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Abstract

Recent advancements in Multi-modal Large Language Models (MLLMs) have
significantly improved their performance in tasks combining vision and language.
However, challenges persist in detailed multi-modal understanding, comprehen-
sion of complex tasks, and reasoning over multi-modal information. This paper
introduces MMCTAgent, a novel multi-modal critical thinking agent framework
designed to address the inherent limitations of current MLLMs in complex vi-
sual reasoning tasks. Inspired by human cognitive processes and critical thinking,
MMCTAgent iteratively analyzes multi-modal information, decomposes queries,
plans strategies, and dynamically evolves its reasoning. Additionally, MMCTAgent
incorporates critical thinking elements such as verification of final answers and self-
reflection through a novel approach that defines a vision-based critic and identifies
task-specific evaluation criteria, thereby enhancing its decision-making abilities.
Through rigorous evaluations across various image and video understanding bench-
marks, we demonstrate that MMCTAgent (with and without the critic) outperforms
both foundational MLLMs and other tool-augmented pipelines.

1 Introduction

Recent advancements in Multi-modal Large Language Models (MLLMs), such as GPT-4-Vision [3],
Gemini [32], and Qwen VL [5], have significantly improved performance in vision and language tasks,
allowing zero-shot problem-solving with images and videos [33]. One crucial task is Visual Question
Answering (VQA) [4], requiring comprehension and reasoning over multi-modal information to
answer questions about images or long-form videos, spanning from minutes to hours. Despite
recent advancements, MLLMs still have inherent limitations in detailed multi-modal processing
(e.g., spatial understanding, limited context length), comprehending complex tasks, and reasoning
over multi-modal information, constraining their practical applicability [8]. Figure 1 exemplifies
visual question answering challenge on a restaurant menu image, e.g., computing the total price of
a margherita pizza and a calzone. Similarly, Figure 2 shows visual question answering on a dance
video, posing intricate visual understanding and reasoning challenges for MLLMs.

Despite numerous attempts [41], current MLLMs still face challenges. Two main approaches emerge
in a zero-shot setting. One enhances MLLM pre-training for comprehensive image and video
understanding, but models like GPT-4V [3], Gemini [32], Claude [1], BLIP [13], and Intervid [35]
struggle with spatial reasoning, diagrams, text in images, and complex spatio-temporal dependencies
in long-form videos [8][17]. Alternatively, augmenting MLLMs with external tools/models like
HuggingGPT [29], AssistGPT [10], VideoAgent [34], and MM-React [39] aims to improve visual
comprehension. However, determining appropriate tools and building pipelines for complex VQA
tasks on both images and long-form videos remains challenging.
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Figure 1:MMCTAgent: Image understanding. Figure 2:MMCTAgent: Video understanding.

In this work, we build upon these emerging strategies while drawing inspiration from human cognitive
processes in complex visual reasoning tasks. Humans typically employ an iterative process involving
analysis, observation, evaluation, reasoning, and veri�cation to arrive at an answer. For example,
when faced with a restaurant menu image, humans thoroughly understand the information, identify
ordered items and their prices, and then calculate the total. Similarly, in long-form video VQA,
humans analyze the full video and its transcript, identify relevant clips, select pertinent frames for
additional insight, and integrate all information to answer questions. Finally, they verify steps and
reasoning to validate the answer. This iterative approach, known as Critical Thinking [38], is a
fundamental cognitive skill for making informed decisions and solving complex problems.

Inspired by human cognitive processes and critical thinking, we presentMMCTAgent, a multi-modal
critical thinking agent framework for comprehensive visual understanding and reasoning. Our
framework comprises of three components,dynamic planning and reasoning, tool augmentation,
anda vision-based critic. Just like humans break down complex problems into manageable tasks,
the dynamic planner inMMCTAgentdecomposes user queries and devises problem-solving strategies.
Iteratively, it assesses the current reasoning process and determines necessary actions to thoroughly
analyze multi-modal information. To overcome MLLM limitations,MMCTAgentleverages external
tools to gather extra information, akin to how we seek additional insights to make informed decisions.
Once enough data is gathered, the iterative process concludes with providing an answer. Critical
thinking involves verifying the �nal answer and self-re�ection. Hence, we propose a novel vision-
based critic component that evaluates evidence and assumptions analyzing both textual and multi-
modal data. The critic component introduces a generic approach to automatically determine evaluation
criteria based on task description and human intent, ensuring precise assessment of answer accuracy
and reasoning coherence. Finally, the critic evaluates against the derived criteria to determine the
accuracy of the answer and provides feedback to enhance the reasoning process, aiding in de�ning
new plans based on current information. Figure 1 and 2 illustrates the workings ofMMCTAgent.

Our work distinguishes itself in several key areas. Firstly, while previous methods like MM-
REACT [39], HuggingGPT [29], AssistGPT [10], and ViperGPT [31] excel at task breakdown
and reasoning, they lack comprehensive planning across modalities and dynamic reasoning. Secondly,
while these approaches focus solely on reasoning, they neglect veri�cation and self-re�ection. To
address this, we present a novel approach that introduces a vision-based critic and the criteria for eval-
uation in a generic manner, leveraging insights from textual QA veri�ers [11] to enhance reasoning.
Thirdly, our framework is generic, applicable to both images and long-form videos across domains
and datasets. Importantly,MMCTAgentis modular, enabling easy integration of improvements from
newer multi-modal models and foundational tools complementing their advancements.
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TheMMCTAgentframework integrates over 20 tools for various vision tasks spanning image, video,
audio, and textual understanding. Augmented with the planner & reasoning and a vision-based
critic, MMCTAgentexcels in solving real-world complex visual reasoning tasks. Through rigorous
evaluations across image and video understanding benchmarks, we demonstrate thatMMCTAgent
(with and without critic) outperforms both foundational MLLMs and other tool-augmented pipelines.
Notably, on image understanding datasets such as MMMU [45], MMVET [ 43], and MathVista [19], as
well as MMBench [18] and OKVQA [22], MMCTAgentachieves exceptional performance, surpassing
current state-of-the-art foundational models and approaches by10%. For video QA, we evaluate on
EgoSchema [21], a well-established dataset, and introduce a new dataset – MMCT-QA – comprising
of 129 QA pairs across six distinct categories.MMCTAgentachieves71:2% accuracy on EgoSchema,
outperforming state-of-the-art approaches by10%, showcasing its effectiveness in tackling complex
visual reasoning problems. To summarize, our key contributions are as follows:

• MMCTAgent: A generic, agent-based multi-modal framework inspired by human cognitive
and critical thinking process, for complex visual reasoning on images and long-form videos.

• Novel Vision-based Critic: Within MMCTAgent, we introduce a vision-based critic that au-
tonomously identi�es task-speci�c evaluation criteria and provides feedback. This enhances
decision-making by integrating veri�cation and self-re�ection mechanisms.

• Comprehensive Evaluations and Analysis:Through rigorous evaluations and ablation
analyses across diverse image and video benchmarks, we showcase the robustness and
effectiveness ofMMCTAgent, comparing it against end-to-end MLLMs and other pipelines.

2 Related Work

Tool-Augmented Pipelines for Planning and Reasoning:Tool-augmented LLM pipelines tackle
MLLM limitations in multi-modal understanding, task comprehension, and reasoning. Examples like
Chain-of-Thought Prompts [36], Toolformer [28], and ReAct [40] showcase LLMs' role in problem-
solving. MMReact [39] extends ReAct for multi-modal systems, enabling problem breakdown and
action planning. HuggingGPT [29] breaks down user queries into sub-tasks, assigning vision models
via a selection algorithm. The Chameleon [20] pipeline adapts tools and domain expert models
based on the LLM query planner. ViperGPT [31] and AssistGPT [10] provide visual interpretation
through Python program execution. In contrast,MMCTAgentemploys a human-inspired critical
thinking framework for task decomposition, strategy planning, and dynamic reasoning, enhancing
decision-making by summarizing intermediate information, unlike static reasoning �ows.

Veri�cation and Self-Re�ection for MLLMs: Recently, Large Language Models (LLMs) have
been used as veri�ers across various tasks [37]. Typically, an LLM is queried for an answer and then
re-queried with its response for critique or improvement, mostly focusing on NLP problems [30]. For
example, AssistGPT [10] includes a learner module that veri�es the �nal answer with ground-truth
samples, operating at a textual level and using them as in-context examples. In contrast,MMCTAgent
uses the entire reasoning chain and multi-modal data (e.g., images, videos) for veri�cation and
self-re�ection, operating in a zero-shot manner. Other approaches like IdealGPT [42] provides
thorough reasoning for or against the proposed answer. IPVR [7] decomposes the VQA task into
phases, using an LLM to generate rationales in the “con�rm" module. Identifying the right criteria
to evaluate against remains still a key challenge. Our work reformulates the critic de�nition for
MLLMs, offering a novel approach to automatically de�ne a vision-based critic, identify task-speci�c
evaluation criteria, and provide structured self-re�ection. This automated critic approach allows
seamless integration of task-speci�c evaluation criteria into existing LLM pipelines.

Long-Form Video Understanding: Long-form video understanding is challenging due to LLM
limitations in handling long contexts and processing visual information ef�ciently [15]. Foundational
MLLMs like GPT-4V, Gemini, and Claude struggle with context length, with Azure GPT-4V API
supporting only 10 frames per call [23]. A common approach is subsampling videos and passing
each chunk to an MLLM for description, as shown by LLoVi [46], which captions video clips and
prompts an LLM with these captions. Alternatively, MLLM pipelines like VideoAgent [34] and its
extensions [9] perform iterative VQA on videos by sampling the video linearly, generating descriptions
using vision language models, and using tools like CLIP [27] for iterative visual information retrieval.
This method is expensive and inef�cient and varies by dataset. Our framework differs by using a
generic iterative approach. It �rst indexes the entire video using tools like Azure Video Retriever [25]
or CLIP-based models [44]. Then, it uses transcripts (where available) to determine relevant time
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Figure 3:MMCTAgentOverview with Planner and Reasoner, Tools, and Critic Components.

frames or rewrites the user query with a planner and reasoner to retrieve frames of interest, which
are analyzed by MLLMs like GPT-4V.MMCTAgentcombines planning and reasoning with external
tools, including MLLMs and vision models, for comprehensive video analysis. Our critic veri�es the
answer by analyzing the entire reasoning chain and selected video clips through visual analysis.

3 MMCTAgentOverview

MMCTAgentis one of the �rst generic solution for complex visual understanding and reasoning tasks,
applicable to both images and long-form videos. It processes user queries with images or videos to
generate precise answers grounded in multi-modal information. Inspired by human critical thinking,
MMCTAgentadopts an iterative approach for detailed analysis, reasoning, information gathering, and
answer veri�cation. At the core of theMMCTAgentframework are three key components:the dynamic
planner and reasoner, the tool augmentation, and the vision-based critic, described next.

3.1 Dynamic Planner and Reasoner

The planner and reasoner serves as the central orchestrator ofMMCTAgent. It breaks down user
queries into sub-tasks, creates problem-solving strategies, and adapts based on new information.
Leveraging the high-level planning abilities of LLMs and the ReAct [40] framework for reasoning,
MMCTAgentef�ciently solves complex visual tasks. Input to the reasoner includes a[problem
description] providing a high-level task overview,[instructions] detailing the critical thinking
approach to solving it,[tool descriptions] listing available tools and their functionalities,[user
query] de�ning the question of interest, and[multi-modal data] such as images, videos. (See
Appendix 9 for sample prompts).

Initially, the reasoner uses a vision interpreter tool such as a MLLM or vision model, to gather
comprehensive information about the multi-modal data, aiding in planning and reasoning. Using
this information, along with the problem description and user query, the reasoner formulates a plan
and associated reasoning. Guided by the instructions, it dynamically generates a plan, identi�es
the next step, acquires additional information, and iteratively updates the plan and reasoning. Each
step involves athought(assessing relevant evidence, observations, and reasoning for potential next
steps), anaction (acquiring more information), and anobservation(analyzing the information
gained). Unlike static approaches, the dynamic planner and reasoner continuously evaluate the
current reasoning process and adjust actions accordingly. This adaptability enables the system to
excel in multi-modal understanding and reasoning, ensuring effectiveness in handling complex tasks.

3.2 Tool Augmentation

This component enables seamless integration of various general-purpose or domain-speci�c tools,
empowering it to gain additional insights from multi-modal data. Equipped with descriptions and
metadata of these tools,MMCTAgentdynamically invokes them during its critical thinking process.
We leverage the following tools to attain a comprehensive understanding of multi-modal data:

1. Image Understanding & Descriptors: These tools specialize in interpreting visual content
within images.(a) VIT (Vision Interpreter):VIT aids in image classi�cation and understanding,
extracting high-level visual features for tasks like object recognition, scene understanding, etc.(b)
OCR (Optical Character Recognition):OCR extracts text from images.(c) Object Detection:Object
detection identi�es and localizes objects within images.(d) Recognition (Face/Object Recognition):
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Figure 4: Vision-based Critic overview.

Recognition identi�es speci�c objects or faces within images. Appendix. 10 provides details of the
exact tools supported byMMCTAgent.
2. Audio Analysis & Descriptors: ASR (Automatic Speech Recognition) is utilized to transcribe
spoken language into text, essential for tasks like audio data transcription and multi-modal analysis.
3. Textual Analysis & Retrievers: This tool retrieves semantically matched phrases from transcripts
based on a search query, aiding tasks like retrieval and context understanding. It employs embedding
models to encode phrases and search queries, returning top matches using cosine similarity.
4. Video Analysis & Retrievers: This tool analyzes video frames to create a queriable index,
using video embeddings like CLIP [27] to identify speci�c moments. It aids in tasks such as video
summarization and analysis, enhancing the understanding of visual information within videos.
5. Video Understanding & Descriptors: This tool utilizes foundational models (MLLMs) to analyze
multiple video frames simultaneously, enabling comprehensive multi-modal analysis.

Note that, the current set of tools added are quite generic and works for various tasks and domains,
furthermore additional tools can be added seamlessly as required (See Appendix 10 for more details).

3.3 Vision-based Critic

A crucial component of critical thinking is verifying the �nal answer and engaging in self-re�ection.
We introduce a novel vision-based critic using an MLLM like GPT-4V, which scrutinizes the reasoning
chain, including evidence, assumptions, and accompanying image or video data. Unlike textual critics
that focus solely on reasoning, this vision-based approach analyzes all information, ensuring robust
veri�cation and self-re�ection. Previous works with LLMs for veri�cation lacked explicit evaluation
criteria, limiting their effectiveness [47]. Users had to establish these criteria themselves, which was
burdensome due to task diversity. Our approach automates the de�nition of evaluation criteria upfront
using LLMs (see Figure 4). These criteria are integrated into the vision-based critic, enabling it to
assess the �nal answer and offer constructive feedback.

To automatically identify task-speci�c evaluation criteria, we use an LLM like GPT-4, processing
inputs such as[Problem description] , [Instruction] , [Task Description] , and[Human
Intent] . The problem description provides an overview, instructions detail how to de�ne criteria, the
task description offers speci�c information (e.g., VQA), and human intent speci�es qualitative metrics
(e.g., concise answers, clear reasoning). Using this input, the LLM formulates criteria, descriptions,
and acceptable values. Example criteria derived,Criteria : Clarity of Reasoning,Description: Logic
behind the model's answer, demonstrating its understanding,Acceptable Values: "1": "Not clear",
"2": "Somewhat clear", "3": "Clear", "4": "Very clear", "5": "Extremely clear" (See Appendix 11 for
more details and prompts).

The vision-based critic uses task-speci�c criteria to systematically evaluate the reasoning chain,
evidence, and multi-modal data. Inputs include[Problem description] , [Instructions] ,
[Evaluation results] , and[Feedback] . The problem description outlines the critic's task,
instructions specify evaluation methods, evaluation results prompt speci�c output formats, and
feedback guides accurate reasoning or self-re�ection. This helps the planner and reasoner determine
next steps. The critic is invoked only after the �nal answer, as experimenting with the critic at
individual steps showed no performance improvement due to limited knowledge at each step.

We use GPT-4V from Azure OpenAI [24] as our critic model for image and video understanding.
While the critic can process an entire image, it faces constraints with videos, only handling 10 frames
at a time due to API constraints [23]. To work around this, for video comprehension, we pick the
top-3 relevant video clips. Next, we extract frames from these clips, creating image sets (max 10)
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Dataset
Claude 3
Opus*

Claude 3
Sonnet*

Claude 3
Haiku* GPT-4V*

Gemini
1.0 Ultra*

Gemini
1.5 Pro*

Gemini
1.0 Pro*

MMCT
w/o Critic

MMCT
w Critic

MMMU 59.40 53.10 50.20 56.80 59.40 58.50 47.90 59.54 63.57
MathVista 50.50 47.90 46.40 49.90 53.00 52.10 45.20 53.30 56.50
MMVET 51.70 51.30 - 60.20 - 64.20 - 70.51 74.24
MMBench 63.30 67.80 60.70 77.00 - 73.60 - 80.21 84.20

Table 1:MMCTAgentoutperforms SOTA foundational models across all datasets (Bold: best, Under-
line: second best). * Sourced directly from original reports.

resembling a photo grid of size nxn (where n is the number of frames concatenated in a image). These
image sets are then fed to the vision-based critic for comprehensive analysis and evaluation (see
Appendix 11.2 for examples).

4 Datasets and Metrics

We conduct rigorous evaluations across image and video understanding benchmarks in a zero-shot
setting. Our evaluation assessesMMCTAgent's ability in multi-modal understanding and reasoning,
integrating visual and textual data, applying domain-speci�c knowledge, and utilizing external
information. The evaluation metric for all datasets is the accuracy of answers to all questions.

Image understanding benchmarks.We evaluateMMCTAgentacross �ve challenging and diverse
image datasets,MMVET[43], MMMU[45], MMBench[18], OKVQA[22], MathVista [19], each with its
unique focus and challenges, to comprehensively assess its capabilities in multi-modal understanding
and reasoning. More details of the datasets are in Appendix 15.

Video understanding benchmarks.We evaluateMMCTAgenton a widely recognized long-form
video dataset EgoSchema and introduce our own dataset for complex reasoning and video analysis.

Egoschema[21] consists of 5000 multiple-choice questions sourced from 5000 egocentric videos
covering a wide array of natural human activities. Each video spans 3 minutes, and the dataset
comprises a test set, with a subset of 500 questions having publicly available labels.

MMCT-QAaims to create a benchmark for video understanding that meets three criteria: (i) representa-
tion of long-form videos, (ii) realism in scenarios requiring different capabilities, and (iii) inclusion of
both audio and video modalities. We structured a taxonomy of queries into six categories: temporal
understanding, spatial understanding, event & action recognition, dialogue & transcript-based, ab-
stract and conceptual, and speci�c detail based, each targeting different video understanding aspects.
Our dataset includes 15 diverse videos sourced from the Youtube 8M [2] dataset (which we modify
and distribute under its Apache License 2.0) with 129 question-answer pairs, created by human
annotators. Since the answers are open-ended, an LLM-based evaluator veri�es system-generated
answers against ground truth, categorizing them as no match, partial match, or complete match (see
Appendix 15 for sample data).

Implementation Details. MMCTAgentuses the same con�gurations for both image and video analysis
across datasets. The planner and reasoning agent use GPT-4 (gpt-4-32k (0613) [26]) as the LLM for
all experiments. The VIT tool and the critic used is a MLLM, i.e., GPT-4v (gpt-4 (vision-preview)).
Note that all our evaluations are in a zero-shot setup, unlike AssistGPT [10]. The source code for
MMCTAgentand the MMCT-QA dataset is available for the community. To run the pipeline we use a
Virtual Machine composed of 1 x A100 80 GB, 64 cpu cores at 3.2GHz and 512 GB RAM. GPU is
necessary to support tools at that are inferred locally.

5 Results: Image Understanding and Reasoning

We meticulously evaluateMMCTAgentagainst established benchmarks, including foundational
MLLMs like GPT-4V [3], Claude [1], Gemini [32], and other tool-based MLLMs like AssistGPT [10]
and ViperGPT [31], to assess its effectiveness.

5.1 Performance analysis

Table 1 presents the performance analysis ofMMCTAgentcompared to state-of-the-art (SOTA)
MLLMs across all datasets.MMCTAgent, equipped with a vision-based critic, consistently out-
performs SOTA MLLMs such as Claude 3, GPT-4V, and Gemini models by at least10% across all
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Figure 5: MMCTAgentperfor-
mance on OKVQA.

Figure 6: Confusion
matrix (N=1).

Figure 7: Confusion
matrix (N=3).

Figure 8: Confusion
matrix (N=5).

datasets. For instance, on the MMVET dataset,MMCTAgentachieves 74.2% accuracy, showcasing
performance improvement by +22.3%, +14.1%, and +10.4% points over Claude 3, GPT-4V, and
Gemini models, respectively. This trend persists across all datasets, withMMCTAgenton average
surpassing GPT-4V by 10%, Claude 3 by 15%, and Gemini models by 10%. This performance
enhancement highlights the synergy among the three proposed components withinMMCTAgent, en-
abling comprehensive analysis of image data. The performance boost can be attributed to several
factors within our pipeline: 1) Utilization of superior tools for individual capabilities compared to the
inherent capabilities of MLLMs, 2) Implementation of an iterative reasoning chain that decomposes
tasks into manageable subtasks, and 3) Integration of a vision-based critic for thorough evaluation
of derived answers, reasoning chains, and multimodal data. It's noteworthy that even without the
critic, MMCTAgentoutperforms all SOTA MLLMs (second best- underlined). Appendix 17 provides
ablation study on external tool dependency, different MLLMs including open-source, different critics
including GPT4o results.

Furthermore, Figure 5 showsMMCTAgent's superior performance to SOTA tool-based approaches
like AssistGPT [10] and ViperGPT [31] on OKVQA dataset. We select OKVQA as this was the only
dataset other tool-based models were evaluated.MMCTAgentoutperforms AssistGPT by 12% and
ViperGPT by 5%, respectively. See Appendix 6.3 for cost and performance details.

Summary:MMCTAgentoutperforms all SOTA MLLMs and tool-based MLLMs by atleast 10%.

5.2 Vision-based critic performance

We now assess the effectiveness of the vision-based critic withinMMCTAgent. From Table 1 we can
see that by introducing critic,MMCTAgent's performanceimproves on average by 5%. Figures 6, 7,
and 8 show the confusion matrix ofMMCTAgentwith and without critic for MMVET dataset. Each
cell denotes the % of samples that fall under the criteria. The top-left cell signi�es cases where both,
with and without the critic, agree. The top-right cell indicates samples whereMMCTAgentwithout
the critic produced the correct answer, but the introduction of the critic led to incorrect answers.
Conversely, the bottom-left cell indicates instances where the introduction of the critic assisted
MMCTAgentin deriving correct answers that were not feasible earlier. Finally, the bottom-right cell
depicts samples where neither approach was able to derive the correct answer.

MMCTAgent, with and without the critic, agrees on 52-56% of samples. Here, the critic veri�es and
solidi�es answers but doesn't improve performance. In 20-23% of samples, neither approach could
derive the correct answer, mainly due to limitations in the tools and MLLMs' comprehension abilities.
The introduction of the critic generally enhances performance in 14-18% of samples. However, there
are instances where it does not perform optimally: (1) When the base pipeline suggests an incorrect
answer and the critic accepts it, and (2) When the pipeline would have arrived at the correct answer,
but the critic leads it to select the wrong answer.

Base framework derives wrong answer and Critic accepts it: The primary reason for
these issues is thatMMCTAgentuses GPT-4V for both the VIT and critic, resulting in shared weak-
nesses. To mitigate this, employing different MLLMs for these roles could be effective.

Critic leads the base framework to the wrong answer: There are few instances where
the critic results in the wrong answer. These occur when the base framework had the correct answer,
but the critic's attempt to extract additional information leads to hallucinations. Currently, the critic
prioritizes speci�city over simplicity. To mitigate such errors, establishing more detailed guidelines
and enhancing the critic evaluation criteria could be effective.

Furthermore, Figure 5 showsMMCTAgent's superior performance to SOTA tool-based approaches
like AssistGPT [10] and ViperGPT [31] on OKVQA dataset. We select OKVQA as this was the
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Method Acc.
GPT-4V [3] 63.5
Gemini 1.0 Pro [32] 61.5
LLoVi [46] 57.6
MC-ViT-L [6] 62.6
Video-LLaVa [14] 36.8
ViperGPT [31] 15.8
VideoAgent [34] 60.2
VideoAgent-M [9] 62.8
MMCT w/o Critic 68.8
MMCT w Critic 71.2

Figure 9: MMCTAgent on
EgoSchema.

Method Accuracy
Baseline1 41.1
Baseline2 51.2
MMCT w/o critic 67.1
MMCT with critic 71.3

Figure 10: MMCTAgenton
MMCT-QA.

Figure 11: Confusion
matrix.

only dataset other tool-based models were evaluated.MMCTAgentoutperforms AssistGPT by 12%
and ViperGPT by 5%, respectively. Appendix 6.3 We conduct experiments with varying numbers
of critic calls (N=1, 3, and 5) to understand the critic's impact. Figures 6, 7, and 8 show that
increasing critic calls from 1 to 3 reduces adversarial effects (disagreement drops from 9% to 5%).
However, further increasing the number of calls beyond 3 does not signi�cantly boost performance.
We observe a notable improvement of 14.75% with one critic call, while additional calls result in
only minimal increase in accuracy. Due to space constraints, we do not provide an in-depth critic
analysis for other datasets, but they follow similar trends. Appendix 16 offers additional details and
qualitative examples for these scenarios. Further, Appendix 17 provides ablation study on external
tool dependency, different MLLMs including open-source, different critics.

Summary:MMCTAgentwith critic boosts the performance by 5% and also assists in validating and
grounding the generated answer.

6 Results: Video Understanding and Reasoning

6.1 Performance Analysis

Table 9 demonstratesMMCTAgent's superiority over all state-of-the-art (SOTA) methods. On the
EgoSchema [21] 500-question subset (3-minute, no-audio videos),MMCTAgentachieves an accuracy
of 71.2% with a critic and 68.8% without one, surpassing models like LLoVi, Video-LLaVa, MC-
ViT-L, VideoAgent, VideoAgent-M, ViperGPT, GPT-4V, and Gemini 1.0 Pro. Notably,MMCTAgent
improves performanceby 10% over Gemini and GPT-4V, showcasing its effectiveness.

On our MMCT-QA dataset,MMCTAgentoutperforms standard baselines using GPT-4V by 20%
on average, as shown in Table 10. Due to limitations in code availability, context length, and
computational challenges, we comparedMMCTAgentagainst two baselines:

(i) Baseline-1 (B1):Videos are divided into �ve random 10-second clips. GPT-4V generates
descriptions for each clip, which are aggregated with audio transcripts. GPT-4 then answers queries
based on this textual description. (ii)Baseline-2 (B2):Builds on B1 by embedding each clip's
description. The closest chunk based on description embedding is retrieved and passed to GPT-4V
to answer the query. B1 converts video and audio data to text for answering queries, similar to
MMVid [ 16]. B2 retrieves the best chunk for analysis, similar to AssistGPT [10]. MMCTAgent
outperforms both B1 and B2 on our dataset.

Summary:MMCTAgent, with and without a critic, achieves SOTA accuracy on both EgoSchema and
MMCT-QA datasets, outperforming proprietary, public, and tool-based MLLMs.

6.2 Vision-based critic performance

Similar to the critic analysis on image datasets in Section 5.2, introducing the vision-based critic
improvesMMCTAgent's performance by 3-4% across both video benchmarks. This improvement
is achieved by passing selected frames in a photo grid (image set) to the critic for veri�cation and
self-re�ection, as detailed in Section 3.3. Appendix 11.2 provides further details and sample images
of the multi-modal data used in this photo grid for the critic. Figure 11 shows the confusion matrix of
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MMCTAgentwith and without the critic for the EgoSchema dataset. The introduction of the critic not
only helps validate current answers (66%) but also improves performance in cases where the default
pipeline fails (5%).

Summary:MMCTAgentwith the critic signi�cantly enhances long-form video comprehension, boast-
ing an improvement of +4% and ensuring grounded answers within the multi-modal data.

6.3 Cost and performance tradeoff

Our comprehensive analysis reveals that MMCTAgent, particularly when utilizing GPT-4 as the
planner and reasoner and GPT-4V as the Vision Interpreter and critic, signi�cantly outperforms
other models. Speci�cally, MMCTAgent demonstrates a performance improvement exceeding 25%
compared to a single GPT-4V call. However, it triples the inference time compared to direct GPT4v
call. Future Optimizations: We anticipate future reductions in both time and cost through several
optimizations:
i. Memory Incorporation: By incorporating memory mechanisms, MMCTAgent can retain and
reuse relevant information across multiple steps, reducing redundant computations.
ii. Selective Routing:Implementing selective routing will allow only complex images to be processed
through the critic, thereby minimizing unnecessary tool invocations.
iii. Alternative Finetuned MLLMs: While substituting VIT and/or Critic with other MLLMs like
LLaVa-1.5 or InternLM-XComposer does not currently yield performance improvements due to their
limitations in comprehending multimodal data, �netuning these models and ongoing advancements
in these models would offer more ef�cient alternatives.

7 Conclusions

In this work, we introducedMMCTAgent, a novel multi-modal critical thinking agent framework
designed to enhance visual reasoning capabilities in MLLMs. Inspired by human cognitive processes
and critical thinking,MMCTAgentaddresses the limitations of current MLLMs in multi-modal pro-
cessing and reasoning over complex visual tasks by integrating dynamic planning, tool augmentation,
and a novel vision-based critic. The critic evaluates evidence and assumptions, determines answer
accuracy, and provides feedback to enhance reasoning. Our performance analysis demonstrates
thatMMCTAgentconsistently outperforms state-of-the-art (SOTA) models like Claude 3, GPT-4V,
and Gemini by at least 10% across various image and video datasets, with the critic improving
overall accuracy by 5%.MMCTAgent's modularity allows seamless integration of advancements in
multi-modal models and tools, ensuring continuous improvements in visual reasoning. Furthermore,
the framework's generic approach makes it applicable across various domains and datasets.

Limitations: Despite the use of the critic,MMCTAgentcan still hallucinate and generate incorrect
answers; additional measures are necessary to verify the reasoning chain. WhileMMCTAgenthas
shown promising results across various datasets, applying it to real-world scenarios requires further
testing. Additionally, the dependency on external tools can introduce vulnerabilities if these tools fail
or are unavailable, and the computational overhead ofMMCTAgentmay limit real-time applicability.
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[6] I. Bala�ević, Y. Shi, P. Papalampidi, R. Chaabouni, S. Koppula, and O. J. Hénaff. Memory
consolidation enables long-context video understanding, 2024.

[7] Z. Chen, Q. Zhou, Y. Shen, Y. Hong, H. Zhang, and C. Gan. See, think, con�rm: Interactive
prompting between vision and language models for knowledge-based visual reasoning.arXiv
preprint arXiv:2301.05226, 2023.

[8] O. Contributors. Opencompass: A universal evaluation platform for foundation models.https:
//github.com/open-compass/opencompass , 2023.

[9] Y. Fan, X. Ma, R. Wu, Y. Du, J. Li, Z. Gao, and Q. Li. Videoagent: A memory-augmented
multimodal agent for video understanding, 2024.

[10] D. Gao, L. Ji, L. Zhou, K. Q. Lin, J. Chen, Z. Fan, and M. Z. Shou. Assistgpt: A general multi-
modal assistant that can plan, execute, inspect, and learn.arXiv preprint arXiv:2306.08640,
2023.

[11] Z. Ji, T. Yu, Y. Xu, N. Lee, E. Ishii, and P. Fung. Towards mitigating LLM hallucination via
self re�ection. In H. Bouamor, J. Pino, and K. Bali, editors,Findings of the Association for
Computational Linguistics: EMNLP 2023, pages 1827–1843, Singapore, Dec. 2023. Association
for Computational Linguistics. doi: 10.18653/v1/2023.�ndings-emnlp.123. URLhttps:
//aclanthology.org/2023.findings-emnlp.123 .

[12] A. Kembhavi, M. Salvato, E. Kolve, M. Seo, H. Hajishirzi, and A. Farhadi. A diagram is worth
a dozen images.ArXiv, abs/1603.07396, 2016. URLhttps://api.semanticscholar.org/
CorpusID:2682274.

[13] J. Li, D. Li, C. Xiong, and S. Hoi. Blip: Bootstrapping language-image pre-training for uni�ed
vision-language understanding and generation, 2022.

[14] B. Lin, Y. Ye, B. Zhu, J. Cui, M. Ning, P. Jin, and L. Yuan. Video-llava: Learning united visual
representation by alignment before projection, 2023.

[15] J. Lin, Y. Du, O. Watkins, D. Hafner, P. Abbeel, D. Klein, and A. Dragan. Learning to model
the world with language, 2023.

[16] K. Lin, F. Ahmed, L. Li, C.-C. Lin, E. Azarnasab, Z. Yang, J. Wang, L. Liang, Z. Liu, Y. Lu, et al.
Mm-vid: Advancing video understanding with gpt-4v (ision).arXiv preprint arXiv:2310.19773,
2023.

[17] H. Liu, W. Yan, M. Zaharia, and P. Abbeel. World model on million-length video and language
with ringattention.arXiv preprint arXiv:2402.08268, 2024.

[18] Y. Liu, H. Duan, Y. Zhang, B. Li, S. Zhang, W. Zhao, Y. Yuan, J. Wang, C. He, Z. Liu, K. Chen,
and D. Lin. Mmbench: Is your multi-modal model an all-around player?, 2024.

10



[19] P. Lu, H. Bansal, T. Xia, J. Liu, C. Li, H. Hajishirzi, H. Cheng, K.-W. Chang, M. Galley, and
J. Gao. Mathvista: Evaluating mathematical reasoning of foundation models in visual contexts,
2024.

[20] P. Lu, B. Peng, H. Cheng, M. Galley, K.-W. Chang, Y. N. Wu, S.-C. Zhu, and J. Gao. Chameleon:
Plug-and-play compositional reasoning with large language models.Advances in Neural
Information Processing Systems, 36, 2024.

[21] K. Mangalam, R. Akshulakov, and J. Malik. Egoschema: A diagnostic benchmark for very
long-form video language understanding, 2023.

[22] K. Marino, M. Rastegari, A. Farhadi, and R. Mottaghi. Ok-vqa: A visual question answering
benchmark requiring external knowledge, 2019.

[23] Microsoft. Gpt with vision - azure openai service.https://learn.microsoft.com/en-us/
azure/ai-services/openai/concepts/gpt-with-vision , 2024. Accessed: 2024-05-
22.

[24] Microsoft. Azure openai service.https://azure.microsoft.com/en-us/products/
ai-services/openai-service , 2024. Accessed: 2024-05-22.

[25] Microsoft. Reference video search - azure ai computer vision.https://learn.microsoft.
com/en-us/azure/ai-services/computer-vision/reference-video-search , 2024.
Accessed: 2024-05-22.

[26] OpenAI. Gpt-4.https://openai.com/index/gpt-4-research/ , 2023. Accessed: 2024-
05-22.

[27] A. Radford, J. W. Kim, C. Hallacy, A. Ramesh, G. Goh, S. Agarwal, G. Sastry, A. Askell,
P. Mishkin, J. Clark, G. Krueger, and I. Sutskever. Learning transferable visual models from
natural language supervision, 2021.

[28] T. Schick, J. Dwivedi-Yu, R. Dessì, R. Raileanu, M. Lomeli, E. Hambro, L. Zettlemoyer,
N. Cancedda, and T. Scialom. Toolformer: Language models can teach themselves to use tools.
Advances in Neural Information Processing Systems, 36, 2024.

[29] Y. Shen, K. Song, X. Tan, D. Li, W. Lu, and Y. Zhuang. Hugginggpt: Solving ai tasks with
chatgpt and its friends in hugging face.Advances in Neural Information Processing Systems,
36, 2024.

[30] N. Shinn, F. Cassano, E. Berman, A. Gopinath, K. Narasimhan, and S. Yao. Re�exion: Language
agents with verbal reinforcement learning, 2023.

[31] D. Surís, S. Menon, and C. Vondrick. Vipergpt: Visual inference via python execution for
reasoning.arXiv preprint arXiv:2303.08128, 2023.

[32] G. Team, R. Anil, S. Borgeaud, Y. Wu, J.-B. Alayrac, J. Yu, R. Soricut, J. Schalkwyk, A. M.
Dai, A. Hauth, et al. Gemini: a family of highly capable multimodal models.arXiv preprint
arXiv:2312.11805, 2023.

[33] W. Wang, H. Bao, L. Dong, J. Bjorck, Z. Peng, Q. Liu, K. Aggarwal, O. K. Mohammed,
S. Singhal, S. Som, et al. Image as a foreign language: Beit pretraining for vision and vision-
language tasks. InProceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 19175–19186, 2023.

[34] X. Wang, Y. Zhang, O. Zohar, and S. Yeung-Levy. Videoagent: Long-form video understanding
with large language model as agent, 2024.

[35] Y. Wang, Y. He, Y. Li, K. Li, J. Yu, X. Ma, X. Li, G. Chen, X. Chen, Y. Wang, C. He,
P. Luo, Z. Liu, Y. Wang, L. Wang, and Y. Qiao. Internvid: A large-scale video-text dataset for
multimodal understanding and generation, 2024.

[36] J. Wei, X. Wang, D. Schuurmans, M. Bosma, B. Ichter, F. Xia, E. Chi, Q. Le, and D. Zhou.
Chain-of-thought prompting elicits reasoning in large language models, 2023.

11



[37] Y. Weng, M. Zhu, F. Xia, B. Li, S. He, S. Liu, B. Sun, K. Liu, and J. Zhao. Large language
models are better reasoners with self-veri�cation, 2023.

[38] Wikipedia contributors. Critical thinking — wikipedia, the free encyclopedia, 2024. URL
https://en.wikipedia.org/wiki/Critical_thinking . [Online; accessed 22-May-
2024].

[39] Z. Yang, L. Li, J. Wang, K. Lin, E. Azarnasab, F. Ahmed, Z. Liu, C. Liu, M. Zeng, and
L. Wang. Mm-react: Prompting chatgpt for multimodal reasoning and action.arXiv preprint
arXiv:2303.11381, 2023.

[40] S. Yao, J. Zhao, D. Yu, N. Du, I. Shafran, K. Narasimhan, and Y. Cao. React: Synergizing
reasoning and acting in language models, 2023.

[41] S. Yin, C. Fu, S. Zhao, K. Li, X. Sun, T. Xu, and E. Chen. A survey on multimodal large
language models.arXiv preprint arXiv:2306.13549, 2023.

[42] H. You, R. Sun, Z. Wang, L. Chen, G. Wang, H. A. Ayyubi, K.-W. Chang, and S.-F. Chang.
Idealgpt: Iteratively decomposing vision and language reasoning via large language models.
arXiv preprint arXiv:2305.14985, 2023.

[43] W. Yu, Z. Yang, L. Li, J. Wang, K. Lin, Z. Liu, X. Wang, and L. Wang. Mm-vet: Evaluating
large multimodal models for integrated capabilities, 2023.

[44] L. Yuan, D. Chen, Y.-L. Chen, N. Codella, X. Dai, J. Gao, H. Hu, X. Huang, B. Li, C. Li, C. Liu,
M. Liu, Z. Liu, Y. Lu, Y. Shi, L. Wang, J. Wang, B. Xiao, Z. Xiao, J. Yang, M. Zeng, L. Zhou,
and P. Zhang. Florence: A new foundation model for computer vision, 2021.

[45] X. Yue, Y. Ni, K. Zhang, T. Zheng, R. Liu, G. Zhang, S. Stevens, D. Jiang, W. Ren, Y. Sun,
C. Wei, B. Yu, R. Yuan, R. Sun, M. Yin, B. Zheng, Z. Yang, Y. Liu, W. Huang, H. Sun, Y. Su,
and W. Chen. Mmmu: A massive multi-discipline multimodal understanding and reasoning
benchmark for expert agi, 2023.

[46] C. Zhang, T. Lu, M. M. Islam, Z. Wang, S. Yu, M. Bansal, and G. Bertasius. A simple llm
framework for long-range video question-answering, 2024.

[47] Y. Zhang, M. Zhang, H. Yuan, S. Liu, Y. Shi, T. Gui, Q. Zhang, and X. Huang. Llmeval: A
preliminary study on how to evaluate large language models, 2023.

12



Figure 12: Image understanding and reasoning.Figure 13: Video understanding and reasoning.

Appendix

8 Qualitative Examples

Image understanding and reasoning.Figure 12 illustratesMMCTAgent's execution with an image,
tackling the user query “which are the producers in this food web?" Foundational MLLMs like
GPT-4V and Gemini yield incorrect answers, emphasizing the complexity of the task.MMCTAgent
begins with an initial analysis using a Vision Transformer (VIT) tool,recognizingthe image as an
ocean food chain diagram. Subsequent steps involveobject detectionto identify organisms and
MLLM analysisto pinpoint independent organisms within the food web. The planner integrates
insights from the MLLM and previous observations to derive a preliminary answer. The critic
then evaluates the answer, highlightingde�ciencies in comprehensiveness and clarity, leading to a
re�ned reasoning chain focusing on directional aspects of arrows between organisms. The revised
answer undergoes validation by the critic, con�rming its accuracy and coherent reasoning. This
example showcasesMMCTAgent's pro�ciency in complex visual reasoning, facilitated by iterative
critical thinking involving the planner & reasoner, tool augmentation, and vision-based critic (see
Appendix12 for more examples).

Video understanding and reasoning.Figure 13 illustratesMMCTAgent's analysis of a �tness video,
focusing on identifying the exercise after leg presses. Despite context length limitations,MMCTAgent
overcomes this challenge with its generic approach. The process begins with initial assessment and
audio transcription, while the video undergoesvisual indexing. Transcript analysis reveals no direct
references, promptingvisual tools' useto identify relevant clips. Employing Azure Computer Vision,
MMCTAgentidenti�es leg press timestamps but �nds no subsequent exercise. GPT-4V analysis
continues to show only leg presses. Followingcritic feedback, the search extends to frames 30
seconds post timestamps, revealingleg extensions. Integrating these insights,MMCTAgentcon�rms
leg extensions as the subsequent exercise. Thecritic evaluatesthe �nal answer, con�rming its
accuracy and reasoning clarity. This robust analysis, emphasizing critical thinking, overcomes
information gaps using advanced visual tools (see Appendix13 for more examples).

9 Dynamic Planner and Reasoner Agent: Additional details

While both of our pipelines have the same functionalities, the prompt varies in terms of style and
speci�c details. In this section, both prompts and structure are presented in a uni�ed format.
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9.1 Image Pipeline

Prompt Structure

The prompt is structured using LLama_Index, This is the primary library used in developed of the
pipeline. We utilize a modi�ed version ofReactAgent from LLama_Index to enable easy integration
and high control. The formatted prompt can be split into 3 sections, i.e., 1) Tool Descriptions, 2)
Input-Output De�nition, 3) Guidelines.

Tool Description

1 ## Tools
2 You have access to a wide variety of tools . You are responsible for

,! using
3 the tools in any sequence you deem appropriate to complete the task

,! at hand .
4 This may require breaking the task into subtasks and using dif ferent

,! tools
5 to complete each subtask .
6

7 You have access to the fol lowing tools :
8

9 > Tool Name : Vision Expert : vit
10 Tool Descript ion : You can query information about the given

,! image / images using simple natural language ,
11 This returns responses in simple language .
12 input :
13 { " query " : "What is the number of objects in the

,! image "}
14 or
15 { " query " : "What is the number of objects in the

,! image " , " selected_image ": "1"}
16

17 The input can contain two values "query " and
,! " selected_image ". " selected_image " is opt ional but " query " is
,! necessary for all queries .

18 " query " is to define the quest ion that the Vision
,! expert would answer about the image .

19 " selected_image " is used only when there are
,! mult iple images given in the problem sett ing . There are three
,! val id options for " selected_image " i .e. , "1" , "2" , "all " . By
,! default all is used , and for scenarios where there is only one
,! image " selected_image " do not change the select ion of image .

20

21 response :
22 The output is simple text answering the query

,! given .
23

24 Tool Args : query : str
25 selected_image : Optional [ str ] = "all " \n \ t possible

,! values : [ "1" ,"2" ,...( any number ) ... , "all " ]
26

27 > Tool Name : Object Detect ion Tool : object_detect \n
28 Tool Descript ion : You can use this tool to analyze the given image ,

,! The tool should be used when
29 individual objects are to be detected in the image .

,! The algori thm returns
30 posit ions of individual elements that it can detect .
31

32 This returns response in a dict ionary with the name
,! of the object and the

33 posit ion of the object in pixel coordinates in XYHW
,! format .
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34 XYHW format represents 4 float values represent ing
,! the X coordinate of the

35 object , Y coordinate of the object , the height of the
,! object , Width of the object .

36 input :
37 { }
38 Input is always empty as it doesnt require anything

,! as input and analyzes on the image that you are given . Always
,! ignore the arguement prior i ty and do not generate that in the
,! input .

39

40 response :
41 The output is a dict containing object labels as

,! key and a array in XYHW format corresponding the posit ion of
,! the object .

42

43 Tool Args : prior i ty : Optional [ str ] = "3"
44 possible values : [ "1" ,"2" ,"3" ]
45 model_name : Optional [ str ] = " DETASwinL "
46 possible values : [ " DETASwinL " ," DETARes " ," YoloV8s "]
47

48 > Tool Name : Optical Character Recognit ion Tool : ocr \n
49 Tool Descript ion : You can use this tool to analyze the given image ,

,! The tool should be used when
50 you require to extract text from the image . The

,! algori thm returns
51 the extracted text which might not be accurate given

,! the l imited performance of the OCR model .
52

53 This returns response in a list of str ings which is
,! simply in the order of the

54 text present in the image from left to right and top
,! to bottom .

55 input :
56 { }
57 Input is always empty as it doesnt require anything

,! as input and analyzes on the image that you are given .
58 Always ignore the arguement prior i ty and do not generate that in

,! the input .
59

60 response :
61 The output is a list of str ing containing the

,! text that is extracted in
62 the order it is present in the image .
63

64 Tool Args : prior i ty : Optional [ str ] = "3"
65 possible values : [ "1" ,"2" ,"3" ]
66 model_name : Optional [ str ] = " TROCRLarge "
67 possible values : [ " TROCRLarge " ," TROCRBase " ," TROCRSmall " ]
68

69

70 > Tool Name : Image Recognit ion Tool : recog
71

72 Tool Descript ion : You can use this tool to analyze the given
,! image , The tool should be used when

73 you require to understand the scene in the image , and
,! get a descript ive text

74 about the image . The algori thm returns the
,! descr ipt ion about the image in simple str ing .

75

76 This returns response in str ing which is simply
,! contains the descript ion .

77 input :
78 { }
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79 Input is always empty as it doesnt require anything
,! as input and analyzes on the image that you are given .

80 Always ignore the arguement prior i ty and do not generate that in
,! the input .

81

82 response :
83 The output is a str ing containing the descript ion .
84

85 Tool Args : prior i ty : Optional [ str ] = "3"
86 possible values : [ "1" ,"2" ,"3" ]
87 model_name : Optional [ str ] = " MPLUGLarge "
88 possible values : [ " MPLUGLarge " ," MPLUGBase " ," Bl ipT5XXL "]
89

90 > Tool Name : Image Recognit ion Tool : Crit ic
91

92 Tool Descript ion : You are supposed to call this tool after you
,! arr ived to the answer of the question .

93 This tool wil l evaluate the answer and provide
,! feedback on the answer .

94 input :
95 { }
96

97 The crit ic has access to all the information
,! about the React agent and its act ions .

98 It also has access to the question and the image
,! for the query .

99

100 Your task is to call it at the end of the reasoning
,! chain and then use the feedback to improve your action and

101 solve the query eff ic ient ly .
102 response :
103 The output is simple text giving feedback and

,! checkboxes based on evaluat ion cri ter ia .
104

105 Tool Args : None

Input-Output De�nition

1 ## Output Format
2 To answer the question , please use the fol lowing format .
3

4 ```
5 Thought : I need to use a tool to help me answer the question .
6 Action : tool name (one of vit , object_detect , ocr , recog )
7 Action Input : the input to the tool , in a JSON format represent ing

,! the kwargs (e.g. { { " text " : " hello world " , " num_beams ": 5}})
8 ```
9 Please use a valid JSON format for the action input . Do NOT do this {{

,! ' text ' : ' hel lo world ' , ' num_beams' : 5}} .
10

11 If this format is used , the user wil l respond in the fol lowing format :
12

13 ```
14 Observat ion : tool response
15 ```
16

17 You should keep repeating the above format unti l you have enough
,! information

18 to answer the quest ion without using any more tools . At that point ,
,! you MUST respond

19 in the fol lowing format :
20

21 ```
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22 Thought : I can answer without using any more tools .
23 Answer : [ your answer here ]
24 ```

Guidelines

1 Below is the current conversat ion consist ing of inter leaving human
,! and assistant messages .

2

3 your task is to solve a given question , this is a vision language
,! task where the quest ion requires to understand the given
,! image / images ( if specif ied in the question ) .

4 To solve the question you have to take actions in which
,! you can use a tool if required , Vit pr imari ly is used to
,! incorporate in your output using queries this enables you to
,! ask quest ions about input image / images to an vision expert ,
,! this wil l return rich response containing information from the
,! image / images for your query .

5

6 HUMAN : your task is to solve a given question , this is a vision
,! language task where the question requires to understand the
,! given image . To do so you can use the mult iple tools to
,! analyze the image , Answer the question : { quest ion } in few
,! words .

9.2 Video Pipeline

Prompt Structure

The prompt is structured using a series of XML-like tags to clearly delineate different sections.
This structure ensures clarity and consistency in presenting the information to the Video Question
Answering agent.

<tools >
... tool def ini t ions ...

</ tools >

<guidelines >
... guidel ines for using tools ...

</ guidelines >

<input -output >
... input - output format speci f icat ions ...

</ input -output >

<tools>

This section de�nes the available tools for the agent. Each tool is presented with its name, input-output
format using Python type hints, and a concise description of its functionality.

<guidelines>

This section provides comprehensive guidelines on how to effectively utilize the tools for answering
user questions. It emphasizes strategic tool selection based on the question and the strengths and
weaknesses of each tool.
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<input-output>

This section meticulously outlines the input-output communication format. It emphasizes the use
of clean JSON for all interactions, adhering to standard syntax without any markdown or special
characters.

Concrete Prompt Content

<tools>

1)
Tool : get_transcr ipt () -> str :
Descript ion : This tool returns the full t ranscript of the video along

with t imestamps for each phrase .

2)
Tool : query_transcr ipt ( t ranscr ipt_query : str ) -> str :
Descript ion : This tool al lows you to issue a search query over the

video transcript and return the t imestamps of the top 3
semantical ly matched phrases in the transcript . The returned
t imestamps are the average time between the start and end of
matched phrases . The t imestamps would be comma separated (
presented in their matching order with the leftmost being the
highest match ) and in the format %H:%M:%S (e.g. 00:08:27 ,
00:23:56 , 01:14:39)

3)
Tool : query_frames_Azure_Computer_Vis ion ( frames_query : str ) -> str :
Descript ion : This tool al lows you to issue a natural language search

query over the frames of the video using Azure 's Computer Vision
API to a find a specif ic moment in the video . It is good at OCR ,
object detect ion and much more . The output format is similar to
the query_transcr ipt tool . It returns comma separated t imestamps
of the top 3 frames that match with given query .

4)
Tool : query_GPT4_Vision ( t imestamp : -> str , query : -> str ) -> str :
Descript ion : This tool is designed to allow you to verify the

retr ieved t imestamps from other tools and also ask more nuanced
quest ions about these local ized segments of the video . It ut i l izes

GPT4 's Vision capabi l i t ies and passes a 10 second clip (only
visuals , no audio or transcript ) sampled at 1 fps and centered at
" t imestamp " ( which is l ikely returned by other tools ; its format
is the same i .e. %H:%M:%S) along with a " query " to the model . Note

that this query can be any prompt designed to extract the
required information regarding the clip in considerat ion . The
output is simply GPT4 's response to the given clip and prompt .

<guidelines>

- For any question , you should always do get_transcr ipt f irst . This
would allow you to direct ly tackle the quest ions that are
answerable by just looking at the transcr ipt modal i ty . If this is
the case , just answer and stop there and do not unnecessari ly call

other tools . If not , in many cases , the transcript might contain
a part ial answer , a related event , or any hint / reference
indicat ing where in the visuals the answer might be found . If that

is the case then you must di l igent ly note down these detai ls from
the transcript in your " observat ion " and remember them for future
use since they wil l help you in deciding whether to retr ieve

potent ial ly relevant visuals using query_transcr ipt or not .
However , if neither of these are true , then looking at the
transcr ipt would sti l l give you a basic understanding of the video
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and might enable you to answer some generic quest ions like video
summary and also dismissing extremely irrelevant quest ions . In
case the transcr ipt is empty , you must understand that this video
only contains visuals and hence focus only on that .

- If the question wasn ' t ful ly answerable by the transcript , then it
impl ies that at least some part of the answer lies in the visuals .

Now here you must proceed by retr ieving potent ial ly relevant
t imestamps for the visuals and check them one -by -one for relevant
information regarding the user query . The checking and reasoning
would be done using query_GPT4_Vision but before that you must
retr ieve the t imestamps to feed it in the first place . If the
transcr ipt reveals a part ial answer or hints / references to a
related event corresponding to the user query , the next immediate
step is to use query_transcr ipt for retr ieving t imestamps related
to these events or hints . This method should be prior i t ized as it
leverages direct information from the transcr ipt to guide visual
analysis . Hence , in this case , start with retr ieving t imestamps
using query_transcr ipt and analyzing them using query_GPT4_Vision
and if that is not enough to answer the user_query then you can
again retr ieve t imestamps using query_frames_Azure_Computer_Vis ion

and analyze them using query_GPT4_Vision . On the other hand , if
the transcript was empty or had no mention of anything related to
the user query whatsoever then direct ly retr ieve t imestamps using
query_frames_Azure_Computer_Vis ion and analyze them using
query_GPT4_Vision . All of the these steps are clearly explained
one -by -one below .

- As mentioned before , if the transcript has a part ial answer , a
related event , or any hint / reference indicat ing where in the
visuals the answer might be found then you must proceed your
visual invest igat ion by trying to retr ieve relevant t imestamps
using query_transcr ipt . Remember that query_transcr ipt al lows you
to do a semantic search over the transcript by issuing a search
query that you wil l come up with based on the user query /
transcr ipt information and it wil l return the t imestamps of the
top phrases that match with it where you can analyze the
corresponding visuals . On the other hand , if the transcr ipt was
empty or had no mention of anything related to the user query
whatsoever then you must proceed your visual invest igat ion by
trying to retr ieve relevant t imestamps using
query_frames_Azure_Computer_Vis ion which al lows you to issue a
visual query (on the frames ) that you should come up with based on

the user query . Remember that the search query in
query_frames_Azure_Computer_Vis ion is not a prompt ; you should
think of it as a keyword search that can do OCR , object detect ion
or find some relevant scene based on the given keywords . You
should consider all the t imestamps returned by these retr ievers as

potent ial ly important . The first one would be the highest match
to the search query and should be explored first .

- Once you have the t imestamps from one of these retr ievers you should
use query_GPT4_Vision . The tool query_GPT4_Vision is a gold

standard tool at your disposal . You can give it any relevant
t imestamp discovered using one of these retr ievers and an
extensive , nuanced or even open ended prompt about the 10 second
clip near that t imestamp and it wil l answer it . You should use
this tool to verify and ask more quest ions about the retr ieved
timestamps , do any kind of visual reasoning and also to extract
f inal answers from visuals . The idea here is that
query_GPT4_Vision can only accept small 10 second clips and hence
we do necessary retr ieval using query_transcr ipt or
query_frames_Azure_Computer_Vis ion and once we have local ized
segments we verify and reason using query_GPT4_Vision . Just make
sure to not direct ly refer to these as clip or video in the prompt

since GPT4 Vision can only accept sti l l f rames . Hence start your
prompt with " These are the sti l l f rames from a short video clip ."
and then go on to ask your quest ions .
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- If the transcr ipt had a part ial answer or a hint to a related event
and you did retr ieval using query_transcr ipt but the fol low up
reasoning using query_GPT4_Vision did not result in sat isfactory
answers for the user query then you must proceed with fol low up
retr ieval using query_frames_Azure_Computer_Vis ion and
corresponding reasoning using query_GPT4_Vision .

- Remember that you must use these tools to extract information and
ground your answer to the user quest ion and not just come up with
stuff on your own . If you are unable to properly answer based on
the information you ini t ial ly tr ied to find then try again .
Explore all the dif ferent retr ievals that you have , change your
search queries ( to get new retr ievals ) and keep making logical
attempts at explor ing the video . If you sti l l unable to answer
after trying real ly hard then you may respond with " I am unable to

answer this question " rather than making something up.
- Once you are done with your reasoning and return a final answer you

wil l get feedback from a crit ic that wil l careful ly analyze your
reasoning and answer and let you know if something is not quite
right . After you get the feedback , you must continue to
methodical ly reason about the answer while incorporat ing the
cri t ic feedback and the context of your reasoning ti l l that point .

<input-output>

- All communicat ions would be using clean JSON format without any
addit ional characters or formatt ing . The JSON should str ict ly
fol low the standard syntax without any markdown or special
characters .

- To start with , you wil l receive a json with a question .
{
" Question ": #some user question
}
- You must respond with a json as fol lows :
{
" Observat ion ": # observat ion and comments / understanding of the given

question / tool output
" Thought ": #plan and think about what should be done next . This can

contain both : reasoning about the immediate next step and if
needed , also the high level plan about the next few steps

" Action ":
{
" tool_name ": # select the tool to use based on your observat ion and

thought . E.g. query_GPT4_Vision
" tool_input ":
{
#give the tools inputs as a json with attr ibutes as input names and

values as inputs themselves . E.g. { ' t imestamp ':"00:08:27" , 'query
':" What is happening in this video clip ?"}

}
}
}
- You wil l receive tool outputs using this simple JSON:
{
" Output ": # tool output
}
-You wil l again respond with a json with Observation , Thought and

Action (as described before ) and this loop wil l go on N times ti l l
you have gathered suff ic ient information to answer the quest ion .

-Once you think you have enough information to answer , you can replace
the " Action " with " Answer " and should respond with the fol lowing

json :
{
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" Observat ion ": # observat ion and comments / understanding of the given
tool output

" Thought ": # reasoning on the final answer
" Answer ": # answer to user quest ion here
}
-This wil l then be fol lowed by a crit ic feedback that wil l careful ly

analyze your reasoning and give you feedback on what is missing /
wrong . You wil l receive the crit ic feedback as fol lows :

{
" Crit ic Feedback ": #crit ic 's analysis and feedback here
}
-Based on the feedback , you must continue your reasoning :
{
" Observat ion ": # observat ion and comments / understanding of the given

feeback
" Thought ": #plan and think about what should be done next . This can

contain both : reasoning about the immediate next step and if
needed , also the high level plan about the next few steps

" Action ":
{
" tool_name ": # select the tool to use based on your observat ion and

thought . E.g. query_GPT4_Vision
" tool_input ":
{
#give the tools inputs as a json with attr ibutes as input names and

values as inputs themselves . E.g. { ' t imestamp ':"00:08:27" , 'query
':" What is happening in this video clip ?"}

}
}
}
Once you are done , again return the final answer :
{
" Observat ion ": # observat ion and comments / understanding of the given

tool output
" Thought ": # reasoning on the final answer
" Answer ": # answer to user quest ion here
}
- This wil l keep happening ti l l the cri t ic is sat isf ied with your

reasoning and answer .

10 Tool Augmentation agent: Additional details

Table 2: List of Supported Tools and Models by Category
Category Tools Models

Image Understanding

VIT LLaVA-13B-1.2, InstructBLIP Flan-T5-xxl,
InternLM-XComposer2, GPT4V

OCR TROCR large, TROCR small, MMOCR
Object Detection Deta, SwinL, Deta ResNet, Yolov8s
Recognition InstructBLIP, Mplug Base, Mplug Large

Audio Analysis ASR Whisper, Azure AI Speech
Textual Analysis Retrievers text-embedding-ada-002, text-embedding-

3-large
Video Analysis Video Retriever Azure Video Retriever

Video Understanding Multi-modal LLMs GPT4 Vision

1. Image Understanding & Descriptors:These tools focus on comprehending visual content within
a image.(a) VIT (Vision Transformer):VIT is a state-of-the-art deep learning model speci�cally
designed for image classi�cation and understanding. It breaks down an image into smaller patches,
embeds them, and processes them through transformer layers to capture spatial relationships and
global context. VIT helps in extracting high-level visual features from images, aiding in tasks such as
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object recognition, scene understanding, and image captioning. We support multiple models, such as
instruct-BLip-�an-xl, InternLM-Composer2, GPT4V.
(b) OCR (Optical Character Recognition):OCR identi�es and extracts text from images, enabling
the analysis of textual content within images for tasks such as document analysis, text extraction,
and content understanding. We support models such as TROCR large and TROCR small, alongside
MMOCR, to ensure robust text recognition across various fonts and backgrounds.
(c) Object Detection:Object detection identi�es and localizes objects within an image. Object
detection helps in understanding the visual content of images by identifying and categorizing objects
present within them. We support models such as Deta, SwinL, Deta ResNet, and Yolov8s.
(d) Recognition (Face/Object Recognition):Recognition involves identifying speci�c objects or faces
within images. This tool aids in tasks such as face recognition, object identi�cation, and attribute
detection, enhancing the understanding of visual content by recognizing speci�c entities within
images. We support models such as InstructBlip, FlanXL, Mplug Base, and Mplug Large.

2. Audio Analysis & Descriptors: We employ Automatic Speech Recognition (ASR) to convert
spoken language into text. ASR is crucial for tasks such as transcribing audio data, extracting spoken
information, and facilitating multi-modal analysis by incorporating audio-based information into the
overall understanding. We support models like Whisper, Azure AI Speech, etc.

3. Textual Analysis & Retrievers: This tool identi�es and returns the timestamps of the top
semantically matched phrases in the transcript given a search query. Retrieving text from transcripts
helps in tasks such as information retrieval, context understanding, and text-based analysis in multi-
modal scenarios. We employ embedding models like text-embedding-ada-002 and text-embedding-3-
large from OpenAI to encode each phrase from the transcript and the user's search query and return
top matches using cosine similarity.

4. Video Analysis & Retrievers: This tool analyses the video frames (either all frames or sub-
sampled) and create a queriable index. To accomplish this, video indexer tools use video embeddings
like CLIP, etc., to create the indexes that allow for the identi�cation of speci�c moments through
natural language search queries. Video Retriever aids in tasks such as video summarization, content
analysis, and object tracking, enhancing the understanding of visual information within videos. We
support Azure Video Retriever from Microsoft Azure. The tool returns the top-3 frames that best
match the given query.

5. Video Understanding & Descriptors: This tool provides foundational models that can thoroughly
analyse multiple video frames simultaneously. This allows the agent to understand and reason
over multi-modal data by leveraging both textual and visual cues for comprehensive analysis and
decision-making. We provide support for GPT4 Vision as part of the visual understanding toolset.
The tool processes a 10-second clip centered around the provided timestamp of interest, sampled at
one frame per second (fps) and passes that along with the given prompt to the selected MLLM.

Each of these tools plays a vital role in augmentingMMCTAgent's capabilities to comprehend multi-
modal information by extracting relevant features, recognizing entities, and facilitating analysis
across different modalities, ultimately enhancing the overall understanding and reasoning process.

11 Vision-based Critic: Additional details

11.1 Image Pipeline

In this section, we describe the prompts and the structure of the Criteria utilized in our pipeline.
Along with the prompts used to generate Criteria we also discuss the prompt of the critic.Criteria
Generation: To generate the criteria, we use a prompt that can be decomposed into[Problem
description] , [Instruction] , [Task Description] and[Human Intent] . Each part is ex-
plained in 3.3; here, we present the prompt and the speci�c inputs used for our pipeline.

Problem description

1 Criter ia Prompt :
2

3 You are a helpful assistant . You suggest cr i ter ia for evaluat ing
,! di f ferent tasks .
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4 Define the evaluat ion cri ter ia as a dict ionary where the keys are the
,! cr i ter ia .

5 The value of each key is a dict ionary which includes a descript ion of
,! the cri ter ia and evaluat ion value .

6 Include the evalaut ion value as fine - grained and mult i level .

Instruction

1

2 Make sure the keys are cri ter ia for assessing the given task .
3 evaluat ion values : include the acceptable values for each key that

,! are fine - grained and preferably multi - graded levels .
4

5 You are given the task descript ion as Task Descript ion : {
,! TaskDescr ipt ion } .

6 Further , you are given few human intents that should be taken into
,! account for def ining the cri ter ia .

7 Human Intent : { HumanIntent }
8

9 Given these information , you have to give me a list of 5 cr i ter ions
,! such that one can inspect to ensure the task is solved without
,! any discrepancies .

Task Description

1 TaskDescr ipt ion :
2

3 Visual Question Answering :
4 An Image is given along with a query which needs to be

,! addressed ,
5 This task requires a great amount of reasoning to achieve the

,! task ,
6 while also requir ing varied capabi l i t ies based on the query

,! l ike OCR , Spatial
7 Understanding , Common Knowledge , etc . The object ive is to

,! give a sat isfactory
8 answer to the query .

Human Intent

1 HumanIntent :
2 concise answer , clear reasoning , comprehensive , uses all

,! necessary tools for answering

Using the above prompt, a sample output of Criteria is as seen below

Sample Criteria

1 Criter ia :
2

3 1. Accuracy of Answer :
4 - Descript ion : The correctness of the answer provided by the

,! model in response to the query .
5 - Evaluat ion Values : {"1" : Incorrect , "2" : Part ial ly Correct ,

,! "3" : Mostly Correct , "4" : Almost Correct , "5" : Correct }
6

7 2. Conciseness :
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8 - Descript ion : The abi l i ty of the model to provide a concise and
,! to - the - point answer without unnecessary information .

9 - Evaluat ion Values : {"1" : Very Verbose , "2" : Somewhat Verbose ,
,! "3" : Moderately Concise , "4" : Mostly Concise , "5" : Highly
,! Concise }

10

11 3. Clari ty of Reasoning :
12 - Descript ion : The clari ty and logical f low of the model ' s

,! reasoning process in arr iving at the answer .
13 - Evaluat ion Values : {"1" : No Reasoning , "2" : Poor Reasoning ,

,! "3" : Adequate Reasoning , "4" : Good Reasoning , "5" : Excel lent
,! Reasoning }

14

15 4. Comprehensiveness :
16 - Descript ion : The extent to which the model considers all

,! relevant aspects of the image and query to provide a
,! well - rounded answer .

17 - Evaluat ion Values : {"1" : Not Comprehensive , "2" : Sl ight ly
,! Comprehensive , "3" : Moderately Comprehensive , "4" : Mostly
,! Comprehensive , "5" : Fully Comprehensive }

18

19 5. Use of Necessary Tools :
20 - Descript ion : The model ' s abi l i ty to ut i l ize appropriate tools

,! and techniques (e.g. , OCR , spatial understanding , common
,! knowledge ) to answer the query effect ively .

21 - Evaluat ion Values : {"1" : No Tools Used , "2" : Few Tools Used ,
,! "3" : Some Tools Used , "4" : Most Tools Used , "5" : All Necessary
,! Tools Used }

Here, for each criterion, the evaluation value is a dictionary de�ning a grade, with"1" being the
lowest acceptable grade and"5" being the best grade that a critic can assign to a comprehensive
reasoning chain.

With the obtained Criteria, we input it in the Critic prompt, as seen below, to obtain the assessed
evaluation values and feedback to iterate the chain and continue the cycle until all the evaluation
values meet an acceptable range.

11.2 Video Pipeline

Prompt Structure

The critic prompt is structured similarly to the agent prompt, using XML-like tags to delineate
different sections. This structure ensures clarity and consistency in presenting the information to the
critic.

<tools >
... tool def ini t ions ...
</ tools >

<cri t ic_guidel ines >
... guidel ines for evaluat ing agent reasoning ...
</ cr i t ic_guidel ines >

<input -output >
... input - output format speci f icat ions ...
</ input -output >

<sample_response >
... sample response in JSON format ...
</ sample_response >
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<tools>

This section de�nes the same set of tools available to the agent. This ensures the critic understands
the capabilities and limitations of the tools used in the reasoning chain.

<critic_guidelines>

This section provides comprehensive guidelines for the critic to evaluate the agent's reasoning. It
outlines three key criteria:

Answer Completeness: Assess whether the user query is fully answered, partially answered, or not
answered at all.

Reasoning Comprehensiveness: Analyze the thoroughness of the reasoning chain, ensuring the
agent explored all relevant avenues and utilized the tools effectively.

Hallucination Detection: Identify any instances where the agent might have generated information
not grounded in the provided video data, either through misinterpreting tool outputs or fabricating
answers.

<input-output>

This section meticulously outlines the input-output communication format for the critic. The critic's
response should include:

Observation: A detailed analysis of the agent's logs based on the critic guidelines.

Thought: The critic's assessment of the reasoning chain's correctness based on the observation and
criteria.

Feedback: Speci�c feedback for each criterion, highlighting any issues and offering suggestions for
improvement.

Verdict : A �nal "YES" or "NO" verdict on the overall correctness of the reasoning chain.

<sample_response>

This section provides a concrete example of a correctly formatted JSON response from the critic,
including placeholder strings for each key. This serves as a template for the critic to follow when
providing feedback.

Concrete Critic Prompt Content

<tools>

1)
Tool : get_transcr ipt () -> str :
Descript ion : This tool returns the full t ranscript of the video along

with t imestamps for each phrase .

2)
Tool : query_transcr ipt ( t ranscr ipt_query : str ) -> str :
Descript ion : This tool al lows the reasoning agent to issue a search

query over the video transcript and return the t imestamps of the
top 3 semantical ly matched phrases in the transcr ipt .

3)
Tool : query_frames_Azure_Computer_Vis ion ( frames_query : str ) -> str :
Descript ion : This tool al lows the reasoning agent to issue a natural

language search query over the frames of the video using Azure 's
Computer Vision API to find a specif ic moment in the video . It is
good at OCR , object detection , and much more .

4)
Tool : query_GPT4_Vision ( t imestamp : -> str , query : -> str ) -> str :
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Descript ion : This tool is designed to allow the reasoning agent to
verify the retr ieved t imestamps from other tools and also ask more

nuanced quest ions about these local ized segments of the video . It
ut i l izes GPT4 's Vision capabi l i t ies and passes a 10 second clip (

only visuals , no audio or transcr ipt ) sampled at 1 fps and
centered at " t imestamp " along with a " query " to the model . Note
that this query can be any prompt designed to extract the required

information regarding the clip in considerat ion . The output is
simply GPT4 's response to the given clip and prompt .

<critic_guidelines>

Analyse whether the user query is ful ly answered , part ial ly answered ,
or not answered .

Analyse the comprehensiveness of the reasoning chain in the sense that
whether thorough analysis was done ; for example , whether

query_transcr ipt was used to find relevant t imestamps for
answering the question if the transcr ipt returned by
get_transcr ipt had something related to the question or whether
the system tried hard to find the answer before giving up in the
case that it couldn ' t answer etc .

Analyse whether there are any hal lucinat ions in the sense that whether
the query_GPT4_Vision calls actual ly returned info true to the

images given to you or did it return something from its general
knowledge ; whether the reasoning chain returned the final answer
based on its analysis or hal lucinated it etc .

<input-output>

All communicat ions would be using clean JSON format without any
addit ional characters or formatt ing . The JSON should str ict ly
fol low the standard syntax without any markdown or special
characters .

To start with , you wil l receive a json with the logs .
{
" logs ": #some agent logs
}

For your response , you must proceed as fol lows :
{
" Observat ion ": # observat ion and analysis of the given logs by taking

into account all the crit ic guidel ines
" Thought ": # think about whether the logs were correct or wrong based

on the observat ion and cri ter ia
" Feedback ":
{
" Cri ter ia 1": # craft careful feedback based on your analysis and the

first cr i ter ia in cri t ic guidel ines ; if its f ine then just declare
that otherwise point out what is wrong and if possible also give

some suggest ions on what the agent might do next ; for example you
might suggest it to retr ieve and analyse addit ional t imestamps
using some part icular search query to complete a part ial ly
answered question

" Cri ter ia 2": # craft careful feedback based on your analysis and the
second cri ter ia in cri t ic guidel ines ; if its f ine then just
declare that otherwise point out what is wrong and if possible
also give some suggest ions on what the agent might do next ; for
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example if the agent overlooked some detai l in the quest ion you
might suggest it to use query_GPT4_Vision with a sl ight ly
dif ferent query for correctness or retr ieve t imestamps using some
dif ferent search query etc

" Cri ter ia 3": # craft careful feedback based on your analysis and the
third cri ter ia in cri t ic guidel ines ; if its f ine then just declare

that otherwise point out what is wrong and if possible also give
some suggest ions on what the agent might do next ; for example if
you think a part icular t imestamp was hal lucinated then ask the
agent to check that again with query_GPT4_Vision

}
" Verdict ": # Based on the Feedback , come up with a final "YES" or "NO"

verdict on whether the reasoning was fine or not ; "YES" means
completely fine and "NO" means not fine i .e. at least one of the
cri ter ia was not perfect ly sat isf ied ; only return "YES" or "NO"

}

<sample_response>

{
" Observat ion ": "This is a placeholder observat ion str ing ." ,
" Thought ": "This is a placeholder thought str ing ." ,
" Feedback ": {
" Cri ter ia 1": "This is a placeholder str ing for Cri ter ia 1 feedback ." ,
" Cri ter ia 2": "This is a placeholder str ing for Cri ter ia 2 feedback ." ,
" Cri ter ia 3": "This is a placeholder str ing for Cri ter ia 3 feedback ."
} ,
" Verdict ": "This is a placeholder verdict str ing ."
}

Implementation Details for Frames Handling

In our video question answering system, the critic component requires a thorough examination of
frames from video segments where our agent conducted analyses. This is crucial for verifying the
accuracy and relevance of the information retrieved by the agent.

Challenges with Frame Processing:Our system faces a technical constraint due to the Azure
OpenAI API, which limits the number of frames that can be processed in a single GPT4 Vision API
call to 10 frames. This issue is that each GPT4 Vision call by the agent itself uses 10 frames sampled
at 1 fps around the queried timestamp. To address this, we devised a method to ef�ciently distribute
these frames across multiple timestamps into these 10 available images for the critic call.

Frame Distribution Strategy: In the event of multiple GPT4 Vision calls during a reasoning chain,
our approach must ef�ciently manage these frame sets. We prioritize the random 10 timestamps if
there are more than 10 in a single sequence. Now consider a speci�c scenario in MMCT-QA where
the agent makes three such calls at timestamps 00:00:36, 00:02:13, and 00:01:23. To adhere to the
API's limitations, we distribute these timestamps within the available 10 images. This distribution
allows for consistent examination and avoids missing potential visual data.

We distribute them as follows:

• Image(s) 1, 2, 3 are for timestamp 00:00:36.
• Image(s) 4, 5, 6 are for timestamp 00:02:13.
• Image(s) 7, 8, 9, 10 are for timestamp 00:01:23.

Further, within a speci�c timestamp, such as 00:00:36, we distribute the 10 frames among the
available images by stacking the frames horizontally. This might be done as:

• Image 1 contains 3 frames.
• Image 2 contains 3 frames.
• Image 3 contains 4 frames.
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(a) Image 1 with 3 frames

(b) Image 2 with 3 frames

(c) Image 3 with 4 frames

Figure 14: Frame distribution for timestamp 00:00:36

This allocation ensures that each frame is utilized optimally, providing comprehensive visual data for
the critic's analysis.

Visual Examples: Figure 14 illustrates the images corresponding to the timestamp 00:00:36 with
their frames distributed as described:

This structured approach ensures that the critic has access to all necessary visual information, aiding
in accurate and comprehensive analysis of the video question answering system's performance.

12 Image understanding and reasoning: Qualitative examples

Figure 15 provides an example to illustrateMMCTAgent`s full execution �ow for an image from
MMVET dataset. For the given image, the user query is " In which years did rowing and athletics
have the same number of gold medals?". This is an example of complex visual reasoning task, where
one has to �rst understand the context of the image, identify different plots, estimate their values and
then determine the the instances when they are equal. This speci�c image resulted in wrong answer
with all the foundational MLLMs like GPT4V, Gemini, etc. Let us now see howMMCTAgentsolves
this by applying the iterative reasoning process. The planner utilizesRecog Tool to identify the
contents of the images proceeding withVIT tool to derive information about the graph and what
they denote in the graph. With this information the planner and the reasoning agent proposes to �nd
the intersection of the two plots over individually estimating the value of gold medals one for all team
every year. This saved a lot of compute and also giving the right answer. FinallyVIT tool is used to
answer the years when the blue and yellow plots intersect and it �nally gives the answer of 2000 and
2012 olympics. We then invoke the critic agent with the same criteria to evaluate the �nal answer, the
critic also agrees and suggests that the �nal answer is accurate with coherent reasoning chain.

13 Video understanding and reasoning: Qualitative examples

Figure 16 illustrates theMMCTAgent's approach to determining the primary focus of a video involving
various potential interactions with a camera by a person (C). The query presented multiple choice
answers, posing a unique challenge that involves discerning between evaluating, repairing, cleaning,
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Figure 15: Illustration of a Image QA Qualitative Example withMMCTAgent.

Figure 16: Illustration of a Video QA Qualitative Example withMMCTAgent

taking pictures, or �lming with the camera. This task necessitates robust visual and critical analysis
to interpret the actions of C accurately.

Initial Assessment:The reasoning agent begins by acknowledging the need for visual analysis tools
to identify the actions performed by C with the camera, as the query demands identi�cation of the
primary focus based on visible interactions (step 1).

Visual Querying: Employing the query_frames_Azure_Computer_Vision tool, the agent retrieves
key frames where C interacts with the camera. The timestamps identi�ed are 00:01:21 and 00:00:19,
suggesting these moments are crucial for analysis (step 2).

Visual Analysis: The agent uses the query_GPT4_Vision tool to analyze the frames at these times-
tamps. At 00:01:21, the tool observes C examining and possibly preparing a Polaroid camera,
interacting with various parts of the camera in a meticulous manner. Similarly, at 00:00:19, C is noted
to be loading �lm into the camera, further suggesting preparation activities rather than usage (step 3).
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Critic Evaluation: Initially, the reasoning led to a hypothesis that C might be repairing the camera
due to the active manipulation observed. However, the critic agent points out that there is no evidence
of repair or damage; instead, the activities align more with evaluating or preparing the camera. The
consistent presence of items related to photography supports a scenario of preparation rather than
repair (step 4).

Revised Analysis:Taking into account the critic's feedback and reevaluating the visual evidence, the
agent concludes that the primary focus of C is evaluating the condition of the camera, which includes
meticulous handling and setup activities, rather than �lming or taking immediate pictures with it (step
5).

Final Decision: Integrating insights from both the visual analysis and critic feedback, the agent
selects Option 1: "C is evaluating the condition of the camera" as the answer. This conclusion is
based on the detailed observations of C's interactions with the camera, focusing on examination and
preparation, which are indicative of an evaluation process (step 6).

This reasoning chain successfully demonstrates theMMCTAgent's capability to parse complex visual
data and interpret nuanced user queries effectively.

14 Image Understanding Benchmark Datasets

Below we provide details on the �ve datasets we employ ofr evaluatingMMCTAgent.

MMVETdataset [43] Evaluates large multimodal models on integrated capabilities across recognition,
knowledge, OCR, spatial awareness, language generation, and math, using 200 images and 218
questions to re�ect realistic scenarios.

A12Ddataset [12] comprises over 5,000 science diagrams and corresponding questions, testing
models' ability to interpret complex visual data crucial for educational and scienti�c contexts.

MMMUdataset [45] features 11.5K questions spanning six disciplines, demanding models to apply
domain-speci�c knowledge and reasoning skills across diverse subject matter, from humanities to
engineering.

mmbenchdataset [18] consists of around 3,000 questions across 20 ability dimensions, offering a
comprehensive evaluation of models' perceptual and reasoning capabilities across various cognitive
tasks.

A-OKVQAdataset [22] presents over 14,000 questions challenging models to integrate external knowl-
edge beyond visual and textual data, re�ecting real-world scenarios where broader information is
necessary for accurate responses.

MathVista , dataset [19] is a benchmark designed to evaluate mathematical reasoning in visual
contexts. It includes 6,141 examples from 28 existing multimodal datasets and three new datasets:
IQTest, FunctionQA, and PaperQA. These datasets focus on algebraic, arithmetic, geometric, logical,
numeric commonsense, scienti�c, and statistical reasoning, covering tasks such as �gure question
answering, geometry problem solving, math word problems, textbook question answering, and visual
question answering.

15 MMCT-QA Dataset: Details

Recognizing the limitations inherent in current video question answering datasets, we observed a
distinct lack of representation for long-form videos, which not only utilize both audio and visual
modalities but also encompass a diverse array of question types beyond speci�c tasks such as
activity recognition. To bridge this gap, we devised a taxonomy of queries classi�ed into six distinct
categories, each designed to test different aspects of the system's video understanding capabilities
(Table 3).

Building on the framework established by our taxonomy, we proceeded to construct a dataset tailored
to test each query category effectively. We selected a subset of 15 diverse videos from the Youtube
8M dataset [2], ensuring a variety of content that encompasses different scenarios and interactions.
To facilitate the generation of questions and answers, we divided these videos among three human
annotators, assigning �ve videos to each. Each annotator was provided with the taxonomy categories,
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