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Abstract

A great deal of progress has been made in image caption-
ing, driven by research into how to encode the image using
pre-trained models. This includes visual encodings (e.g. im-
age grid features or detected objects) and more recently
textual encodings (e.g. image tags or text descriptions of
image regions). As more advanced encodings are available
and incorporated, it is natural to ask: how to efficiently and
effectively leverage the heterogeneous set of encodings? In
this paper, we propose to regard the encodings as augmented
views of the input image. The image captioning model en-
codes each view independently with a shared encoder ef-
ficiently, and a contrastive loss is incorporated across the
encoded views in a novel way to improve their representation
quality and the model’s data efficiency. Our proposed hier-
archical decoder then adaptively weighs the encoded views
according to their effectiveness for caption generation by
first aggregating within each view at the token level, and then
across views at the view level. We demonstrate significant
performance improvements of +5.6% CIDEr on MS-COCO
and +12.9% CIDEr on Flickr30k compared to state of the
arts, and conduct rigorous analyses to demonstrate the im-
portance of each part of our design.

1. Introduction
A large amount of progress has been made in vision-

and-language (VL) tasks such as image captioning [1, 8],
visual question answering [16, 23], and image-text retrieval.
For these tasks, recent methods [31, 36, 45, 61] observe that
encoding the input image by an object detector [42] pre-
trained on Visual Genome [30] into a set of detected objects
is not sufficient. To provide information complementary to
detected objects, recent works proposed to encode an in-
put image by different pre-trained models and into different
modalities, and achieve substantial performance improve-
ment by combining these heterogeneous encodings. For
example, some works encode from the visual perspective
(e.g. stronger object detector pre-trained on a larger vocabu-
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Figure 1. HAAV, Hierarchical Aggregation of Augmented Views,
for image captioning at the step of predicting the word “sofa”. First,
heterogeneous views such as detected objects [4], image grid fea-
tures [45], and text descriptions [31] are generated from the input
image by existing methods. We propose to regard these views as
augmentations of the input image, and independently encode each
view by a shared transformer encoder efficiently. A contrastive loss
is incorporated to improve the representation quality of heteroge-
neous views. Finally, our proposed hierarchical decoder models the
effectiveness of each view and adaptively weigh them according
to their effectiveness for predicting the current word “sofa”.

lary and datasets [61] or global image features [24]), while
other works encode from the textual perspective (e.g. image
tags [36] and text descriptions of image regions [31]).

Given the great success of incorporating various heteroge-
neous encodings or “views”, one research question emerges
naturally: how to efficiently and effectively leverage these
heterogeneous views for caption generation? For efficiency,
three factors are particularly important: computation, pa-
rameter count, and label efficiency. State-of-art VL and
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image captioning models are typically a transformer encoder-
decoder model [51], which has undesirable quadratic compu-
tational complexity with respect to the input sequence size.
Therefore, as more views are incorporated, each represented
by a sequence of tokens, we should carefully manage the
computation and model size. Moreover, on the medium-
scale MS-COCO image captioning benchmark [8] (∼0.6M
training samples), we should take label efficiency into con-
sideration when training the data-hungry [11] transformer
model to avoid negative effects such as overfitting. For ef-
fectiveness, different views contain some shared and some
complementary information of the input image. Therefore,
it is important to model the effectiveness of views and adap-
tively weigh them according to their effectiveness for pre-
dicting each word. Take image captioning in Figure 1 as
an example, when predicting the current word “sofa”, for
the incomplete caption “black bags sitting on top of a ? ”,
if say, the view of detected objects fails to detect sofa in
the input image, the captioning model should down-weigh
the less effective view of detected objects and rely on other
more effective views that properly encode the information
about sofa. With these considerations in mind, we propose
HAAV, Hierarchical Aggregation of Augmented Views. In
HAAV, given a set of heterogeneous views of the input im-
age from existing works such as detected objects [4], image
grid features [45], and text descriptions [31], we propose
to (1) regard heterogeneous views as augmentations of the
input image, and (2) devise a hierarchical decoder layer to
account for the effectiveness of heterogeneous views.

For (1), by regarding views as augmentations, we natu-
rally choose to use a shared transformer encoder to encode
each view independently. Compared to methods that con-
catenate all views into a long sequence as input [31, 36, 61],
where the computational complexity scales up quadratically
with respect to the number of views, our method scales up
linearly. Compared to models that use entire models per
view [10, 22, 26, 43] or methods that encode each view with
unshared encoders [2, 3, 20, 34], our method is more parame-
ter efficient. Furthermore, data augmentation increases data
diversity and thus improves data efficiency, which is particu-
larly important for training data-hungry transformer models.
Last but not least, by regarding heterogeneous views gener-
ated by different pre-trained models as augmentations of the
input image, we incorporate a contrastive loss in a novel way
to help representation learning of heterogeneous views and
increase data efficiency [6, 15, 17]. Different from how other
VL methods [25,34,41,57,59] incorporate a contrastive loss,
our formulation does not require annotated pairs (e.g. human
annotated image-caption pairs in MS-COCO or image-text
pairs scraped from the internet [44]) and can work with
unlabeled image-only data to achieve better performance.

Also crucially, for (2) we devise a hierarchical decoder
layer, which modifies the standard transformer decoder layer

by introducing two-tiered cross-attention modules. The hi-
erarchical decoder first aggregates within each view at the
token level and then aggregates across views at the view
level. By introducing this hierarchical aggregating struc-
ture, we can better model the effectiveness of views and
adaptively weigh them according to their effectiveness. For
example, in Section 4 Experiment, we show that if we add
noise to a certain view or mask out a prominent region of
the input image, the proposed hierarchical decoder indeed
down-weigh the noised and masked view when generating
words and captions.

To sum up, in this paper, given a set of heterogeneous
views of the input image from existing works, we focus on
how to efficiently and effectively leverage these views and
make the following contributions: (1) regard heterogeneous
views as augmentations of the input image and propose a
novel use of contrastive loss to improve computation, param-
eter, and data efficiency; (2) devise a hierarchical decoder
layer to model the effectiveness of each view and weigh
each view accordingly for caption generation; (3) achieve
significant improvement of +5.6% CIDEr on MS-COCO
over state of the art, and achieve comparable or often better
performance compared with methods using large-scale trans-
former pre-training even though we do not do so; and (4)
provide thorough ablations and rigorous analyses to validate
our proposed method for efficiency and effectiveness.

2. Related Works
Image captioning. The goal of image captioning is to

generate text descriptions for an image. It can be roughly di-
vided into two settings: (1) trained-from-scratch and (2) with
pre-training, depending on whether the model is pre-trained
on a large image-text corpus or not. For the trained-from-
scratch setting [4,10,12,22,26,28,33,40,43,57], researchers
train the model only on the image captioning dataset such as
MS-COCO [8,37]. They mainly focus on model architecture
improvements and/or better training losses, and tackle the
image captioning task specifically. On the other hand, for
the pre-training setting [9, 21, 34–36, 38, 48, 49, 54, 60, 61],
researchers first pre-train the model on a large image-text
corpus and then fine-tune to various downstream VL tasks.
They mainly focus on how to effectively pre-train the model
so that it transfers well to a broad set of downstream VL
tasks. In this paper, we work on the trained-from-scratch
setting for image captioning specifically.

Image encodings. One important aspect of VL ap-
proaches is to properly encode relevant information from
the input image, on which the captioning model is con-
ditioned for captions generation. [4] proposed to encode
finer-grained information of the input image into a sequence
of objects detected by an object detector pre-trained on
Visual Genome [30]. This method achieved great suc-
cess and soon became the dominant approach in many VL
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tasks [9, 35, 36, 38, 48, 49]. However, recent works found
that the object detector pre-trained on visual genome fails
to encode important information for image captioning. To
tackle this problem VinVL [61] proposed to train the object
detector on much larger training corpora that combine mul-
tiple publicly annotated object detection datasets. Thanks
to advances in foundation models [25, 29, 41] trained on
large-scale datasets, some works [12, 34, 45, 55] propose to
encoded the input image by a foundation model into image
grid features and achieved good performance.

Nevertheless, these works still encode an input image
from a single point of view by a single pre-trained model,
and may still fail to encode some important information for
image captioning. For example, a pre-trained object detec-
tor may fail to encode important information such as scene
information or object relationships [31]. To encode comple-
mentary information, recent works proposed to include other
heterogeneous “views” of the input image along with the
detected objects. For example, OSCAR [36] use image-level
object tags along with detected object for VL pre-training.
Some works [24, 48, 58, 62] include an extra token of global
image features encoded by an ImageNet pre-trained image
encoder. Xmodal-Ctx [31] include text descriptions of the
input image and image sub-regions by CLIP cross-modal
retrieval. In this paper, we use heterogeneous views from ex-
isting works including detected objects, image grid features,
and text descriptions, and focus on how to leverage these
views efficiently and effectively.

Heterogeneous view image captioning. To leverage
heterogeneous views encoded by different pre-trained
models and potentially encoded into different modalities,
common approaches include (1)
zka separate model for each view [10, 22, 26, 43], which
trains |V | (number of views) models and average the
predicted word probability from each model, and (2)
concatenation of views [31, 36, 61], which concatenates the
views, each represented by a sequence of tokens, into a long
single view, and feeds the concatenate view into an image
captioning model for caption generation. However, having
a separate model per view is parameter inefficient as the
number of models and parameters grows linearly with |V |.
Concatenated views are computationally inefficient as the
computational complexity from the transformer model is
quadratic with respect to |V |. In this paper, in pursuit of
efficiency and effectiveness, we encode the views indepen-
dently with a shared encoder, and devise a novel hierarchical
decoder to first aggregate within each view at the token level
and then aggregate across views at the view level.

Representation learning. To properly encode hetero-
geneous views, existing methods [2, 3, 20,34] typically en-
code each view with a dedicated encoder. This is parameter
inefficient as the number of encoders grows linearly with
respect to |V |. This may also not be as data efficient and

be prone to overfitting on relatively smaller-scale datasets
such as MS-COCO. To learn a better representation of het-
erogeneous views, we propose to incorporate a contrastive
loss, which facilitates superior self-/un-supervised represen-
tation learning [5, 7, 17, 50], and is beneficial in low-label
settings [6, 15, 17]. Driven by the contrastive loss, the repre-
sentation of views (augmentations) from the same image are
pulled together in an embedding space while that from differ-
ent images are pushed apart. Different from existing multi-
modal works [25, 34, 41, 57, 59] that incorporate contrastive
loss only in the pre-training stage, or require annotated pairs
(e.g. human annotated image-caption pairs in MS-COCO),
our method incorporates contrastive loss together with the
target image captioning task, and requires no annotated pairs.

3. Method

3.1. Overview

In image captioning, given heterogeneous views of the
input image from existing works (see Figure 1) such as
detected objects [4], image grid features [45], and text de-
scriptions [31], we aim to efficiently and effectively leverage
these views for the target image captioning (IC) task. Follow-
ing the successful paradigm of image captioning [4, 10, 31],
an input image x is first encoded by frozen pre-trained mod-
els into heterogeneous views {v1,v2, ...,v|V |}, each v repre-
sented by a sequence of d-dimensional tokens. These views
v are then fed into an IC transformer encoder-decoder model,
where the IC-encoder encodes important information from
v into u for the later decoding step, and the IC-decoder gen-
erates captions y conditioned on the encoded views u. In
the rest of the paper, since the input image is encoded into v
by some frozen pre-trained models from existing works and
is not the focus of this paper, for the sake of brevity, we use
“input views” or simply “views” for v, “encoded views” for
u, and “encode” for the encoding process by the IC-encoder.

In Section 3.2 we revisit other successful paradigms in
heterogeneous view image captioning: methods that use a
separate entire model per view [10, 22, 26, 43] and concate-
nation of views [31,36,61]. By comparing the pros and cons
of these two methods, we aim to propose our method that
can efficiently account for the effectiveness of input hetero-
geneous views for caption generation. In Section 3.3, we
first propose to regard input views v as augmentations of
the input image, and thus naturally choose to encode each v
independently with a shared IC-encoder into u. This formu-
lation is more efficient in terms of computation, parameter,
and label. It also allows us to add a contrastive loss in a
novel way to help representation learning of the encoded
views u, and increase label efficiency. In Section 3.4, we
then propose a hierarchical decoder layer to first aggregate
within each encoded view u at the token level and then ag-
gregate across all u at the view level. By introducing this
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Figure 2. Model architecture. (Left) An input image is first encoded by some frozen pre-trained models into a set of heterogeneous views
{v1,v2,v3}, each represented by a sequence of d-dimensional tokens □. These input views v are regarded as augmentations of the input
image, and thus are encoded independently with a shared transformer encoder into {u1,u2,u3}. (Right) To model the effectiveness of the
encoded views u for current word prediction, we propose a hierarchical decoder layer that first aggregates within each encoded view u
at the token level with a shared CrossAttnLv1 module, and then aggregates across the encoded views at the view level with a CrossAttnLv2

module. For clarity of illustration, we only show operations for the current yl,t token and not the yl,1:t−1 past tokens.

hierarchical aggregating structure, the decoder better models
the effectiveness of encoded views u, and adaptively weighs
them according to their effectiveness. The overall model
architecture is illustrated in Figure 2.

3.2. Heterogeneous Views Image Captioning

We start by reviewing two closely related formulations
in existing works: (1) combining separate models for
each view [10, 22, 26, 43] and (2) concatenation of input
views [31,36,61]. For (1), |V | captioning models are trained
independently for each input view. The word probability
predicted by these models is averaged as the final prediction.
For (2), all input views, each represented by a sequence of
tokens, are concatenated along the sequence dimension to
form a single long view. The concatenated view is then fed
into a single image captioning model for caption generation.

These two formulations are two extreme cases. In (1),
views are encoded and decoded independently, and the effec-
tiveness of each view is not accounted for to generate the fi-
nal prediction. The computational complexity scales linearly,
but the number of parameters also scales linearly with respect
to |V |. In contrast, in (2), views are encoded and decoded
jointly, and the effectiveness of views for caption generation
is modeled internally by the attention module within the en-
coder and decoder layers. The number of parameters remains
constant, but this formulation has undesirable quadratic com-
putational complexity with respect to |V |. We ask: can we

find a middle ground between these two formulations that
enjoys the advantages of both? Specifically, we would like
to model the effectiveness of views for caption generation
in (2), but at the same time maintain linear computational
complexity in (1) and a constant number of parameters in (2).

3.3. Heterogeneous View Encoding

We first observe that each input view v is generated from
the input image x and thus contains partial information of x.
This means that input views v can be regarded as augmenta-
tions of the input image x [50] that describe x from different
perspectives. Just like how we use data augmentation in
computer vision, we would not concatenate all of the aug-
mented images into one single image before sending it into
the model or use different encoders to encode different aug-
mented images. Therefore, we propose to decouple the roles
of the IC-encoder and the IC-decoder. Each v is encoded in-
dependently using a shared IC-encoder into u efficiently for
the later decoding step. The IC-decoder then models the ef-
fectiveness of encoded views u and adaptively weighs them
according to their effectiveness. We will focus on the IC-
encoder in this section and the IC-decoder in the next section.

By encoding each view independently, the computational
complexity scales up linearly (O(|V |)), which is compu-
tationally efficient. By encoding each view with a shared
IC-encoder, the model size stays constant (O(1)), which is
parameter efficient. Data augmentation also increases data
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diversity and thus improves label efficiency. Furthermore,
since we regard heterogeneous input views as augmentations
of the input image, we propose to add a contrastive loss [5,
7, 17, 18] to improve the representation quality of encoded
heterogeneous views u. In contrastive learning, augmented
views from the same input image are positive pairs and those
from different images are negative pairs. The representation
of positive pairs is pulled together in an embedding space
while the representation of negative pairs is pushed apart.
To further increase diversity across heterogeneous views for
the contrastive loss [5, 32, 46, 50], we add channel-wise and
sequence-wise dropout during training. For channel-wise
dropout, each channel across views and sequences is ran-
domly zero-ed out with probability pc. For sequence-wise
dropout, each token, which is a d-dimensional feature vector,
across views is randomly zero-ed out with probability ps.
Note that our goal is not to propose a new contrastive loss
here but to incorporate an existing one in a novel way in the
VL setting. Compared to how most other VL pre-training
methods incorporate a contrastive loss [25, 34, 41, 57, 59],
where paired annotations such as image and text pairs an-
notated by human or scraped from the internet are required,
our formulation only requires input image without paired
annotations to construct positive and negative pairs.

3.4. Heterogeneous View Decoding

Given the encoded views u from the IC-encoder, in this
section we shift our attention to the IC-decoder to account for
the effectiveness of u for predicting each word. Specifically,
the IC-decoder should adaptively weigh each encoded view
u according to their effectiveness at each word prediction
step conditioned on previously generated words and all other
encoded views u. For example, in Figure 1, when predicting
the current word “sofa” for the incomplete sentence “Black
bags sitting on top of a ? ”, if say, the object detector fails
to detect sofa, the decoder should down-weigh the view
of detected objects and should leverage other views that
properly encode sofa information to correctly predict the
next word. On the other hand, we spent great efforts in
Section 3.3 to encode the views efficiently. Therefore, the
proposed decoding strategy should be at least as efficient as
the proposed encoding strategy.

We propose a hierarchical decoder layer shown in Fig-
ure 2, which modifies the standard transformer decoder layer
by introducing the two-tiered cross-attention structure. First,
current word yl,t is contextualized with all previously gener-
ated words yl,1:t−1 into ỹl,t by the SelfAttn module. Next,
to model the effectiveness of each encoded view for current
word prediction, the hierarchical decoder aggregates within
each encoded view u independently at the token level by a
shared CrossAttnLv1 module. The outputs of CrossAttnLv1
from all views are collected into ũ. Finally, to adaptively
weigh all the views according to their effectiveness for cur-

rent word prediction, the hierarchical decoder then aggre-
gates across views ũ at the view level by the CrossAttnLv2
module. We also add a view-wise dropout to randomly drop
an encoded view u with probability pv during training to
encourage the decoder to better leverage all encoded views
instead of focusing on a few certain ones By introducing this
hierarchical aggregation structure, we can better model the
effectiveness of the encoded views u by CrossAttnLv1 and
adaptively weigh them by CrossAttnLv2.

In terms of computation and parameter efficiency, the
hierarchical decoder layer uses a shared CrossAttnLv1 mod-
ule to first aggregate within each view. The computational
complexity scales up linearly, and the model size is constant
with respect to |V |. It then aggregates across views using a
CrossAttnLv2 module with linear computational complexity,
and constant model size with respect to |V |. Overall, the
computational complexity and model size does not exceed
our proposed view encoding strategy in Section 3.3.

4. Experiment
4.1. Implementation Details

Our proposed HAAV can be easily incorporated into ex-
isting transformer encoder-decoder IC models. In this paper,
we choose the state-of-art Xmodal-Ctx [31] as our base
model. Following the conventional training procedure [10,
36, 52], the model is first trained with cross-entropy loss and
then fine-tuned with SCST [43] loss, which optimizes CIDEr
score by reinforcement learning (note this is done by all com-
pared methods). The dropout rates pc, ps, and pt are all set
to 0.1 following [14] without tuning. We reuse the heteroge-
neous views from previous methods without modifications,
including detected objects from [4], CLIP ViT-B/32 [41]
image grid features from [45], and text descriptions of image
regions from [31]. For the contrastive loss, we prepend a
learnable [CLS] token for each input view v before sending
it into the IC-encoder and use the encoded [CLS] token as
a view-level representation for computing the contrastive
loss. We use MoCo-v2 [24] with an exponential moving
average (EMA) transformer encoder and a memory buffer to
compute the contrastive loss. More implementation details
and hyper-parameters can be found in the supplementary.

4.2. Main Results

In Table 1, we show the results of our HAAV on the test
set of MS-COCO Karpathy split [27]. It is worth noting
that HAAV is not pre-trained on external image-and-text
corpus and instead is trained from scratch only on the MS-
COCO image captioning dataset [8]. Therefore, for a fair
comparison, we separate these two different settings in Ta-
ble 1, where methods on the top block use pre-training while
those on the bottom are trained from scratch. In the same
trained-from-scratch setting, our HAAV outperforms pre-
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Table 1. Image captioning results on the test set of MS-COCO
Karpathy split [27]. Since our HAAV is trained from scratch,
we separately compare methods with large-scale transformer pre-
training on the top block, and those trained from scratch on the
bottom block. Our HAAV outperforms previous trained-from-
scratch methods by a large margin and achieves comparable or
often better performance compared to methods with large-scale
transformer pre-training.

Method Pretrain Data B-4 M C S

VLP [63] 3M 39.5 29.3 129.3 23.2
X-VLM [60] 16M 40.4 - 139.3 -
Oscar [36] 6.5M 40.5 29.7 137.6 22.8
VinVL [61] 8.8M 40.9 30.9 140.4 25.1
GIT [53] 4M 41.3 30.4 139.1 24.3
ViTCap [13] 4M 41.2 30.1 138.1 24.1
SimVLMbase 39.0 32.9 134.8 24.0

SCST [43] None 34.2 26.7 114.0 -
Up-Down [4] None 36.3 27.7 120.1 21.4
AoANet [22] None 38.9 29.2 129.8 22.4
M2 [10] None 39.1 29.1 131.2 22.6
CLIP-ViL [45] None 40.2 29.7 134.2 23.8
X-LAN [40] None 39.5 29.5 132.0 23.4
DLCT [39] None 39.8 29.5 133.8 23.0
Xmodal-Ctx [31] None 39.7 30.0 135.9 23.7
HAAV (ours) None 41.0 30.2 141.5 23.9

Table 2. Image captioning results on a smaller-scale Flickr30K
Karpathy split [27]. We also demonstrate semi-supervised learning
(SSL) for image captioning with labeled data from Fickr30K and
unlabeled data from MS-COCO. Compared to previous state of
the arts, our HAAV achieves significant performance improvement,
which may come from the label efficiency of our method.

Method B-4 M C S

Show & Tell [52] 21.5 18.3 41.7 12.2
Show, Attend & Tell [56] 23.6 19.2 49.1 13.3
Up-Down [4] 28.3 21.6 63.3 15.9
M2 [10] 29.8 22.4 68.4 16.2
ORT [19] 30.1 22.8 68.8 16.9

HAAV (ours) 34.3 24.6 81.7 18.0
HAAV + SSL (ours) 34.3 25.1 85.6 19.0

vious state-of-art Xmodal-Ctx [31] by 5.6% in CIDEr and
1.3% in BLEU-4. On the other hand, when compared with
methods with transformer pre-training, our HAAV, despite
being only trained on MS-COCO, achieves comparable or
often better performance.

To further demonstrate the label efficiency of HAAV, we
train it on the Karpathy split [27] of Flickr30K, which only
has ∼0.15M training data (4x smaller than MS-COCO), and

show the results in Table 2. The results of other methods are
taken from [47]. We can see that our HAAV outperforms
previous state-of-art ORT substantially by 12.9% in CIDEr
and 4.3% in BLEU-4. The significant improvement may
come from the label efficiency of our method, which is
particularly important when trained on the smaller-scale
dataset of Flickr30K.

4.3. Ablations and Analyses

The goal of this paper is to propose an efficient and ef-
fective way to leverage heterogeneous views. Therefore,
in this section we closely examine whether our proposed
HAAV achieves these goals in Section 4.3.1 for efficiency
and Section 4.3.2 for effectiveness. Following the convention
in [19, 22, 31], we only train the model with cross-entropy
loss for all ablations and analyses.

4.3.1 Computation, parameter, and label efficient

In Section 3.3, we propose to regard input views v as aug-
mentations of the input image and encode the views inde-
pendently with a shared IC-encoder. To demonstrate the
efficiency of our method, in Table 3, we show the theoretical
computation and parameter complexity as well as the actual
training speed and trainable parameters. Since we do not
want to trade performance in pursuit of efficiency, we also
show in Table 3 that our method achieves better performance
despite being more efficient.

Comparison with common aggregation approaches.
As described in Section 3.2, other common approaches in-
clude (1) using a separate model per view [4, 10, 22, 43],
which trains |V | IC models, one for each input view, and
averages the predictions of word probability from each IC
model as the final word prediction, and (2) concatenation
of views [31, 36], which concatenates all input views along
the sequence dimension into a long single view, and feeds
the concatenated input views into the IC model for caption
generation. In Table 3, using a separate model per view
has to train |V | models and thus is parameters inefficient
(O(|V |)). Concatenation of views concatenates all views
into one long single view and is computationally expensive
(O(|V |2)). Compared to these two approaches, our HAAV
has linear computation (O(|V |)) and constant parameter
(O(1)) complexity, and performs consistently better across
all metrics by large margins.

Shared v.s. unshared encoder. Another design choice
is whether or not to use a shared encoder for each view. In
Table 3, in the case of training without a contrastive loss
(w/o Lcon), using unshared encoders [2, 3, 20, 34] for each
view does not bring any performance benefits compared to
using a shared encoder, but with the cost of higher parameter
complexity (O(|V |)). Furthermore, we ablate the proposed
contrastive loss Lcon, and found that the unshared encoder
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Table 3. Comparison with other encoding strategies in terms of efficiency and performance. We train the models on MS-COCO Karpathy
split [27] and report the validation results. All models are trained with cross-entropy loss only (w/o SCST fine-tuning) following the
convention in [19, 22, 31]. Our strategy of shared encoder trained with an additional contrastive loss Lcon achieves the best performance and
is computation and parameter efficient. Please see Section 4.3.1 for more details of different conditions.

Computation Parameter Performance
Conditions Lcon complexity iter/sec ↑ complexity #params ↓ B-4 M C S

Model per View O(|V |) 2.23 O(|V |) 52.5M 38.5 28.6 121.1 21.3
Concatenated views O(|V |2) 4.20 O(1) 13.1M 38.5 28.7 122.8 21.7
Unshared encoders O(|V |) 5.33 O(|V |) 20.8M 39.7 29.1 125.4 22.1
Unshared encoders ✓ O(|V |) 3.96 O(|V |) 22.7M 39.7 29.3 125.8 22.2
Shared encoder O(|V |) 5.97 O(1) 13.5M 39.7 29.1 125.6 22.1

Ours (Shared encoder) ✓ O(|V |) 4.83 O(1) 15.4M 40.5 29.4 127.6 22.3
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Figure 3. Data efficiency of HAAV. HAAV (blue) only needs
about 40-50% labeled data to achieve similar performance as other
common methods for heterogeneous view image captioning trained
on 100% of data such as using concatenated views (red) and a model
per view (gold). All models are trained with cross-entropy loss only.

does not benefit from Lcon as much as the shared encoder.
Although Lcon introduces additional overhead such as extra
parameters from the projection heads and extra computation
from pairwise similarity during the training time (not for
inference), the increase in complexity is moderate but the im-
provement in performance is significant when incorporated
into our shared-encoder strategy.

Label efficiency with fewer training data. To test the la-
bel efficiency of HAAV, in Figure 3 we train the model with
{10, 20, ..., 90}% of labeled data, and compare the CIDEr
score with other common approaches for heterogeneous view
image captioning, using concatenation of views (red) and a
separate model per view (gold), trained on 100% of data. We
can see that HAAV only needs about 40-50% labeled data
to achieve comparable performance. With the same input
views and similar model architectures, this indicates that our
method is more label efficient, likely due to our novel use of
heterogeneous views as augmentations and the contrastive

loss Lcon. In the supplementary, we also show that HAAV
suffers less from overfitting on MS-COCO in the supplemen-
tary, indicating that our model is more label efficient.

Semi-supervised training. To demonstrate label effi-
ciency brought by the contrastive loss Lcon even further, we
train a semi-supervised image captioning model. Specifi-
cally, the model is trained on the labeled data (image-caption
pairs) from Flickr30K, and unlabeled data (image only) from
MS-COCO. Since our contrastive loss is applied differently
than other VL methods and does not require annotated pairs
(e.g. human-annotated image-caption pairs in MS-COCO), it
can be applied on the unlabeled image-only data to aid repre-
sentation learning of encoded views u. In Table 2, with semi-
supervised training, the already strong HAAV achieves an
even better performance of +3.9% CIDEr and +1% SPICE.

4.3.2 Effectiveness of hierarchical decoder layer

In Section 3.4, we propose a hierarchical decoder layer to
model the effectiveness of encoded views and adaptively
weigh them according to their effectiveness for caption gener-
ation. To verify if the proposed hierarchical decoder achieves
this goal, we monitor the view-level attention weights of
CrossAttnLv2 in two control studies. To show the architec-
tural design of the proposed hierarchical decoder layer is
effective, we compare with other common designs in Table 4.

Adaptive view-level attention weights. We design two
control studies in Figure 4 to show how the view-level atten-
tion weights of CrossAttnLv2 vary adaptively according to
the effectiveness of an input view. In the first experiment, we
add noise to a view by randomly zeroing out tokens in a view
to make a view less effective, and expect a drop of weights
toward that noised view. To measure the weights, we take
the multi-head attention weights of CrossAttnLv2 at the last
decoder layer and average the attention weights across heads.
In Figure 4a, the weights for the noised view drops consis-
tently at each word prediction step compared to the same
view without added noise. This means that our hierarchical
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(a) Attention weights averaged across heads for a noised
view at each caption generation step.

(b) Input image with caption: a dog
laying down beside a little couch

head

at
te

nt
io

n 
w

ei
gh

ts

0.10

0.15

0.20

0.25

0.30

0.35

0 1 2 3 4 5 6 7

clean masked

ID: 246076; Masked: dog

(c) Attention weights of different attention heads at the
step of generating “dog”, which is masked out in the
input image.

Figure 4. The view-level attention weights of CrossAttnLv2 vary adaptively according to the effectiveness of a view at the view level and at
the word level when generating a caption for the center image. (a) We add random noise to a view and show that the attention weights
averaged across different attention heads drop consistently at each step of caption generation. (c) We mask out dog in the input image and
show that the attention weights of different attention heads drop consistently at the step of generating the word “dog”.

Table 4. Ablations of design choices for the proposed hierarchical
decoder layer. Our proposed two-tiered cross-attention architecture
works the best. The models are trained with cross-entropy only.

Method B-4 M C S

Concatenate 39.2 29.2 125.1 22.1
Mean pool 39.4 29.2 125.2 22.2
Max pool 38.7 28.8 122.9 21.5
Sigmoid 39.4 29.2 125.5 22.2
Tanh 39.4 29.3 124.8 22.0

Ours 40.5 29.4 127.6 22.3

decoder indeed learns to adaptively weigh the views accord-
ing to their effectiveness at the view level. In the second
experiment, we randomly mask out a prominent region of
the input image for a view. For example, we mask out dog in
the input image (Figure 4b) with caption “a dog laying down
beside a little couch” to make a view less effective at the
step of generating the word “dog”. We expect a drop of the
weights toward the masked view at the step of generating the
word “dog”. To measure the weights, we take the multi-head
attention weights of CrossAttnLv2 at the last decoder layer
and measure the attention weights of each head at the step
of generating the word “dog”. In Figure 4c, the weights
for the masked view drops consistently across all attention
heads compared to the same view without masking. This
means that our hierarchical decoder indeed learns to adap-
tively weigh the input views according to their usefulness at
the word level. The example in Figure 4 is randomly chosen
and more examples can be found in the supplementary.

Design choices of the hierarchical decoder. In Table 4,
we ablate different design choices of the hierarchical

decoder. One simple alternative is to concatenate the
encoded views u along the sequence dimension into a long
single view, and use a single cross-attention module to
jointly aggregate the views at the token level. One can also
mean-/max-pool to aggregate across views in place of the
CrossAttnLv2 module. Other works also propose to use a
sigmoid/tanh gating mechanism [22] to aggregate across
layers [10], which can be generalized to aggregating across
views. In Table 4, we can see that our proposed hierarchical
decoder layer with a two-tiered cross-attention structure
achieves the best performance compared to all other designs.

5. Conclusion
In this paper, we focus on the problem of how to efficiently

and effectively leverage heterogeneous views v. To tackle
this problem, we propose HAAV to (1) regard heterogeneous
views as augmentations of the input image, and naturally
encode each view independently with a shared encoder in
an efficient manner, (2) incorporate a contrastive loss across
encoded views u to improve representation quality and label
efficiency (especially semi-supervised training to leverage
image-only unlabeled data), and (3) carefully design a hierar-
chical decoder layer that first aggregates within each view at
the token level and then across views at the view level to ac-
count for the effectiveness of each encoded view u. Through
rigorous analysis, we show HAAV is computation, param-
eter, and data efficient, and outperforms other less efficient
designs and existing approaches for heterogeneous views
image captioning. We also demonstrate that our hierarchical
decoder successfully models the effectiveness of views and
weigh them adaptively according to their effectiveness. We
demonstrate significant performance improvements of +5.6%
CIDEr compared to state-of-art w/o transformer pre-training
on MS-COCO and +16.8% CIDEr with SSL on Flickr30K.
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