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Abstract

Inspired by recent work in machine translation
and object detection, we introduce an attention
based model that automatically learns to describe
the content of images. We describe how we
can train this model in a deterministic manner
using standard backpropagation techniques and
stochastically by maximizing a variational lower
bound. We also show through visualization how
the model is able to automatically learn to fix its
gaze on salient objects while generating the cor-
responding words in the output sequence. We
validate the use of attention with state-of-the-
art performance on three benchmark datasets:
Flickr8k, Flickr30k and MS COCO.

1. Introduction
Automatically generating captions of an image is a task
very close to the heart of scene understanding — one of the
primary goals of computer vision. Not only must caption
generation models be powerful enough to solve the com-
puter vision challenges of determining which objects are in
an image, but they must also be capable of capturing and
expressing their relationships in a natural language. For
this reason, caption generation has long been viewed as
a difficult problem. It is a very important challenge for
machine learning algorithms, as it amounts to mimicking
the remarkable human ability to compress huge amounts of
salient visual infomation into descriptive language.

Despite the challenging nature of this task, there has been
a recent surge of research interest in attacking the image
caption generation problem. Aided by advances in training
neural networks (Krizhevsky et al., 2012) and large clas-
sification datasets (Russakovsky et al., 2014), recent work

Figure 1. Our model learns a words/image alignment. The visual-
ized attentional maps (3) are explained in section 3.1 & 5.4
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has significantly improved the quality of caption genera-
tion using a combination of convolutional neural networks
(convnets) to obtain vectorial representation of images and
recurrent neural networks to decode those representations
into natural language sentences (see Sec. 2).

One of the most curious facets of the human visual sys-
tem is the presence of attention (Rensink, 2000; Corbetta &
Shulman, 2002). Rather than compress an entire image into
a static representation, attention allows for salient features
to dynamically come to the forefront as needed. This is
especially important when there is a lot of clutter in an im-
age. Using representations (such as those from the top layer
of a convnet) that distill information in image down to the
most salient objects is one effective solution that has been
widely adopted in previous work. Unfortunately, this has
one potential drawback of losing information which could
be useful for richer, more descriptive captions. Using more
low-level representation can help preserve this information.
However working with these features necessitates a power-
ful mechanism to steer the model to information important
to the task at hand.

In this paper, we describe approaches to caption genera-
tion that attempt to incorporate a form of attention with
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Extract Features from CNN1
Visualizing and Understanding Convolutional Networks
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Figure 3. Architecture of our 8 layer convnet model. A 224 by 224 crop of an image (with 3 color planes) is presented as
the input. This is convolved with 96 different 1st layer filters (red), each of size 7 by 7, using a stride of 2 in both x and y.
The resulting feature maps are then: (i) passed through a rectified linear function (not shown), (ii) pooled (max within
3x3 regions, using stride 2) and (iii) contrast normalized across feature maps to give 96 different 55 by 55 element feature
maps. Similar operations are repeated in layers 2,3,4,5. The last two layers are fully connected, taking features from
the top convolutional layer as input in vector form (6 · 6 · 256 = 9216 dimensions). The final layer is a C-way softmax
function, C being the number of classes. All filters and feature maps are square in shape.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

Figure 4. Evolution of a randomly chosen subset of model features through training. Each layer’s features are displayed
in a different block. Within each block, we show a randomly chosen subset of features at epochs [1,2,5,10,20,30,40,64].
The visualization shows the strongest activation (across all training examples) for a given feature map, projected down to
pixel space using our deconvnet approach. Color contrast is artificially enhanced and the figure is best viewed in electronic
form.
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Figure 5. Analysis of vertical translation, scale, and rotation invariance within the model (rows a-c respectively). Col 1: 5
example images undergoing the transformations. Col 2 & 3: Euclidean distance between feature vectors from the original
and transformed images in layers 1 and 7 respectively. Col 4: the probability of the true label for each image, as the
image is transformed.

1M. D. Zeiler and R. Fergus, “Visualizing and understanding convolutional
networks,” ECCV, 2014.
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Recurrent Neural Network

Notation:
Caption sequence: y = {y1, . . . , yC}, yt ∈ RK .

Image feature: a = {a1, . . . , aL}, al ∈ RD .

Context vector: ẑ = {ẑ1, . . . , ẑC}, ẑt ∈ RD

Hidden unit: h = {h1, . . . , hC}, ht ∈ Rn.

Embedding matrix: E ∈ Rm×K

𝐷

𝑎𝑙

The hidden units ht are computed by Long Short-Term Memory (LSTM).
The output word probability:

p(yt |a, yj<t−1) ∝ exp{Lo(Ey t−1 + Lhht + Lz ẑt)} (1)

Goal: maximize the log likelihood:

log p(y |a) =
C∑

t=1
log p(yt |a, yj<t−1) (2)

Lo ∈ RK×m, Lh ∈ Rm×n, Lz ∈ Rm×D , and E are learned parameters.
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Long Short-Term Memory
Neural Image Caption Generation with Visual Attention

3. Image Caption Generation with Attention
Mechanism

3.1. Model Details

In this section, we describe the two variants of our
attention-based model by first describing their common
framework. The key difference is the definition of the φ
function which we describe in detail in Sec. 4. See Fig. 1
for the graphical illustration of the proposed model.

We denote vectors with bolded font and matrices with capi-
tal letters. In our description below, we suppress bias terms
for readability.

3.1.1. ENCODER: CONVOLUTIONAL FEATURES

Our model takes a single raw image and generates a caption
y encoded as a sequence of 1-of-K encoded words.

y = {y1, . . . ,yC} , yi ∈ RK

where K is the size of the vocabulary and C is the length
of the caption.

We use a convolutional neural network in order to extract a
set of feature vectors which we refer to as annotation vec-
tors. The extractor produces L vectors, each of which is
a D-dimensional representation corresponding to a part of
the image.

a = {a1, . . . ,aL} , ai ∈ RD

In order to obtain a correspondence between the feature
vectors and portions of the 2-D image, we extract features
from a lower convolutional layer unlike previous work
which instead used a fully connected layer. This allows the
decoder to selectively focus on certain parts of an image by
weighting a subset of all the feature vectors.

3.1.2. DECODER: LONG SHORT-TERM MEMORY
NETWORK

We use a long short-term memory (LSTM) net-
work (Hochreiter & Schmidhuber, 1997) that produces a
caption by generating one word at every time step condi-
tioned on a context vector, the previous hidden state and
the previously generated words. Our implementation of
LSTMs, shown in Fig. 2, closely follows the one used in
Zaremba et al. (2014):

it = σ(WiEyt−1 + Uiht−1 + Ziẑt + bi),

ft = σ(WfEyt−1 + Ufht−1 + Zf ẑt + bf ),

ct = ftct−1 + it tanh(WcEyt−1 + Ucht−1 + Zcẑt + bc),

ot = σ(WoEyt−1 + Uoht−1 + Zoẑt + bo),

ht = ot tanh(ct).

Here, it, ft, ct, ot, ht are the input, forget, memory, output
and hidden state of the LSTM respectively. W•, U•, Z• and

Figure 2. A LSTM cell, lines with bolded squares imply projec-
tions with a learnt weight vector. Each cell learns how to weigh
its input components (input gate), while learning how to modulate
that contribution to the memory (input modulator). It also learns
weights which erase the memory cell (forget gate), and weights
which control how this memory should be emitted (output gate).
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b• are learned weight matricies and biases. E ∈ Rm×K is
an embedding matrix. Let m and n denote the embedding
and LSTM dimensionality respectively and σ be the logis-
tic sigmoid activation.

In simple terms, the context vector ẑt is a dynamic rep-
resentation of the relevant part of the image input at time
t. We define a mechanism φ that computes ẑt from the
annotation vectors ai, i = 1, . . . , L corresponding to the
features extracted at different image locations. For each
location i, the mechanism generates a positive weight αi
which can be interpreted either as the probability that loca-
tion i is the right place to focus for producing the next word
(stochastic attention mechanism), or as the relative impor-
tance to give to location i in blending the ai’s together (de-
terministic attention mechanism). The weight αi of each
annotation vector ai is computed by an attention model fatt
for which we use a multilayer perceptron conditioned on
the previous hidden state ht−1. To emphasize, we note that
the hidden state varies as the output RNN advances in its
output sequence: “where” the network looks next depends
on the sequence of words that has already been generated.

eti =fatt(ai,ht−1)

αti =
exp(eti)∑L
k=1 exp(etk)

.

Once the weights (which sum to one) are computed, the
context vector ẑt is computed by

ẑt = φ ({ai} , {αi}) , (1)

where φ is a function that returns a single vector given the

it = σ(WiEyt−1 + Uiht−1 + Zi ẑt + bt)

ft = σ(Wf Eyt−1 + Uf ht−1 + Zf ẑt + bf )

gt = tanh(WcEyt−1 + Ucht−1 + Zc ẑt + bc)

ot = σ(WoEyt−1 + Uoht−1 + Zo ẑt + bo)

ct = ftct−1 + itgt

ht = ot tanh(ct)

where it , ft , ct , ot and ht are the input, forget, memory, output and hidden
state of the LSTM repectively. W, U, Z and b are learned parameters.
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Context Vector

The context vector: ẑt = φ({ai}, {αti}).
The positive weight: αti = exp(eti)/

∑
k exp(etk).

Attention model2:

eti = fatt(ai , ht−1) =

{
a>i Waht−1

V>a tanh(Wa[a; ht−1])
(3)

Deterministic "Soft" Attention: ẑt =
∑L

i=1 αtiai

Stochastic "Hard" Attention: st is a one-hot vector:

p(sti = 1|sj<t , a) = αti ẑt =
L∑

i=1
stiai (4)

2Minh-Thang Luong, Hieu Pham, and Christopher D. Manning. . "Effective
Approaches to Attention-based Neural Machine Translation." EMNLP 2015.
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Stochastic "Hard" Attention

The variational lower bound:

log p(y |a) = log
∑

s
p(s|a)p(y |s, a) ≥

∑
s

p(s|a) log p(y |s, a) = Ls (5)

The gredient w.r.t. model parameter W is:

∂Ls
∂W =

∑
s

p(s|a)
[
∂ log p(y |s, a)

∂W + log p(y |s, a)∂ log p(s|a)
∂W

]
(6)

u
1
N

N∑
n=1

[
∂ log p(y |s̃n, a)

∂W + log p(y |s̃n, a)∂ log p(s̃n|a)
∂W

]
(7)

Where s̃n are samples from Multinoulli({αi})
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Experiments

Three benchmark datasets: Flickr8k(8000 images), Flickr30K(30000
images) and MS COCO(82783 images).
Optimization method: RMSProp for Flickr8k dataset; Adam for
Flickr30k and MS COCO dataset.
Use the feature map of the fourth convolutional layer before
max-pooling from an ImageNet pretrained VGGnet (19 layers in total).
Speed up: During training, set the caption in each mini-batch to be
the same length.
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Experiments: Quantitative Analysis3

Neural Image Caption Generation with Visual Attention

Table 1. BLEU-1,2,3,4/METEOR metrics compared to other methods, † indicates a different split, (—) indicates an unknown metric, ◦
indicates the authors kindly provided missing metrics by personal communication, Σ indicates an ensemble, a indicates using AlexNet

BLEU
Dataset Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR

Flickr8k

Google NIC(Vinyals et al., 2014)†Σ

Log Bilinear (Kiros et al., 2014a)◦

Soft-Attention
Hard-Attention

63
65.6
67
67

41
42.4
44.8
45.7

27
27.7
29.9
31.4

—
17.7
19.5
21.3

—
17.31
18.93
20.30

Flickr30k

Google NIC†◦Σ

Log Bilinear
Soft-Attention
Hard-Attention

66.3
60.0
66.7
66.9

42.3
38

43.4
43.9

27.7
25.4
28.8
29.6

18.3
17.1
19.1
19.9

—
16.88
18.49
18.46

COCO

CMU/MS Research (Chen & Zitnick, 2014)a

MS Research (Fang et al., 2014)†a

BRNN (Karpathy & Li, 2014)◦

Google NIC†◦Σ

Log Bilinear◦

Soft-Attention
Hard-Attention

—
—

64.2
66.6
70.8
70.7
71.8

—
—

45.1
46.1
48.9
49.2
50.4

—
—

30.4
32.9
34.4
34.4
35.7

—
—

20.3
24.6
24.3
24.3
25.0

20.41
20.71

—
—

20.03
23.90
23.04

the Oxford VGGnet (Simonyan & Zisserman, 2014) pre-
trained on ImageNet without finetuning. In our experi-
ments we use the 14×14×512 feature map of the fourth
convolutional layer before max pooling. This means our
decoder operates on the flattened 196× 512 (i.e L×D) en-
coding. In principle however, any encoding function could
be used. In addition, with enough data, the encoder could
also be trained from scratch (or fine-tune) with the rest of
the model.

As our implementation requires time proportional to the
length of the longest sentence per update, we found train-
ing on a random group of captions to be computationally
wasteful. To mitigate this problem, in preprocessing we
build a dictionary mapping the length of a sentence to the
corresponding subset of captions. Then, during training we
randomly sample a length and retrieve a mini-batch of size
64 of that length. We found that this greatly improved con-
vergence speed with no noticeable diminishment in perfor-
mance. On our largest dataset (MS COCO), our soft atten-
tion model took less than 3 days to train on an NVIDIA
Titan Black GPU.

In addition to dropout (Srivastava et al., 2014), the only
other regularization strategy we used was early stopping
on BLEU score. We observed a breakdown in correla-
tion between the validation set log-likelihood and BLEU in
the later stages of training during our experiments. Since
BLEU is the most commonly reported metric, we used
BLEU on our validation set for model selection.

In our experiments with soft attention, we used Whet-

lab1 (Snoek et al., 2012; 2014) in our Flickr8k experi-
ments. Some of the intuitions we gained from hyperparam-
eter regions it explored were especially important in our
Flickr30k and COCO experiments.

We make our code for these models publicly available to
encourage future research in this area2.

5. Experiments
We describe our experimental methodology and quantita-
tive results which validate the effectiveness of our model
for caption generation.

5.1. Data

We report results on the widely-used Flickr8k and
Flickr30k dataset as well as the more recenly introduced
MS COCO dataset. Each image in the Flickr8k/30k dataset
have 5 reference captions. In preprocessing our COCO
dataset, we maintained a the same number of references
between our datasets by discarding caption in excess of 5.
We applied only basic tokenization to MS COCO so that it
is consistent with the tokenization present in Flickr8k and
Flickr30k. For all our experiments, we used a fixed vocab-
ulary size of 10,000.

Results for our attention-based architecture are reported in
Table 1. We report results with the frequently used BLEU
metric3 which is the standard in image caption generation

1https://www.whetlab.com/
2https://github.com/kelvinxu/

arctic-captions
3 We verified that our BLEU evaluation code matches the au-

3BLEU-n is the geometric average of the n-gram precision
September 25, 2015 9 / 13



Experiments: Qualitative AnalysisNeural Image Caption Generation with Visual Attention

Figure 4. Examples of attending to the correct object (white indicates the attended regions, underlines indicated the corresponding word)

research. We report BLEU4 from 1 to 4 without a brevity
penalty. There has been, however, criticism of BLEU, so
we report another common metric METEOR (Denkowski
& Lavie, 2014) and compare whenever possible.

5.2. Evaluation Procedures

A few challenges exist for comparison, which we ex-
plain here. The first challenge is a difference in choice
of convolutional feature extractor. For identical decoder
architectures, using a more recent architectures such as
GoogLeNet (Szegedy et al., 2014) or Oxford VGG (Si-
monyan & Zisserman, 2014) can give a boost in perfor-
mance over using the AlexNet (Krizhevsky et al., 2012).
In our evaluation, we compare directly only with results
which use the comparable GoogLeNet/Oxford VGG fea-
tures, but for METEOR comparison we include some re-
sults that use AlexNet.

The second challenge is a single model versus ensemble
comparison. While other methods have reported perfor-
mance boosts by using ensembling, in our results we report
a single model performance.

Finally, there is a challenge due to differences between
dataset splits. In our reported results, we use the pre-
defined splits of Flickr8k. However, for the Flickr30k
and COCO datasets is the lack of standardized splits for
which results are reported. As a result, we report the re-
sults with the publicly available splits5 used in previous

thors of Vinyals et al. (2014), Karpathy & Li (2014) and Kiros
et al. (2014b). For fairness, we only compare against results for
which we have verified that our BLEU evaluation code is the
same.

4 BLEU-n is the geometric average of the n-gram precision.
For instance, BLEU-1 is the unigram precision, and BLEU-2 is
the geometric average of the unigram and bigram precision.

5 http://cs.stanford.edu/people/karpathy/

work (Karpathy & Li, 2014). We note, however, that the
differences in splits do not make a substantial difference in
overall performance.

5.3. Quantitative Analysis

In Table 1, we provide a summary of the experiment vali-
dating the quantitative effectiveness of attention. We obtain
state of the art performance on the Flickr8k, Flickr30k and
MS COCO. In addition, we note that in our experiments we
are able to significantly improve the state-of-the-art perfor-
mance METEOR on MS COCO. We speculate that this is
connected to some of the regularization techniques we used
(see Sec. 4.2.1) and our lower-level representation.

5.4. Qualitative Analysis: Learning to attend

By visualizing the attention learned by the model, we are
able to add an extra layer of interpretability to the output
of the model (see Fig. 1). Other systems that have done
this rely on object detection systems to produce candidate
alignment targets (Karpathy & Li, 2014). Our approach is
much more flexible, since the model can attend to “non-
object” salient regions.

The 19-layer OxfordNet uses stacks of 3x3 filters mean-
ing the only time the feature maps decrease in size are due
to the max pooling layers. The input image is resized so
that the shortest side is 256-dimensional with preserved as-
pect ratio. The input to the convolutional network is the
center-cropped 224x224 image. Consequently, with four
max pooling layers, we get an output dimension of the top
convolutional layer of 14x14. Thus in order to visualize
the attention weights for the soft model, we upsample the
weights by a factor of 24 = 16 and apply a Gaussian filter

deepimagesent/

Figure : Examples of attending to the correct objectNeural Image Caption Generation with Visual Attention

Figure 5. Examples of mistakes where we can use attention to gain intuition into what the model saw.

to emulate the large receptive field size.

As we can see in Figs. 3 and 4, the model learns alignments
that agree very strongly with human intuition. Especially
from the examples of mistakes in Fig. 5, we see that it is
possible to exploit such visualizations to get an intuition as
to why those mistakes were made. We provide a more ex-
tensive list of visualizations as the supplementary materials
for the reader.

6. Conclusion
We propose an attention based approach that gives state
of the art performance on three benchmark datasets us-
ing the BLEU and METEOR metric. We also show how
the learned attention can be exploited to give more inter-
pretability into the models generation process, and demon-
strate that the learned alignments correspond very well to
human intuition. We hope that the results of this paper will
encourage future work in using visual attention. We also
expect that the modularity of the encoder-decoder approach
combined with attention to have useful applications in other
domains.
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Figure 3. Visualization of the attention for each generated word. The rough visualizations obtained by upsampling the attention weights
and smoothing. (top)“soft” and (bottom) “hard” attention (note that both models generated the same captions in this example).

4.2. Deterministic “Soft” Attention

Learning stochastic attention requires sampling the atten-
tion location st each time, instead we can take the expecta-
tion of the context vector ẑt directly,

Ep(st|a)[ẑt] =
L∑

i=1

αt,iai (8)

and formulate a deterministic attention model by com-
puting a soft attention weighted annotation vector
φ ({ai} , {αi}) =

∑L
i αiai as proposed by Bahdanau et al.

(2014). This corresponds to feeding in a soft α weighted
context into the system. The whole model is smooth and
differentiable under the deterministic attention, so learning
end-to-end is trivial by using standard back-propagation.

Learning the deterministic attention can also be under-
stood as approximately optimizing the marginal likelihood
in Eq. (5) under the attention location random variable st
from Sec. 4.1. The hidden activation of LSTM ht is a lin-
ear projection of the stochastic context vector ẑt followed
by tanh non-linearity. To the first-order Taylor approxima-
tion, the expected value Ep(st|a)[ht] is equivalent to com-
puting ht using a single forward computation with the ex-
pected context vector Ep(st|a)[ẑt].

Let us denote by nt,i as n in Eq. (2) with ẑt set to ai.
Then, we can write the normalized weighted geometric
mean (NWGM) of the softmax of k-th word prediction as

NWGM[p(yt = k | a)] =
∏
i exp(nt,k,i)

p(st,i=1|a)

∑
j

∏
i exp(nt,j,i)

p(st,i=1|a)

=
exp(Ep(st|a)[nt,k])∑
j exp(Ep(st|a)[nt,j ])

This implies that the NWGM of the word prediction can
be well approximated by using the expected context vector
E [ẑt], instead of the sampled context vector ai.

Furthermore, from the result by Baldi & Sadowski (2014),
the NWGM in Eq. (9) which can be computed by a sin-
gle feedforward computation approximates the expectation
E[p(yt = k | a)] of the output over all possible attention
locations induced by random variable st. This suggests that

the proposed deterministic attention model approximately
maximizes the marginal likelihood over all possible atten-
tion locations.

4.2.1. DOUBLY STOCHASTIC ATTENTION

In training the deterministic version of our model, we in-
troduce a form a doubly stochastic regularization that en-
courages the model to pay equal attention to every part of
the image. Whereas the attention at every point in time
sums to 1 by construction (i.e

∑
i αti = 1), the attention∑

i αti is not constrained in any way. This makes it possi-
ble for the decoder to ignore some parts of the input image.
In order to alleviate this, we encourage

∑
t αti ≈ τ where

τ ≥ L
D . In our experiments, we observed that this penalty

quantitatively improves overall performance and that this
qualitatively leads to more descriptive captions.

Additionally, the soft attention model predicts a gating
scalar β from previous hidden state ht−1 at each time
step t, such that, φ ({ai} , {αi}) = β

∑L
i αiai, where

βt = σ(fβ(ht−1)). This gating variable lets the decoder
decide whether to put more emphasis on language model-
ing or on the context at each time step. Qualitatively, we
observe that the gating variable is larger than the decoder
describes an object in the image.

The soft attention model is trained end-to-end by minimiz-
ing the following penalized negative log-likelihood:

Ld = − log(p(y|a)) + λ
L∑

i

(1−
C∑

t

αti)
2, (9)

where we simply fixed τ to 1.

4.3. Training Procedure

Both variants of our attention model were trained with
stochastic gradient descent using adaptive learning rates.
For the Flickr8k dataset, we found that RMSProp (Tiele-
man & Hinton, 2012) worked best, while for Flickr30k/MS
COCO dataset we for the recently proposed Adam algo-
rithm (Kingma & Ba, 2014) to be quite effective.

To create the annotations ai used by our decoder, we used

Figure : Visualizations from our “hard” (bottom) and “soft” (top) attention model
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A. Appendix
Visualizations from our “hard” (a) and “soft” (b) attention model. White indicates the regions where the model roughly
attends to (see section 5.4).

AA manman andand

aa womanwoman playingplaying frisbeefrisbee

inin aa fieldfield ..

(a) A man and a woman playing frisbee in a field.

(b) A woman is throwing a frisbee in a park.

Figure 6.

Figure : Visualizations from our “hard” (a) and “soft” (b) attention model
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AA stopstop signsign

withwith aa stopstop signsign

onon itit ..

(a) A stop sign with a stop sign on it.

(b) A stop sign is on a road with a mountain in the background.

Figure 10.

Figure : Visualizations from our “hard” (a) and “soft” (b) attention model
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