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Abstract

Knowledge-based visual reasoning remains a daunting task
since it not only requires machines to interpret the concepts
and relationships from visual scenes but also associate them
with external world knowledge to conduct a chain of reason-
ing on open-world questions. Previous works, however, treat
visual perception and language-based reasoning as two inde-
pendent modules, failing to attend to both modules through-
out all stages of reasoning. To this end, we propose Visual
Chain-of-thought Prompting (VCTP) for knowledge-based
reasoning, which involves the interaction between visual con-
tent and natural language in an iterative step-by-step reasoning
manner. VCTP contains three stages, see, think and confirm.
The see stage scans the image and grounds the visual con-
cept candidates with a visual perception model. The think
stage adopts a pre-trained large language model (LLM) to
attend to key visual concepts from natural language ques-
tions adaptively. It then transforms key visual context into text
context for prompting with a visual captioning model, and
adopts the LLM to generate the answer. The confirm stage
further uses the LLM to generate the supporting rationale for
the answer, which is then passed through a cross-modality
classifier to verify that it’s consistent with the visual con-
text. We iterate through the think-confirm stages to ensure the
verified rationale is consistent with the answer. We conduct
experiments on a range of knowledge-based visual reasoning
datasets. We found our VCTP enjoys several benefits, 1). it
achieves better performance than the previous few-shot learn-
ing baselines; 2). it enjoys the total transparency and trustwor-
thiness of the whole reasoning process by providing rationales
for each reasoning step; 3). it is computation-efficient com-
pared with other fine-tuning baselines. Our code is available at
https://github.com/UMass-Foundation-Model/VisualCoT.git

Introduction
Machine visual reasoning has taken a huge step forward since
neuro-symbolic mechanisms (Yi et al. 2018) were introduced,
which enable machines to develop a reasoning chain with
multiple steps. However, as foreshadowed by cognitive scien-
tists in early works, such systems of logic and symbols are
fundamentally ill-suited to representation and reasoning with
real-world, common-sense knowledge (Oaksford and Chater
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Figure 1: The human process to handle knowledge-based
visual reasoning. Given an image-question pair, a human is
able to see all the objects in the image, think of the related
visual concepts to get the answer, and finally confirm the
answer is correct based on visual observation and knowledge.

2007) since they rely solely on closed-world logic rules and
hard constraints(Stenning and Van Lambalgen 2012).

We therefore study the problem of knowledge-based vi-
sual reasoning (Marino et al. 2019; Schwenk et al. 2022),
which requires models to interpret the image content, re-
call the relevant parts of open-world knowledge, and per-
form step-by-step logical reasoning to arrive at an answer.
Knowledge-based visual reasoning is more challenging than
traditional visual question answering and reasoning (Antol
et al. 2015; Goyal et al. 2017) in that the visual context, ex-
ternal knowledge, and natural language questions need to be
interactively integrated throughout the reasoning chain. As
depicted in Fig 1, to answer the question “What is the name of
the room?”, humans need first to see the room and extract vi-
sual concepts such as “frame”, “sofa”, and“lamp”. We then
attend to key visual concepts that are semantically related
to the question and think that “This is a coffee table” and
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“There is a long sofa with brown pillows” to get the answer
“living room”. Last but not least, humans would finally con-
firm the answer is correct by calling back to the visual context
and drawing the conclusion “Sofa and coffee table are usu-
ally located in the living room”. The vision-to-language and
language-to-vision interactions can be iteratively performed
until we arrive at a satisfying answer. If machines are also en-
dowed with such capabilities, they can be utilized for numer-
ous real-world applications such as assistive robots (Brohan
et al. 2022), and embodied chatbots (Konstantopoulos 2010).

Consistent with cognitive scientists’ notion that knowl-
edge with soft constraints is eminently compatible with large
connectionist models (Oaksford and Chater 2007), large
language models (LLMs) indeed have made tremendous
progress in few-shot reasoning (Brown et al. 2020; Zhang
et al. 2022). In particular, chain-of-thought prompting (Wei
et al. 2022) transcends vanilla LLMs by providing a chain
of thought (i.e., a series of intermediate reasoning steps) to
perform complex language reasoning. However, it remains
a challenge how to leverage these LLMs for reasoning in
vision and language tasks. Existing works either finetune
the LLMs with massive vision-language data (Tsimpoukelli
et al. 2021; Alayrac et al. 2022; Jin et al. 2022), which is
computational-intensive; or adopt prompt-based methods
such as PICa (Yang et al. 2022) to translate images into cap-
tions for textual prompting. Both lines of work are incapable
of generating step-by-step reasoning chains like the reason-
ing process of human beings, leaving the models completely
black boxes. Furthermore, they treat visual perception and
language-based reasoning as independent modules (e.g., the
visual modules are used for generating features or captions
for LLMs), neglecting the massive interaction and communi-
cation across modalities. This deviates from the way human
beings perform visual reasoning as in Figure 1. Inspired by
this, the key question we would like to investigate is how we
can large language models to interact and communicate with
visual information to construct step-by-step reasoning chains
for open-world knowledge-based visual reasoning. To this
end, we propose a novel framework named Visual Chain-of-
Thought Prompting (VCTP) to mimic the human reasoning
process in Fig. 1. Our model is an iterative and interactive
framework with three key modules, a see module, a think
module, and a confirm module. Given an image-question
pair, the see module first uses a scene parser to extract all the
candidate visual concepts in the image. The think module
adopts an LLM to select relevant visual concepts (e.g. “Sofa”
in Fig. 1) extracted by the see module corresponding to the
given natural language question and uses a captioning model
to transform visual information into textual descriptions(e.g.

“There is a long sofa with brown pillows”). The LLM pre-
dicts the answer to the question (“living room”) based on the
attended visual context. Moreover, we introduce a confirm
module for rationale verification to provide more transparent
and trustworthy reasoning. Specifically, we require the LLM
to generate rationales (e.g. “Sofa and coffee table are usually
located in the living room” for the predicted answer in Fig. 1).
We then estimate the matching similarity between these ratio-
nales and the given visual input with a neural cross-modality
classifier. Finally, the selected rationale is fed to the LLM’s

prompt to ensure that the rationale can infer the same output
consistently. We repeat the process of think and confirm it-
eratively for sufficient cross-modality interactions until the
answers from two consequent iterations are the same.

To summarize, we introduce VCTP, a novel modularized,
interactive, and iterative framework for knowledge-based
visual reasoning, which is able to iteratively attend to the
related visual concepts in the image and provide consistent
supporting rationales for the answer prediction. VCTP enjoys
several advantages. First, it is effective. Extensive experi-
ments on knowledge-based benchmarks found that VCTP
achieves better performance than previous few-shot baselines.
Moreover, VCTP is more transparent and interpretable since
it maintains the whole step-by-step reasoning trace that leads
to the prediction. VCTP is also more computationally effi-
cient compared with finetuning methods. Our code would be
available on acceptance.

Related Work
Visual Prompting. Large language models like GPT-
3 (Brown et al. 2020) have popularized few-shot prompting
in natural language processing (NLP), where several input-
output pairs are used as context for the language model to
understand the task and generate predictions for a new ex-
ample. Chain-of-thought prompting (Wei et al. 2022) and its
variants (Creswell, Shanahan, and Higgins 2022; Zhou et al.
2022a; Marasovic et al. 2022) have been developed for more
effective or transparent reasoning in NLP. Later, prompting
was brought to the vision community (Zhou et al. 2022c; Jia
et al. 2022; Ju et al. 2021; Ge et al. 2022; Zhou et al. 2022b;
Wang et al. 2022). CLIP (Radford et al. 2021) and Region-
CLIP (Zhong et al. 2022) enable zero-shot classification and
detection by replacing the class labels with natural language
supervision during training. UnitedIO (Lu et al. 2022) spec-
ifies each vision task with a language prompt to perform
multi-task learning. Concurrent work (Zhang et al. 2023)
trains a transformer to predict rationales first and then infers
the answer based on multimodal feature vectors. Differently,
we aim to use interactive prompting for knowledge-based
visual reasoning. It requires frequent interaction between lan-
guage models and vision models, such as extracting related
visual concepts, recalling external knowledge, and verifying
the text prediction consistent with the visual context, which
has not been well studied before.
Large Pre-trained Models for Visual Reasoning. Large
pre-trained models have also been used in reasoning over
vision and language (Dou et al. 2022; Zeng et al. 2022; Gao
et al. 2022; Zhao et al. 2023). Most works (Tsimpoukelli
et al. 2021; Jin et al. 2022; Zellers et al. 2022; Chen et al.
2022a) learn large pre-trained models from massive vision-
language data and finetune them for downstream tasks, which
are usually extremely computationally expensive and time-
consuming. For example, Flamingo (Alayrac et al. 2022)
needs to be finetuned on 1536 TPUv4 for 15 days with
185 million images and 182 GB of text. It has also been
observed that many of these pre-trained models (e.g., (Ka-
math et al. 2022; Tan and Bansal 2019)) contain limited
open-world knowledge. They achieve inferior performance
on KB-VR datasets, compared with models with LLMs for
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Figure 2: The framework of our VCTP. Given an image-question pair, we first use the see module to detect all object candidates
in the image and translate the whole image into a global description. Then, the think module adopts an LLM to attend to the key
visual concepts, transforms the selected concept into a language description with a captioner, and leverages the LLM to predict
an answer. The confirm module requires the LLM to continue the generate the supporting rationale, verify whether the rationale
is consistent with the image content, and ensure that the same answer can be produced when the rationale is added to the prompt
in the next iteration. Algorithm 1 provides a detailed description of the VCTP framework.

external knowledge (Gui et al. 2022). Yang et al. converted
images into textual descriptions and treated them as prompts
for LLMs, which achieves high performance on knowledge-
based visual question answering. However, its text-based vi-
sual context is independent of the query question and leaves
the question-answering process a black box.
Knowledge-based Visual Reasoning. Our work is also re-
lated to knowledge-based visual reasoning (KB-VR) (Marino
et al. 2019; Schwenk et al. 2022; Wang et al. 2017a), which
requires both understanding the image content and retrieving
external knowledge to answer the questions. Most early meth-
ods (Zhu et al. 2021; Ding et al. 2022b; Gardères et al. 2020;
Lin and Byrne 2022) use deep neural networks to under-
stand images and retrieve relevant knowledge from explicit
knowledge bases. Recent methods (Gui et al. 2022; Yang
et al. 2022) found that LLMs like GPT-3 could serve as a
knowledge base and use the LLM to answer the question
directly. While our model also retrieves relevant knowledge
from LLMs, it provides the step-by-step reasoning process
besides the final answer prediction.
Neural-Symbolic Visual Reasoning. Our work can be re-
garded as neural module networks (Yi et al. 2018; Andreas
et al. 2016; Chen et al. 2022c; Ding et al. 2021, 2022a; Chen
et al. 2021b), which provides transparent step-by-step reason-
ing. They typically decompose the query question into a set of
operations, model each operation with a network module, and
iteratively execute these operations to get results. While these
models are more interpretable, they either focus on simple
physical scenes (Johnson et al. 2017; Yi et al. 2020) or only
achieve inferior performance on real-world datasets (Hudson
and Manning 2019), compared with end-to-end neural net-
work methods (Chen et al. 2022b). Different from them, we
would like to build a system that can achieve reasonable per-
formance on open-world knowledge-based visual reasoning

while maintaining the system’s interoperability.

Method
Overall
In this section, we introduce a novel framework called Visual
Chain-of-Thought Prompting (VCTP) for knowledge-based
visual reasoning, which can understand the query question,
attend to key visual concepts in the image, retrieve supporting
evidence, and finally get the answer in a step-by-step manner.
VCTP consists of three modules, see, think and confirm, and
run these modules in an iterative manner. As illustrated in
Fig. 2, given an image and a question about its content, the
see module uses a scene parser (Han et al. 2021) to detect all
the candidate objects (concepts) in the image and represents
them with their predicted class names. It also generates a
global description for the whole image. Then, think module
attends to the key concepts that are semantically related to the
query question with an LLM and describes them in the form
of natural language with an image captioner. Based on the
attended visual context, the LLM predicts the answer to the
question. The confirm module requires the LLM to continue
to generate the answer’s supporting rationale and verify them
with a cross-modality classifier (Radford et al. 2021). To en-
sure the rationale is consistent with the answer, we add the
verified supporting rationale back into the prompting context
and begin a new think-confirm iteration. We iteratively gen-
erate the answer and the rationale until the answer predictions
in two consequent iterations are consistent. We summarize
the whole algorithm flow in Algorithm 1.

Compared with existing learning-in-context meth-
ods (Yang et al. 2022; Wei et al. 2022), our framework
has two advantages, effectiveness and interpretability. It is
effective since it can adaptively attend to the related visual
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regions and output consistent answer-rationale predictions.
It is interpretable as it is able to perform a step-by-step
investigation of the whole reasoning process. Visualized
examples of such a reasoning process can be found in Fig. 4.

Model Details
See Module. Given a query image, we use a Faster-
RCNN (Ren et al. 2015) to detect all the object candidates in
the image. Specifically, we use the detection model released
by Yang et al. (Han et al. 2021) to predict object locations
and their categorical labels such as “knife”, “plate” and

“napkin”. It also provides a global caption for the whole im-
age with an image captioner (Li et al. 2022). These visual
concepts will be selected and further described in the think
module to provide valuable visual context to get the answer.
Think module. The second module of our framework is the
think module, which attends to the corresponding regions in
the image and transforms them into the textual description for
the LLM to predict the answer. We use an attend-describe-
predict approach in the think module, as shown in Fig. 2.

The first step is attend, where we use prompting meth-
ods (Brown et al. 2020; Chowdhery et al. 2022) to help the
LLM to attend to the key concepts in the image that is seman-
tically related to the query question. We show the prompting
template for the LLM to attend to key visual concepts in
Fig. 3 (A). We feed some input-output pairs from the training
set into the LLM’s prompt and ask the LLM to select based
on the given context. The question is shown on the top of the
template. Objects detected in the see module are represented
by their category names, such as “knife” and “beans”, and
the vocabulary of LLM output words is constrained to these
category names. The LLM selects the most related object to
provide further visual context to handle the query question.
As shown in Fig. 2, such attended concepts (e.g. “meat” and

“knife”) are important to get the answer “meat” to the question
“Which food item is the knife for?”.

The next step of the think module is describe. The region
in the image corresponding to the selected concept is cropped
and fed to an image captioner (Li et al. 2022) to generate
a regional description for the new concept. The generated
regional descriptions will be added to the LLM’s prompt
to provide fine-grained visual context to predict an answer.
Note that a regional description for an object is usually more
informative than the object class. For example, the caption
of “some pieces of meat on the plate” in Fig. 2 additionally
describes the relationship between “meat” and “plate”.

The last step of the think module is predict. We add multi-
ple question-answering examples from the training set to the
LLM’s prompt and ask it to predict an answer. The answer
prediction is based on the attended visual context and the
rationale predicted by the confirm module in the previous
iterations, which we will discuss in the confirm module.
Confirm Module. The last module of our framework is the
confirm module, as shown in Fig. 2, which aims to generate
a consistent supporting rationale for the answer prediction
and verify the prediction’s correctness. Given the few-shot
example context and the interactive prompt generated by the
think module, we require the LLM to continue to predict the
supporting rationale after the answer prediction. A prompt

Algorithm 1: Pipeline of the proposed VCTP
Input: Input Image and Question {I,Q}.
Output: Answer and the reasoning process {a∗,R}
Require: cn is the n-th concept detected in the image; cki

and capi are the concept and the regional caption
at the i-th iteration; capg denotes a caption for the global
image. mIter: the maximal iteration; Pthk and Pcon are
the prompt for concept selection and question answering.

1: # the see module
2: {cn}N ← ImageParser (I)
3: capg ← GlobalCaptioner (I)
4: i starts from 0. a0 is an empty string; Pcon,0 is the in-

context examples, answer, and rationales; Pthk is the
in-context examples of the question and object selection.

5: repeat
6: i← i+ 1
7: # the think module
8: cki ← LLMAttend ({cn}N \ {ckj}

i−1
j=0,Q, Pthk)

9: capi ← Captioner (cki , I)
10: Pcon,i ← Pcon,i−1 + capi
11: ai ← LLMPredict (Pcon,i,Q)
12: # the confirm module
13: ri ← LLMConfirm (Pcon,i,Q, ai)
14: if Verify (ri, I) > thre then
15: Pcon,i ← Pcon,i + ri
16: end if
17: until ai = ai−1 or i = mIter
18: a∗ ← ai ; R← ({ckj , capj}

i
j=1, ri)

19: return {a∗,R}

example of such a question-answer-rationale template can
be found in Fig. 3 (B). A significant problem of the LLM’s
prediction is that the generation procedure is a black box, and
it is difficult to verify the correctness of the predicted answer
and rationale. We believe a correct rationale should have
two distinct features. First, the rationale should be consistent
with the answer. Given the predicted supporting rationale
(“The knife is for cutting the meat” in Fig. 2) for the answer
(“meat”), we should be able to predict the same answer when
it is added to the context. Second, the rationale should be
consistent with the visual input.

To ensure that the rationale supports the answer prediction,
we feed the generated textual rationale into the LLM’s prompt
in the next iteration. We repeat this answer-to-rationale and
rationale-to-answer procedure until the two consequent pre-
dicted answers are the same (Line 4 to Line 17 of the Algo-
rithm 1). To ensure that the generated rationale is consistent
with the given visual context, we use a large pre-trained cross-
modality classifier (Radford et al. 2021) to verify whether
the textual rationale matches the given images or not (Line
13 to Line 15 of the Algorithm 1). Only the rationale with the
high matching similarity will be accepted and added to the
prompt for the answer prediction in the next iteration.

Experiments
In this section, we demonstrate the advantages of the pro-
posed VCTP with extensive experiments.
Implementation Details. The effectiveness of the proposed
VCTP relies on the interaction of several pre-trained vision
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Question: What is located on the 
shelves?
The most related option is shelf.

Question : Which object is used for 
warmth in this room?
The most related option is fireplace.

Question: What is the cabinet to the 
left called?
The most related option is cabinet.

Context: A fully cooked pizza sitting on a tray with a spatula digging.
Question: What is another tool used to cut this type of food?
Answer: The answer is knife. A pizza cutter cuts pizza.

Context: Sandwich in paper on counter with man in background.
Question: Where is this meal being eaten?
Answer: The answer is restaurant. The meal is at a restaurant.

Context: A couple of men preparing food inside of a kitchen. The 
restaurant is a pizza restaurant. Someone making a pizza with 
cheese, bacon, and cheese. Someone holding some food on a plate. 
Question: What type of restaurant is this?
Answer: The answer is pizza. The restaurant is a pizza restaurant.

… …

(A) Prompting for concept attention. (B) Prompting for question-answering and rationale.

Figure 3: Prompting examples for visual concept attention (Pthk in Algorithm 1) and question-answer-rationale reasoning (Pcon

in Algorithm 1). Outputs in the in-context examples and test examples are marked with blue and green colors. The attentive
regional captions and the rationale in the previous iterations are marked with red and bronze colors. We regard the most related
option in the in-context examples as the option (concept) closest to the ground-truth answer by CLIP similarity.

models (Li et al. 2022; Radford et al. 2021) and language
models (Zhang et al. 2022). We choose the faster R-CNN
model (Ren et al. 2015) released by (Han et al. 2021) to de-
tect visual concepts in images, which was trained on Visual
Genome (Krishna et al. 2017). We select BLIP (Li et al. 2022)
as the regional captioning model for the attended objects. We
use the OPT-66B and Llama-2-70B as the pre-trained lan-
guage model to prompt since they are effective and publicly
available. We verify the matching similarity between the ratio-
nale and the image with the CLIP model (ViT-B/16) (Radford
et al. 2021). We do not use GPT-3 (Brown et al. 2020) due to
its expensive API and limited visit frequency.

We fix the number of the in-context examples in think
module to 8 since it is the largest number we could efficiently
run on our hardware configuration. Following (Yang et al.
2022), we prompt the LLM with in-context example selection
and multi-query ensemble. For in-context examples, we se-
lect the examples most similar to the current image-question
pair in training set with their clip features. For multi-query
ensemble, we feed our models and the baselines 5 times and
select the one with the highest log-probability as previous
methods (Yang et al. 2022; Chen et al. 2021a) except the
aligned models in Table 3, where we ensemble 14 times for
baselines to make them have similar computation cost as
ours.
Datasets and Evaluation Metric. We evaluate our models
on standard KB-VR benchmarks, OK-VQA (Marino et al.
2019) and A-OKVQA (Schwenk et al. 2022). OK-VQA is
the most popular knowledge-based VQA dataset with 14,055
image-question pairs. A-OKVQA is the current largest KB-
VR dataset, which not only asks knowledge-related questions
but also provides supporting rationales, making it a better
testing bed for step-by-step reasoning. We do not conduct
experiments on other KB-VR datasets like F-VQA (Wang

et al. 2017a) and KB-VQA (Wang et al. 2017b), since they
assume the question knowledge could be retrieved from pre-
defined knowledge bases.
Baselines. We mainly compare our methods with two strong
learning-in-context baselines, PICa (Yang et al. 2022) and
CoT (Wei et al. 2022).

• PICa. PICa with GPT-3 is the current state-of-the-art few-
shot model on OK-VQA, which prompts the LLM with only
the image caption and object tags.

• CoT. CoT is a popular prompting method, performing step-
by-step reasoning to solve the task rather than directly out-
put the answer. We implement CoT by asking the LLM to
generate the rationale first and then predict the answer.

We carefully implement these two methods with the OPT-
66B model for a fair comparison. We also include other fully-
supervised methods in the tables for performance reference.
Quantitative Results. We compare our VCTP with baselines
on the validation and test sets of the A-OKVQA dataset in
Table 1. Few-shot learning-in-context methods are marked
with ⋆ in the table, and our method is marked with gray back-
ground for easy reference. According to the results, we have
the following observations. First, we have constant gains
compared with the learning-in-context baselines, PICa and
CoT and even achieve better performance than the previous
full-supervised pre-trained method GPV-2 on the test split
of A-OKVQA. These gains show our method’s effective-
ness in answer predictions. We have also noticed that fully-
supervised methods have a more significant performance dis-
parity between the validation and test splits than the learning-
in-context methods. For example, GPV-2 has an accuracy
drop of 7.9, while our method only drops 0.4. We believe the
reason is that the validation set has frequently been evaluated
in fully-supervised methods and is somewhat overfitted.
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We also evaluated our method in the OK-VQA in Table 1.
The training set of the OK-VQA does not provide rationales
for reasoning, which is needed in CoT and our method. For
our method, we develop a variant that only uses examples in
OK-VQA as prompting for the think module without ratio-
nale reasoning. The model stops when the predicted answers
from two consecutive iterations become the same. We observe
that our model performs better than the baselines, PICa and
CoT, which is consistent with our finding in the A-OKVQA
dataset. We can also see that (KAT-GPT-3 (Gui et al. 2022)
and PICa-GPT-3) rely on much more powerful LLM, GPT-3
(175B), to achieve great performance. In contrast, our method
achieves reasonable performance by integrating the available
OPT-66B LLM. When we replace the OPT-66B LLM with
the Llama-2-70B model (Touvron et al. 2023), or BLIP2 (Li
et al. 2023) and Codex (Chen et al. 2021a) models, the per-
formance of our method increases significantly, indicating
that our method can benefit from stronger models.
Qualitative Results. The step-by-step reasoning nature of
our VCTP provides better transparency and interoperability,
which makes it easy to understand how our model works.
We provide a qualitative comparison with baselines in Fig. 4.
The → in Fig. 4 shows the flows of our method’s reasoning
process to get related visual concepts, regional descriptions,
and the supporting rationale.

Compared with PICa, our method can adaptively attend to
key visual concepts (e.g. “ball” and “tennis court” in Fig. 4)
in the image that are semantically important to the question
(e.g. What is the fence meant to block?) and describe that in
the form of the natural language (e.g. “Someone has a tennis
racket and is about to hit the ball”) to get the answer. Besides,
as shown in the explain column of Fig. 4, our method could
generate better supporting rationale (“The wall is used for
displaying art”), which matches with the visual context in
images better. In contrast, the CoT might generate a rationale
inconsistent with visual context (“The wall is used for a
sofa.”), which leads to a wrong answer.
Rationale Evaluation. To further evaluate the reasoning pro-
cess of our method, we compare the quality of rationales
between our method and CoT in Table 2 on the validation
set of A-OKVQA, where the rationales are publicly avail-
able. We use widely-used BLEU scores and CLIP sentence
similarity as the metrics. We measure multi-BLEU score and
averaged cosine similarity of sentence representations calcu-
lated by CLIP (ViT-B/16) (Radford et al. 2021) text encoder.
Both BLEU and similarity results show that the rationales
generated by our method are closer to the ground truth than
the rationales generated by CoT.
Computation Analysis. To better understand the efficiency
of our method, we make in-context learning baselines have
similar computational costs as our model. Specifically, we
increase the number of queries to ensemble k (5 in all the
experiments except PICa-aligned and CoT-aligned below) for
PICa and CoT, and make their overall amount of queries to
LLM the same as our method. Considering the mean amount
of queries is 13.62 for our method during experiments, the
cost-aligned PICa and CoT have an ensemble amount k = 14
for each sample, denoted as PICa-aligned and CoT-aligned.

We compare their results with our method in Table 3,

Methods A-OKVQA OK-VQA
Val Test Test

MAVEx (Wu et al. 2022) - - 41.37
UnifER (Guo et al. 2022) - - 42.13
Pythia (Yu Jiang* et al. 2018) 25.2 21.9 -
ViLBERT (Lu et al. 2019) 30.6 25.9 -
LXMERT (Tan and Bansal 2019) 30.7 25.9 -
KRISP (Marino et al. 2021) 33.7 27.1 38.4
PICa⋆-GPT-3 - - 48.0
GPV-2 (Kamath et al. 2022) 48.6 40.7 -
KAT-GPT-3 - - 54.4
BLIP2 38.2 37.2 45.9

CoT⋆ (Wei et al. 2022) 41.5 43.7 38.1†

PICa⋆ (Yang et al. 2022) 42.4 43.8 42.9
Ours⋆ 46.4 46.0 44.6‡

Ours-Llama-2⋆ 50.5 54.4 54.9
Ours-BLIP2-Codex⋆ 53.2 53.8 56.2

Table 1: Performance comparison of our model and other
baselines on A-OKVQA and OK-VQA datasets. ⋆ denotes
learning-in-context methods. ‡ denotes our model’s confirm
module is removed since there are no available examples
with rationales in OK-VQA. † denotes in-context examples
with the rationales for CoT are from A-OKVQA dataset. Our
model performs better than baselines.

Methods BLEU Sentence Similarity

CoT 14.19 80.92
Ours 14.34 81.22

Table 2: Rationale performance comparison of our model and
CoT baseline on A-OKVQA validation set.

which indicates that our method still outperforms PICa and
CoT significantly after considering the computational cost is-
sue. We also notice a slight performance drop for PICa when
its ensemble amount k increases. We suggest that this drop
is related to the in-context sample selection method, which
chooses more irrelevant samples to the current question when
k increases.
Ablation Study. We conduct ablation studies on the valida-
tion set of AOK-VQA and summarize the results in Table 4.
Ours denotes our default model with all the component in-
tegration with the mIter in algorithm 1 to be 5. Ours-1/4/6
denote that we set the maximal iteration to be 1, 4, and 6,
respectively. “w/o A/R/V” denote the VCTP model without
the attend -describe components, without generating the ra-
tionale and without CLIP verification module, respectively.
R-A/G/R, respectively, attend to a random region, replace
the global caption with a random one in the training set and
select a random rationale from the training set; O-A is an ora-
cle model attending to the visual concept that has the highest
similarity to the answers estimated by the text encoder (Rad-
ford et al. 2021). Recall-1 and Recall-2 evaluate models’
performance to capture key concepts, using the prompt of
the last step to calculate the Recall of the ground-truth an-
swer’s most relevant visual concept and all concepts included
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Figure 4: Qualitative results of our VCTP and baselines. Our method also enjoys better transparency by providing a step-by-step
reasoning trace with related visual concepts, regional descriptions, and a supporting rationale. → denotes our reasoning flow.

Methods A-OKVQA OK-VQA

PICa 42.40 42.94
PICa-aligned 41.90 42.84

CoT 41.53 38.13
CoT-aligned 42.10 38.15

Ours 46.41 44.62

Table 3: Analysis of computational cost on A-OKVQA val-
idation set and OK-VQA set. Our method still outperforms
PICa and CoT after considering the computational cost.

in the ground-truth answer and rationales. We find that the
performance will drop without any ablated component (w/o
A/R/V), showing each component has its contribution to the
overall performance. Compared with most ablation studies
except w/o V, we found that our model attends to more im-
portant concepts as indicated by Recall-1 and Recall-2. The
model’s performance could be further improved if attending
to key concepts accurately (Oracle-A). We further find that
Ours attends to less important concepts than w/o V but has
higher question-answering performance, which we believe
the reason is that the verification mechanism has helped re-
jected adding some misleading rationales back to the prompt.
We observe that the “attend” module has the most signif-
icant effect on performance, where we think the reason is
that the “attend” component has provided essential visual
context for the LLM to infer the correct answer as shown in
the examples in Figure 4. The “w/o R” and “Random-R”
ablations show that adding the reasoning rationale into the
model not only increases the model’s transparency but also
has positive effects on the answer prediction. Compared to
the ablation without iteration (Ours-1), our model has better
performance, showing the importance of iterative interactive
prompting.

- Recall-1 Recall-2 Acc.

w/o A 50.7 47.9 43.48
w/o R 64.2 52.5 45.54
w/o V 67.3 65.1 45.82

Random-A 58.7 54.5 43.21
Random-G 60.5 54.1 38.98
Random-R 65.2 53.2 44.53

Ours-1 57.9 46.8 44.68
Ours 65.9 60.2 46.41
Ours-4 66.0 59.5 46.42
Ours-6 65.6 60.0 46.38

Oracle-A 78.6 63.0 47.72

Table 4: Analysis on concept recall and QA accuracy.

Conclusion
In this paper, we develop a novel model named Visual Chain-
of-Thought Prompting (VCTP) for knowledge-based visual
reasoning. VCTP can adaptively focus on the related visual
concepts in the image, transform them into natural language,
and provide consistent rationales to support the answer pre-
diction. Compared with existing methods, it not only achieves
better performance but also maintains high transparency by
keeping the whole trace of each reasoning step. We hope
that VCTP can motivate future research on interactions be-
tween models of different modalities for more effective and
interpretable visual commonsense reasoning systems.
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