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Abstract

Multimodal Large Language Models (MLLMs) have
shown great potential in addressing complex reasoning
tasks. However, their progress is often hindered by mis-
leading or ambiguous internal knowledge resulting from
training biases. Although Chain-of-Thought (COT) rea-
soning and its variants have proven effective in enhanc-
ing reasoning task performance, they often fail to correct
errors in intermediate steps. Similarly, judge-based meth-
ods, while useful for validating reasoning steps, frequently
struggle to identify and rectify specific mistakes. To tackle
these challenges, we propose CorrectFlow framework, a
novel approach consisting of two key agents. In Correct-
Flow, one agent extracts knowledge from visual and textual
modalities to mitigate internal knowledge errors in MLLMss,
while the other serves as a multi-level agent responsi-
ble for intermediate reasoning and solution generation.
The multi-level agent serves as the core of our approach
and implements three key strategies: self-suspect mecha-
nism, active-abandonment mechanism, and advanced agent
takeover mechanism. Within this framework, when lower-
level agents identify potential reasoning errors, they pos-
itively abandon the current thought process and delegate
it to higher-level agents based on the task’s complexity.
By incorporating this real-time correction mechanism into
a multimodal reasoning framework, CorrectFlow signifi-
cantly enhances the accuracy and reliability of collabora-
tive agents, particularly in complex reasoning scenarios.
Comprehensive qualitative and quantitative experiments on
widely used benchmarks demonstrate that CorrectFlow sur-
passes existing baseline methods, underscoring its effective-
ness in improving model performance and addressing both
MLLM limitations.

1. Introduction

Recent advancements in Multimodal Large Language Mod-
els (MLLMs) [1, 6, 17, 20, 29-31, 37, 48] have signif-
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&> What is the size relationship between these two pairs of magnets?

'@:’ The two pairs of magnets, labeled Pair 1 and Pair 2, appear to be aligned
differently but have similar dimensions. ..., it’s likely that the individual
magnets in each pair are of the same size, as they visually appear

Intrinsic errors:

The statement "it’s likely ... similar" assumes that visual similarity is a reliable
indicator of identical dimensions. This assumption may be incorrect if the image
does not provide a scale or detailed measurements, leading to a potential
misinterpretation of the actual sizes of the magnets.

(a) Example for Intrinsic Errors

© Is the group of people gathered
under the umbrella in this picture
discussing the details of a book
sale event?

':E_E:‘ Yes, it is likely that the group of people gathered under the umbrella are
discussing information related to the book sale. ..., which suggests they
might be discussing which books to buy or the arrangements of the event.

Verification bias:

The model, noticing the "Book Sale" sign, incorrectly assumes that the people
under the umbrella are related to the book sale, thus reinforcing this
misunderstanding in the response and overlooking the possibility that they
might just be seeking shelter from the rain or waiting for another event.

(b) Example for Verification Bias

Figure 1. Examples to illustrate two limitations in MLLMs: (a)
intrinsic errors and (b) verification bias.

icantly propelled the fields of perception, such as object
detection [42], segmentation [15, 32], and video under-
standing [7, 18, 41], driving the development of special-
ized MLLMs tailored for these downstream tasks. How-
ever, despite their success in perception, MLLMs still face
substantial challenges when it comes to complex reason-
ing tasks, especially those scenarios involving complex and
long-horizon problem-solving.

To tackle such tasks, methods like Chain-of-Thought
(CoT) reasoning [36] and its variants [10, 12, 22, 28, 44, 47]
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have emerged. These methods break down complex reason-
ing processes into smaller steps and use strategies such as
self-correction and self-criticism to evaluate the accuracy
of reasoning paths [36]. While these techniques can help
mitigate logical errors during inference, two critical issues
remain largely unaddressed: (1) intrinsic errors that arise
from the MLLMs themselves, and (2) verification bias,
which stems from the limited capability of MLLMs to ac-
tively correct errors and instead only verify the reasoning
steps.

In Fig. 1, we illustrate both of the aforementioned errors.
From Fig. 1 (a), it is evident that intrinsic bias can mani-
fest as a form of hallucination, which is difficult to mitigate
in the absence of external knowledge about the problem-
solving object. When solving reasoning problems, these
intrinsic errors could easily mislead the model into an er-
roneous reasoning path right from the first step, ultimately
leading to failure in subsequent steps. Meanwhile, we also
show the verification bias in Fig. | (b). This verification bias
reveals another characteristic of MLLMs: they can detect
or suspect reasoning errors, but they do not actively correct
them; instead, they only verify the validity of their reason-
ing steps.

To overcome these challenges, we introduce Correct-
Flow, a novel framework that leverages multi-agent collab-
oration to effectively address both intrinsic and verification
biases. CorrectFlow features a two-agent system: the first
agent, a knowledge extractor, gathers objective knowledge
from both image and text data to provide relevant back-
ground information about the object being reasoned about.
This knowledge is essential, as MLLMs can become con-
fused, especially when dealing with visually similar ob-
jects or insufficient background context. By leveraging the
knowledge extractor, CorrectFlow mitigates internal errors
during the initial reasoning steps.

However, reasoning tasks often demand more than just
knowledge extraction; they require continuous validation
and correction. This is where CorrectFlow’s multi-level
agent system comes into play. The system introduces three
key strategies to address verification biases: (1) Confidence
Check, (2) Path Pruning, and (3) Expert Intervention. These
strategies ensure that the MLLM performs self-evaluation,
expands reasoning paths, and receives real-time corrections
when necessary. In CorrectFlow, the highest-level agent
evaluates the intermediate reasoning path from the root to
the current step, classifying it as accurate, erroneous, or un-
certain. Unlike previous Chain-of-Thought (CoT) methods
and their variants, CorrectFlow introduces a novel mecha-
nism: when a lower-level agent experiences self-doubt or
detects potential errors in the reasoning path, a higher-level
agent takes over, redirecting the reasoning process. This
approach ensures more robust and reliable reasoning. In
summary, our contributions are as follows:

* We present CorrectFlow, a novel multi-agent collabora-
tion framework designed to overcome the limitations of a
single MLLM in mitigating intrinsic errors and verifica-
tion biases. By separating knowledge extraction from rea-
soning validation, CorrectFlow enhances robustness and
minimizes internal reasoning errors.

» Three core strategies are proposed: (1) Confidence Check
which stimulates the MLLM’s ability to self-evaluate; (2)
Path Pruning to facilitate the expansion of thought paths;
and (3) Expert Intervention for providing real-time cor-
rection for reasoning paths. These strategies work collec-
tively to ensure reliable and accurate reasoning.

* CorrectFlow pioneers a dynamic escalation mechanism
that enables lower-level agents to transfer control to
higher-level agents upon identifying potential reasoning
errors, thereby surpassing traditional passive validation
methods. This active intervention leads to more refined
and robust reasoning outcomes.

* We extensively evaluate CorrectFlow on public bench-
mark datasets, demonstrating its superior performance
compared to existing baseline methods, effectively ad-
dressing both intrinsic biases and verification limitations
in multimodal reasoning tasks.

2. Related Work

Multi-modal Large Language Model. Since the advent
of large language models (LLMs), their remarkable suc-
cess across numerous language-based applications has in-
spired the development of multimodal large language mod-
els (MLLMs). These models aim to bridge the gap between
vision and language modalities, enabling richer understand-
ing and reasoning across both domains. In early research,
MLLMs are regarded as a special way to extend the capa-
bilities of LLMs to handle diverse tasks and modalities, by
connecting specialized vision models. These models mainly
include MiniGPT [3, 48], VisualChatGPT [37], Hugging-
GPT [30], LMDrive [29], and MM-REACT [38], which
integrate LLMs with vision models to facilitate complex in-
teractions between visual and textual information. Recently,
the focus of MLLMs has shifted towards aligning visual
and language representations more effectively. This has
been accomplished through extensive training on datasets
consisting of image-caption pairs or image-question dia-
logues. Two main effective approaches have been pro-
posed. The first approach, LLaVA [20], trains an MLP
projector to map image tokens to a representation space
aligned with pre-trained LLMs, fostering effective modal-
ity integration. The second approach, BLIP-2 [17], uti-
lizes a query transformer (Q-Former) to learn image embed-
dings by employing learnable queries after extracting im-
age features. Besides the model architecture, a two-stage
training strategy has been explored and become a popu-
lar approach for MLLMs [1, 6, 31, 48]. In the first stage,
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Figure 2. CorrectFlow is a multi-agent collaboration framework that enhances the robustness of MLLMs by separating knowledge extrac-
tion from reasoning validation, thereby mitigating intrinsic errors and verification biases. It introduces three core strategies—Confidence
Check, Path Pruning, and Expert Intervention—that collectively ensure reliable and accurate reasoning. Compared to CoT and its variants,
CorrectFlow features a dynamic escalation mechanism, allowing lower-level agents to transfer control to higher-level agents upon detecting

reasoning errors, resulting in more refined and robust outputs.

the models undergo pre-training using large-scale image-
caption datasets, laying the foundation for cross-modal un-
derstanding. The second stage focuses on refining align-
ment between modalities using question-answering triplets
to ensure nuanced understanding and precise reasoning.
With the model structure and training strategies, MLLMs
have achieved promising performance in various perception
tasks, including fine-grained localization [15, 32], such as
object detection [42], video understanding [7, 18, 41], and
image generation [13, 27]. Although MLLMs have shown
promising results in perception tasks, they still face signif-
icant challenges in reasoning tasks, which stem not only
from limitations in their perception capabilities but also
from biases inherent in the models themselves, leading to
misunderstandings.

CoT Reasoning in LLMs and MLLMs. Recent stud-
ies have proven using Chain-of-Thought (CoT) reasoning
to improve problem-solving skills. CoT prompts encour-
age LLMs to express intermediate reasoning steps, which
considerably enhances their reasoning ability. Studies such
as [36] and [14] have demonstrated that simple prompting
techniques or a few detailed examples can significantly en-
hance the reasoning performance of LLMs in both zero-
shot and few-shot scenarios. The type methods mainly cur-
rent research focuses on optimizing these methods through
a more refined selection of examples based on factors like
similarity, diversity, and complexity [10, 22, 28, 44], while
also incorporating structured approaches, including pro-

gramming [5], problem decomposition [12, 47], and ratio-
nale calibration [33].

Similar to LLMs, Chain-of-Thought (CoT) prompt-
ing has also shown significant effectiveness in enhanc-
ing the performance of multimodal large language models
(MLLMs). For example, [45] leveraged visual inputs to
generate relevant rationales, thereby improving the model’s
reasoning capabilities. [40] approached the problem by
breaking down questions into sub-questions and utilizing
answers from a visual question answering (VQA) model
to develop rationales. In addition, [40] directed the model
to solve complex questions involving multiple image inputs
by assessing similarities and differences across the images.
Moreover, [24] was a pioneer in using LLMs to generate
scene graphs, subsequently using these models to formulate
answers.

3. CorrectFlow

Here we present CorrectFlow, an innovative zero-shot
prompting approach that leverages a multi-agent framework
to enhance the reasoning capabilities of Multimodal Large
Language Models (MLLMSs) in tackling complex tasks.
CorrectFlow enables zero-shot learning solely through
prompts, bypassing the need for annotated data for fine-
tuning. The core idea is to coordinate multiple MLLM
agents to dynamically correct erroneous reasoning paths,
thereby broadening and deepening the reasoning process.
Briefly reviewing MLLMs, these models utilize a pre-
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A: The magnitude of the magnetic force is smaller in Pair 2.

'g' Pair 1 Pair 2
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©  What is the size relationship between these two pairs of magnets?

B: The magnitude of the magnetic force is the same in both pairs. D. nan.

Grounding B

C: The magnitude of the magnetic force is smaller in Pair 1.

':g' air Pair 2
B e DD |

=1.05cm
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Figure 3. Open-world detectors often struggle to accurately identify relevant objects in images.

Puask Which object comes next? 4 Py Proylde a precise, objective description of
the image content. Then, ... content.

= ]

/ To effectively answer th‘e question &quot;Which objegt comes Which object comes next? I
next?&quot;, the following key factors should be considered:
1. Contextual Information: ... . Prask X @ E
]Ctxt 2. Pattern Recognition: ... . |:> Pimg |&> L 8
3. Sequence Type: .... & @
4. Attributes of Objects: ... . Kt 7| = )
\ 5. Insufficient Information: ... .
/ The image contains a grid of symbols arranged in a pattern. There are six symbols in total ... Between the rows, \

number &quot;8.&quot;

there are circular icons labeled with letters: A, B, C, D, and E.
Top row symbols: 1. A mirrored &quot;C&quot; shape. 2. A shape resembling a &quot;D&quot; with a vertical
IC' line through it. 3. Three horizontal lines stacked vertically.
1mg Bottom row symbols:1 . An infinity-like symbol. 2. An upside-down &quot;T.&quot; 3. A shape resembling the

The circular icons with letters are positioned between the rows, suggesting a sequence or pattern to be identified.

K The task is to determine which lettered option (A, B, C, D, E) corresponds to the next object in the sequence. /

Figure 4. The pipeline of our knowledge extractor.

trained vision encoder ¢, (-), parameterized by w, to con-
vert an image I into an embedding, and a language encoder
1o, parameterized by o, to encode the task prompt Py
(e.g., a question or caption request). These embeddings are
then fed into a pretrained language model fg, parameterized
by 6, to generate a response R:

R = f0(¢w(1)7 ’(/)o(Ptask))'

As the vision encoder ¢y (-) has been pretrained on paired
image-text descriptions, it maps visual input into a shared
text embedding space, enabling the LLM fy to reason seam-
lessly within a unified embedding space.

3.1. Knowledge Extractor

As shown in Fig. 1 (upper), MLLMs often display inter-
nal errors when reasoning through complex and incomplete
tasks. These errors likely stem from training biases that fa-
vor certain reasoning paths, leading MLLMs to overlook
parts of the user’s problem and produce incomplete or incor-
rect conclusions. Additionally, MLLMs commonly struggle
to accurately detect and relate all relevant objects in an im-
age, further complicating reasoning.

To address this, a straightforward solution would be
to extract all objects relevant to the user’s query to help
MLLMs understand object relationships in context. How-
ever, in practice, open-world detectors frequently fail to

identify these objects accurately as illustrated in Fig. 3.
Even when successfully detected, linking these objects to
the user’s question presents a major challenge, as incorrect
initial relationships between objects established during the
initial reasoning step can lead to cascading errors in reason-
ing.

To mitigate these challenges, we introduce a dedicated
“knowledge extractor” agent, designed to provide MLLMs
with objective contextual knowledge drawn from the image
and task prompt. Fig. 4 illustrates this process. This agent
gathers supplementary information to guide the reasoning
process, enabling a more comprehensive understanding of
the user’s question. The process begins with extracting key
information from both the task prompt Py and image I.
Given Py, and a textual key point generation prompt Py,
we first derive textual key points /Cyy directly from Ppyg.
Next, we use Ky and an image key point generation prompt
Pimg to identify objective facts iy, within the image I, thus
isolating each modality to avoid cross-modal interference:

Kt = fo(to(cat (Puask, Pwxi)))s

1
Kime = fo(6u (1), o (02t (Pungs Koxts Past)))s

where the operation cat denotes concatenating the inputs.
This knowledge extractor agent systematically identifies
the query’s objects and extracts objective attributes related
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to them from both the image and text. This enriched context
allows the MLLM to holistically interpret the problem, fo-
cusing on the full image rather than isolated objects or par-
tial conclusions. By integrating this knowledge, the MLLM
can better align its reasoning steps with the intended so-
lution, significantly reducing the chance of errors in initial
reasoning steps.

3.2. Multi-level Problem Solver

At the core of our CorrectFlow framework is a novel multi-
level problem-solving approach that enhances the robust-
ness and reliability of reasoning in complex tasks. Inspired
by automated curriculum learning, we introduce a hierar-
chical structure consisting of multiple low-level problem-
solving agents and a high-level problem-solving agent. In
this framework, the low-level agents act as “students,” while
the high-level agent functions as a ‘“teacher,” guiding the
reasoning process in real time. This relationship allows
students to leverage the teacher’s higher expertise, ensur-
ing more accurate and efficient reasoning. The motiva-
tion behind this setup is intuitive: when students encounter
uncertainty, they can request help from the teacher to re-
solve potential errors. This teacher-student dynamic mirrors
real-world learning, where a teacher helps correct misun-
derstandings, fostering more accurate decision-making and
deeper understanding.

In our multi-level problem-solving framework, we adopt
an Ol-inspired approach, combining self-correction and
cross-validation. At each reasoning step, multiple indepen-
dent paths are generated, allowing the system to evaluate
the state from different perspectives or knowledge sources.
This multi-perspective validation enables a thorough re-
assessment, comparing outcomes across paths. When sig-
nificant discrepancies are detected, the system analyzes and
adjusts the reasoning to correct biases or errors. While the-
oretically effective, MLLMs often fail to identify the root
causes of mistakes, allowing errors to propagate along the
reasoning path.

To overcome this limitation, we introduce three piv-
otal strategies at each step of reasoning: (1) Confidence
Check, (2) Path Pruning, and (3) Expert Intervention. These
strategies work together to ensure robustness, accuracy, and
adaptability in the reasoning process.

Confidence Check. It enables the reasoning agent to self-
assess the validity of each reasoning step. When an agent
detects potential flaws or inconsistencies, it generates a
“self-suspect” signal. This signal prompts further investi-
gation or assistance from a higher-level agent. This process
is inspired by iterative questioning, where doubts lead to
deeper scrutiny, ensuring more reliable conclusions.

Path Pruning. It discards the unreliable path before errors
can propagate when an agent is uncertain about the correct-
ness of a reasoning path. This ensures the system only pro-

gresses along valid reasoning paths, preventing the system
from getting stuck or moving forward with flawed reason-
ing.
Expert Intervention. When a self-suspect signal or error
is detected, control is escalated to the high-level agent, the
“teacher,” which performs a more thorough analysis of the
reasoning process. The high-level agent evaluates the rea-
soning path and decides on the next action:
e Correct: If the reasoning path is validated, no further ac-
tion is needed.
* Wrong: If a logical error is identified, teacher agent cor-
rects the reasoning path based on prior steps.
¢ Uncertain: If teacher agent is unsure, “Path Pruning” is
triggered to discard the uncertain path.
In Appendix, we provide a detailed figure to summarize the
reasoning steps in our multi-level problem-solving agents.
These mechanisms create a robust feedback loop that
continuously refines the reasoning process, minimizing er-
ror propagation. The dynamic interplay between low-level
agents (students) and the high-level agent (teacher) creates
an adaptable, self-correcting system that is both efficient
and reliable. This makes it ideal for complex problem-
solving tasks where precision is critical. Our multi-level
problem-solving approach bridges the gap between theoret-
ical advancements and real-world applications, empowering
agents to tackle challenging tasks with confidence and ac-
curacy.

4. Experiment

4.1. Implementation Details

GPT-40. The architectural and pretraining details of GPT-
40 [26] are not publicly available. Nevertheless, we use
GPT-40 as the MLLM backbone due to its state-of-the-art
language reasoning capabilities. This allows us to evalu-
ate the performance of our proposed method on an LMM
with advanced reasoning skills, providing insights into its
effectiveness in solving complex multi-step problems. In
addition to using GPT-40, we also conducted experiments
with other (MLLMs) as our base models. Detailed results
of these additional experiments are provided in the supple-
mentary materials.

4.2. Multimodal Reasoning Benchmarks

The implementation of CorrectFlow has undergone rig-
orous evaluation using several benchmark datasets, in-
cluding MME, MathVista [23], BLINK [9], MMStar [4],
CCBench [21], and RealWorldQA [43]. These benchmarks
are specifically designed to assess the multimodal percep-
tion and reasoning capabilities of large multimodal lan-
guage models (LMMs). Both MME and MathVista feature
different splits that evaluate general visual perception and
reasoning. For instance, MME includes perception tasks
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Table 1. Performance Comparison on Mathvista dataset.

Method | Overall | SCI TQA NUM ARI VQA GEO ALG GPS MWP LOG FQA STA
LLaVA-OneVision-72B (SI) 669 |64.8 633 514 612 542 753 708 774 714 216 621 714
InternVL2-Llama3-76B 656 |63.1 665 417 620 492 66.1 658 67.8 758 324 673 76.7
Ovisl.5-Gemma2-9B 65.6 |64.8 60.1 507 663 547 628 587 63.5 871 135 628 74.1
InternVL2-40B 640 |60.7 633 417 649 587 565 569 572 710 21.6 684 767
NVLM-D-72B 639 |664 684 403 507 419 762 730 784 651 162 639 718
InternLM-XComposer2.5 63.7 |55.7 557 438 640 53.1 628 569 620 833 162 632 734
Ovisl.5-Llama3-8B 63.0 |63.1 608 486 657 575 6.1 573 61.1 796 21.6 580 67.1
POINTS-Qwen2.5-7B 63.0 |615 614 493 615 581 707 665 726 71.0 135 543 635
POINTS-Yi-1.5-9B 63.0 |61.5 595 465 615 559 703 662 72.1 731 108 558 65.8
LLaVA-OneVision-7B 623 |65.6 608 451 575 475 686 641 702 769 162 569 66.1
Claude3.5-Sonnet 616 |754 741 312 535 458 586 61.6 577 591 351 69.5 777
RBDash-v1.2-72B 616 |59.8 658 403 533 419 682 669 69.7 742 243 572 69.1
Qwen2-VL-7B 614 |664 633 41.0 589 570 51.0 51.6 510 661 270 68.0 73.8
GPT-40 (0806, high) 627 |71.3 753 424 569 480 657 683 659 683 324 587 69.1

Table 2. Performance Comparison of reasoning task on MME dataset.

Method Overall Code Numerical Text Commonsense
Reasoning Calculation Translation  Reasoning

Qwen-VL-Max-0809 723.9 177.5 170.0 200.0 176.4
InternVL2-Llama3-76B 658.6 152.5 185.0 162.5 158.6
NVLM-D-72B 655.7 160.0 162.5 162.5 170.7
GPT-40 (0513, low) 719.3 182.5 170.0 192.5 174.3
LLaVA-OneVision-72B 583.9 145.0 177.5 100.0 161.4
GPT-40 (0513, high) 696.1 177.5 147.5 192.5 178.6
Qwen-VL-Plus-0809 633.9 157.5 125.0 200.0 151.4
InternVL2-40B 572.1 137.5 117.5 170.0 147.1
JT-VL-Chat 608.2 145.0 170.0 132.5 160.7
Qwen-VL-Max 576.1 132.5 107.5 192.5 143.6
CongRong 521.8 97.5 100.0 185.0 139.3
MiniCPM-V-2.6 597.9 155.0 117.5 177.5 147.9
GPT-40 (0806, high) 696.4 185.0 147.5 192.5 171.4
CorrectFlow (GPT-40(9s06, highy)) | 766.1 185.0 200.0 188.57 192.5

Table 3. Performance Comparison of perception task on MME dataset.
Method \Overall\OCR Artwork Color Count Existence Landmark Position Posters Scene

Qwen-VL-Max-0809 1585.5 (177.5 1562 190.0 170.0  200.0 183.5 155.0 189.1 164.2
InternVL2-Llama3-76B 1572.4 {147.5 1732 180.0 180.0 195.0 179.8 173.3  188.4 164.2
NVLM-D-72B 1586.2 [185.0 141.8 190.0 170.0  200.0 179.5 168.3 187.1 164.5
GPT-40 (0513, low) 1562.7 [192.5 1440 180.0 190.0 195.0 175.5 145.0 1922 1485
LLaVA-OneVision-72B 1570.5 {162.5 1532 185.0 170.0  200.0 178.8 178.3  183.7 159.0
GPT-40 (0513, high) 1546.2 [192.5 1452 185.0 185.0 185.0 182.0 133.3  191.2 147.0
Qwen-VL-Plus-0809 1513.3 |1155.0 150.0 180.0 158.3  180.0 185.0 160.0 182.0 163.0

InternVL2-40B 1565.0 {162.5 170.0 188.3 180.0  190.0 180.2 153.3 1895 151.2
JT-VL-Chat 1535.0 {117.5 161.5 185.0 170.0 195.0 185.0 173.3 1847 163.0
Qwen-VL-Max 1528.6 |177.5 150.2 168.3 160.0 190.0 191.0 140.0 187.8 163.8
CongRong 1576.8 {177.5 151.0 176.7 175.0 195.0 187.2 168.3 171.1 175.0
MiniCPM-V-2.6 1519.4 {192.5 149.0 168.3 160.0 195.0 177.5 146.7 1779 152.5
GPT-40 (0806, high) 1550.3 \200.0 139.5 178.3 190.0 195.0 189.2 1133 1935 1515

CorrectFlow (GPT-40(pg06, nigh)) | 1540.7 192.5 1483 190 180 195.0 148.3 153.3 1904 143.0

that assess an LMM’s ability to identify instances and un- stance identification task, and on the entirety of MathVista.
derstand instance attributes, as well as higher-order reason- Additionally, we use the reasoning sets of BLINK, MM-
ing tasks such as scene understanding and instance inter- Star, CCBench, and RealWorldQA to further evaluate our
action. MathVista, on the other hand, contains complex approach, focusing on the LMMs’ ability to provide de-
mathematical problems, often requiring extensive inference tailed, long-form answers to visual questions.

steps. We evaluate our method on MME, excluding the in-



Table 4. Performance Comparison on MMbenc benchmark.

Method Code Numerical Text Commonsense
ReasoningCalculationTranslation Reasoning
CoT 185.0 192.5 177.5 176.4
CoT-SC 192.5 192.5 185.0 180.7
SoT 177.5 132.5 177.5 172.1
ToT 192.5 200 177.5 172.5
CorrectFlow| 185 200 188.57 192.5

4.3. Baseline

In our experiments, we compared our proposed Correct-
Flow methodology with two prompting baselines. The first
baseline aimed to evaluate the added value of our method to
pretrained LMMs [2, 8, 11, 16, 19] by applying the model
to the benchmark without any prompt engineering as shown
in Table 1, Table 2, and Table 3. The second baseline uti-
lized a zero-shot (ZS) Chain-of-Thought (CoT) prompting
method to assess the benefits of CorrectFlow compared to
a state-of-the-art (SOTA) CoT [35] approach. The ZS-CoT
method involves two main steps: (i) given the input question
and text, the reasoning prompt ’Let’s think step-by-step.” is
appended after the question to guide the model in generating
reasoning for an answer, and (ii) since the answer is implic-
itly embedded in the generated reasoning, the second step
involves passing the image, question, generated reasoning,
and an answer extraction phrase to produce the response in
the desired format. We also compared CorrectFlow to re-
cent SOTA multimodal CoT prompting methods, including
COT-SC [34], SoT [25], and ToT [39], on the reasoning split
of the MME benchmark, as summarized in Table 4.

4.4. Result

Results are presented in Table 1, Table 2, and Table 3. One
notable advantage of our method is its significant improve-
ment in performance on several multimodal reasoning tasks,
including the complex MathVista benchmark. We demon-
strate that applying CorrectFlow to GPT-40 outperforms
the base models across various benchmarks, highlighting
the effectiveness of our approach. Figure 5 provides spe-
cific examples where CorrectFlow enhances performance
over the baselines, as well as instances where it still en-
counters challenges. Additional results can be found in the
supplementary materials.

Multimodal Reasoning Tasks. CorrectFlow outperforms
the baselines in the reasoning test category across Real-
WorldQA, BLINK, MMStar, and CCBench in Table 5, Ta-
ble 6, Table 7 and Table 8. From these datasets, we ob-
serve that CorrectFlow significantly improves performance
on complex tasks involving mathematical reasoning and
logical understanding, particularly those requiring extended
reasoning steps. Notably, our method also proves effective
on Chinese datasets. These results provide strong evidence

Table 5. Performance Comparison on RealWorldQA benchmark.

Method | Overall
Qwen2-VL-72B 76.7
GPT-40 (0513, high) 754
Qwen-VL-Max-0809 74.2
LLaVA-OneVision-72B 73.9
LLaVA-OneVision-72B (SI) 73.7
Molmo-72B 73.7
InternVL2-Llama3-76B 72.7
Ovisl.6-Gemma2-9B 70.7
Qwen-VL-Plus-0809 70.1
InternVL2-40B 70.1
LLaVA-OneVision-7B 69.9
NVLM-D-72B 69.9
OmChat-v2.0-13B 69.8
Step-1.5V 69.7
LLaVA-OneVision-7B (SI) 69.5
GPT-40 (0806, high) 76.5
CorrectFlow (GPT-4O(03061 high)) 77.3

Table 6. Performance Comparison on Blink benchmark.

Multi-view Spatial

Method Reasoning Rgation
Qwen-VL-Max-0809 40.6 88.1
Gemini-1.5-Pro 53.4 79.7
Phi-3.5-Vision 48.1 69.2
Gemini-1.5-Flash 57.1 77.6
InternVL2-26B 429 84.6
Yi-Vision 48.1 82.5
MiniCPM-V-2.6 55.6 81.1
LLaVA-OneVision-7B 54.1 80.4
LLaVA-Next-Interleave-7B 444 71.3
GPT-40 (0806, high) 45.1 82.5
CorrectFlow (GPT—40(0306v high)) 47.4 83.2

Table 7. Performance Comparison on MMstar benchmark.
Method Logical
Reasoning

Qwen-VL-Max-0809 72.4 76.0

Qwen2-VL-72B 72.4 72.8

InternVL2-Llama3-76B 72.4 75.2

LLaVA-OneVision-72B 68.8 74.4

LLaVA-OneVision-72B (SI) 67.2 72.0

Step-1.5V 68.4 64.4

InternVL2-40B 69.2 70.0

JT-VL-Chat-V3.0 69.6 76.8

GPT-40 (0513, high) 72.0 66.4

NVLM-D-72B 68.8 70.8

Molmo-72B 65.2 60.8

GPT-40 (0806, high) 72.0 67.6

CorrectFlow (GPT—40(0806, high)) 73.6 72.4

that our approach enhances LMMs’ long inference capabil-
ities in general multimodal reasoning tasks.

We further conducted a comparative evaluation against
Chain-of-Thought (CoT) and its variants, including CoT-
SC, SoT, and ToT, within the reasoning category of the
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MathVista MMBench
Q: As shown in the figure, the two chords AB Q: What is the size relationship between these two pairs of magnets?
and CD in the circle intersect at E, 2D = 35.0, Pairl M . R
ZAEC = 105.0, then 2C = () ‘ omer CEOT .. [E]
) B - 105em - 105em
CorrectFlow: 70 \/ CorrectFlow: The magnitude of the magnetic force is smaller in Pair 1. \/
GPT4o: 35° x GPT4o: The individual magnets in each pair are of the same size. x

Q: Is the number of tiny gray bicycles that
are on the left side of the brown metal
sedan greater than the number of things
that are to the left of the tiny green bicycle?

CorrectFlow: No x

Answer: Yes

Q: The image shows a python code. a =
Is the output of the code '11'?

CorrectFlow: No x

Answer: Yes

[lI276!9]
b max(a) + a[l]

print(b)

Figure 5. Comparative visualization of our method’s performance on the MathVista and MMBench datasets.

Table 8. Performance Comparison on CCBench benchmark.

Method RSk"tc!‘
easoning
InternVL2-Llama3-76B 91.1
InternVL2-8B 91.1
InternVL2-1B 86.7
BlueLM-V-3B 91.1
Step-1.5V 91.1
Qwen-VL-Max-0809 88.9
MMAlaya2 91.1
Qwen2-VL-72B 86.7
CongRong 91.1
GPT-40 (0806, high) 88.9
CorrectFlow (GPT—4O(0806, high)) 92.2

Table 9. Effects of Knowledge Extractor (KE) and Multi-level
Problem Solver (MPS) on the MME benchmark.

Method Code Numerical Text Commonsense
Reasoning Calculation Translation Reasoning
w/o-KE | 185.0 200.0 188.5 176.4
w/o-MPS| 185.0 192.5 185.0 180.7
Our 185.0 200.0 188.57 192.5

414 MMbenc benchmark. Table 4 provides a detailed perfor-

415 mance comparison across various reasoning tasks, such as
416 code reasoning, numerical calculation, text translation, and
417 commonsense reasoning. This analysis demonstrates the
418 advantages of CorrectFlow in handling complex reasoning
419 tasks, which can be attributed to its real-time correction
420 mechanism during agent collaboration.

421 Multimodal Perception Tasks. Table 3 presents the ex-
422 perimental results for perception tasks. From the table, we
423 observe that CorrectFlow has minimal impact on perception
424 task performance.

425 4.5. Ablation Study

426 We conducted a comprehensive ablation study on reason-
427 ing tasks in MME-Bench using our GPT-40-CorrectFlow
428 model. The study highlights the effectiveness of our knowl-
429 edge extractor (KE) and multi-level problem solver (MPS),

as presented in Table 9. Without KE, the model’s per-
formance dropped significantly in the commonsense cate-
gory due to internal errors. Similarly, without MPS, relying
solely on methods like COT-SC, the performance in several
categories deteriorated, attributed to the lack of a thorough
consideration of the reasoning path. For more ablation re-
sults, please refer to the supplementary materials.

4.6. Visualization Analysis

Figure 5 presents sample outputs from our method. On the
left, we highlight successful cases of CorrectFlow, demon-
strating its effectiveness in accurately handling complex
reasoning tasks through agent collaboration. On the right,
we display failure cases, offering insights into the current
limitations and potential areas for improvement of our ap-
proach. For additional qualitative visualizations and a de-
tailed analysis, please refer to the supplementary materials.

5. Conclusion

Our CorrectFlow offers a robust solution for addressing
the intrinsic limitations of single MLLMs in multimodal
reasoning tasks. By introducing a two-agent framework
that separates knowledge extraction from reasoning valida-
tion, CorrectFlow significantly enhances accuracy and re-
liability. The implementation of core strategies such as the
self-suspect mechanism, active abandonment, and advanced
agent takeover enables dynamic intervention and escalation,
effectively reducing reasoning errors and overcoming veri-
fication biases. Our extensive evaluations on several public
benchmark datasets show that CorrectFlow outperforms ex-
isting methods, paving a road in the pursuit of dependable
multimodal reasoning systems.

Limitation. CorrectFlow has extra computational overhead
due to error correction, may impacting efficiency in rapid-
response system. Future work will optimize these costly
processes.
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