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Visual Question Answering (VQA) is a relatively new task where a user can ask a natural question about an image and
obtain an answer. VQA is useful for many applications and is widely popular for users with visual impairments. Our goal is
to design a VQA application that works efficiently on mobile devices without requiring cloud support. Such a system will
allow users to ask visual questions privately, without having to send their questions to the cloud, while also reduce cloud
communication costs. However, existing VQA applications use deep learning models that significantly improve accuracy, but
is computationally heavy. Unfortunately, existing techniques that optimize deep learning for mobile devices cannot be applied
for VQA because the VQA task is multi-modal—it requires both processing vision and text data. Existing mobile optimizations
that work for vision-only or text-only neural networks cannot be applied here because of the dependencies between the
two modes. Instead, we design MobiVQA, a set of optimizations that leverage the multi-modal nature of VQA. We show
using extensive evaluation on two VQA testbeds and two mobile platforms, that MobiVQA significantly improves latency and
energy with minimal accuracy loss compared to state-of-the-art VQA models. For instance, MobiVQA can answer a visual
question in 163 milliseconds on the phone, compared to over 20-second latency incurred by the most accurate state-of-the-art
model, while incurring less than 1 point reduction in accuracy.
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1

INTRODUCTION

Visual Question Answering or VQA is a task of answering a natural language question that a user can ask about
any image. VQA has been widely used for several tasks including grocery shopping, locating a specific object
in a complex scene, and choosing clothes [8]. VQA is especially useful for users with visual impairments who
seek descriptions or ask questions about the physical world around them [9]. VQA empowers over 253 million
people worldwide who have vision impairments [5]. With the recent progress in deep learning, VQA models see
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significantly improved accuracy, making them even more useful. However, state-of-the-art VQA models run on a
cloud server, often on GPUs, and are resource intensive.
We ask the question: can VQA models run locally on the phone, without requiring any cloud support. The
primary motivation for our work is to allow users to ask visual questions about their surroundings without having
to give out their private information. For example, a blind user may want to take a picture of their prescription
bottle and ask about the type of pill in the bottle. They may not necessarily want to send this information to a
cloud provider. A further motivation is the cloud cost. A user may ask questions about an image they captured on
their phone, but sending the image to the cloud over a cellular connection will incur large costs. Instead, running
a VQA model locally will mean that a user can receive answers to their questions privately and with low cost.
The problem of course is that state-of-the-art VQA models incur large latencies when run on mobile devices.
We analyzed three state-of-the-art VQA models—LXMERT [52], X-LXMERT [16], and ViLT [34], released in years
2019, 2020, and 2021, respectively. Running the most accurate models on a smartphone takes over 20 seconds;
the less accurate models take an average of 1.4 seconds. For a user to use these models seamlessly for their
everyday activities, the latencies need to be in the range of 200 to 300 milliseconds [3, 47]. Therefore, the VQA
deep learning model needs to be optimized for resource-constrained environments.
Optimizing deep learning models for mobile devices is a well-studied problem [11, 12, 17, 36]. However, VQA
presents unique challenges because of its multi-modal nature. Rather than vision-only tasks, or image-only tasks,
VQA models have both a vision processing component and an image processing component. Existing VQA models
work by creating a representation of the question using NLP techniques and a representation of the image using
vision techniques. These two representations are combined using cross-modal encoding, which is the cause of
most of the bottleneck. However, popular vision optimizations such as parallelization [7] does not work because
of the dependencies between text and image representation in the cross-modal layer. Optimizations designed to
make NLP applications work on mobile devices [13] reduce the total amount of text processing. However, VQA
models do not have to process large amounts of text data unlike text-based question answering.
Instead, we design MobiVQA, a set of optimizations that (i) specifically leverage the multimodal nature of
the VQA task, and (ii) can be applied to several existing VQA models. The latter is important because VQA
models are moving targets1 . The MobiVQA optimizations work by reducing the model computation by leveraging
information from both the image and the question.
The MobiVQA optimizations are based on two intuitions. The first is that visual questions are not equally hard
or easy, some questions cannot be answered due to poor image quality or ambiguous questions. The second is
that visual questions only need to query relevant information based on the image. We do not need to process the
irrelevant parts of the image, given a specific question. Based on these intuitions we develop three techniques:
(1) Attention-based two-stage early exit. MobiVQA uses a two-layer early exit algorithm that is at-once
aggressive and conservative. In the first stage, for questions that cannot be answered, MobiVQA is aggressive
and stops processing early. In the second stage, MobiVQA leverages the salient information in the question and
image representation to decide if further processing will improve accuracy; if not, MobiVQA exits processing, (2)
Question-aware pruning. VQA models process an image differently for different questions (see example in
Figure 1). However, existing VQA models processes the entire image, irrespective of the question. Instead, we
determine the part of the image that is most salient to answer a given question. MobiVQA then prunes the rest of
the image so that it does not have to be processed, and (3) Adapting to grid-based models. The most accurate
VQA models require object detection which is expensive on mobile devices. Instead, we adapt these models to
grid-based models where the image features are extracted from the image pixels without any object detection.

1 new

models are being developed and released regularly with the goal of improving visual question answering accuracy. Designing system
optimizations that work only for one specific VQA model is likely to become obsolete and not useful.
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We implement MobiVQA on two mobile platforms: Nvidia TX2 board [54] and an Android smartphone (Pixel
3XL). We evaluate over two popular VQA datasets: VQAv2 [24] and VizWiz [26]. We find that with MobiVQA
optimizations, the latency to answer a question is reduced to 163 ms on the smartphone. In fact, when compared
to a cloud VQA model, MobiVQA improves latency by 3.5x even on a fast WiFi connection, since the image does
not have to be sent to the cloud provider.
We compare MobiVQA to two state-of-the-art VQA models: LXMERT [52] and X-LXMERT [16]. On the VQAv2
dataset, when compared to the most accurate state-of-the-art model LXMERT, the latency reduces from over 20s
to 163ms on the phone for less than 1 point drop in accuracy. When compared to the less accurate X-LXMERT,
the latency reduces from 1.8s to 163ms with an improvement in accuracy of 3 points when using MobiVQA. We
also compare MobiVQA to ViLT [34], the newest VQA model released in 2021. This model does not run on the
phone, but when run on the board, we see a 3.1x improvement in latency. Results were similar on the VizWiz
dataset.

2

BACKGROUND

Q: what is to the right of the soup?
A: chopsticks

Q: is this rice noodle soup?
A: yes

Fig. 1. Two example questions asking information about the same image. The colored overlays are heatmaps that visualize
the first layer cross-attention information (which image parts contribute to the answer) in a VQA model.

2.1

VQA Models

A VQA model take as input an image and a natural language question, and produces an answer. Different from
image-only vision models or text-only QA models, VQA models need to extract the cross model interaction
between the image and the text. For example, Figure 1 shows different questions asked of the same image. The
first is the image with the question, "what is to the right of the soup?", for which the answer is "chopsticks". In
the second example, the question asked of the same image is, "is this rice noodle soup?", to which answers is
"yes". The attention given to different parts of the image depends on the question, as shown by the green and
orange overlays. We visualize the attention (values are between [0, 1]) as heatmap overlays where light color
indicates smaller attention values and vice versa. We explain the attention in more detail in §4.2.
The VQA models follow a common pattern in constructing the model architectures as shown in Figure 2.
Specifically, the models use three encoders: (1) a vision encoder that uses techniques such as a CNN based object
detector to extract object features from the input image, (2) a language encoder such as BERT [18] that take the
question tokens as inputs and convert them to a set of word vectors representing the contextual information, and
(3) a cross-modal encoder performing the feature fusion between the question and object representations.
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The encoders are increasingly being implemented as a transformer [55] that uses self attention to create a
rich representation of each modality and its combination. Figure 3 shows the self-attention and cross-attention
processes in these encoders.
Input image
CNN
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Cross-Modality
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Image
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Fig. 2. State-of-the-art VQA model architecture. A VQA model first creates the image and the question features individually,
then builds richer representations over the features using single modality encoders, and fuses the two sets of features via a
cross-modal encoder, and finally uses an answer classifier to output an answer.
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Fig. 3. The self-attention (self-attn) and cross-attention (cross) blocks inside the encoders of a VQA model. "FF" means
feed-forward layers. There are 𝑁𝑞 layers for the question encoder, 𝑁𝑖 layers for the image encoder, and 𝑁𝑐 layers for the
cross-modal encoder.

2.2

State-of-the-art VQA Models

State-of-the-art VQA models can be categorized as region-based or grid-based; region-based models are more
accurate but computationally expensive, while grid-based methods are efficient but less accurate. For example,
ViLT [35] and X-LXMERT [16], two state-of-the-art grid-based models have 71.3%2 and 68.6% accuracy scores
which is 1∼4 points lower than the state-of-the-art regions-based models LXMERT [52] (accuracy: 72.4%).
Region-based VQA models. Region-based VQA models [14, 41, 52, 66] first detect the objects in the image,
using off-the-shelf object detectors Faster-RCNN [49]. They then use the features of each object to model the
relationships among the detected objects and use it as the representation. Region-based VQA have higher accuracy
compared to grid-based due to fine grained object feature representation via object detection process.
2 we

report the accuracy numbers from the published papers
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Grid-based VQA models. Grid-based VQA models [16, 31, 35] do not require the expensive object detection
step, and are more efficient compared to region-based models. Instead, the models get features directly from the
image pixels without learning the higher level object information. Grid-based VQA models obtain these pixel
features from image encoders CNNs [39] or vision Transformers [19] without object detection. But because of the
lower accuracy, region-based VQA models are widely used in the VQA community [10, 22]. Given the efficiency
versus accuracy tradeoffs in grid-based and region-based VQA models, developing more accurate and faster VQA
models is an active research area.

3

ON-DEVICE VQA CHALLENGES

Transformer models are known to consume large amounts of resources even in cloud settings [1], let alone
resource-constrained mobile environments. To understand the challenges of running VQA models on the mobile
devices, we study three representative state-of-the-art models, one region-based model LXMERT [52] and two gridbased models X-LXMERT [16] and ViLT [35]. We ran these two models on two mobile devices: a next-generation
mobile board [54] and a recent, high-end phone [4]. Details are in §6.
We choose LXMERT because it has the highest accuracy. X-LXMERT is a grid version of LXMERT and is touted
for the lower latency. ViLT is the newest model released in 2021; it is grid-based and has considerably low latency.
Table 1 shows the latency and number of parameters. LXMERT, the most accurate model, requires nearly 6
seconds to run on the mobile board and over 20 seconds to run on the phone (because of the object detection
component). Even the fastest grid-based model requires 651ms on the mobile board. We could not run ViLT on
the phone because it has unsupported model operations. However, when run on a Google collab GPU, it took 1.3
seconds. However, to be used seamlessly without perceiving delays, the latencies have to be in the range of 200
to 300ms [47].
Table 1. The latency and accuracy statistics for the one region-based and two grid-based models. *VILT does not run on the
phone, so we report numbers from running the model on Google Colab GPU.

Model
LXMERT
X-LXMERT
ViLT

Params (million)
237
270
118

Model Storage (MB)

Accuracy (%)

TX2 latency (ms)

Phone latency (s)

1446
1533
449

72.4
68.6
71.3

5913
561
651

>20
1.8
>1.3*

Table 2 shows the breakdown of the model components in Figure 2 for LXMERT and X-LXMERT. Based on this
breakdown, we identify the following challenges in adapting the VQA models to resource-constrained devices.
Dectecting objects is expensive for on-device state-of-the-art VQA models. Region-based models incur
significant latency for object detection. Object detectors like FasterRCNN [49] use a ResNet50 backbone to extract
feature maps over the image and then use a region proposal network to generate thousands of proposals for
potential objects on top of the feature maps, which requires large amounts of computation. VQA models then
use the visual feature representations for detected objects. The object detection requires 91% of the total VQA
inference processing time on the mobile Jetson TX2 board with a mobile GPU. Since the object detection for our
use cases have to be done at runtime, region-based models are not suitable for on-device VQA.
Cross-modal encoding is the bottleneck for grid-based VQA models. Grid-based VQA models remove
the need for object detection, but see an accuracy drop. In that case, the key bottleneck is the cross-modal encoder,
which takes over 49% of the total inference processing time.
Unfortunately, parallelizing cross-modal layers to speedup the computation is difficult. In the cross-modal
encoder, the cross-attention layers are applied to vision and language modalities and cause computational
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dependencies that are non-parallelizable. In Figure 3, the cross-attention for each text token or image grid feature
relies on the other tokens or grids. Even if the operations (such as matrix multiplications in the self-attention
and feedforward layers) inside the cross-modal encoder are parallelizable, the computation dependencies in
cross-attention prevent the parallelization of the cross-modal layer. This is in contrast to the question encoder and
image encoder in Figure 3 which are independent and can run in parallel. Existing parallelization optimization
like MobiRNN [11] addresses computation dependencies in RNNs by offloading to mobile GPUs. However, the
RNN dependencies are different from the cross-modal dependencies in Transformers. RNNs process each element
of the input data sequentially in each layer at each step, while Transformers process all elements (in our case
all image patches and question tokens) at the same time. In Figure 3, the self-attention layer in the cross-modal
encoder itself is parallelizable and can process all vision input elements (orange box) or language inputs (blue
box) at once, while for RNNs the internal states sequentially depends on each element of the inputs.
Table 2. The latency breakdown for the X-LXMERT and LXMERT VQA model. The second row shows the inference latency
(percentage) spent in each component of a VQA model when answering questions from the VQAv2 datasets on the TX2 board.
Object detection is the major (>90%) bottleneck for region-based LXMERT VQA model, while for grid-based X-LXMERT VQA
model, there is no object detection, cross-modal encoding is the main bottleneck, accounting for nearly half of the total time.

VQA Components
1. Image Preprocessing
2. Object Detection
3. Question Encoding
4. Image Encoding
5. Cross-modal encoding

4

X-LXMERT

LXMERT

16.9%
0%
9.1%
24.7%
49.3%

0.5%
92.1%
0.8%
2.2%
4.4%

MOBIVQA DESIGN

In this work, we introduce MobiVQA, an efficient on-device VQA system that optimizes state-of-the-art VQA
models. The resulting model can run efficiently on a mobile device without requiring any cloud support. Our goal
is to design optimizations that work well across VQA models. We demonstrate the generalizability of our approach
for three different state-of-the-art VQA models in §6.2.3. Since most VQA models have a similar architecture
(shown in Figure 2), our optimizations work by (a) reducing the computation required by a VQA model and (b)
reducing the data that flows through a model. Figure 4 shows the overall architecture of MobiVQA that consists
of the following three optimizations:
• Attention-based two-stage early exit: Early exit is a well known technique used by several machine
learning systems [38, 45, 50, 53]. The idea is to exit the network if the answer cannot be improved by
processing more layers. However, we find that existing early exit strategies do not work well as-is for the
visual QA task. Instead, we design early exit algorithms specifically designed for visual QA.
• Question-aware image pruning: A unique characteristic of visual QA is that different parts of the image
are salient for different questions. By characterizing the salient regions that are most important to answer
a given question, the other image regions can be pruned to reduce processing. We design a question-aware
pruning that significantly reduces computation while maintaining accuracy.
• Adapting to grid-based models: Region-based models run extremely slow as shown in §6 on mobile
devices, our analysis of existing VQA models show that grid-based models are more efficient than regionbased models, but at the cost of accuracy. We adapt existing region-based models to grid-based without
requiring expensive pre-training, while maintaining the original accuracy.
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We discuss the early exit and pruning optimizations first and then describe how we adapt any region-based
VQA model to a grid-based model without loss of accuracy.

Attention-based two-stage early exit

Adaptation to
grid features

First-stage early exit

Second-stage early exit

Answer classifier

Image
encoder
Cross modal
encoder
What is to the right of the soup?

Text
encoder

Question-aware
image pruning

Fig. 4. Overview of MobiVQA design. MobiVQA first converts region-based VQA models to use grid features. Then MobiVQA
uses lightweight two-stage early exit and question-aware image pruning to reduce the computation bottleneck in the
cross-modal layers of a VQA model.

4.1

Attention-Based Two-Stage Early Exit

Recall that the cross-modal encoding is the biggest bottleneck in existing VQA models (see Figure 2) and
optimization techniques such as parallelization cannot be applied here. Instead, in MobiVQA, we develop a
two-stage early exit algorithm that exits the cross layer encoding earlier, to avoid expensive computation. The
algorithm adaptively decides how much cross-modal processing is needed for different visual questions.
In the first stage, we decide if the input visual questions is too difficult to answer, in which case we fail
early and do not enter the cross-modal encoding stage. For the remaining queries, we use an attention-based
early exit classifier that determines how many layers of the cross-modal encoding is needed. Existing early exit
algorithms [38, 45, 50, 53, 61, 68] use prediction probabilities to make decisions on when to exit. However, we
find that the prediction probabilities alone are insufficient for VQA tasks.
First Stage Early Exit: We examined the visual questions of two widely studied VQA datasets (VQAv2 and
VizWiz [24, 26]). We looked at real questions asked by visually impaired users about their surroundings [25,
26]. 28.6% of these questions are unanswerable because either the image quality is low or the questions are
ambiguous [15, 64].
Our goal is to design an end-to-end classifier that uses question and image features to determine if a question
cannot be answered. We fuse the image and question features and learn a binary classifier. Specifically, we
transform the question features into a single vector 𝒒 by learning a weighted combination of all question token
vectors {𝒒 1, 𝒒 2, ..., 𝒒𝑖 }:
∑︁
𝒒=
𝑎𝑖 𝒒𝑖
(1)
𝑖

exp(𝒘𝑞 𝒒𝑖 )
𝑖 ′ exp(𝒘𝑞 𝒒𝑖 ′ )

𝑎𝑖 = Í

(2)

and 𝒘𝑞 is a weight vector to learn.
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The image features are also a sequence of “grid tokens”, and each token vector represents a grid feature.
Similarly, we map the image grid features {𝒗 1, 𝒗 2, ..., 𝒗 𝑗 } into a single image vector 𝒗:
∑︁
𝒗=
𝑏𝑗𝒗𝑗
(3)
𝑗

𝑏𝑗 = Í

exp(𝒘 𝑣 𝒗 𝑗 )
𝑗 ′ exp(𝒘 𝑣 𝒗 𝑗 ′ )

(4)

and 𝒘 𝑣 is also a learnable weight vector.
We then obtain two new feature vectors 𝒒𝑛𝑒𝑤 and 𝒗𝑛𝑒𝑤 by passing 𝒒 and 𝒗 each into a separate linear layer
followed by a ReLU activation function. Then we apply element-wise product of 𝒒𝑛𝑒𝑤 and 𝒗𝑛𝑒𝑤 to fuse the two
modality features into a single vector 𝒇 , which is finally fed to a two-class linear classification layer (parameterized
by 𝒘𝑐 ) to produce a binary prediction 𝑝 𝑓 .
𝒒𝑛𝑒𝑤 = 𝑟𝑒𝑙𝑢 (𝒘𝑞 𝒒)

(5)

𝒗𝑛𝑒𝑤 = 𝑟𝑒𝑙𝑢 (𝒘 𝑣 𝒗)

(6)

𝒇 = 𝒒𝑛𝑒𝑤 ∗ 𝒗𝑛𝑒𝑤
𝑝 𝑓 = 𝒘𝑐 𝒇

(7)
(8)

The result is a classifier that determines if we can fail early or if we should continue processing a query. We
show in the evaluation §4.1 the classifier achieves an average precision score of 0.96 indicating the first-stage
classifier effectively identify failure cases.
Attention-based Second Stage Early Exit: For visual questions that can be answered by the VQA model, the
correct answer can be obtained at different layers in the cross-modal encoder.
Existing early exit works use prediction probabilities (or derived entropy) as a confidence score for making the
exit decisions. However, we find that using prediction probabilities to exit early results in large accuracy drops if
bigger inference speedups are desired (see §6). The problem is the nature of the VQA task. This is because the
information needed to answer visual questions is not salient in final answer probabilities alone and may rely
on more modality relevant signals like the cross-attention between the question and the image. Previous work
has shown deep neural networks have the overthinking problem [32] where the shadow layers output correct
answers but deeper layers produce wrong answers due to the confusion in the internal model states. Prediction
probabilities only capture this confusion before the model’s final classification layer but not intermediate states
such as cross-attention information that is available in VQA models.
To mitigate this issue, in MobiVQA, we design a lightweight learning based exit classifier that leverages the
attention scores in the cross-modal layers as well as the prediction probabilities. Attention in deep learning models
mimic cognitive human attention to assign larger weights to a specific part of the input information, similarly
to how humans pay more attention to salient features. This attention information provides richer features to
reduce the confusion in answer predictions and can be used to influence answer confidence. We aggregate the
information in the cross-attention between the question and image and define an attention entropy feature. We
feed both this attention entropy feature along with the prediction probabilities feature to a second-stage early
exit classifier to predict if the answer is correct. For each cross-modal layer, if the exit classifier predicts the
answer is correct, we stop further processing, exit the cross-modal encoder and outputs the predicted answer
from the answer classifier.
Specifically, we compute the entropy of the attention scores in all attention heads in the cross-modal layers
and feed them into a linear classifier together with the prediction probabilities from the answer classifier. We
add We denote 𝐴ℎ𝑗𝑖 as the attention score over token 𝑖 to 𝑗 for the head ℎ for a cross-modal layer, 𝑒ℎ the entropy
Í𝑁 𝑗 Í𝑁𝑖 ℎ
ℎ
𝑇
𝑇
𝑇
for head ℎ is 𝑒ℎ = − 𝑗=1
𝑖=1 𝐴 𝑗𝑖 log 𝐴 𝑗𝑖 . The classifier is defined as 𝑐 = 𝒘 1 𝒆 + 𝒘 2 𝒑 + 𝑏 , where 𝒘𝑖 and 𝑏 are
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trainable weights, 𝒑 is the prediction probability vector and 𝒆 the entropy for all heads. During inference, for
each cross-modal layer, we obtain the prediction probabilities from the layer classifier and the attention scores
from the cross-modal layer, and compute the exiting probability 𝑐, if 𝑐 is greater than a selected threshold, the
classifier exits. The detail procedure is described in Algorithm 1.

Algorithm 1 Attention-based second-stage early exiting
for 𝑙 in 1...𝑛 do
⊲ 𝑛 is the number of cross-modal layers
get attention scores 𝑨 𝑗𝑖 from all heads in cross-modal layer 𝑙
⊲ 𝑨 𝑗𝑖 ← [𝐴1𝑗𝑖 , 𝐴2𝑗𝑖 , ..., 𝐴ℎ𝑗𝑖 ]
get prediction probabilities 𝒑𝑙 from the answer classifier in cross-modal layer 𝑙
Í𝑁 𝑗 Í𝑁𝑖
𝒆 ← − 𝑗=1
⊲ compute the entropy of attention scores in cross-modal layer 𝑙
𝑖=1 𝑨 𝑗𝑖 log 𝑨 𝑗𝑖
𝑐 ← 𝒘𝑇1 𝒆 + 𝒘𝑇2 𝒑 + 𝑏
⊲ compute the exiting probability of cross-modal layer 𝑙
if 𝑐 ≥ 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 then
return argmax(𝒑𝑙 )
⊲ early exit from the cross-modal layer 𝑙, return predicted answer
end if
end for
return argmax(𝒑𝑛 )

Overall, the two-stage early exiting (TEE) algorithm works as follows: first, we detect questions that cannot
produce a satisfactory answer and for these we fail early and avoid expensive cross-modal computation; then we
employ an attention-based exit classifier that predicts which cross-modal layers to exit. We describe the label
collection and classifier training process in more details in §5.

4.2

Question-aware Image Grids Pruning

The second optimization leverages the unique characteristic of visual QA. Recall from Figure 1 that given the
same image, different questions need to be processed differently to produce different answers. To illustrate this
further, we visualize the cross-modal attention for the two different questions in Figure 1 as heatmaps. Darker
color (e.g., orange or yellow) overlays show the attention distributes more weights and lighter colors (e.g., blue
or purple) indicates the regions are less attended. For the left question, "what is to the right of the soup?", the
cross-modal encoder attends most to the chopsticks on the right part of the input image. For the right question,
"is this rice noodle soup?", the VQA model scatters the attention to almost the entire input image, indicating the
need to process the whole image to produce a good answer.
If we can identify what image regions/grids are needed for further processing earlier, we could potentially
reduce the computation by pruning the remaining parts of the image. Based on the intuitions above, we design a
question-aware image pruning (QIP) method.
Specifically, we take the question to image cross attention scores in the first cross-modal layer. For each
image grid (each grid can be viewed as a visual “token”), we compute the importance score by summing up the
corresponding attention scores over all question tokens, averaged across all attention heads. We sort the image
grids and only process the top-k image grids further through the cross-modal layers processing. We define the
Í 𝑁ℎ Í 𝑁𝑞 ℎ
importance score 𝑠𝑖 of image token 𝒗𝑖 in attention head ℎ as: 𝑠𝑖 = 𝑁1ℎ ℎ=1
𝑗=1 𝐴 𝑗𝑖 , where 𝑁ℎ is the number of
attention heads in the cross-modal layer, 𝑗 stands for a question token, 𝑁𝑞 is the number of question tokens, and
𝐴ℎ𝑗𝑖 is the attention score. The image token importance score is defined over the question to image attention
information 𝐴 𝑗𝑖 and thus we call this method question-aware image pruning.
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4.3

Adapting Region-based to Grid-based Models without Loss of Accuracy

Recall that grid-based VQA models incur lower latency and are more suited for on-device implementations
because they do not perform expensive object detection. However, the model is less accurate compared to
region-based models that first detect objects and then answer the visual question. Figure 5 shows the image
processing differences between the two types of VQA models. Region-based VQA models process the input
image by first detecting the objects and then only use feature representations of the extracted objects for later
processing. Grid-based VQA models divide the input image into smaller patches (grids) and represent every
image grid for further processing.
Existing grid models such as X-LXMERT [16] adapt a region-based model (in this case, LXMERT [52]) by
pre-training the image model using the features from the grid. Pretraining is an expensive large-scale training
process where the model is trained on large amount of unlabeled data to learn useful representations for various
down-stream tasks like VQA. The problem is that this pre-training causes misalignment in the cross-modal
interactions between image objects and textual concepts. The original LXMERT [52] reasons with question
tokens using region features (i.e. features for each detected objects) that represent fine-grained visual semantics,
such as “chopsticks to the right of noodles". X-LXMERT is pre-trained to reason over coarse-grained grid image
features, such as, “pieces of chopsticks to the right of several parts of noodles". This pre-training regularizes
the model to perform coarse-grained reasoning that misaligns image objects and question concepts because
the model was previously pre-trained to reason over fine-grained features. Recent VQA models like ViLT [35]
also design architectures that use grid features from scratch. By pre-training on large-scale (often more than
several millions) image captioning datasets, the models learn coarse-grained features that are useful for image
and text reasoning tasks like VQA. But grid-based models have lower accuracy due to such coarse-grained feature
alignments. Annotating image caption datasets with fine-grained information (such as which object maps to
which word) may help the models improve VQA performance but requires substantial efforts. The community is
also doing active research on techniques that can exploit more fine-grained alignments automatically between
image and text without such fine-grained annotation.
Our goal in MobiVQA is to adapt any given region-based model to grid-based model without incurring large
pre-training costs or losing accuracy. Our observation is that the end-to-end pre-training using grid features both
results in loss of accuracy and makes adapting region-based models to grid-based models expensive. Instead,
MobiVQA adapts any region-based model to grid-based without requiring pre-training. MobiVQA uses a gridbased feature extractor (some extractors are already available [31]) to extract image grid features. We replace the
object detection module in region-based VQA models with the grid-based feature extractor. We then fine-tune
the adapted model directly for the VQA tasks. Compared to pre-training, fine-tuning is a relatively lightweight
training process where a model is trained on the target task (in our case VQA) that has a smaller scale (tens to
hundreds of thousands) dataset.
This simple adaptation keeps the accuracy within 1% change; the accuracy of our adapted grid-based LXMERT
is 71.5% and the original region-based LXMERT 72.1%. Our adaptation is effective because the fine-tuning
adaptation does not break the reasoning skills acquired during original region-based models pre-training. The
shorter training time during fine-tuning forces the VQA model to learn the mapping (i.e. adjusting quickly to
fit the task labels) between grid and region features for the specific VQA task. This is possible because grid
features and region features are essentially learned from the same images, if the reasoning skills acquired during
pre-training are not lost, fine-tuning forces this kind of feature realignments thus maintaining similar VQA task
performance.
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(b) Grid-based models process an image by chopping the image into smaller grids and are not
object-aware.

Fig. 5. Region- vs grid- based VQA models.

5

IMPLEMENTATION

We implement MobiVQA using the PyTorch [48] v1.8.1 along with PyTorch Lightning [20] v1.3.8 for training
and inference. We implement MobiVQA on both a mobile development board [54] and an Android smartphone.
MobiVQA is implemented directly on the board. However, the VQA model, and the MobiVQA optimizations,
have to be converted to PyTorch traced mobile format to run on Android. We release the code at https://github.
com/SBUNetSys/MobiVQA.

5.1

VQA datasets.

We use two standard VQA datasets in our implementation: VQAv2 [24] and VizWiz [26]. VQAv2 dataset consists of
open-ended diverse questions about images both from the MSCOCO [43] dataset (designed for large-scale object
detection, segmentation, and captioning) and real world abstract scenes. The V2 version is more challenging than
its previous version [6] because of complementary images where most questions are asked about a pair of similar
images that result in different answers. Answering these questions requires an understanding of vision, language
and commonsense knowledge.
VizWiz dataset was collected in a natural visual question answering setting where blind people were asked to
take an image and record a spoken question about it, and then crowd workers answer these visual questions. The
questions are often are more conversational and 28.6% of the questions cannot be answered because the images
are noisy and low quality.

5.2

MobiVQA optimizations

We implement the three optimizations as follows:
Two-stage early exit classifier. For existing VQA models, there is only one answer classifier at the final
layer. However, early exit requires that an answer classifier is added to all layers, so that they can exit from any
one of the layers. To this end, for a given VQA model, we add an answer classifier to all the cross-modal layers.
The weights are initialized using weights from the original VQA model. We then train this multi-classifier VQA
model so that it can exit from any cross-modal layer.
To train the classifiers we need ground truth labels for exit decisions at different layers of the network. The
label is collected as follows (1) for first-stage early exit, for a given question, if the model fails to return a correct
answer from any of the answer classifiers, we label it as exit, otherwise we label it as continue. Then we train the
first stage-early exit classifier algorithm described in §4.1 using a binary cross-entropy loss. (2) in the second-stage
early exit, the ground truth exit layer is the earliest cross-modal layer when the answer is correct. We use a
multi-class cross-entropy loss to supervise the second-stage exit classifier described in §4.1. In both cases, we set
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the exit criterion as a tune-able threshold, such that if the probability from the exit classifier is greater than the
threshold then we exit the network.
Implementing the question-aware pruning. We first estimate an importance score of each image grid
based on the question and the attention information as discussed in §4.2. We then set an optimal pruning ratio
that provides the best performance on the validation set. For example, a pruning ratio of 0.1 means we remove
90% of the image grids based on the importance score.
Adapting region-based to grid-based models. We use the grid feature extractor [31] with ResNet50 as the
CNN backbone to extract grid features for the input image. To adapt a region-based models to use grid features,
we replace the object detection features with extracted grid features as inputs to the VQA model.

5.3

Training and testing

We perform the training tasks under fp16 precision using a cluster with 4 Nvidia V100 GPUs. We use the following
hyperparameters during finetuning of all VQA models: training batch size of 256, 3 epochs with a learning rate of
5 ∗ 10−5 and a warmup ratio of 0.1. We also clip the gradient values to 0.5.
The VQAv2 dataset has 443K training samples, 214K validation samples and 453K testing samples in the form of
question-image pairs. To avoid frequent submissions to the evaluation server, we do not use the test set. Instead,
from the validation set, we sample 20k examples as our validation set, and another 12895 examples as our test set.
This validation set and test set together uses 15% examples of the original validation set, we merge the rest of the
85% examples to the original training set for training.
VizWiz contains 20523 training, 4320 validation, and 8000 test image/question pairs. For development purposes,
we do not use the test set, and instead divide the validation set into 2160 examples for our validation set and 2160
examples for our test set. We train on the 20523 training samples. We train all models only on the training set,
select hyperparameters based on the accuracy on our validation set, and report the accuracy on our test set.

5.4

Setting threshold and pruning ratio.

There are two parameters that need to be set for MobiVQA. The first is the exit threshold. This threshold determines
when MobiVQA will exit processing in the first and second stage. We use the validation dataset and different
values of exit thresholds and choose the threshold that provides the best performance. We use this value in
the test set. For VQAv2 dataset, the optimal threshold is 0.45 for first-stage early exit and 0.37 for second-stage
early exit. For VizWiz dataset, the optimal thresholds are 0.65 and 0.58 for first-stage and second-stage early exit
respectively. The second parameter is the pruning ratio for question-aware pruning. As before, we experiment
with different pruning ratios on the validation set. For the VQAv2 dataset, the pruning ratio was set to 0.9, and
for the VizWiz data set the ratio was set to 0.85.

6

EVALUATION

We optimize three state-of-the-art VQA models using MobiVQA optimizations. We then compare the MobiVQA
optimized models with the original model in terms of accuracy, latency, and energy consumption. Our experiments
are conducted on two different mobile devices and two VQA datasets. Our evaluation results show that
• On an average, MobiVQA takes less than 169ms to answer a question on a smartphone. When compared to
cloud VQA , MobiVQA improves the latency of a cloud implementation of MobiVQA by 52x, 6.2x, and 3.5x
for 3G, LTE, and WiFi, respectively. This is because, a cloud VQA requires that the image be sent to the
cloud which incurs additional latency.
• MobiVQA reduces end-to-end QA time by an average of 66x on the phone (up to 121x speedup), across
datasets and baselines. On the mobile board, MobiVQA reduces latency by an average of 6.8x (up to 16x).
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The energy reductions are commensurate with the latency reduction while the accuracy drop is less than 1
point.
• MobiVQA’s early exit algorithm has lower accuracy loss compared to existing probability-based and
entropy-based early exit algorithms [38, 50, 53, 60]
We start by describing the evaluation methodology.

6.1

Evaluation Methodology

We evaluate MobiVQA on two datasets, VQAv2 [24] and VizWiz [26]. We describe the datasets, the training, and
testing methodology in the previous section. All results are based on the method described in §5.
6.1.1 Devices. We conduct experiments two devices: (1) Mobile Board: a Nvidia Jetson TX2 [54] development
board with quad core ARM 64bit CPU, a 256-core CUDA GPU, 8GB memory, and 128GB storage. (2) Mobile Phone:
A Pixel 3XL Android Smartphone running Android 12.0. The phone runs a Snapdragon 845 chipset, with 4GB
RAM and 64GB storage. The smartphone also has a Adreno 630 GPU, but we focus on evaluating the performance
on CPU due to incomplete support of the PyTorch mobile framework.
6.1.2 Baselines. We compare MobiVQA against three baseline VQA systems. LXMERT [52] is a region-based
VQA model that has the highest accuracy among VQA models to-date. X-LXMERT [16] is the grid-based model
adapted from the original region-based LXMERT. The third baseline is the most recent model called ViLT [35]
released in 2021.
In the case of LXMERT and X-LXMERT, we apply MobiVQA optimizations to LXMERT and compare the
performance of the optimized model with the original models. In case of ViLT, we apply the optimization to the
ViLT model and then compare the original and optimized models. We apply the grid adaptation optimization
only for region-based models.
6.1.3 Evaluation Metrics. The evaluation metrics are as follows:
(1) Accuracy: We use the same accuracy definition 𝑚𝑖𝑛( 𝑁𝑎𝑛𝑠
3 , 1) as introduced in the VQAv2 and VizWiz
dataset, where 𝑁𝑎𝑛𝑠 is the number of humans annotating the 𝑎𝑛𝑠. This accuracy metric is reported to be more
robust to inter-human variability in phrasing the answers.
(2) Latency: We define the end-to-end latency as the duration from receiving the text question and input
image to producing an answer for the VQA systems. For all latency measurements, we run each model 10 times
across 1000 randomly sampled examples from the validation set and report the average inference latency.
(3) Energy: We measure energy consumption of the end to end VQA inference using the internal on-board
power monitor on the Jetson TX2 board. We use the Android dumpsys [2] tool to report the battery consumption
on the phone.

6.2

MobiVQA Benefits

6.2.1 MobiVQA Improves VQA Inference Latency and Causes Minimal Accuracy Loss. Table 3 shows the latency,
energy and accuracy results when comparing LXMERT and X-LXMERT, with MobiVQA. Recall that MobiVQA
is an optimized version of LXMERT. Compared to region-based LXMERT VQA model on the VQAv2 dataset,
MobiVQA reduces the latency by 16x on the mobile TX2 board and over 121x on the mobile phone with less
than 1% accuracy loss on both VQAv2 and VizWiz datasets.
Compared to X-LXMERT (the grid-based model), MobiVQA provides 1.5x speedup for TX2 board and 10.9x
speedup for smartphone. The latency benefits are similar for the VizWiz dataset. Note that the speedup for TX2
board is relatively smaller compared to the phone. This is because we do not optimize the CNN (ResNet50) grid
feature extractor. Applying orthogonal optimizations such as pruning or quantization would help further reduce
the latency but is not our focus in this work. On the phone side, the PyTorch mobile inference runtime uses
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JIT-trace3 based optimized model format that is able to optimize the CNNs and gives a larger speedup. This
optimization is available to all models, not just MobiVQA.
In terms of accuracy, MobiVQA sees a less than 1 point drop compared to LXMERT. In contrast, X-LXMERT,
the grid-based model that is adapted from LXMERT sees an accuracy drop of 4% on both datasets. In other words,
MobiVQA improves latency significantly without significant accuracy drop.
6.2.2 MobiVQA Consumes Less Energy on Mobile Devices. Table 3 shows MobiVQA effectively reduces the VQA
energy consumption on the mobile board by 19x and the smartphone by 18x respectively for the VQAv2 dataset
compared to LXMERT. This result is especially significant for users with visual impairments because blind users
are disproportionately worried about battery drain [62]. Even compared with the grid VQA model X-LXMERT,
MobiVQA saves the energy by 3.1x and 2.8x for the VQAv2 and VizWiz datasets respectively. MobiVQA also
saves the energy on the mobile board for both VQA datasets.
For baseline models the latency and energy numbers are the same for different datasets because the model
only differs in model weights and not computation complexity. However, MobiVQA can have different latency
and energy numbers for different datasets because the two-stage early exit and question-aware image pruning
can be configured with different threshold values. In fact, this allows MobiVQA to explore the trade-off space
between latency and accuracy as different thresholds result in different trade-offs. We explore this further in §6.5.
Table 3. Comparing the end to end latency, energy and accuracy for MobiVQA with X-LXMERT and LXMERT VQA models.
∗ Running the object detector for the region-based VQA model LXMERT alone takes over 20 seconds on the phone, which
translates to more than 50J energy consumption.

Model

TX2 Latency

TX2 Energy

Phone Latency

Phone Energy

Accuracy (%)

∗

VQAv2

LXMERT 5.9 s
X-LXMERT 531 ms
MobiVQA 361 ms

106.2 J
8.5 J
5.6 J

> 20 s
1.8 s
165 ms

> 50 J
8.8 J
2.8 J

72.4
68.6
71.8

VizWiz

LXMERT 5.9 s
X-LXMERT 531 ms
MobiVQA 382 ms

106.2 J
8.5 J
6.2 J

> 20 s ∗
1.8 s
172 ms

> 50 J
8.8 J
3.1 J

53.2
48.7
52.4

6.2.3 Comparing MobiVQA with Other VQA Models. The VQA models are moving target since the research
community is actively developing newer and better model architectures. It is important to understand how
MobiVQA optimizations work for other types of VQA architectures. We applied MobiVQA optimizations to
ViLT [35], the state-of-the-art VQA model released in 2021. ViLT has the same VQA pipeline as the other models,
but does not use CNNs for image feature extraction. Instead, ViLT only uses the transformer architecture to build
visual and textual features from the input question and image.
Unlike the other VQA models, ViLT does not have two stages; both the image and question representation
and the cross-modal encoding are performed using the same transformer architecture. So, we use the first layer
to apply the first-stage early exit, and then apply the second-stage early exit for subsequent layers. The image
pruning starts from the second cross-modal layer (since the first layer is used for the first-stage early exit). We
tune the exit thresholds and pruning ratios on the local validation set to find the best tradeoffs between the
accuracy loss and inference speedups.
3 See

https://pytorch.org/mobile/android/#use-pytorch-jit-interpreter.
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Table 4. The latency and energy numbers of ViLT on the TX2 board for the VQAv2 dataset.

Model
TX2 Latency
ViLT
651 ms
MobiVQA-ViLT
213 ms

TX2 Energy
11.2 J
3.3 J

Accuracy (%)
71.3
70.5

As shown in Table 4, we observe a 3.1x reduction in inference latency (from 651 ms to 213 ms) for less than a 1
point drop in accuracy for the VQAv2 dataset. We are unable to run ViLT on the mobile device due to unsupported
model operations on the mobile.

6.3

MobiVQA vs Cloud VQA

One advantage of MobiVQA is that the image does have to transferred to the cloud, avoiding further cloud latency
and cellular data costs. To evaluate the latency when using the cloud, we assume that the image on the users
phone needs to be uploaded. We randomly selected 10 images from the validation set of the VQAv2 dataset and
the average size of these images are 196KB.
In these experiments, we upload the image of 196KB, run the VQA model on the cloud, and get the response. We
performed this experiment on WiFi (bandwidth=169Mbps, RTT=27ms), LTE (bandwidth=58.5Mbps, RTT=78ms),
and 3G (bandwidth=10.6Mbps, RTT=200ms). We then run the MobiVQA optimized LXMERT on the cloud device.
The cloud device specifications were: 3.4GHz CPU, GTX 1080Ti GPU and 32GB memory. We found that default
LXMERT and X-LXMERT is slower on the cloud device compared to MobiVQA, so we compare the performance
with a cloud version of MobiVQA.
Table 5 shows that MobiVQA improves latency over the cloud VQA (also using MobiVQA) by 52x, 6.2x, and
3.5x for 3G, LTE, and WiFi, respectively. It is possible that a cloud device will be more powerful than the one
we used, but the results suggest that the communication latency is the biggest bottleneck, and even if the cloud
compute latency is reduced to 0, the local MobiVQA is 3.2x faster even in the best case, under WiFi.
Table 5. The latency of cloud VQA vs MobiVQA.

Model
MobiVQA 3G
MobiVQA LTE
MobiVQA Wi-Fi
MobiVQA-Local

6.4

Network Latency Cloud Compute Latency Total Latency
8691 ms
45 ms
8736 ms
980 ms
45 ms
1025 ms
530 ms
45 ms
575 ms
0 ms
165 ms
165 ms

Effectiveness of MobiVQA Optimizations

MobiVQA consists of three key optimizations: adapting region-based VQA models to be grid-based (adaptation),
attention-based two-stage early exit (TEE) and question-aware image pruning (QIP). Table 6 shows the latency
and accuracy numbers when applying each of the three techniques by themselves. Combining all three gives the
best inference speedups with minimal accuracy changes.
Specifically, adaptation alone improves the accuracy by 3 points compared to the grid-based X-LXMERT VQA
model and maintains the inference speed. Comparing with the region baseline model, adaptation provides over
11x speedups while keeping the accuracy loss to less than 1 point.
Applying attention-based two-stage early exit (TEE) reduces the latency by over 12x compared to the regionbased model with negligible loss (0.3%) in accuracy. It is also effective in improving the accuracy by over 3.6% to
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(a) Precision-recall of the first-stage early exit. The average
precision is 96% indicating the first-stage early exit is able to
distinguish between unanswerable questions and questions
that can be answered.

1.0

1.2
1.4
1.6
1.8
Cross-modal encoding speedup

2.0

(b) Accuracy versus cross-modal encoding speedup for comparing the attention-based (MobiVQA) second stage early
exit with probability- and entropy-based exit methods. We
vary the exit thresholds to get different samples.

Fig. 6. Comparing the attention-based two-stage early exit algorithm with existing works that use probability- or entropy- to
make early exit decisions.

the grid-based model and still provides 1.1x speedup. This is because we tune the two exit thresholds to be less
aggressive while maintaining accuracy (we discuss the trade-offs between accuracy and latency in §6.5).
Compared to the region-based model, question-aware image pruning (QIP) has a relatively bigger accuracy loss
(1.2%) but comes with a 13x latency speedup. When comparing with the grid-based model, QIP also effectively
reduces the latency by 1.1x while providing 2.6% higher accuracy. Again, one can tune the pruning ratios in QIP
optimization to trade-off between latency and accuracy.
Table 6. Latency and accuracy results of only applying the each optimization in MobiVQA by itself.

TX2 Latency

VQAv2 Accuracy (%)

LXMERT baseline
X-LXMERT

5.9 s
531 ms

72.4
68.6

MobiVQA
with only adaptation
with only TEE
with only QIP

361 ms
531 ms
482 ms
462 ms

71.8
71.5
72.1
71.2

6.4.1 Impact of Two-stage Early Exit. In this subsection, we explore the characteristics of the two-stage early exit
optimization. The question we ask is—how often does MobiVQA make the right decision to stop processing in
the first or second stage If MobiVQA is wrong in many cases, then the users will not get any answer (in the case
of first stage exit) or will receive a poor answer (in case of the second stage exit).
Our early exit algorithm is a classification problem: a positive label indicates the question is likely to get an
answer and thus needs further processing, a negative label means the model is unlikely to find a correct answer
and stops the processing. We use a Precision-Recall curve to characterize the performance of our classification.
Figure 6a shows that the first-stage exit classifier is able to identify the failure cases with an average precision of
96%.
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(b) Accuracy versus cross-modal encoder speedup for applying the question-aware image pruning at different layers.

Fig. 7. Understanding the performance of the question-aware image pruning in MobiVQA on the VQAv2 dataset.

Figure 6b shows the precision of our second stage early exit. Recall that in this stage, MobiVQA uses an attention
based early exit algorithm, unlike related work that use prediction probabilities [38, 50] or entropy [53, 60]. We
compare the latency and cross-modal encoding speedup of MobiVQA with baseline early exit algorithms that use
prediction probabilities or entropy.
The x-axis shows the inference speedups and y-axis shows the accuracy. The upper right region gives better
latency versus accuracy trade-offs. Our attention-based TEE curve lies above the upper right of both probabilityand entropy-based curves. In other words, MobiVQA’s early exit algorithm performs better than probability or
entropy based early exit methods. For example, while providing the same speedup of 1.6x, TEE is 0.6% more
accurate than probability-based early exit and over 3% more accurate than entropy-based methods.
6.4.2 Impacts of Question-aware Image Pruning. To quantify the pruning effects in question-aware image pruning
(QIP) optimization, we (1) compare pruning at different layers in the cross-modal encoder of a VQA model and (2)
vary the pruning ratios to understand the accuracy versus latency tradeoffs. For both experiments, we only apply
the adaptation optimization first to the region-based LXMERT model so that the accuracy is close to baseline
region-based models. The model has 5 cross-modal layers and has 608 image grids.
Figure 7a shows the accuracy versus latency trade-offs under different pruning ratios. We find pruning up to
80% of the image grids does not hurt the accuracy too much (less than 1%), while still see large latency speedups
(over 2x). Nevertheless, pruning over 95% of the image grids causes significant accuracy loss (over 3%). This
verifies that only a small portion of the image information is crucial for the model to output a correct answer. In
MobiVQA for the VQAv2 dataset, we set the pruning ratio to 90%.
For pruning at different layers, we set a fixed pruning ratio (90% for the VQAv2 dataset), fine-tune the VQA
model and measure the accuracy and latency speedups in the cross-modal encoder4 . Figure 7b shows the trend
that pruning at a later layer provides less than 1.5x speedups while maintaining a higher accuracy, pruning earlier
(before layer 2) gives better speedups but achieves lower accuracy. For simplicity, in MobiVQA, we prune the
image at 1st layer for speedup considerations, but we can tune the pruning ratio to maintain a better accuracy.
4 we

do not compare end to end latency as this will confound the pruning effects because other components such as image feature extraction
also contributes to the latency delays.
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Fig. 8. MobiVQA allows accuracy versus latency trade-offs. Numbers are measured on the VQAv2 dataset.

6.5

MobiVQA Allows Flexible Accuracy and Latency Trade-offs

As shown in the §6.4, setting different exit thresholds for the two-stage early exit and different pruning ratios for
the question-aware image pruning can produce different accuracy versus latency trade-offs in the cross-modal
encoder of a VQA model. In this section, we plot in Figure 8 the end to end latency and accuracy tradeoffs by
varying the thresholds. We change the threshold in the range of [0.2, 0.9] with a 0.05 step for both of the two
stage early exits. We also change pruning ratios across the ranges from [0.01, 0.1] with a 0.01 step, and from
[0.1, 0.9] with a 0.1 step.
MobiVQA is flexible for deployment and allows different accuracy and latency trade-offs. For example, if the
user cares more about the latency and can tolerate less accurate predictions, as shown in Figure 8b, we get 15x
latency speedup on the phone but with a relatively larger accuracy loss 1.4%. Similarly, if a higher accuracy like
72.0% (lose 0.4%) is desirable, we still get 4x latency benefits on the phone.

6.6

MobiVQA Runtime Overhead

As we show earlier, with the TEE and QIP optimizations, MobiVQA brings both latency and energy benefits.
We further study how each of the two optimizations contributes to the on-device runtime inference overhead,
i.e. the inference delay of executing the optimization alone. For TEE, the extra computation is in the two early
exit classifiers, we empirically find the latency for the classifier is no more than 1.1% (i.e. <5 ms) of the model
inference latency and remains constant regardless of the thresholds. For QIP, the extra computation is in the
pruning metric calculation (aggregation of attention scores) and top-k selection of image grids. Although the
runtime overhead increases as we prune more images (e.g. from 1% to 50%), it remains within 2.7% (i.e. <10 ms)
of the the overall model latency.

7

RELATED WORK

Efficient deep learning has seen significant progress in the last few years, especially in vision and NLP. Much
of these works focus on optimizing vision-only tasks [29, 37, 63] or NLP/text-only [11, 13, 51] tasks. However,
emerging applications such as VQA require different optimizations to address the complex interactions between
different modalities. In this section, we discuss related work on deep learning optimizations for vision and NLP.
VQA Models for Mobile. Although there is no work on directly optimizing VQA models for mobile devices, one
could combine vision optimizations and text optimizations to answer visual questions. For example, MiniVLM [57]
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uses a two-stage efficient object detector to extract region features from the image. This image feature extraction
model can be combined with a more efficient text model such as a smaller BERT [18] model to encode the
question. Similarly, DistillVLM [21] introduces a small student language vision model to distill the knowledge
from a larger teacher model. However, these smaller models lead to significant accuracy loss (over 3%) compared
to state-of-the-art models that are specifically designed for visual question answering. More importantly, both
MiniVLM and DistillVLM require repeated large scale pre-training on many GPUs which is expensive. Our
MobiVQA optimizations do not have such prohibitively expensive pre-training costs.
Early Exit. BranchyNet [53], DenseNet [28], and Shallow-Deep Network [32] are pioneering works in the
computer vision community that started the early exit idea for efficient neural network. Recently, the NLP
community has also adopted the early exit idea for large transformer language models [45, 50, 60]. SPINN [38]
comprehensively uses multi-exits in CNNs for progressive mobile-cloud inference. A more comprehensive study
of early exit research can be found here [46]. However, existing early exit algorithms either use the answer
probabilities or entropy over the answer probabilities as the exit criterion, our evaluation shows that these
decisions result in a drop in accuracy. Instead, MobiVQA uses attention information that takes into account the
cross-modal vision and text information.
Caching, Offloading, and Parallelization. Mobile community has studied running DNNs efficiently on mobile
device either via computational reuse like caching [63], parallel offloading [67], or parallelization [40]. However,
VQA models have inherent data dependencies in the cross-modal interaction layers which prevents the use
of these techniques. MobiRNN [11] uses mobile GPUs to efficiently run RNNs that have different input data
dependencies than state-of-the-art Transformer models. RNNs process the input sequence data step by step while
Transformers use self-attention to process all input data at the same time. Transformers has shown to cause one
to two orders of magnitude less training costs whiling achieve better accuracy for many tasks than RNNs [18, 55]
A recent work [42] introduces speculative inference for multimodal data application on mobile. However, their
speculative inference works for asymmetric multimodal streams such as video or audio and cannot be directly
applied to non-streaming applications like VQA. DeQA [13] is a recent work on optimizing deep QA models for
mobile devices but works by optimizing the large volume of text data. The question answering task requires that
the model searches through a large collection of text data to find the answer. However, in VQA, the amount of
data that needs to be processed is small because the answer is contained within one image and not in a large
collection.
Optimizing DNNs using Compression. Compressing DNNs by pruning [27, 44, 65] or quantization [30, 58, 59]
has been shown to be effective for reducing the model sizes and improve inference latency in resource-constrained
environments. Compression methods are orthogonal to our approach and one can apply them on top of MobiVQA
for further improvements. Closer to our question-aware image pruning algorithm, token pruning approaches [23,
33, 56] selectively eliminate all possible input word vectors based on the attention scores. Our question-aware
image pruning method uses the question to image cross-attention scores to measure the importance of image
tokens, which better utilizes the cross-modal information. The MobiVQA pruning also reduces image redundancy
instead of removing tokens possibly in the entire input sequence.

8

CONCLUSION

On-device visual question answering or VQA can empower users to get answers for visual questions privately and
at low cellular costs. The problem is that existing VQA models use deep learning algorithms that are expensive to
run on mobile devices. The VQA task is unique in that it requires multi-modal fusing of text representation as well
as image representation. Unfortunately, there are no existing optimizations that adapt multi-modal applications
such as VQA for mobile devices. In this paper, we design MobiVQA, a set of optimizations that specifically
leverage the multi-modal nature of the VQA task. MobiVQA adapts the accurate but slow region-based VQA
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model to faster grid-based model without sacrificing accuracy. MobiVQA then uses an attention-based two-stage
early exit algorithm that exploits the cross-modal information in VQA to dynamically exit the model and reduce
computation. This is coupled with a question-aware pruning technique that prunes part of the image that cannot
be used to answer the question. These optimizations are general and we show that it can be applied to several
existing VQA models. Extensive evaluations show that MobiVQA substantially reduces the latency and energy
compared to three state-of-the-art VQA models, with minimal accuracy loss.
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