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Abstract
Several attention based encoder-decoder architectures have been geared towards the
task of image captioning. Yet, the collocations and contextual inference seen in captions
written by humans is not observed in the output of these systems e.g., if we see a lot of
different vehicles on the road, we infer "traffic" and say "a lot of traffic on the road".
Further, "hallucination" of commonly seen concepts for fitting the language model is
commonly observed in a lot of existing systems. For example, "a group of soldiers cutting
a cake with a sword" would be hallucinated as "a boy cutting a cake with a knife". In this
work we construct two simultaneously learning channels, where first channel uses the
mean-pooled image feature and learns to associate it with the most relevant words. The
second channel, on the other hand, utilizes the spatial features belonging to salient image
regions to learn to form meaningful collocations and perform contextual inference. This
way, the final language model gets the opportunity to leverage the information from the
two channels to learn to generate grammatically correct sentence structures which are
more human-like and creative. Our novel "spatial image features to n-gram text features
mapping" mechanism not only learns meaningful collocations but also verifies that the
caption words correspond to the region(s) of the image, thereby avoiding "hallucination"
by the model. We validate the effectiveness of our one pass system on the challenging
MS-COCO image captioning benchmark, where our single-model achieves a new stateof-the art 126.3 CIDEr-D on the Karpathy split, and a competitive 124.1 CIDEr-D (c40)
on the official server.

1

Introduction

Deep neural network based encoder-decoder architectures [12, 23, 29, 34] have been quite
successful in producing better captioning results as compared to earlier template based methods [9, 19, 20] and represent the current state-of-the-art. This is mainly due to their ability to form complex representations using large datasets [22] and to learn long-range sequences [14] which together make it possible to summarize an image. Image captioning
is challenging because so far it is not possible to make machines go through the same experience and context that allows humans to understand the underlying complex concepts.
Broadly, during the process of describing an image, humans extract information from an image because of: (i) their ability to form meaningful representations of what they see, and (ii)
c 2019. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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Figure 1: An illustrative example showing our approach for generating image captions.
intelligent utilization of their knowledge of language to verbally summarize those representations. The same has to be the case in neural network based automatic image captioning. The
system must be capable of abstracting representations of objects and their attributes. Then it
should be able to learn collocations in the language and produce contextual inferences.
Research shows that humans initially look at the overall image and then focus on the
sequence of individual pieces to form collocations and infer contextual associations [4]. Finally, they come up with an abstract sentence which creatively describes the image. This
phenomenon forms our intuition behind the ways to architect the interactions between the
two modalities of vision and language. Intuitively, the first channel learns to associate text
features and overall visual information as training progresses. This channel biases text generation towards a context most appropriate for the overall appearance of the image. In addition, we introduce a second channel that learns collocations and contextual inferences by
"gaiting" (weighing) all the n-gram text features generated by the network until the current
time-step to each individual spatial image feature (encoded feature corresponding to a spatial area of an image) corresponding to a region of interest (ROI) for all ROIs. The two
simultaneously operating channels are concatenated to form an input to the language model.
Thus, our language model learns to strengthen the contextual inferences using well associated multi-modal features to be able to produce creative and more human-like captions
(Fig. 1). This happens in one pass without the overhead of running multiple passes involving
multiple CNNs and RNNs. It is noteworthy that the two pass architectures [16, 38] incur this
overhead and still under-perform lacking advantages of explicit n-gram text feature to spatial
image feature mapping.

2

Related Work

Our intuition builds up from the observation of earlier attention models [10, 11, 33, 37] that
learn to attend to images on the basis of a mechanism which can be spatial attention [33],
text-based attention [37], or a combination of both [35]. Although these attention mechanisms have provided useful focus of attention, they are still unable to utilize the full extent of
the richness of encoded image features. Moreover, many of them fit to frequently observed
concepts in the language model and fail to generalize well when given a new scenario. Addressing this is very important since real world images are very diverse.
One of the early works is [33] that suffers from poor region proposals where objects at
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the boundaries are considered insufficiently. In our model, we resort to the use of the Region Proposal Network (RPN) to ground proposed regions in salient objects. Jia et al. [15]
exploit the relation between images and their captions as the global semantic information to
guide the language LSTM. The guidance is pre-specified, linear and fixed over time. Moreover, it lacks explicit spatial information from image regions. You et al. [35] and Gan et
al. [11] incorporate semantic concepts where image features are vectors of confidences of
attribute classifiers. This requires additional external resources and increased network overhead to train these semantic attributes. Despite this, they still are limited in terms of learning
collocations. In contrast, [37] systematically incorporates time-dependent text-conditional
attention, from 1-gram to n-gram. Still, it lacks region-based spatial attention and is prone
to “hallucinating" previously seen concepts based on the language model.
Another area of related work is Text-Attention [24] which relies on ground truth captions
to be used as a basis of selecting visual features. Here, a model would suffer from the error
prone test time sampling where error would build up during captioning and propagate further
while referencing the caption. For example, suppose that at test time the model hallucinates
a person watching the TV whereas the test image originally has a kid playing in front of a
TV, then the wrong captions would be referenced in the second pass and the network might
propagate them further. Knowing When to Look [23] utilizes the impact of visually attending
to an image only when a salient word is encountered. Words like ‘of’, ‘the’, and ‘with’ which
are ignored in this model provide useful context for associating visual and verbal concepts.
These prepositions form the basis to learn collocations and contextual inferences. Lastly, the
Up-Down Captioner [2] focuses primarily on the generation of bottom-up features. However,
there is no explicit mechanism to utilize the rich features from the encoder for obtaining
sentence constructs reflecting human-like creativity.

3

Method

Addressing the aforementioned shortcomings, our architecture is shown in Fig. 2.

3.1

Encoder

To demonstrate the wide applicability of our approach and advantages of using a Region
Proposal Network (RPN), we train two models, one encoded with Resnet-101 [13] features,
and another using Faster-RCNN [28] in conjunction with Resnet-101 for encoding the image.

3.2

First Channel: Overall Context and Additive Biasing

Let Vs denote spatial features and V̄ denote mean-pooled image feature or overall image
feature:
1 k
V̄ = ∑ Vs
(1)
k s=1
where k = 100. For hti and xti , subscripts denote LSTM layer number i.e., 1 for LSTM1
and 2 for LSTM2, and superscripts denote time-step. At each time-step, LSTM1 receives
input, xt1 containing mean-pooled image feature V̄ , the encoded representation of the last
generated word, and LSTM2’s hidden state ht−1
from the last time-step:
2
t t
xt1 = [ht−1
2 , V̄ ,We1 S ]

(2)

We1 ∈ Re×|Σ| is the word embedding for our vocabulary Σ, e is the word embedding size,
and St is a one-hot encoding of the last generated word. We1 is randomly initialized and
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Figure 2: Architectural framework of the proposed system. Green and blue regions denote channel
1 and channel 2 respectively. Violet components constitute the learnable parts of the system. Red
arrows signify that the two word embeddings learn semantics or text feature representations through
backpropagation. All the feature representations of the words from We2 generated until the current
time-step are utilized by channel 2 to associate them to spatial image features at every time-step.
learned from scratch. The hidden state ht1 of LSTM1 combines with spatial features Vs :
fst = wTf tanh(Wv f Vs +Wh f ht1 )

(3)

Wv f ∈ Rd×v , Wh f ∈ Rd×m , and W f ∈ Rd are linear layers where d is the number of hidden
units in the attention layer and m is the number of hidden units in each of the two LSTMs.
We use batch normalization for the attention layer which we have observed leads to faster
convergence. We form the first attention pathway as follows:
α = so f tmax( f t )

(4)

k

v̂t =

∑ αst Vs

(5)

s=1

where at any given time-step t, α t acts as a weight mask for spatial features Vs (convex
combination). As a result of the additive operation (Eq. 3), the bias favors increasing the
weight of correct spatial image regions which could have the objects strongly associating to
the relevant representations within the first word embedding.

3.3

Second Channel: N-gram Text Feature to Spatial Image Feature
Mapping

This channel introduces a novel "gaiting pathway" formed by coupling the previously generated word history, St1..t−1 , directly to the spatial image features, Vs using an element-wise
multiplicative operation followed by non-linearity:
t
Si−1
)
(6)
Cst = WcT tanh(Vs We2 ∑
i=1 t
β t = so f tmax(Ct )

(7)
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where Wc ∈ Rd×1 . The second word embedding, We2 , is also trained from scratch but
unlike the first one, it is initialized with all ones to verify if the network decides to keep the
“ones” intact or if it structures the word vectors in an interpretable way which can resemble
correlations among words used in similar contexts. Applying the weighted mask on Vs to
form the input of LSTM2 yields:
k

v̂tc =

∑ βst Vs

(8)

s=1
xt2 = [v̂t , ht1 , v̂tc ]

(9)

The text features from the second embedding are batch normalized. We observed that it
leads to faster convergence and avoids saturation of neurons during training. The first channel provides more basic "semantics" with limited spatial information. In contrast, the second
channel provides more sophisticated "semantics" and contains enough spatial information.
It is thus directly concentrated on the image locations relevant to the language context. Due
to the different uses in the two simultaneously operating channels, the two learnable word
embeddings will represent different semantic information with one containing more general
content, while the other is more specific. Together this results in a more complete representation of the language context of the caption. Additionally, the "n-gram text feature to spatial
image feature" mapping allows the network to correlate all permutations and combinations
of ROIs and relevant word representations for updating the weights in recurrent network as
well as the semantic representations in the word embedding to be able to learn collocations
and contextual inferences (Fig. 2). This leads to avoiding hallucinations and generating more
human-like captions.

3.4

Learning

We train our model using cross entropy loss and further optimize it on CIDEr [32]. Suppose
the maximum length of any caption is L. Our aim is to calculate the conditional probability
P of the sequence of words (y1 , y2 ...yL ) over the vocabulary Σ. At any time-step t we take
the hidden state of LSTM2, ht2 , and calculate the softmax distribution to find the conditional
probability as:
p(yt |y1:t−1 ) = so f tmax(Wp ht2 + b p )
R|Σ|×m

where Wp ∈
and b p ∈
using the chain rule as:

R|Σ| .

(10)

The joint probability distribution can be computed
L

P = ∏ p(yt |y1:t−1 )

(11)

t=1

Given a sequence of words y∗1:L as ground truth we compute cross-entropy loss as:
L

t

1:t−1

L(θ ) = − ∑ log(Pθ (y∗ | y∗

))

(12)

t=1

During CIDEr optimization, the metric is directly optimized to minimize the loss:
LFR (θ ) = −Ey1:L ∼pθ [r(y1:L )]

(13)

where the parameters of the network are given by θ , and r is the score function (CIDEr).
From the method described in SCST [29], the gradient for LF is approximated as:
1:L
1:L
∇θ LFR (θ ) ≈ −(r(y1:L
s ) − r(ŷ ))∇θ logpθ (ys )

(14)

1:L
where y1:L
s is a sampled sequence of words and r(ŷ ) is a greedily decoded score from
the current model.
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Model

B-1

B-4

M

R

C

S

B-1

B-4

M

R

C

S

Up-Down (resnet baseline) [2]
CIC-R101 (our resnet baseline)
Up-Down (bottom-up feats.) [2]
CIC-RCNN (our final model)

74.5
77.8
77.2
78.0

33.4
34.8
36.2
36.5

26.1
27.3
27.0
27.7

54.4
56.5
56.4
57.3

105.4
111.3
113.5
116.7

19.2
20.1
20.3
20.7

76.6
79.2
78.4
81.1

34.0
35.3
36.1
39.3

26.5
27.7
27.5
28.8

54.9
57.2
57.1
58.9

111.1
116.8
117.8
126.3

20.2
21.2
20.8
22.0

Cross-Entropy Loss

CIDEr Optimization

Table 1: Comparison between our models (in bold) and Up-Down Captioner on Karpathy split. Our
models surpasses the corresponding up-down captioner by a significant margin.

4
4.1

Experiments
Dataset, Settings and Metrics

MS-COCO[22]: There are two standard splits of MS-COCO: the official online test split
and the Karpathy split [17] for offline test. The first split has 82, 783, 40, 504 and 40, 775
train, val, and test images respectively, each of which has 5 human labeled captions. The
second split has 113, 287/5, 000/5, 000 train/val/test images, each of which has 5 captions.
Settings: Our final model has two LSTMs [14] each with m=2,048 hidden units. The two
word embeddings have a hidden size e of 1,024 units. The hidden unit size d of 1,000 is
chosen for the attention layer. ADAM with amsgrad [27] optimizer is used. The batch size
was chosen to be 100 with an initial learning rate of 0.0005 which is lowered at a rate of
0.8 after every 3 epochs starting from epoch 10. We trained on cross-entropy loss for 25
epochs and subsequently used SCST [29] for 15 additional epochs. While training with
SCST, our learning rate was set to 0.00005 with a decay rate of 0.5 after every 3 epochs.
During optimization, beam size was set to 5. We perform minimal text pre-processing by
tokenizing on white space, converting every word into lower case, and filtering out words
that occur less than 5 times. Finally, a vocabulary of 9,487 words is formed. Captions are
trimmed to a maximum of 16 words for computational efficiency.
Metrics: We used five standard automatic evaluation metrics: Bleu [26], METEOR [3],
ROUGE-L [21], CIDEr-D [32], and SPICE [1]. In Tab. 1 and 2, B-N, M, R, C, and S denote
BLEU-N, METEOR, ROUGE-L, CIDEr-D, and SPICE respectively.

4.2

Ablative Studies

4.2.1 Encoder Variants
Although our approach can be applied without using the Region Proposal Network (RPN),
we train our final model using RPN [28] to ground visual feature-vectors in objects rather
than simply using bilinear interpolation to resize the output to a fixed size spatial representation [33]. Objects form a natural basis [8, 30] for visual attention. Getting salient
attention regions and visual features for each region, gives us a head start for the image
captioning process from the encoder’s end. For our Resnet baseline, referred as CIC-R101,
the mean-pooled image features are obtained from the final convolutional layer of Resnet101 pre-trained on ImageNet [7]. To obtain spatial image features we follow the approach
used in SCST [29] and use bilinear interpolation to form fixed size spatial representations of
10 × 10. For our final model, referred as CIC-RCNN, we take the final output of the Faster
RCNN [28] and perform non-maximum suppression. In our implementation we used an IoU
threshold of 0.7 for region proposal non-maximum suppression, and 0.3 for object class nonmaximum suppression. To select salient image regions, we simply selected the top k = 100
features in each image. Table 1 shows our resnet baseline and final model’s performance as
compared to bottom-up captioner [2] on MS-COCO dataset.
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Model

B-1

B-4

M

R

C

S

Mean-Pooled-CIC (ours) 77.5 36.2 27.2 56.9 114.8 20.4
CIC-RCNN (ours)
78.0 36.5 27.7 57.3 116.7 20.7
Cross-Entropy Loss

B-1

B-4

M

R

C

S

78.8 36.8 27.9 57.6 119.2 21.1
81.1 39.3 28.8 58.9 126.3 22.0
CIDEr Optimization

Table 2: Performance of our models on Karpathy split illustrating quantitative improvements when
using spatial image features in the second channel of our architecture.
4.2.2 Variation in Channel-2 of Decoder
In order to evaluate the importance of our "n-gram text feature to spatial feature" mapping
within the second channel, we replace the spatial image features with the mean-pooled
feature-vector to "gait" the n-gram text features (sentence history). Hence, Eq. 6 and the
input to LSTM2 (Eq. 9) changes as follows:
t
Si−1
)
(15)
Ct = WcT tanh(V̄ We2 ∑
i=1 t
xt2 = [v̂t , ht1 ,Ct ]
(16)
We refer to this fully trained experimental model as Mean-Pooled-CIC. Intuitively, since
the mean-pooled feature has limited spatial information, the possibility of "hallucination" of
objects that are not present in an image by the model should increase. Further, the level of detail in captions should decrease. The quantitative and qualitative results shown in Tab. 2 and
Fig. 3, respectively confirm our intuition. The scores in CIDEr and SPICE which correlates
the most to ground truth captions written by humans decrease significantly in Mean-PooledCIC. In Fig. 3 (a), Mean-Pooled CIC and up-down captioner hallucinate "a leash" and the
position of the dog as "standing" (Red colored fonts in Fig. 3). By contrast, our final model,
CIC-RCNN is capable of understanding the interaction between objects and generalizing
them creatively in language despite the fact that in most of the images in the training set
that contain leashed dogs, they are either sitting or standing on the floor. Thus, we obtain
a more descriptive, creative and human-like caption describing the correct positioning of
the dog with respect to a person where the model doesn’t confuse a charging cable with a
leash. Similarly, in part (b) we see a higher level of detail (Blue fonts show high quality captions from CIC-RCNN and Brown fonts represent less details within captions) and creativity
shown by our final model CIC-RCNN where cutting the cake by a group of soldiers is again
an out-of-context scenario but CIC-RCNN nevertheless describes it quite well. Likewise, in

Figure 3: Qualitative examples illustrating the importance of our "n-gram text feature to
spatial image feature" mapping for creative and more human-like captioning.
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part (c) and (d) the captions are more descriptive and creative. In part (d) the position of the
wooden bench and its association with the body of water are inferred from the interactions
and spatial positioning of the salient objects: body of water, terrain, and bench.
4.2.3 Novel Semantic Constellations
In the example (COCO_val2014_000000005820.jpg) in Fig. 3 (d), the caption generated by
CIC-RCNN generalizes the image quite well and produces novel semantic constellations.
There are 1,843 instances in 2014 Train/Val annotations from MS-COCO where the phrase,
"a body of water" is used out of which only two cases are similar to the one shown in Fig. 3
(d). Our model learns from these examples, how to associate objects and object’s attributes
to form collocations and contextual inferences.
In another example in Fig. 3 (c), our model produces the caption, "a man riding a skateboard down a street with cones". The image (COCO_test2014_000000194910) is taken from
the MS-COCO [22] 2014 test images. In this case, there is not a single image in the entire
training-set where a caption combines the skateboarding, street, and cone context. There
is only a single instance where the phrase, "street with cones" is used in the entire dataset.
This highlights our architecture’s strength to be able to learn from a variety of instances and
produce novel semantic constellations.
4.2.4 Embedding Analysis
Dense word embeddings can be successful in capturing semantic relations among words.
Presence of a meaningful semantic structure in their respective vector spaces is highly probable [31]. We aim to bring light to the semantic concepts implicitly represented by various
dimensions of a word embedding in order to establish an intuitive insight into how they
could be meaningfully associated with image features to learn collocations in language. In
our exploration, we refer to the category theory [25] and construct a KNN adjacency matrix
containing the pair-wise similarities among representations within the word embedding. Let
Am be a Σ × Σ matrix (Σ is our vocabulary size). The euclidean distance between two points
in the matrix Am , representing distances between words, is used to calculate the closest distances to each word in the vocabulary. We find that the associations seen in the ground truth
captions are reflected in the nearest words. The first embedding, We1 , learns to associate
nouns with their prepositions and other related verbs/nouns, while the second, We2 , learns
collocations commonly used for the object under consideration (Table 3).
Word

N1

N2

N3

N4

N5

N6

N7

N8

cat

a
black

of
domestic

on
laying

with
looking

the
sleeping

sitting
kitchen

at
standing

cats
hides

car

a
parked

at
traffic

in
road

sitting
traveling

pulling
trunk

down
window

are
luggage

that
seat

frisbee

a
dog

next
playing

to
catching

on
grass

flying
beach

playing
throws

with
park

while
holding

bananas

of
hanging

UNK
eating

to
yellow

a
surrounded

on
table

near
plate

for
full

sitting
fruit

Table 3: Eight nearest words (N1 -N8 ) in the two embeddings of the CIC-RCNN model for
randomly selected words. For each word, row 1 and 2 represent We1 and We2 , respectively.
We observed that the commonly seen words had dense representations and relatively
large deviations from the initial value (embedding We2 was initialized with all ones) whereas
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Model

Bleu-1 Bleu-2 Bleu-3 Bleu-4 METEOR ROUGE-L CIDEr-D SPICE

SCST:Att2all [29]
Up-down [2]
MLAIC [36]
STACK-CAP [12]

79.8
80.7
78.6

63.9
62.5

49.0
47.9

34.2
36.3
36.9
36.1

26.7
27.7
27.7
27.4

55.7
56.9
57.5
56.9

114.0
120.1
119.1
120.4

21.4
20.9

CIC-RCNN

81.1

65.6

51.1

39.3

28.8

58.9

126.3

22.0

Table 4: Performance of our final model, CIC-RCNN, on MS-COCO Karpathy split. Bold
figures represent the highest scores. Our single model (without ensemble) outperform other
state-of-the-art single models by a significant margin in all metrics.
Model

Bleu - 1

Bleu - 2

Bleu - 3

Bleu - 4

c5

c40

c5

c40

c5

c40

c5

c40

METEOR ROUGE-L
c5

c40

c5

c40

c5

CIDEr-D
c40

LSTM-A3†

[34]
Stack-Cap [12]
†
Up-Down [2]
MLAIC [36]

78.7
77.8
80.2
80.3

93.7
93.2
95.2
94.4

62.7
61.6
64.0
63.4

86.7
86.1
88.8
87.3

47.6
46.8
49.1
48.3

76.5
76.0
79.4
77.4

35.6
34.9
36.9
36.0

65.2
64.6
68.5
66.1

27.0
27.0
27.6
27.4

35.4
35.6
36.7
36.1

56.4
56.2
57.1
57.0

70.5
70.6
72.4
71.8

116.0
114.8
117.9
113.9

118.0
118.3
120.5
116.4

CIC-RCNN

79.8 94.4 64.0 88.0 49.3 78.6 37.3 67.6 28.1 37.0 57.8 72.5 121.8 124.1

Table 5: For each column, bold figure represent the highest score. † is used to denote the use
of ensemble of several differently initialized models. Our single model is able to outperform
previous state-of-the-art results by a significant margin on the MS-COCO test server.
words found rarely within captions stayed closer to their initialization. In CIC-RCNN, compared to Mean-Pooled-CIC, we observed an increased structuring of the representation space,
indicated by increasing deviations from the initialization values, particularly for collocations
in the English language. To further examine the embedding, we tried different embedding
sizes (512, 1,000, and 1,024) for the two embeddings. We found that a ratio of 1:1 between
the LSTM size and the embedding size worked best in terms of the quality of the representations inside the embeddings.

4.3

Comparison with State-of-The-Arts

Comparing Methods: Though there are various captioning models developed in recent
years, for fair comparison, we only compared CIC-RCNN with some encoder-decoder methods trained by the RL-based reward, due to their superior performances. Specifically, we
compared our methods with SCST [29], StackCap [12], Up-Down [2], LSTMA3 [34], and
MLAIC [36]. Among these methods, SCST and Up-Down are two baselines where the more
advanced self-critic reward and visual features are used. Compared with SCST, StackCap
proposes a more complex RL-based reward for learning captions with more details.
Results on Karpathy split: From Table 4, we can see that our single model achieves a
new state-of-the-art score among all the compared methods in all metrics. CIC-RCNN gains
on up-down captioner by an absolute 5.9 on CIDEr-D.
Leaderboard Results: Our model outperforms Up-Down Captioner, SCST-Att2all and
other leading state-of-the-art ensemble models using only a single model on MS-COCO
Leaderboard [5] in terms of METEOR, ROUGE-L, and CIDEr-D while being competitive
(almost always first or second) in Bleu scores (Tab. 5). Note that Bleu, initially proposed for
machine translation, is based on explicit word matching and fails to spot semantic similarity
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when common words are scarce. It is affected by word vocabularies and synonyms [18]. It
is thus a less effective metric for caption evaluation. Compared to the other non-ensemble
method, StackCap, our method still performs better by utilizing the advantages of obtaining
spatial image features using RPN and mapping them with n-gram text features, even when
our RL-reward is not as sophisticated as theirs.

5

Conclusion

We propose a single pass encoder-decoder framework for image captioning comprised of two
simultaneously learned channels: (i) overall context and additive biasing and (ii) n-gram text
feature to spatial image feature mapping. Our model learns to form collocations and contextual inference to produce more human-like captions in a single pass without using multiple
combinations of CNNs and RNNs. It outperforms existing state-of-the-art models with a
significant margin without incurring an overhead of using any external resource in terms of
supervision and training. We experimentally validate the advantages of our approach using
extensive ablative studies. We observed that our model avoids hallucinations even in out-ofcontext scenarios and the captions generated are creative and more human-like as compared
to existing state-of-the-art models (Fig. 3).
Our future work will focus on analyzing our models on learning-based metric [6] and
extending our approach to other tasks lying at the intersection of vision and language like
Visual Question Answering (VQA).
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