as the same-
attribute relation. Two objects are in this relationship if
they have equal attribute values for a specified attribute.

Scene representation. Scenes are represented as collec-
tions of objects annotated with shape, size, color, material,
and position on the ground-plane. A scene can also be rep-
resented by a scene graph [17, 21], where nodes are objects
annotated with attributes and edges connect spatially related

objects. A scene graph contains all ground-truth informa-
tion for an image and could be used to replace the vision
component of a VQA system with perfect sight.

Image generation. CLEVR images are generated by ran-
domly sampling a scene graph and rendering it using
Blender [6]. Every scene contains between three and ten
objects with random shapes, sizes, materials, colors, and
positions. When placing objects we ensure that no objects
intersect, that all objects are at least partially visible, and
that there are small horizontal and vertical margins between
the image-plane centers of each pair of objects; this helps
reduce ambiguity in spatial relationships. In each image the
positions of the lights and camera are randomly jittered.

Question representation. Each question in CLEVR is as-
sociated with a functional program that can be executed on
an image’s scene graph, yielding the answer to the question.
Functional programs are built from simple basic functions
that correspond to elementary operations of visual reason-
ing such as querying object attributes, counting sets of ob-
jects, or comparing values. As shown in Figure 2, complex
questions can be represented by compositions of these sim-
ple building blocks. Full details about each basic function
can be found in the supplementary material.

As we will see in Section 4, representing questions as
functional programs enables rich analysis that would be
impossible with natural-language questions. A question’s
functional program tells us exactly which reasoning abili-
ties are required to solve it, allowing us to compare perfor-
mance on questions requiring different types of reasoning.

3
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Second major idea: neural module networks
▪ If a question is just a logical expression, why isn’t the program 

used to answer it dependent on the structure of a question?
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ground-truth structures allow us to analyze models based
on, for example: question type, question topology (chain
vs. tree), question length, and various forms of relationships
between objects. Figure 2 gives a brief overview of the main
components of CLEVR, which we describe in detail below.

Objects and relationships. The CLEVR universe con-
tains three object shapes (cube, sphere, and cylinder) that
come in two absolute sizes (small and large), two materi-
als (shiny “metal” and matte “rubber”), and eight colors.
Objects are spatially related via four relationships: “left”,
“right”, “behind”, and “in front”. The semantics of these
prepositions are complex and depend not only on relative
object positions but also on camera viewpoint and context.
We found that generating questions that invoke spatial rela-
tionships with semantic accord was difficult. Instead we
rely on a simple and unambiguous definition: projecting
the camera viewpoint vector onto the ground plane defines
the “behind” vector, and one object is behind another if
its ground-plane position is further along the “behind” vec-
tor. The other relationships are similarly defined. Figure 2
(left) illustrates the objects, attributes, and spatial relation-
ships in CLEVR. The CLEVR universe also includes one
non-spatial relationship type that we refer to as the same-
attribute relation. Two objects are in this relationship if
they have equal attribute values for a specified attribute.

Scene representation. Scenes are represented as collec-
tions of objects annotated with shape, size, color, material,
and position on the ground-plane. A scene can also be rep-
resented by a scene graph [17, 21], where nodes are objects
annotated with attributes and edges connect spatially related

objects. A scene graph contains all ground-truth informa-
tion for an image and could be used to replace the vision
component of a VQA system with perfect sight.

Image generation. CLEVR images are generated by ran-
domly sampling a scene graph and rendering it using
Blender [6]. Every scene contains between three and ten
objects with random shapes, sizes, materials, colors, and
positions. When placing objects we ensure that no objects
intersect, that all objects are at least partially visible, and
that there are small horizontal and vertical margins between
the image-plane centers of each pair of objects; this helps
reduce ambiguity in spatial relationships. In each image the
positions of the lights and camera are randomly jittered.

Question representation. Each question in CLEVR is as-
sociated with a functional program that can be executed on
an image’s scene graph, yielding the answer to the question.
Functional programs are built from simple basic functions
that correspond to elementary operations of visual reason-
ing such as querying object attributes, counting sets of ob-
jects, or comparing values. As shown in Figure 2, complex
questions can be represented by compositions of these sim-
ple building blocks. Full details about each basic function
can be found in the supplementary material.

As we will see in Section 4, representing questions as
functional programs enables rich analysis that would be
impossible with natural-language questions. A question’s
functional program tells us exactly which reasoning abili-
ties are required to solve it, allowing us to compare perfor-
mance on questions requiring different types of reasoning.

3

Question text: 
How many cylinders are in front of 
the small thing and on the left side 
of the green object?

NLP semantic parser 
question to “program” 

(program = neural module network)

DNN Topology specific to question: 
(Unique DNN per question)
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Grammar of CLEVR questions
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Figure 2. A field guide to the CLEVR universe. Left: Shapes, attributes, and spatial relationships. Center: Examples of questions and
their associated functional programs. Right: Catalog of basic functions used to build questions. See Section 3 for details.

ground-truth structures allow us to analyze models based
on, for example: question type, question topology (chain
vs. tree), question length, and various forms of relationships
between objects. Figure 2 gives a brief overview of the main
components of CLEVR, which we describe in detail below.

Objects and relationships. The CLEVR universe con-
tains three object shapes (cube, sphere, and cylinder) that
come in two absolute sizes (small and large), two materi-
als (shiny “metal” and matte “rubber”), and eight colors.
Objects are spatially related via four relationships: “left”,
“right”, “behind”, and “in front”. The semantics of these
prepositions are complex and depend not only on relative
object positions but also on camera viewpoint and context.
We found that generating questions that invoke spatial rela-
tionships with semantic accord was difficult. Instead we
rely on a simple and unambiguous definition: projecting
the camera viewpoint vector onto the ground plane defines
the “behind” vector, and one object is behind another if
its ground-plane position is further along the “behind” vec-
tor. The other relationships are similarly defined. Figure 2
(left) illustrates the objects, attributes, and spatial relation-
ships in CLEVR. The CLEVR universe also includes one
non-spatial relationship type that we refer to as the same-
attribute relation. Two objects are in this relationship if
they have equal attribute values for a specified attribute.

Scene representation. Scenes are represented as collec-
tions of objects annotated with shape, size, color, material,
and position on the ground-plane. A scene can also be rep-
resented by a scene graph [17, 21], where nodes are objects
annotated with attributes and edges connect spatially related

objects. A scene graph contains all ground-truth informa-
tion for an image and could be used to replace the vision
component of a VQA system with perfect sight.

Image generation. CLEVR images are generated by ran-
domly sampling a scene graph and rendering it using
Blender [6]. Every scene contains between three and ten
objects with random shapes, sizes, materials, colors, and
positions. When placing objects we ensure that no objects
intersect, that all objects are at least partially visible, and
that there are small horizontal and vertical margins between
the image-plane centers of each pair of objects; this helps
reduce ambiguity in spatial relationships. In each image the
positions of the lights and camera are randomly jittered.

Question representation. Each question in CLEVR is as-
sociated with a functional program that can be executed on
an image’s scene graph, yielding the answer to the question.
Functional programs are built from simple basic functions
that correspond to elementary operations of visual reason-
ing such as querying object attributes, counting sets of ob-
jects, or comparing values. As shown in Figure 2, complex
questions can be represented by compositions of these sim-
ple building blocks. Full details about each basic function
can be found in the supplementary material.

As we will see in Section 4, representing questions as
functional programs enables rich analysis that would be
impossible with natural-language questions. A question’s
functional program tells us exactly which reasoning abili-
ties are required to solve it, allowing us to compare perfor-
mance on questions requiring different types of reasoning.

3

[Johnson 2017]
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State-of-the-art at time of CLEVR

Figure 4. Accuracy per question type of the six VQA methods on the CLEVR dataset (higher is better). Figure best viewed in color.

using recurrent networks (CNN+LSTM), sophisticated fea-
ture pooling (CNN+LSTM+MCB), and spatial attention
(CNN+LSTM+SA).1 These are described in detail below.

Q-type mode: Similar to the “per Q-type prior” method
in [4], this baseline predicts the most frequent training-set
answer for each question’s type.

LSTM: Similar to “LSTM Q” in [4], the question is pro-
cessed with learned word embeddings followed by a word-
level LSTM [15]. The final LSTM hidden state is passed to
a multi-layer perceptron (MLP) that predicts a distribution
over answers. This method uses no image information so it
can only model question-conditional bias.

CNN+BoW: Following [48], the question is encoded by
averaging word vectors for each word in the question and
the image is encoded using features from a convolutional
network (CNN). The question and image features are con-
catenated and passed to a MLP which predicts a distribution
over answers. We use word vectors trained on the Google-
News corpus [29]; these are not fine-tuned during training.

CNN+LSTM: As above, images and questions are en-
coded using CNN features and final LSTM hidden states,
respectively. These features are concatenated and passed to
an MLP that predicts an answer distribution.

CNN+LSTM+MCB: Images and questions are encoded
as above, but instead of concatenation, their features are
pooled using compact multimodal pooling (MCB) [9, 11].

CNN+LSTM+SA: Again, the question and image are
encoded using a CNN and LSTM, respectively. Follow-
ing [44], these representations are combined using one or
more rounds of soft spatial attention and the final answer
distribution is predicted with an MLP.

Human: We used Mechanical Turk to collect human re-
sponses for 5500 random questions from the test set, taking
a majority vote among three workers for each question.

Implementation details. Our CNNs are ResNet-101
models pretrained on ImageNet [14] that are not finetuned;
images are resized to 224⇥224 prior to feature extraction.

1We performed initial experiments with dynamic module networks [2]
but its parsing heuristics did not generalize to the complex questions in
CLEVR so it did not work out-of-the-box; see supplementary material.

CNN+LSTM+SA extracts features from the last layer of the
conv4 stage, giving 14⇥ 14⇥ 1024-dimensional features.
All other methods extract features from the final average
pooling layer, giving 2048-dimensional features. LSTMs
use one or two layers with 512 or 1024 units per layer.
MLPs use ReLU functions and dropout [34]; they have one
or two hidden layers with between 1024 and 8192 units per
layer. All models are trained using Adam [20].

Experimental protocol. CLEVR is split into train, vali-
dation, and test sets (see Figure 3). We tuned hyperparam-
eters (learning rate, dropout, word vector size, number and
size of LSTM and MLP layers) independently per model
based on the validation error. All experiments were de-
signed on the validation set; after finalizing the design we
ran each model once on the test set. All experimental find-
ings generalized from the validation set to the test set.

4.2. Analysis by Question Type
We can use the program representation of questions to

analyze model performance on different forms of reason-
ing. We first evaluate performance on each question type,
defined as the outermost function in the program. Figure 4
shows results and detailed findings are discussed below.

Querying attributes: Query questions ask about an at-
tribute of a particular object (e.g. “What color is the thing
right of the red sphere?”). The CLEVR world has two
sizes, eight colors, two materials, and three shapes. On
questions asking about these different attributes, Q-type
mode and LSTM obtain accuracies close to 50%, 12.5%,
50%, and 33.3% respectively, showing that the dataset
has minimal question-conditional bias for these questions.
CNN+LSTM+SA substantially outperforms all other mod-
els on these questions; its attention mechanism may help it
focus on the target object and identify its attributes.

Comparing attributes: Attribute comparison questions
ask whether two objects have the same value for some at-
tribute (e.g. “Is the cube the same size as the sphere?”). The
only valid answers are “yes” and “no”. Q-Type mode and
LSTM achieve accuracies close to 50%, confirming there is
no dataset bias for these questions. Unlike attribute-query

5

Accuracy of state-of-art VQA techniques on CLEVR dataset

[Johnson 2017]
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Hand-engineering CLEVR
▪ Simplification: 

- Assume question text to program parse is perfect 
- Just answer question based on program+image 

▪ Learned modules (manually annotated intermediate results based on data in CLEVR 
scene graph description) 
- Detection: YOLO trained on CLEVR objects 
- Color: SVM trained on VGG conv5 features 
- Material: SVM trained on VGG conv5 features 
- Size: SVM trained on bounding box coordinates 
- Depth: LR trained on bounding box coordinates 

▪ Not learned modules (implemented by hand) 
- Counting 
- Integer comparison 
- Attribute comparison 
- Spatial relations (left, right, behind, in front) 
- Logical operators (and, or)

[Slide credit: Karima Ma]
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Hand-engineered solution

Hand 
engineered[Slide credit: Karima Ma]
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Testing on real world images*

Q. “What color is the bowl”? 
A. orange

Q. “What color is the bus?” 
A. green 

[Slide credit: Karima Ma]

(* Text question rewritten as expression manually.  Focus is not NLP.)
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Testing on real world images
Q. “How many sheep are in the 
photo?” 
A. 10

Q. “How many zebras are there?” 
A. 5

[Slide credit: Karima Ma]
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Testing on real world images
Q. “What is on the bench?” 
A. airplane

Q. “How many people are on the 
elephant?” 
A. 3 

detect(elephant)

detect(person)

on(elephant, person)

detect(bench)

detectany()

on(bench, any)

what()

count()

[Slide credit: Karima Ma]
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Back to CLEVR…
▪ Challenge 1: convert ambiguous English text to valid program 

▪ Challenge 2: learning behavior of individual modules 

- CLEVR provides module network definitions for a question, as well as 
the end-to-end answer to the question, but not a specification of how 
individual modules should behave! 
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Solving CLEVR 
▪ Challenge 1: convert ambiguous English text to valid program 

- [Johnson 2017] trains program generator via REINFORCE <see paper> 
- Or just assume ground truth program known for today’s discussion  

▪ Challenge 2: learning behavior of individual modules 
- Module definition:   WxHxC input —> WxHxC output 
- One ResNet block with 3x3 convs 
- Binary modules concat inputs WxHx2C 
- Compositions of programs as valid DNNs 
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Figure 2. A field guide to the CLEVR universe. Left: Shapes, attributes, and spatial relationships. Center: Examples of questions and
their associated functional programs. Right: Catalog of basic functions used to build questions. See Section 3 for details.

ground-truth structures allow us to analyze models based
on, for example: question type, question topology (chain
vs. tree), question length, and various forms of relationships
between objects. Figure 2 gives a brief overview of the main
components of CLEVR, which we describe in detail below.

Objects and relationships. The CLEVR universe con-
tains three object shapes (cube, sphere, and cylinder) that
come in two absolute sizes (small and large), two materi-
als (shiny “metal” and matte “rubber”), and eight colors.
Objects are spatially related via four relationships: “left”,
“right”, “behind”, and “in front”. The semantics of these
prepositions are complex and depend not only on relative
object positions but also on camera viewpoint and context.
We found that generating questions that invoke spatial rela-
tionships with semantic accord was difficult. Instead we
rely on a simple and unambiguous definition: projecting
the camera viewpoint vector onto the ground plane defines
the “behind” vector, and one object is behind another if
its ground-plane position is further along the “behind” vec-
tor. The other relationships are similarly defined. Figure 2
(left) illustrates the objects, attributes, and spatial relation-
ships in CLEVR. The CLEVR universe also includes one
non-spatial relationship type that we refer to as the same-
attribute relation. Two objects are in this relationship if
they have equal attribute values for a specified attribute.

Scene representation. Scenes are represented as collec-
tions of objects annotated with shape, size, color, material,
and position on the ground-plane. A scene can also be rep-
resented by a scene graph [17, 21], where nodes are objects
annotated with attributes and edges connect spatially related

objects. A scene graph contains all ground-truth informa-
tion for an image and could be used to replace the vision
component of a VQA system with perfect sight.

Image generation. CLEVR images are generated by ran-
domly sampling a scene graph and rendering it using
Blender [6]. Every scene contains between three and ten
objects with random shapes, sizes, materials, colors, and
positions. When placing objects we ensure that no objects
intersect, that all objects are at least partially visible, and
that there are small horizontal and vertical margins between
the image-plane centers of each pair of objects; this helps
reduce ambiguity in spatial relationships. In each image the
positions of the lights and camera are randomly jittered.

Question representation. Each question in CLEVR is as-
sociated with a functional program that can be executed on
an image’s scene graph, yielding the answer to the question.
Functional programs are built from simple basic functions
that correspond to elementary operations of visual reason-
ing such as querying object attributes, counting sets of ob-
jects, or comparing values. As shown in Figure 2, complex
questions can be represented by compositions of these sim-
ple building blocks. Full details about each basic function
can be found in the supplementary material.

As we will see in Section 4, representing questions as
functional programs enables rich analysis that would be
impossible with natural-language questions. A question’s
functional program tells us exactly which reasoning abili-
ties are required to solve it, allowing us to compare perfor-
mance on questions requiring different types of reasoning.

3

DNN Topology specific to question: 
(Unique DNN per question)

“How many cylinders are in front of 
the small thing and on the left side 
of the green object?”
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Discussion: end-to-end learning solution
▪ Construct neural module network 

▪ Evaluate network to compute answer 

▪ Backpropagate loss, updating weights of modules used in neural module network 

- Classification loss since final layer is a classifier over all possible value answers 

▪ What has happened: 

- Learning system only knows what module to use when a module of type T is 
needed 

- Learning system has no definition for each of the module’s behavior/semantics 

- By using the module X in many tasks whenever “FilterColor(x)” is needed, 
module X ultimately should learn to perform a filtering by color operation 

- But there is no guarantee of what each module learns!
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First, results…
Compare Integer Query Compare

Method Exist Count Equal Less More Size Color Mat. Shape Size Color Mat. Shape Overall

Q-type mode 50.2 34.6 51.4 51.6 50.5 50.1 13.4 50.8 33.5 50.3 52.5 50.2 51.8 42.1
LSTM 61.8 42.5 63.0 73.2 71.7 49.9 12.2 50.8 33.2 50.5 52.5 49.7 51.8 47.0

CNN+LSTM 68.2 47.8 60.8 74.3 72.5 62.5 22.4 59.9 50.9 56.5 53.0 53.8 55.5 54.3
CNN+LSTM+SA [46] 68.4 57.5 56.8 74.9 68.2 90.1 83.3 89.8 87.6 52.1 55.5 49.7 50.9 69.8

CNN+LSTM+SA+MLP 77.9 59.7 60.3 83.7 76.7 85.4 73.1 84.5 80.7 72.3 71.2 70.1 69.7 73.2
Human† [19] 96.6 86.7 79.0 87.0 91.0 97.0 95.0 94.0 94.0 94.0 98.0 96.0 96.0 92.6

Ours-strong (700K prog.) 97.1 92.7 98.0 99.0 98.9 98.8 98.4 98.1 97.3 99.8 98.5 98.9 98.4 96.9

Ours-semi (18K prog.) 95.3 90.1 93.9 97.1 97.6 98.1 97.1 97.7 96.6 99.0 97.6 98.0 97.3 95.4
Ours-semi (9K prog.) 89.7 79.7 85.2 76.1 77.9 94.8 93.3 93.1 89.2 97.8 94.5 96.6 95.1 88.6

Table 1. Question answering accuracy (higher is better) on the CLEVR dataset for baseline models, humans, and three variants of our
model. The strongly supervised variant of our model uses all 700K ground-truth programs for training, whereas the semi-supervised
variants use 9K and 18K ground-truth programs, respectively. †Human performance is measured on a 5.5K subset of CLEVR questions.

convolutional layers to output a C⇥H⇥W feature map.
Using the same architecture for all modules ensures that

every valid program z corresponds to a valid neural network
which inputs the visual features of the image and outputs a
feature map of shape C⇥H⇥W . This final feature map is
flattened and passed into a multilayer perceptron classifier
that outputs a distribution over possible answers.

3.4. Training

Given a VQA dataset containing (x, q, z, a) tuples with
ground truth programs z, we can train both the program
generator and execution engine in a supervised manner.
Specifically, we can (1) use pairs (q, z) of questions and
corresponding programs to train the program generator,
which amounts to training a standard sequence-to-sequence
model; and (2) use triplets (x, z, a) of the image, program,
and answer to train the execution engine, using backpropa-
gation to compute the required gradients (as in [2]).

Annotating ground-truth programs for free-form natural
language questions is expensive, so in practice we may have
few or no ground-truth programs. To address this problem,
we opt to train the program generator and execution engine
jointly on (x, q, a) triples without ground-truth programs.
However, we cannot backpropagate through the argmax op-
erations in the program generator. Instead we replace the
argmaxes with sampling and use REINFORCE [42] to esti-
mate gradients on the outputs of the program generator; the
reward for each of its outputs is the negative zero-one loss
of the execution engine, with a moving-average baseline.

In practice, joint training using REINFORCE is diffi-
cult: the program generator needs to produce the right pro-
gram without understanding what the functions mean, and
the execution engine has to produce the right answer from
programs that may not accurately implement the question
asked. We propose a more practical semi-supervised learn-
ing approach. We first use a small set of ground-truth pro-
grams to train the program generator, then fix the program

generator and train the execution engine using predicted
programs on a large dataset of (x, q, a) triples. Finally, we
use REINFORCE to jointly finetune the program generator
and execution engine. Crucially, ground-truth programs are
only used to train the initial program generator.

4. Experiments

We evaluate our model on the recent CLEVR
dataset [19]. Standard VQA methods perform poorly on
this dataset, showing that it is a challenging benchmark. All
questions are equipped with ground-truth programs, allow-
ing for experiments with varying amounts of supervision.

We first perform experiments using strong supervision
in the form of ground-truth programs. We show that in
this strongly supervised setting, the combination of pro-
gram generator and execution engine works much better
on CLEVR than alternative methods. Next, we show that
this strong performance is maintained when a small num-
ber of ground-truth programs, which capture only a frac-
tion of question diversity, is used for training. Finally, we
evaluate the ability of our models to perform compositional
generalization, as well as generalization to free-form ques-
tions posed by humans. Code reproducing the results of our
experiments is available from https://github.com/
facebookresearch/clevr-iep.

4.1. Baselines

Johnson et al. [19] tested several VQA models on
CLEVR. We reproduce these models as baselines here.

Q-type mode: This baseline predicts the most frequent
answer for each of the question types in CLEVR.

LSTM: Similar to [3, 33], questions are processed
with learned word embeddings followed by a word-level
LSTM [15]. The final LSTM hidden state is passed to a
multi-layer perceptron (MLP) that predicts a distribution
over answers. This method uses no image information, so it

▪ Better than human performance! 

▪ Better performance than manually designing modules to perform subtasks! 
- Discussion: What does this imply? 
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Attempting to introspect network behavior
Q: What shape is the. . . . . . purple thing?

A: cube

. . . blue thing?

A: sphere

. . . red thing right of
the blue thing?

A: sphere

. . . red thing left of
the blue thing?

A: cube

Q: How many cyan
things are. . .

. . . right of the gray cube?

A: 3

. . . left of the small cube?

A: 2

. . . right of the gray cube
and left of the small cube?

A: 1

. . . right of the gray cube
or left of the small cube?

A: 4
Figure 3. Visualizations of the norm of the gradient of the sum of the predicted answer scores with respect to the final feature map. From
left to right, each question adds a module to the program; the new module is underlined in the question. The visualizations illustrate which
objects the model attends to when performing the reasoning steps for question answering. Images are from the validation set.

Figure 4. Accuracy of predicted programs (left) and answers
(right) as we vary the number of ground-truth programs. Blue and
green give accuracy before and after joint finetuning; the dashed
line shows accuracy of our strongly-supervised model.

can only model question-conditional biases.
CNN+LSTM: Images and questions are encoded using

convolutional network (CNN) features and final LSTM hid-
den states, respectively. These features are concatenated
and passed to a MLP that predicts an answer distribution.

CNN+LSTM+SA [46]: Questions and images are en-
coded using a CNN and LSTM as above, then combined
using two rounds of soft spatial attention; a linear transform
of the attention output predicts the answer.

CNN+LSTM+SA+MLP: Replaces the linear transform
with an MLP for better comparison with the other methods.

The models that are most similar to ours are neural mod-
ule networks [1, 2]. Unfortunately, neural module networks
use a hand-engineered, off-the-shelf parser to produce pro-
grams, and this parser fails2 on the complex questions in
CLEVR [19]. Therefore, we were unable to include mod-
ule networks in our experiments.

4.2. Strongly and semi-supervised learning

We first experiment with a model trained using full su-
pervision: we use the ground-truth programs for all ques-

2See supplemental material for example parses of CLEVR questions.

Train A Finetune B
Method A B A B
LSTM 55.2 50.9 51.5 54.9

CNN+LSTM 63.7 57.0 58.3 61.1
CNN+LSTM+SA+MLP 80.3 68.7 75.7 75.8

Ours (18K prog.) 96.6 73.7 76.1 92.7

Figure 5. Question answering accuracy on the CLEVR-CoGenT
dataset (higher is better). Top: We train models on Condition A,
then test them on both Condition A and Condition B. We then
finetune these models on Condition B using 3K images and 30K
questions, and again test on both Conditions. Our model uses 18K
programs during training on Condition A, and does not use any
programs during finetuning on Condition B. Bottom: We investi-
gate the effects of using different amounts of data when finetuning
on Condition B. We show overall accuracy as well as accuracy on
color-query and shape-query questions.

tions in CLEVR to train both the program generator and
the execution engine separately. The question answering
accuracy of the resulting model on CLEVR is shown in Ta-
ble 1 (Ours-strong). The results show that using strong su-
pervision, our model can achieve near-perfect accuracy on
CLEVR (even outperforming Mechanical Turk workers).

In practical scenarios, ground-truth programs are not
available for all questions. We use the semi-supervised
training process described in Section 3.4 to determine how
many ground-truth programs are needed to match fully su-

Visualizing loss gradient w.r.t. last WxHxC feature map output by DNN 

Location of most salient part of image is intuitive. 
(this part of image most impacts loss)
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Do modules generalize beyond CLEVR?
▪ Experiment 1: train only configuration A 
▪ Configuration A 

- all cubes are gray, brown, blue, yellow 
- all cylinders are red 

▪ Configuration B (flip shape/color association) 
- all cubes are red 
- all cylinders are gray, brown, blue, yellow

Q: What shape is the. . . . . . purple thing?

A: cube

. . . blue thing?

A: sphere

. . . red thing right of
the blue thing?

A: sphere

. . . red thing left of
the blue thing?

A: cube

Q: How many cyan
things are. . .

. . . right of the gray cube?

A: 3

. . . left of the small cube?

A: 2

. . . right of the gray cube
and left of the small cube?

A: 1

. . . right of the gray cube
or left of the small cube?

A: 4
Figure 3. Visualizations of the norm of the gradient of the sum of the predicted answer scores with respect to the final feature map. From
left to right, each question adds a module to the program; the new module is underlined in the question. The visualizations illustrate which
objects the model attends to when performing the reasoning steps for question answering. Images are from the validation set.

Figure 4. Accuracy of predicted programs (left) and answers
(right) as we vary the number of ground-truth programs. Blue and
green give accuracy before and after joint finetuning; the dashed
line shows accuracy of our strongly-supervised model.

can only model question-conditional biases.
CNN+LSTM: Images and questions are encoded using

convolutional network (CNN) features and final LSTM hid-
den states, respectively. These features are concatenated
and passed to a MLP that predicts an answer distribution.

CNN+LSTM+SA [46]: Questions and images are en-
coded using a CNN and LSTM as above, then combined
using two rounds of soft spatial attention; a linear transform
of the attention output predicts the answer.

CNN+LSTM+SA+MLP: Replaces the linear transform
with an MLP for better comparison with the other methods.

The models that are most similar to ours are neural mod-
ule networks [1, 2]. Unfortunately, neural module networks
use a hand-engineered, off-the-shelf parser to produce pro-
grams, and this parser fails2 on the complex questions in
CLEVR [19]. Therefore, we were unable to include mod-
ule networks in our experiments.

4.2. Strongly and semi-supervised learning

We first experiment with a model trained using full su-
pervision: we use the ground-truth programs for all ques-

2See supplemental material for example parses of CLEVR questions.

Train A Finetune B
Method A B A B
LSTM 55.2 50.9 51.5 54.9

CNN+LSTM 63.7 57.0 58.3 61.1
CNN+LSTM+SA+MLP 80.3 68.7 75.7 75.8

Ours (18K prog.) 96.6 73.7 76.1 92.7

Figure 5. Question answering accuracy on the CLEVR-CoGenT
dataset (higher is better). Top: We train models on Condition A,
then test them on both Condition A and Condition B. We then
finetune these models on Condition B using 3K images and 30K
questions, and again test on both Conditions. Our model uses 18K
programs during training on Condition A, and does not use any
programs during finetuning on Condition B. Bottom: We investi-
gate the effects of using different amounts of data when finetuning
on Condition B. We show overall accuracy as well as accuracy on
color-query and shape-query questions.

tions in CLEVR to train both the program generator and
the execution engine separately. The question answering
accuracy of the resulting model on CLEVR is shown in Ta-
ble 1 (Ours-strong). The results show that using strong su-
pervision, our model can achieve near-perfect accuracy on
CLEVR (even outperforming Mechanical Turk workers).

In practical scenarios, ground-truth programs are not
available for all questions. We use the semi-supervised
training process described in Section 3.4 to determine how
many ground-truth programs are needed to match fully su-

Q: Is there a blue box
in the items? A: yes

Predicted Program:

exist
filter shape[cube]
filter color[blue]

scene

Predicted Answer:

3 yes

Q: What shape object
is farthest right?

A: cylinder

Predicted Program:

query shape
unique

relate[right]
unique

filter shape[cylinder]
filter color[blue]

scene

Predicted Answer:

3 cylinder

Q: Are all the balls small?
A: no

Predicted Program:

equal size
query size
unique

filter shape[sphere]
scene

query size
unique

filter shape[sphere]
filter size[small]

scene
Predicted Answer:

3 no

Q: Is the green block to the
right of the yellow sphere?

A: yes

Predicted Program:

exist
filter shape[cube]
filter color[green]

relate[right]
unique

filter shape[sphere]
filter color[yellow]

scene

Predicted Answer:

3yes

Q: Two items share a color, a
material, and a shape; what
is the size of the rightmost
of those items? A: large

Predicted Program:

count
filter shape[cube]

same material
unique

filter shape[cylinder]
scene

Predicted Answer:

7 0

Figure 7. Examples of questions from the CLEVR-Humans dataset, along with predicted programs and answers from our model. Question
words that do not appear in CLEVR questions are underlined. Some predicted programs exactly match the semantics of the question
(green); some programs closely match the question semantics (yellow), and some programs appear unrelated to the question (red).

Results. We train our model on CLEVR, and then fine-
tune only the program generator on the CLEVR-Humans
training set to adapt it to the additional linguistic variety; we
do not adapt the execution engine due to the limited quan-
tity of data. No ground-truth programs are available during
finetuning. The embeddings in the sequence-to-sequence
model of question words that do not appear in CLEVR syn-
thetic questions are initialized randomly before finetuning.

During finetuning, our model learns to reuse the reason-
ing skills it has already mastered in order to answer the
linguistically more diverse natural-language questions. As
shown in Figure 7, it learns to map novel words (“box”) to
known modules. When human questions are not express-
ible using CLEVR functions, our model still learns to pro-
duce reasonable programs closely approximating the ques-
tion’s intent. Our model often fails on questions that cannot
be reasonably approximated using our model’s module in-
ventory, such as the rightmost example in Figure 7. Quan-
titatively, the results in Table 3 show that our model out-
performs all baselines on the CLEVR-Humans test set both
with and without finetuning.

5. Discussion and Future Work

Our results show that our model is able to generalize to
novel scenes and questions and can even infer programs
for free-form human questions using its learned modules.
Whilst these results are encouraging, there still are many
questions that cannot be reasonably approximated using our
fixed set of modules. For example, the question “What

color is the object with a unique shape?” requires a model
to identify unique shapes, for which no module is currently
available. Adding new modules to our model is straight-
forward due to our generic module design, but automat-
ically identifying and learning new modules without pro-
gram supervision is still an open problem. One path for-
ward is to design a Turing-complete set of modules; this
would allow for all programs to be expressed without learn-
ing new modules. For example, by adding ternary oper-
ators (if/then/else) and loops (for/do), the question
“What color is the object with a unique shape?” can
be answered by looping over all shapes, counting the ob-
jects with that shape, and returning it if the count is one.
These control-flow operators could be incorporated into our
framework: for example, a loop could apply the same mod-
ule to an input set and aggregate the results. We emphasize
that learning such programs with limited supervision is an
open research challenge, which we leave to future work.

6. Conclusion

This paper fits into a long line of work on incorporat-
ing symbolic representations into (neural) machine learning
models [4, 5, 29, 36]. We have shown that explicit program
representations can make it easier to compose programs to
answer novel questions about images. Our generic program
representation, learnable program generator and universal
design for modules makes our model much more flexible
than neural module networks [1, 2] and thus more easily
extensible to new problems and domains.

▪ Experiment 2: have humans write new 
questions 
- Underlined words are words not in 

CLEVR dataset 
▪ Fine tune program generator (end-to-end 

based on final answers)
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Discussion questions
▪ Would you agree that training modules for CLEVR is a form of multi-task 

learning?  (each question is a unique task) 

▪ What were the two major benefits of end-to-end training approach?  

▪ What are your thoughts on when learning should be used? 

- Interesting question: would left_of() module work on real-world 
images? 

▪ Given the results in the paper how would you describe the semantics of 
a module? (e.g., the module that is supposed to filter_color(red))


