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Smart glasses PS: “What is the panoramic 
segmenta�on of this image?”

DE: “What is the depth
es�ma�on of this image?”

OCR: “What is the text on
this image?”

IC: “What does the image 
describe?”

VQA: “Is here a dining 
room?”
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OCR: Exit.

IC: A room with table 
and chairs.

VQA: Yes

(Obstacle Avoidance)
There is a counter two 

meters ahead on the left.

(Simple Navigation)
There is a door 3 meters 

ahead on the right.

(Text Recognition)
A sign with "Exit" on the 

right.

(Scene Understanding)
This is a room with a table 

and chairs.

(Object Recognition)
6 chairs, 2 tables, 1 

counter and 1 painting in 
the dining room.

@Bench

Input image

Downstream applica�ons

Figure 1. Overview of our Assistive Technology Model (@MODEL) and Benchmark (@BENCH). @MODEL can perform vision-
language tasks all at once, including: Panoptic Segmentation, Depth Estimation, Image Captioning, Optical Character Recognition and
Visual Question Answering. All tasks of @BENCH are selected by People with Visual Impairments (PVIs) to evaluate VLMs for AT.

Abstract

As Vision-Language Models (VLMs) advance, human-
centered Assistive Technologies (ATs) for helping People
with Visual Impairments (PVIs) are evolving into general-
ists, capable of performing multiple tasks simultaneously.
However, benchmarking VLMs for ATs remains under-
explored. To bridge this gap, we first create a novel AT
benchmark (@BENCH). Guided by a pre-design user study
with PVIs, our benchmark includes the five most crucial
vision-language tasks: Panoptic Segmentation, Depth Esti-
mation, Optical Character Recognition (OCR), Image Cap-
tioning, and Visual Question Answering (VQA). Besides,
we propose a novel AT model (@MODEL) that addresses
all tasks simultaneously and can be expanded to more as-
sistive functions for helping PVIs. Our framework exhibits
outstanding performance across tasks by integrating multi-
modal information, and it offers PVIs a more comprehen-
sive assistance. Extensive experiments prove the effective-
ness and generalizability of our framework.

∗Equal contribution.
†Corresponding author (e-mail: jiaming.zhang@kit.edu).
All codes will be made publicly available at ATBench.

1. Introduction

Assistive Technologies (ATs) for People with Visual
Impairments (PVIs) have witnessed significant advance-
ments in recent years where computer vision and natu-
ral language processing play an important role. Previous
works [1, 8, 9, 45] focus on providing PVIs with specific
and limited functionalities, such as navigation [1], obsta-
cle avoidance [45], image captioning [9], etc. However,
existing methods face challenges in efficiently processing
multiple tasks simultaneously. Specifically, existing ap-
proaches struggle to accurately interpret complex scenes,
which is essential to meet the needs of PVIs. Additionally,
they often provide less contextually relevant information for
scene description. Recently, the generalist Vision-Language
Models (VLMs) [24,42,52] have been proposed and shown
great potential in multi-tasking and revolutionizing the next-
generation assistive systems. Regarding Vision-Language
(VL) tasks, these models benefit from the dividend in both
computer vision and natural language processing domains,
facilitating collaboration between visual and language tasks
for a more comprehensive understanding of the surrounding
environment. Nonetheless, benchmarking VLMs for ATs is
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still under-explored. The previous Large Language Mod-
els (LLMs) and Large Vision-Language Models (LVLMs)
benchmarks [23, 49] have limitation in two aspects. Firstly,
while the benchmarks focus on language-specific and cross-
modal tasks, they seldom address pure vision-specific tasks,
which are crucial in the context of visual impairments. Sec-
ondly, these benchmarks tend to prioritize general applica-
bility over the specific needs of individuals with visual im-
pairments. Therefore, we raise the research question: Are
VLMs ready for empowering assistive technology for help-
ing People with Visual Impairments (PVIs)?

To answer this question, we propose a new VL-based AT
benchmark (@BENCH) as a platform for evaluating VLMs
for visually impaired assistance. To involve the target group
in shaping the benchmark, we conduct a number of ques-
tionnaires via a human-in-the-loop process with seven par-
ticipants who are blind or have low vision, so as to under-
stand the practical demands of PVIs. Based on the feed-
back of the user study, we introduce five tasks ranked by
blind users according to the level of interest, frequency of
usage, and level of importance. As presented in Fig. 1,
the most assistance-related tasks include: Panoptic Seg-
mentation (PS), Depth Estimation (DE), Optical Charac-
ter Recognition (OCR), Image Captioning (IC), and Visual
Question Answering (VQA). Beyond the range of tasks, per-
formance and efficiency stand as crucial considerations in
AT for PVIs. Therefore, we introduce an evaluation frame-
work for assessing the trade-off between efficiency and per-
formance in generalist VLMs.

With this benchmark in place, we propose a novel AT
model (@MODEL) that use task-specific prompt to com-
bine these 5 uni-modal or cross-modal tasks and realize the
paradigm of multi-task training. Thanks to this, @MODEL
can use one suit of parameters to implement multiple tasks.
It is crucial to significantly reduce the number of parame-
ters, and it will be possible to deploy one model and one
suit of weights on the portable device for PVIs.

To summarize, we present the following contributions:
(1) Human-in-the-loop User Study. As a part of PVIs-

specific design, it is necessary to investigate the needs
of the target group. We conduct a participatory user
study for the sake of understanding the most related
tasks, enabling a user-driven design.

(2) Vision-Language Benchmark for Assistive Technol-
ogy. We release a new benchmark with five represen-
tative VL tasks close to the daily life of PVIs. Other
complex functionalities can be derived from these
tasks, such as obstacle avoidance. We further evalu-
ate the efficiency-performance trade-off on @BENCH.

(3) Generalist Vision-Language Model for Assistive
Technology. We propose a new end-to-end baseline
@MODEL for addressing multiple tasks in @BENCH
all at once. The model achieves competitive perfor-

mance compared with state-of-the-art methods.
(4) One Suit of Weights for All Tasks. Benefiting from

multi-task training, our model is capable of concur-
rently executing all tasks with a unified set of weights,
resulting in a significant reduction in the number of pa-
rameters and computational cost.

2. Related Work
2.1. Assistive Technologies for the Blind

A common goal in ATs is to develop artificial intelli-
gent systems via vision-language algorithms to help PVIs.
VizWiz, introduced by Bigham et al. in 2010 [3], presents
the first multi-task datasets and artificial intelligence chal-
lenges originating from PVIs. These include over 10 tasks,
such as VQA [8], image captioning [9], object detec-
tion [33] and object classification [2], etc. It covers various
scenes in the daily life of PVIs and provides valuable data
for the research of ATs. Other task-specific datasets [37,46]
focus on the recognition of obstacles and tactile paving, fur-
ther contributing to this field. Based on the PVIs-oriented
and general datasets, most work used visual model to ad-
dress the daily challenges encountered by PVIs. For ex-
ample, previous works [1, 7, 22, 39, 45, 48] employ visual
tasks such as detection, segmentation and depth estimation
to accomplish avoidance, navigation, privacy protection,
etc. Some other works have focused on language-modal
or cross-modal tasks, such as OCR [25, 30], image caption-
ing [9], and VQA [8]. Compared to these existing methods,
we conduct a human-in-the-loop study to design a unified
multi-modal benchmark for evaluating VLMs for ATs.

2.2. Generalist Vision-Language Models

Generalist VLMs have witnessed remarkable advance-
ments, driven by breakthroughs in deep learning tech-
niques [31,42,52]. Developing a generalist model for multi-
ple tasks poses unique challenges due to the heterogeneous
inputs and outputs, including RGB images, depth maps,
binary masks, bounding boxes, language, etc. Previous
methods MetaLM [10] and PaLI [4] use language models
as general-purpose interfaces to various foundation mod-
els. GLIPv2 [44] unifies both localization and VL under-
standing tasks as grounded vision-language tasks. OFA [42]
and Unified-IO [24] introduce a Seq2Seq framework for the
unification of I/O, architectures, tasks, and modalities. X-
Decoder [52] can predict pixel-level segmentation and lan-
guage tokens through a generalized decoding model. Uni-
Perceiver v2 [20] formulates different tasks as a unified
maximum likelihood estimation problem without any task-
specific fine-tuning. However, these methods are either un-
able to perform multi-task training, or they focus too much
on language-modal tasks or cross-modal tasks, while ignor-
ing vision-modal tasks that are important for PVIs, such as
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segmentation [47] and depth estimation [21]. Therefore,
we propose a new method that can comprehensively con-
sider and balance multiple assistance-related uni-modal and
cross-modal tasks, and can use one suit of weights for all
tasks.

2.3. Benchmarks for Vision-Language Models

To evaluate vision-language systems, Zhou et al. [51]
propose a multi-task multi-dimension benchmark for Vision
Language Pretraining (VLP) models. Su et al. [36] intro-
duce the GEM benchmark, a multi-modal benchmark that
focuses on both image-language tasks and video-language
tasks. Recently, many LVLMs benchmarks [23, 49] have
emerged to more comprehensively evaluate the fine-grained
capabilities of models. However, a vision-language bench-
mark for ATs and PVIs is lacking in the literature. To bridge
this gap, we introduce @BENCH , a benchmark that in-
cludes realistic multi-modal tasks closely relevant to the
daily lives of PVIs. Therefore, @BENCH is designed to
serve as a fundamental benchmark for evaluating VLMs in
the realm of ATs.

3. @BENCH: Assistive Technology Benchmark
@BENCH is a pioneering multi-modal benchmark tai-

lored specifically for the domain of Assistive Technology
(AT). The primary target of @BENCH is to establish a com-
prehensive and standardized evaluation platform for vision-
language models in the context of helping PVIs.

In this section, we introduce the detail of the user study
(Sec. 3.1), which helps us identify important tasks that
are closely related to PVIs. We then provide an overview
(Sec. 3.2) of the tasks, datasets and metrics encompassed
within the @BENCH framework. Subsequently, we intro-
duce the vital dimension for assessing the performance of
VLMs for ATs: efficiency-performance trade-off (Sec. 3.3).

3.1. User-centered Study

Organization. To build the AT benchmark, we conducted
a pre-study with 2 accessibility experts to develop a reason-
able questionnaire. Based on their suggestions and multiple
discussions, we further organized a user-centered study with
7 participants who are blind or have low vision. The goal
was to identify which vision-language tasks are beneficial
for the target group and meet their requirements.
Questionnaire. To enhance the rationale of our benchmark
design, we conducted a questionnaire session with the par-
ticipants. In this questionnaire, we presented 8 functions
relevant to the daily lives of PVIs in Table 1: (1) obsta-
cle avoidance, (2) indoor distance estimation, (3) object
recognition, (4) object location, (5) text recognition, (6) sur-
roundings understanding, (7) scene recognition and (8) vi-
sual Q&A for surroundings. At the begining of the user
study, we first explained the specific concepts of different

functions and related usage scenarios to the participants.
Then, they were asked to rate each function based on 3 cri-
teria: (1) level of interest, (2) frequency of usage, and (3)
importance in their daily life from 1 (lowest) to 5 (highest).
In addition, each function has and can be performed by us-
ing a corresponding uni-modal or cross-modal task.
Quantitative Result. Each participant rated each function
from 1 to 5 based on these three criteria. After collecting
the scores of each participant, we averaged the scores of
the 7 participants to represent the score of the function, and
finally used the total score of the 3 criteria as the score of
each function. And we use the total score as a basis to select
relevant functions and tasks. The ratings were then aggre-
gated and summarized, as illustrated in Table 1. Functions
5 and 3 have the highest scores. PVIs think text recogni-
tion and object recognition are the most important in their
daily life. Function 7 has the lowest score and has a large
gap with other functions. At the same time, functions 1,
2, 4, 6, and 8 have similar scores. Therefore, we did not
consider the tasks corresponding to function 7 in the bench-
mark, and retained the tasks related to all the remaining
functions. According to the study, the selected functions
are: panoptic segmentation, depth estimation, OCR, image
captioning and VQA.

3.2. Assistive Tasks

Guided by the user study, @BENCH contains 5 tasks that
are extremely relevant to the daily lives of PVIs. We give
an overview of all tasks and the corresponding datasets in
Table 2, and describe the details as follows:
Panoptic Segmentation. It is the task that combines both
semantic segmentation and instance segmentation, aiming
to simultaneously recognize all object instances in an image
and segment them by category, helping blind people per-
ceive the surroundings more accurately. We opt to ADE20K
[50], which contains more than 27K images spanning 365
different scenes with totally 150 semantic categories, in-
cluding indoor, outdoor, urban, rural, etc., basically cov-
ering almost all daily life scenes and common objects of
PVIs. And we use Panoptic Quality (PQ) [18] to measure
the performance.
Depth Estimation. It is the task of measuring the distance
of each pixel relative to the user’s camera. According to
user study, the majority of PVIs spend most of their time in-
doors. Therefore, we choose NYU v2 [27], which includes
indoor scenes. We evaluate with the RMSE metric.
Optical Character Recognition. It is the conversion of
images of typed, handwritten or printed text into machine-
encoded text. We know text recognition is the most impor-
tant function for the PVIs from user study, so we select two
widely-used, large synthetic datasets for training: MJSynth
(MJ) [12] and SynthText (ST) [12]. We evaluate recogni-
tion accuracy on 6 datasets, covering various text scenar-
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Function Related Task
Level of Interest Frequency of Usage Importance

Total
1 (low)– 5 (high) 1 (low) – 5 (high) 1 (low) – 5 (high)

1 Obstacle Avoidance Panoptic Segmentation 3.00 2.71 2.43 08.14

2 Indoor Distance Estimation Depth Estimation 3.14 2.43 2.43 08.00

3 Object Recognition Panoptic Segmentation 3.86 3.71 4.00 11.57

4 Object Location Panoptic Segmentation 3.29 3.14 3.29 09.72

5 Text Recognition OCR 4.57 4.43 4.43 13.43

6 Surroundings Understanding Image Captioning 3.43 2.86 2.71 09.00

7 Scene Recognition Scene Recognition 2.14 1.71 1.86 05.71

8 Visual Q&A Visual Question Answering 3.57 3.43 3.43 10.43

Table 1. Quantitative result of the user study. Potential functions can be achieved via related tasks, which are listed in the questionnaires
for the user study. Note: all scores are averages across 7 participants.

Task Dataset #Train #Val #Test Metric

PS ADE20K 25,574 2,000 2,000 PQ

DE NYU v2 24,230 654 654 RMSE

OCR MJ, ST, 6 OCR 15,895,356 7,507 7,507 Accuracy

IC VizWiz Cap 23,431 7,750 8,000 BLEU-1/CIDEr

VQA VizWiz VQA 20,523 4,319 8,000 Accuracy∑
@BENCH 15,989,114 22230 26161

Table 2. Statistic of pre-selected tasks and datasets in
@BENCH. Note that some datasets do not have a test subset, so
use val subset for evaluation. The 6 OCR datasets are IC13, IC15,
IIIT5K, SVT, SVTP and CUTE.

ios: ICDAR 2013 (IC13) [15], ICDAR 2015 (IC15) [14],
IIIT5K-Words (IIIT5K) [26], Street View Text (SVT) [41],
Street View Text-Perspective (SVTP) [29], and CUTE80
(CUTE) [34].
Image Captioning. It is a challenging task that involves
generating human-like and coherent natural language de-
scriptions for images. The task is to comprehend visual
content and express in natural language that is descrip-
tive and contextually relevant, which allows PVIs to have
an overall understanding of their surroundings. To better
align with the daily experiences of PVIs, we opted for the
VizWiz Cap [9], collected from the perspective of PVIs. We
use BLEU-1 [28] and CIDEr [38] as evaluation metrics.
Visual Question Answering. It requires the model to take
as input an image and a free-form, open-ended, natural
language question. It produces or selects a natural lan-
guage answer as output [51]. In our work, we found that
PVIs expressed significant interest in this task. By pos-
ing questions, they can experience and comprehend the
unseen world around them, providing them with a novel
and enriching experience. We select VizWiz VQA [8] and

use the publicly released VizWiz VQA evaluation scripts in
@BENCH.

3.3. Efficiency-Performance Trade-off

In designing models for assistive systems, an optimal
balance between efficiency and performance is essential.
Normally, the performance of VLMs can be easily mea-
sured by task-specific metrics. For efficiency, there are few
common choices: the number of parameters, FLOPs and in-
ference time. To compare with previous methods, we eval-
uate efficiency through the number of parameters.

In sum, @BENCH is designed specifically for multi-
modal, multi-task scenarios and tailored to assistive systems
for PVIs. All tasks are closely tied to the needs of PVIs
community. @BENCH not only prioritizes performance but
also places emphasis on efficiency-performance trade-off.
We aspire for this benchmark to serve as a cornerstone for
researchers within PVIs assistance community, encouraging
exploration of multi-modal models’ applications in ATs.

4. @MODEL: Assistive Technology Model
Based on X-Decoder, we propose @MODEL, the first

generalist model to support all these assistance-related
vision-language tasks. As show in Fig. 2, the overall model
is built on top of a image encoder for extracting image fea-
tures, two text encoders that share parameters for extracting
text features, and a transformer decoder with generic latent
queries and textual queries. @MODEL has two types of
output: (1) pixel-level output for dense prediction, such as
panoptic segmentation and dense estimation and (2) token-
level output for a diverse set of language-related vision
tasks, such VQA, image captioning and OCR.
Unified Multi-task Architecture. X-Decoder [52] in-
cludes only two tasks in @BENCH, panoptic segmentation
and image captioning. To include token-level output like
VQA or OCR, X-Decoder requires a specific head for each
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Image Encoder
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Token-level Outputs

Text / Label

Latent Queries

Pixel-level
Outputs

Text Encoder

Task-Prompt Text Encoder

Figure 2. Overall architecture of @MODEL. We propose task-
based prompts to unify inputs and perform different tasks all at
once.

Multi-head for Multi-task Multi-prompt for Multi-task

Multi-task Model
(Params: 62M)

Task A 
Dataset

Task B 
Dataset

Task C 
Dataset

Multi-task Model
(Params: 62M)

multi-task
input

Task A
Head

Task B
Head

Task C
Head

Task A 
Prompt

Task B 
Prompt

Task C 
Prompt

Multi-task
Head

multi-task
input

A B C
A B C

p1 p2 p3

(10K params each)

(0.2M params each)

Figure 3. Paradigms of multi-task methods. Our @MODEL

incorporates task-specific prompts that effectively unify tasks all
at once and with almost no additional parameters.

task. This paradigm (in Fig 3) will make the structure of
the entire model very bloated, which is a major drawback
for portable assistance systems. In contrast, we use task-
specific prompt to build a unified input paradigm “image
+ prompt” as shown in Fig. 3. Compared with multi-head
output, the benefits are three-fold: (1) Unifying input forms
for different tasks. For example, it can unify the inputs of
VQA (image and question text) and segmentation (image)
in the manner of “image + prompt”. (2) Enabling the model
to distinguish different tasks, extract corresponding features
in early phase. (3) Reducing the number of parameters. We
design a corresponding prompt shown in Fig. 1 for each
task. For VQA, we use its own questions directly as the
prompt. In Sec. 5.5, we analyze the performance and effi-
ciency advantages of such a design.
Character-based Tokenizer with Limited Vocabulary
for OCR. In the text encoders of @MODEL, we use pre-
trained CLIP [31] subword-based tokenizer with a vocabu-
lary containing approximately 50,000 subwords as default.
But during language-related tasks training, we need to con-
sider a problem, there is a mismatch between dataset’s vo-

Method

PS DE OCR IC VQA

#ParamsADE-150 NYU-V2 6 Datasets avg VizWiz Cap VizWiz VQA

PQ RMSE ↓ Acc(%) B@1 CIDEr Acc(%)

Unified-IO (S)† – 0.649 – ⋆ ⋆ 42.4 71M

Unified-IO (B)† – 0.469 – ⋆ ⋆ 45.8 241M

Unified-IO (L)† – 0.402 – ⋆ ⋆ 47.7 776M

X-Decoder (T)† 41.6 – – ⋆ ⋆ – 164M

GIT† – – – ⋆ 113.1 68.0 0.7B

PaLI† – – – ⋆ 117.2 67.5 3.0B

Ours 38.5 0.425 80.1 61.0 52.5 53.7 62M

Table 3. Comparison of multi-task training @MODEL and
other generalist models. We report the multi-task training results
without any pre-training and task-specific fine-tuning. Note: GIT
and PaLI are LVLMs. “⋆” denotes the model has the capability for
the task but does not have number reported. “–” means the model
does not have the ability for the specific task. “†” means the model
uses pre-trained weights for training. (B@1 = BLEU-1)

cabulary space and model’s prediction vocabulary space.
For example, the dataset of captioning contains a rich vo-
cabulary that is comparable to the vocabulary that can be
predicted by the model. But for OCR, we have some ob-
servations: (1) In the English OCR datasets in @BENCH,
an image usually contains only one pure text. (2) The texts
basically use 26 English letters and 10 numbers. (3) If each
text is divided by a single character, the length is basically
less than 15. When we use the default subword-based to-
kenizer and complete vocabulary, we found that the train-
ing effect is unsatisfactory. Subword-based tokenizer with
a large vocabulary that can provide semantic information
is not effective enough for OCR. The model only needs to
recognize the text but not the representations of the text. A
character-based tokenizer can bring a much smaller vocab-
ulary and relieve this mismatch. More details locate in the
supplementary material. The respective experiment is pre-
sented in Sec. 5.5.

5. Experiments
This section provides experimental results and analyses

to demonstrate the effectiveness of our proposed model. Im-
plementation details are in the supplementary material.

5.1. Comparison with Existing Generalist Models

In Table 3, we compare the performances of @MODEL
and some other generalist models on the tasks in @BENCH.
@MODEL is the first generalist model to support assistance-
related vision-language tasks and can achieve superior re-
sults. However, (1) most generalist models only include a
few specific tasks and do not include all tasks in @BENCH,
especially OCR task. And (2) most generalist models only
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Box Text
1 cognac
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3 08sessed
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5 star
6 uperb
7 superb

Box Text
1 21
2 23

a car is parked in front of two people Q: how many people are in this image?
A: two

a dining room with a table and a big
picture

a black car next to the wall

Q: is that a picture on the left?
A: yes

Q: what is this?
A: car

Panoptic Segmentaion Depth Estimation OCR Image Captioning VQA

Figure 4. Examples of multi-task training results on 5 tasks. Given one image as input our @MODEL can output all predictions.

report fine-tuned results and few methods report their results
on assistance-related datasets. Therefore, we only compare
a few related methods. Since generalist models aim to pro-
cess different tasks with shared architecture and parame-
ters, some generalist models only report results with task-
specific fine-tuning, e.g., X-Decoder, GIT [40] and PaLI,
this fine-tuning will lose the general modeling ability, so we
report the numbers without any task-specific adaptation in
the manner of multi-task training. Nonetheless, with similar
number of parameters, @MODEL can outperform Unified-
IO (S) in depth estimation and VQA by 0.224 and 11.3%,
respectively, and even better than the Unified-IO (B). On
other tasks, since many methods are pre-trained, fine-tuned,
and have a larger number of parameters, there is still a cer-
tain gap between @MODEL and these methods. The visu-
alization of some multi-task training results is presented in
Fig. 4.

5.2. Comparison with Specialized SoTA Models

Due to the scarcity of existing VLMs capable of en-
compassing all five tasks of our @BENCH, to compre-
hensively showcase the effectiveness of our model, we
compare our multi-task model with previous single-task
SoTA models in Table 4. The representative works for
each task are: MaskFormer [6], Mask2Former [5] and
kMaX-DeepLab [43] for panoptic segmentation; BTS [19],
DPT [32] and GLP [17] for depth estimation; ASTER [35],
SEED [30] and MaskOCR [25] for OCR; VizWiz Cap,
AoANet [11] for captioning, VizWiz VQA, S-VQA [16]
and CS-VQA [13] for VQA. Note that all these spe-
cialized methods are tailored for their respective specific
tasks, while @MODEL is proposed to cover all these tasks.
@MODEL can achieve, and in some cases, even surpass

Figure 5. Single-task and multi-task training performance (rel-
ative) against the specialized SoTA models on different tasks

the single-task SoTA model on multiple tasks. For ex-
ample, @MODEL outperforms the MaskFormer (+4.5%)
and gets comparable results with pre-trained models, such
as Mask2Former and kMaX-DeepLab. Even for highly
competitive OCR tasks, @MODEL can outperform non-
pretrained SoTA models, ASTER and SEED, by 3.3% and
1.7%, respectively. These results show that our @MODEL
significantly bridges the performance gap between general-
ist models and strong baselines.

5.3. Multi-task Training v.s. Single-task Training

As depicted in Fig. 5, @MODEL performs less effec-
tively in segmentation, depth estimation, and OCR under
multi-task training, while demonstrating superior perfor-
mance in captioning and VQA. We analyze that due to the
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Method

PS

Method

DE

Method

OCR

Method

IC

Method

VQA

ADE-150 NYU-V2 IC13 IC15 SVT IIIT5K SVTP CUTE avg VizWiz Cap VizWiz VQA

PQ RMSE↓ Acc (%) B@1 CIDEr Acc (%)

MaskFormer† (45M) 34.7 GLP† (62M) 0.344 ASTER 91.8 76.1 89.5 93.4 78.5 79.5 86.7 VizWiz Cap † 62.1 48.2 VizWiz VQA 47.5

Mask2Former† (44M) 39.7 DPT*† (123M) 0.357 SEED 92.8 80.0 89.6 93.8 81.4 83.6 88.3 AoANet 65.9 59.7 S-VQA 51.6

kMaX-DeepLab† (57M) 41.5 BTS† (47M) 0.392 MaskOCR† (97M) 98.1 87.3 94.7 95.8 89.9 89.2 93.1 – – – CS-VQA 53.2

Ours (62M) 39.2 Ours (62M) 0.386 Ours (62M) 97.1 84.4 92.6 90.3 88.7 93.1 90.0 Ours (62M) 60.0 45.1 Ours (62M) 49.1

Table 4. Comparison of single-task training @MODEL and specialized SoTA models. Note: “model (#params)” donates the number
of parameters of the model. DPT* is trained with an extra dataset.

huge OCR datasets, it is difficult to balance various tasks
during multi-task training, resulting in a decline in OCR
performance. For captioning and VQA, these two tasks are
related to the scene understanding, they can promote each
other during joint training. Furthermore, panoptic segmen-
tation can increase the scene perception ability. See Ap-
pendix. for more analysis.

5.4. Efficiency-Performance Trade-off

@MODEL exhibits a favorable balance between effi-
ciency and performance. As demonstrated in Table 3,
@MODEL and the small version of Unified-IO have a
similar number of parameters, yet @MODEL outperforms
Unified-IO (S) in all tasks they have in common, and sur-
pass the basic version of Unified-IO. In Table 4, with al-
most the same number of parameters, the performance
of @MODEL is better than many single-task SoTA mod-
els without pre-training. This further demonstrates that
@MODEL can achieve the SoTA level on multiple tasks
with fewer parameters, which is crucial for ATs with lim-
ited computational capacity.

5.5. Ablation Study

To dive deep into the model design and to investigate the
effect of the proposed method, we conduct ablation studies
of the task-specific prompt, the tokenizer and vocabularies.
From Task-specific Prompt to Unified Input. As shown
in Table 5, the “image + prompt” training paradigm is
demonstrated to be more concise and compatible with a
wider range of tasks, outperforming multi-output heads
training across all tasks. While there isn’t a significant dif-
ference in the number of parameters between the two ap-
proaches, one potential advantage of prompt-based training
is its ability to use prompts to differentiate between various
tasks during training earlier. This enables the model to ex-
tract distinct features for each task, leading to varied and
improved results. During multi-output head training, mod-
els extract mixed features, and only the final output head
is used to decode corresponding features for different tasks.
Besides, advanced output heads should be added when mak-

ing the models with a multi-output head paradigm compat-
ible with more tasks. Therefore, for generalist models, the
prompt-based training paradigm is more promising.
Different Tokenizers and Vocabularies for OCR. As
shown in Table 6, utilizing a character-based tokenizer can
lead to a performance improvement of 4.3%, and incor-
porating a limited vocabulary can further enhance perfor-
mance by 3.3%. OCR solely recognizes image information,
while captioning and VQA require processing and logical
reasoning of image information to obtain reasonable an-
swers. Therefore, when integrating tasks at different gran-
ularities, such as “relatively simple” OCR and “more com-
plex” captioning into one model, it is suggested to carefully
select different tokenizers and vocabularies to achieve the
best performance on each task.

6. Discussion
Qualitative Analysis of User Study. Guided by the
human-in-the-loop user study, we create the benchmark
@BENCH. Score potential functions from multiple per-
spectives to ensure the selected functions and tasks are rea-
sonable and important to PVIs. The five tasks in @BENCH
are closely related to these functions and are one of the
ways to achieve these functions. Furthermore, based on
these tasks implemented by @MODEL, we are prepared to
carry out further assistive function development in the fu-
ture, such as indoor obstacle avoidance, text recognition,
common objects detection, initial understanding of unfamil-
iar scenes, etc.

Additionally, we analyze the comments given by the
blind user and list a few. About OCR, “Usability by com-
pletely blind people would be very important to me. Ex-
isting systems of this type have difficulty selecting the right
target. Text recognition on a document in front of me or on
packaging in my hand is also very possible with a smart-
phone. However, if the function is able to read door signs,
hanging posters or street signs that are not within direct
reach, that would be an extremely useful function.”. Ac-
cording to the scores in the questionnaire and comments,
PVIs attach great importance to text recognition, especially
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Method Type

PS DE OCR IC VQA

#ParamsADE-150 NYU-V2 IC13 IC15 SVT IIIT5K SVTP CUTE avg VizWiz Cap VizWiz VQA

PQ RMSE ↓ Acc (%) B@1 CIDEr Acc (%)

X-Decoder (our impl.) original 37.7 – – – – – – – – 57.8 46.8 – 62M

X-Decoder (our impl.) multi-head 38.1 0.432 89.6 68.3 80.5 84.4 73.0 77.1 79.4 59.5 50.0 – 63M

Ours task-prompt 38.5 0.425 90.2 68.7 81.1 84.9 73.8 77.8 80.1 61.0 52.5 53.7 62M

Table 5. Ablation study of task-specific prompt in @MODEL. “our impl.” means our implement based on the original paper, “multi-head”
means we add multiple output heads (a 3-layer MLP for each task) to the original model to achieve different tasks on @BENCH.

Tokenizer Vocabulary IC13 IC15 SVT IIIT5K SVTP CUTE Avg.

sub ch complete limited Acc (%)

✓ ✓ 95.1 73.5 90.1 82.2 84.5 81.6 82.4

✓ ✓ 95.8 80.0 90.0 87.5 85.0 90.0 86.7

✓ ✓ 97.1 84.4 92.6 90.3 88.7 93.1 90.0

Table 6. Ablation study of tokenizer and vocabulary for task
text recognition. “sub” and “ch” denote subword-based and
character-based, respectively.

in some special scenarios. Therefore, unlike other general-
ist models that ignore OCR task, @BENCH contains OCR
task and introduce multiple OCR datasets, covering various
text scenarios. About object recognition, “This is a func-
tion I would definitely expect!”, “It would be important, on
the one hand, to have a high level of reliability of recogni-
tion and, on the other hand, to be able to determine, even
for completely blind people, that the correct object is be-
ing recognized.”. By introducing multi-category ADE20K
and combining panoptic segmentation, @MODEL can rec-
ognize a large number of stuffs and things, compared with
detection, semantic segmentation. At the same time, the
more categories of objects are recognized, the accuracy of
recognition will increase and the recognition will be more
reliable. In sum, these positive comments and great sugges-
tions inspire our work and provide guidance for future work
of exploring VLMs for assistive technology.
Future Directions. The extensive quantitative and qual-
itative results have demonstrated the strong effectiveness
and efficiency of our @MODEL for a variety of assistance-
related tasks at different granularities. Upon the current,
we see two directions worth future explorations: (1) Pre-
training. Currently, we did not perform pre-training and
@MODEL can reach a level close to the pre-trained SoTA.
We believe that after pre-training, @MODEL can achieve
higher performance. (2) Functions development and de-

ployment. Going back to the user study, we came up with
the idea for work precisely because we understood the dif-
ficulties that PVIs encounter in daily life. Existing assistive
systems generally can only implement one or a few func-
tions. A future work is to implement a multi-functional as-
sistive system based on @MODEL. More discussions locate
in the supplementary material.

7. Conclusion

In this work, we introduce @BENCH, a multi-modal,
multi-task, multi-dimension benchmark for the evaluation
of generalist VLMs that can empower assistive technology
and help PVIs. Based on the human-in-the-loop user study
with the target group, our @BENCH not only considers 5
practical tasks closely related to the daily lives of PVIs, but
also takes into account the efficiency guideline for VLMs.
Furthermore, we present a unified and multi-task @MODEL
to address the multiple vision-language tasks. Thanks to the
unified task-specific prompt design, our model can use one
suit of parameters to address all 5 tasks and achieve com-
petitive results. Extensive experiments and qualitative anal-
ysis prove the effectiveness of the proposed @BENCH and
@MODEL in helping PVIs. We hope this work can pro-
vide inspiration for the design of next-generation assistive
systems for helping PVIs.
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