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Abstract

Existing open-source multimodal large language models
(MLLMs) generally follow a training process involving pre-
training and supervised fine-tuning. However, these models
suffer from distribution shifts, which limit their multimodal
reasoning, particularly in the Chain-of-Thought (CoT) per-
formance. To address this, we introduce a preference opti-
mization (PO) process to enhance the multimodal reasoning
capabilities of MLLMs. Specifically, (1) on the data side, we
design an automated preference data construction pipeline
to create MMPR, a high-quality, large-scale multimodal
reasoning preference dataset; and (2) on the model side, we
explore integrating PO with MLLMs, developing a simple
yet effective method, termed Mixed Preference Optimiza-
tion (MPO), which boosts multimodal CoT performance.
Our approach demonstrates improved performance across
multiple benchmarks, particularly in multimodal reasoning
tasks. Notably, our model, InternVL2-8B-MPO, achieves an
accuracy of 67.0 on MathVista, outperforming InternVL2-
8B by 8.7 points and achieving performance comparable to
the 10x larger InternVL2-76B. We hope this study could
inspire further advancements in MLLMs. Code, data, and
model shall be publicly released.

1. Introduction

With the remarkable success of large language models
(LLMs) [1, 5, 10, 11, 26, 89, 92, 93] in the field of nat-
ural language processing, the training paradigm compris-
ing pre-training and supervised fine-tuning (SFT) have also
swept the multimodal field, becoming the primary choice
for the research and development of multimodal large lan-
guage models (MLLMs). Benefiting from the large-scale
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Figure 1. Open-source model performance on MathVista. The
X- and Y-axes represent the accuracy evaluated with direct-answer
responses and CoT responses, respectively. The bubble size is pos-
itively correlated with the number of model parameters. The val-
ues in parentheses indicate the performance gap between CoT and
direct-answer responses. Notably, most open-source models per-
form worse when answering with CoT.

pre-training corpora [43, 48, 80, 90, 99, 114] and high-
quality SFT data [20, 24, 53, 55, 98], a series of open-source
MLLMs [6, 20, 44, 46, 52, 96, 98, 105] exhibit strong
performance across various domain and tasks, some even

achieving results comparable to commercial models such
as GPT-40 [70] and Gemini [78, 88].

However, open-source MLLMs still exhibit limited rea-
soning capabilities. As shown in Figure 1, InternVL2-8B
[20] achieves a score of 58.3 on MathVista [61], a bench-
mark for multimodal reasoning, when using direct answers
but drops to 56.8 with Chain-of-Thought (CoT) reasoning,
indicating that CoT reasoning actually reduces its perfor-
mance. This decline is commonly observed across open-
source MLLMs [20, 44, 96, 105]. We attribute this phe-
nomenon primarily to a distribution shift introduced by the
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SFT loss. Specifically, SFT relies on teacher forcing, where
the model is trained to predict the next token based on previ-
ous ground-truth tokens. However, during inference, mod-
els must predict each token based on their own prior out-
puts, leading to a distribution shift between training and
inference. Since the direct-answer approach requires only
brief responses, while CoT reasoning involves generating a
long rationale, the distribution shift problem becomes more
severe during CoT. This results in models performing worse
with CoT reasoning compared to direct-answer responses.

To address the limitations of CoT reasoning in MLLMs,
we draw inspiration from recent NLP approaches [42, 74,
103] that use Preference Optimization (PO) techniques
to align model outputs with desired reasoning patterns.
Specifically, methods like Direct Preference Optimization
(DPO) [76] allow models to learn from preference signals
to generate responses that better align with user require-
ments, offering the foundation for Reinforcement Learning
from Human Feedback (RLHF). While RLHF has been ex-
plored for MLLMs primarily to reduce hallucinations [18,
85, 106], its application for enhancing multimodal reason-
ing remains under-explored. Building on these insights, we
conduct a systematic study on using PO to strengthen the
multimodal reasoning capabilities of MLLMs.

Enhancing the multimodal reasoning abilities of
MLLMs through PO presents several challenges: (1)
Limited multimodal reasoning preference data and high
annotation cost. Existing multimodal preference datasets
[47, 85, 106, 107, 111] primarily address hallucination
issues and focus on natural images and perception data,
lacking scientific images and reasoning data. Annotating
these types of data requires human annotators to carefully
compare the given reasoning processes, making it both
time-consuming and costly. (2) Lack of open-source meth-
ods for improving multimodal reasoning via PO. Although
previous works have explored fine-tuning MLLMs using
feedback from various sources, these models typically
exhibit performance gains on hallucination benchmarks,
with little enhancement in general reasoning abilities.
Thus, leveraging PO to improve multimodal reasoning
capabilities remains largely under-explored.

This work addresses these challenges from both the data
and model sides. (1) On the data side, we design an
automated preference data construction pipeline to create
MMPR, a high-quality, large-scale multimodal reasoning
preference dataset. (2) On the model side, we explore var-
ious PO methods with MLLMs, introducing a simple yet
effective method, termed Mixed Preference Optimization
(MPO), which boosts multimodal CoT performance with-
out the requirement for a reward model.

Specifically, we propose a continuation-based pipeline
called Dropout Next Token Prediction (DropoutNTP) for
samples lacking clear ground truth and a correctness-based

pipeline for samples with clear ground truth. In Dropout-
NTP, the responses generated by InternVL2-8B are consid-
ered as positive samples. For a given chosen response, we
truncate it by half and then prompt InternVL2-8B to com-
plete the remaining portion of the truncated answer with-
out access to the image input. This generated completion
serves as the rejected answer for the paired sample. Experi-
mental results in Section 5.2 demonstrate that this straight-
forward method achieves comparable performance in re-
ducing hallucinations compared to the divide-and-conquer
method proposed in RLAIF-V [107]. In the correctness-
based pipeline, multiple solutions to each question are sam-
pled from InternVL2-8B. Solutions matching the ground
truth answer are used as chosen responses, while those that
do not are used as rejected responses.

Additionally, we propose the MPO method. The key
insight behind this algorithm is that an effective PO pro-
cess should enable the model to learn the relative prefer-
ence between pairs of responses, the absolute quality of
individual responses, and the process for generating pre-
ferred responses. Compared to previous multimodal PO
methods [47, 75, 85, 106, 107, 111], our approach excels
in the following aspects: (1) Efficient automated data con-
struction pipeline: Our pipeline enables high-quality pref-
erence pair generation at a controlled cost. (2) Effective-
ness across diverse domains: Models fine-tuned with our
data and approach show superior performance across rea-
soning, question-answering, and hallucination benchmarks.
(3) Improvements over SoTA settings: Our results are based
on InternVL2-8B, one of the leading open-source MLLMs,
further highlighting the potential of our method.

In summary, our main contributions are as follows:

(1) We propose an efficient preference data construc-
tion pipeline. Based on this pipeline, we create MMPR,
a high-quality, large-scale multimodal reasoning preference
dataset containing approximately 3 million samples.

(2) We introduce MPO, an effective PO algorithm de-
signed to improve the reasoning abilities of MLLMs. The
resulting model, InternVL2-8B-MPO, exhibits enhanced
multimodal reasoning ability and fewer hallucinations com-
pared to its baseline model (i.e., InternVL2-8B).

(3) We conduct extensive experiments to explore prac-
tical approaches for improving multimodal reasoning via
PO. Results show that PO significantly improves reason-
ing abilities over SFT. Notably, the proposed InternVL2-
8B-MPO achieves an accuracy of 67.0 on MathVista [61],
outperforming InternVL2-8B by 8.7 points and achieving
performance comparable to the 10x larger InternVL2-76B.

2. Related Work

Multimodal Large Language Models. With advance-
ments in LLMs, significant progress has also been made in
MLLMs. To leverage the abilities of pre-trained LLMs [5,



11, 26] and Vision Foundation Models (VFMs) [19, 77], a
series of works [20, 45, 46, 53, 56, 96, 99, 100] employ a
connector to align their latent space, achieving promising
performance at a controllable cost. Besides, another series
of works [2, 26, 91, 97] extend pre-trained LLMs with ad-
ditional fusion layers for vision features, reducing the num-
ber of visual tokens required by LLMs while introducing
extra training costs. Recently, there have been explorations
into vision encoder-free architectures [7, 50, 62, 87, 101],
which consists of a single transformer model that jointly
processes visual and textual information without a separate
encoder. In addition to exploring model architectures, re-
cent works [27, 48, 55, 98, 104, 109] also try to construct
high-quality training data to improve multimodal reason-
ing abilities. Despite these advancements, MLLMs typi-
cally rely on a training paradigm comprising pre-training
and supervised fine-tuning, which suffers from the curve of
distribution shift and exhibits limited multimodal reasoning
abilities. In this work, we conduct a systematic study on
using preference optimization to enhance the multimodal
reasoning ability of MLLMs.

Preference Optimization. Preference optimization (PO)
is a crucial technique for advancing LLMs and MLLMs.
Specifically, Reinforcement Learning from Human Feed-
back (RLHF) uses human preferences as a reward signal
to fine-tune models, aligning them with human preferences.
InstructGPT [72] employs a reward model as a proxy for
human preferences and maximizes this reward via the PPO
algorithm [81], improving the model’s ability to follow
user intent and become more helpful, honest, and harm-
less (3H). PPO-Max [94, 112] carefully explores the imple-
mentation details of PPO, proposing a more stable version
of the algorithm. Additionally, DPO [76] proposes an effi-
cient PO algorithm based on the Bradley-Terry model [9],
removing the need for an explicit reward model. Subse-
quent works [4, 21, 25, 28, 32, 42, 54] have further an-
alyzed and refined this method from various perspectives.
In natural language processing, a series of works [42, 74]
have explored how to leverage PO to enhance reasoning
ability. In the multimodal field, however, most meth-
ods [47, 85, 106, 107, 111] primarily focus on reducing hal-
lucination, leaving the potential for PO to improve multi-
modal reasoning ability under-explored. This work demon-
strates that PO not only mitigates hallucinations but also
strengthens multimodal reasoning abilities, highlighting its
broader applicability in MLLM development.

3. Scalable Multimodal Preference Dataset
Generation

To address the scarcity of multimodal preference data, we
introduce a scalable data construction pipeline. Based
on this pipeline, we construct a million-level MultiModal
PReference dataset (MMPR).

3.1. Data Engine

Definition. Each data sample in our MMPR consists of an
image I € Z, an instruction € X, a chosen response
Yo € YVp, and a rejected response y, € )V, where y, is
preferable to y,. The image sets Z and instruction sets X
are collected from existing datasets. ), and ), represent
the positive and negative response set, respectively. Given a
certain image I and instruction z, we sample the candidate
response y from an initial instruction model M as follows:

y~ My(y |z, 1), (1)

where My(y | x, I) represents the response distribution of
M)y conditioned on image [ and instruction x.

For instructions with clear ground truths, the model is
prompted to first provide the reasoning process and then
give the final answer in the format like “Final Answer:
** %", Responses matching the ground truth answer consti-
tute the positive set ), while those that do not match make
up the negative set ),,. Additionally, responses that fail to
provide a clear final answer are also merged into },,. Given
these responses labeled as positive or negative, we build the
preference pairs by selecting a chosen response . from ),
and a negative response y,. from )/,,.

For instructions without clear ground truths, we propose
a simple yet effective method: Dropout Next-Token Predic-
tion (Dropout NTP). Specifically, we directly consider all
responses generated from equation 1 as positive set V. To
generate the negative set ),,, we sample a response y from
Yp and drop the last half of this response. The model is
required to complete the remained response as follows:

U5 ~ Mo(F>5 | ,y<5), (2)

where y.; and y>; is the remained part and truncated part
of y, respectively. 7>; is the completion of y.; without
the image input. The original response ¥y = [y<j,y>;]
serves as the chosen response y. and the completed re-
sponse § = [y<j,§>;| serves as the rejected response ;..
It is worth noting that while the responses generated by M
may not be perfect, the completions generated without the
image input will introduce more hallucinations than those
generated with the image input. Therefore, the partial order
relationship between y and g holds true.

Compared with previous methods, our data engine is as
effective as the more complex divide-and-conquer method
proposed in RLAIF-V [107] (see the experimental results in
Section 5.2.2), while more efficient. Taking data generation
for M3CoT as an example, our pipeline incurs a token cost
of 571.2 per preference pair, compared to 992.7 tokens for
the divide-and-conquer approach used in RLAIF-V. Thus,
the cost of our pipeline is only 57.5% of that of RLAIF-V.



~ Instruction with clear ground truths

N
Question:
Your task is to answer the question below. Give step by step reasoning before you answer, and when you're ready to answer, please use the format “Final answer: ...”
Question:
What could be the reason for a person to have a brown teddy bear tied with a ribbon around its neck. a pack of colored pencils and a colorful patterned blanket?
A. The person likes to collect teddy bears, color pencils, and blankets as they are a fan of art
B. The person received the brown teddy bear as a gift from someone and owns the colored pencils because they are a fan of art
C. The person is a child who loves to play with teddy bears and draw with color pencils
D. The person is a school teacher who uses these items to decorate their classroom for their students
)\ Chosen Response: Rejected Response:
“To determine the answer, let’s analyze cach option: “To determine the reason for a person to have a brown teddy bear tied with a ribbon around its neck, a pack of colored
A. The person likes to collect teddy bears, color pencils, and blankets as they are a fan of art. pencils, and a colorful patterned blanket, we need to consider the context and meaning behind these items.
‘This option assumes that the person collects multiple items as part of a fan interest in art. The Option A: “The person likes to collect teddy bears, color pencils, and blankets as they are a fan of art.” This option
items are not just limited to teddy bears, colored pencils, and blankets. suggests that the person has a specific interest in collecting items, which may not necessarily imply a connection to art.
B. The person received the brown teddy bear as a gift from someone and owns the colored Option B: “The person received the brown teddy bear as a gift from someone and owns the colored pencils because they
pencils because they are a fan of art. This option suggests that the teddy bear was receivedasa  are a fan of art.” This option suggests a personal connection to a gift while considering an individual interest in art.
gift and that the person uses colored pencils as they are a fan of art. This explanation is plausible.  Option C: “The person is a child who loves to play with teddy bears and draw with color pencils.” This option assumes
C. The person is a child who loves to play with teddy bears and draw with color pencils. This that the person s a child, which could be a plausible explanation for the items.
option simply states that the person is a child, but it does not provide a clear connection Option D: “The person is a school teacher who uses these items to decorate their classroom for their students.” This
between the other items like the vibrant blanket. option suggests a professional context rather than personal interest or collecting items.
D. The person is a school teacher who uses these items to decorate their classroom for their Given the context of the items in the image and the most plausible explanation based on the presence of children’s items
students. This option seems less likely because the items (teddy bear, colored pencils, and and a child-friendly material like a teddy bear with a ribbon, the most likely explanation is:
blanket) might not be common classroom decoration items. Final answer: C
Final answer: B
\ J
~ Instruction without clear ground truths N
Question:
Where is the woman in the picture located?
Chosen Response: Rejected Response:
The woman in the picture is located in a public park. Here are the observations that support this  The woman in the picture is located in a public park. Here are the observations that support this
. conclusion: conclusion:
° 1.Surroundings: The image shows a well-maintained area with grass, trees, and benches, which  1.Surroundings: The image shows a well-maintained area with grass, trees, and benches, which
is typical of public parks. The presence of other people walking in the background also suggests s typical of public parks. The presence of other people walking in the background also suggests
a public space. a public space.
2.Lighting and Ambience: The bright daylight and open space are characteristic of outdoor 2.Lighting and Ambience: The bright daylight and open space are characteristic of outdoor
environments like parks, rather than indoor locations like libraries. environments like parks, rather than indoor locations like libraries.
3.Bench Design: The style of the bench, which appears to be made of wood or metal with a 3.Bench: If she were in a private garden or library, it would likely be more private and less
decorative back, is common in public parks. Such benches are often placed along walking paths  likely to have communal spaces such as a bench.
for public use. 4.Background Activity: The presence of other people in the background suggests a public
4.Vegetation: The variety and arrangement of trees and shrubs look like planned landscaping, — space where people gather; such as a park.
which is typical of parks rather than the natural, untamed growth found in a virgin forest. Given these observations, the picture most likely shows a woman in a public park.
These elements collectively indicate that the setting is a public park.
J

Figure 2. Data examples in MMPR. For instructions with clear ground truths, we propose a correctness-based pipeline, which samples
multiple solutions and considers those with correct answers as chosen responses and those with incorrect answers as rejected responses.
For instructions without clear ground truths, we propose DropoutNTP to generate rejected responses. Differences between the chosen and
rejected responses are emphasized in ifalicized text. Red highlights incorrect responses.

3.2. Multimodal Preference Dataset

Dataset Statistics. Using this pipeline, we build a large-
scale multimodal preference dataset, MMPR. Data exam-
ples are presented in Figure 2. See more examples in the
Appendix. This dataset comprises approximately 750K
samples without clear ground truths and 2.5M samples with
clear ground truths. For samples without clear ground
truths, each instruction averages 25.0 tokens, while the cho-
sen and rejected responses average 211.4 and 171.2 tokens,
respectively. The longest chosen and rejected responses
consist of 1,342 and 1,642 tokens, respectively, whereas the
shortest chosen and rejected responses contain 20 and 17 to-
kens, respectively. For samples with clear ground truths, the
average instruction length is 79.5 tokens, with the chosen
and rejected responses averaging 300.0 and 350.5 tokens,
respectively. The longest chosen and rejected responses are
composed of 2,018 and 4,097 tokens, while the shortest re-
sponses contain 32 and 33 tokens, respectively.

Data Source. As shown in Table 1, to ensure the di-
versity of instructions and images, we collect samples
from diverse domains, including general visual question
answering (VQA) [29, 34, 59, 63], science [16, 39, 60],
chart [13, 37, 64], mathematics [12, 27, 38, 51, 58, 82],
OCR [8, 33, 66, 68, 83], and document [22]. Notably, when
constructing open-ended samples, we collect instructions

Task | Dataset

General VQA | VQAV2 [29], GQA [34], OKVQA [63], IconQA [59]
Science AI2D [39], ScienceQA [60], M3CoT [16]

Chart ChartQA [64], DVQA [37], MapQA [13]

GeoQA+ [12], CLEVR-Math [51], Geometry3K [58],

Mathematics | by [82], GeomVerse [38], Geol 70K [27]

OCR OCRVQA [68], InfoVQA [66], TextVQA [83],
STVQA [8], SROIE [33]

Document DocVQA [65]

Table 1. Datasets used to build our preference dataset. We
collect images and instructions from various tasks to ensure the
diversity of our dataset.

from all the data sources mentioned above and prompt the
model to answer the original question without additional
requirements. On the other side, when building samples
through the correctness-based pipeline, we exclude ques-
tions from general VQA and document sources, as verify-
ing the correctness of the generated answers using heuristic
rules is challenging for datasets in these domains. For ex-
ample, the ground truths in VQAV2 [29] consist of a single
word or phrase, which may lead to false-negative responses
when the model outputs a complete sentence or a synonym
as the final answer. Such false-negative responses can neg-
atively impact training effectiveness.



4. Improved Multimodal Large Language
Model with Preference Optimization

To enhance the multimodal reasoning capabilities of
MLLMs, we propose mixed preference optimization
(MPO), a method that blends supervised fine-tuning (SFT)
loss with various preference optimization losses to enhance
training effectiveness. Additionally, we investigate different
Chain-of-Thought (CoT) approaches with multimodal input
to improve reasoning performance.

4.1. Mixed Preference Optimization

We observed that when MLLMs are trained on large-scale
preference datasets using direct preference optimization
(DPO), they might fail to generate reasonable rationales and
produce gibberish. This phenomenon aligns with the anal-
ysis presented in Smaug [73]. To address this issue, we
introduce the MPO in this work, aiming to learn the relative
preference between pairs of responses, the absolute qual-
ity of individual responses, and the process for generating
preferred responses.

Training Objective. MPO is defined as a combination of
preference loss £,,, quality loss £,, and generation loss L,
which can be formulated as follows:

L=w,Ly+wely+wgLly, 3)

where w, represents the weight assigned to each loss com-
ponent. In this work, we empirically compare different vari-
ants of preference loss [4, 14, 21, 32, 36, 54, 67, 69, 76,
102]. Based on the experimental results, we use DPO [76]
as our preference loss and BCO [36] as our quality loss.
Preference Loss. The DPO [76] serves as the preference
loss to enable the model to learn the relative preference be-
tween chosen and rejected responses. DPO eliminates the
requirement of training an explicit reward model based on
the assumption of the Bradley-Terry model [9] and opti-
mizes the following loss function:

L, =—logo (Blog mo(yelz) Blog Lo9r 1 L) (v | I)) , @
7o (ye | ) o (yr | )

where [ is the KL penalty coefficient, and z, ¥, and y, are
user query, chosen response, and rejected response, respec-
tively. The policy model 7y is initialized from model 7.
Quality Loss. The BCO loss [36] is employed as the quality
loss, which helps the model to understand the absolute qual-
ity of individual responses. This algorithm trains a binary
classifier, where the logit serves as a reward and effectively
maps the chosen response to 1 and the rejected response to
0. The loss function is defined as:

Lo=LT+Ly, (5)

where £q+ and L represent the loss for chosen and rejected
responses, respectively. They are calculated independently,

requiring the model to differentiate the absolute quality of
individual responses. The loss terms are given by:

ﬁj:—loga<ﬁlog?(y“|“’)—5>, (6)
0

(Ye | @)
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where § represents the reward shift, calculated as the mov-

ing average of previous rewards to stabilize training.

Generation Loss. The SFT loss is used as the generation

loss to help the model learn the generation process of pre-
ferred responses. The loss function is defined as:

log o (ye | 2)

L =
I el

®)

4.2. Chain-of-Thought with Multimodal Input

During the data sampling process, we require the model to
provide a detailed CoT reasoning process instead of directly
answering the final answer. For most samples, we sample
the responses using the prompt shown in the bottom case
of Figure 2, which requires the model to perform a step-by-
step analysis. Considering that multimodal models involve
non-textual inputs, we further introduce the following CoT
methods: (1) Background Knowledge-based CoT: The
model first introduces relevant background knowledge re-
lated to the problem or image, followed by reasoning steps
and the final answer. This approach is applied to samples
from the science domain. (2) Visual Content-based CoT:
The model begins by analyzing the visual contents in the
image, then proceeds with reasoning and the final answer.
This method is used for samples from chart, OCR, and doc-
ument domains. (3) Grounded CoT: The model generates
a text response while simultaneously linking all referenced
objects in the response to corresponding regions in the im-
age. This approach is applied to general VQA domain sam-
ples. Responses generated by these above CoT methods are
mixed with those sampled using the prompt shown in the
bottom case of Figure 2. These approaches not only effec-
tively integrate multimodal information into the reasoning
process but also enhance data diversity. Furthermore, in-
cluding the background knowledge and visual contents at
the start of responses also improves the quality of the nega-
tive responses generated by DropoutNTP, preventing a sig-
nificant quality gap between positive and negative samples
that could reduce training effectiveness.

5. Experiments
5.1. Main Results

In this section, we compare our InternVL2-8B-MPO with
leading MLLMs on multimodal reasoning [16, 61, 95],



Model Name Reasoning General VQA Hallucination Evaluation
M3CoT MathVista MathVision MMVet LLaVA-Bench POPE CRPE MMHalBench
Closed-Source Models
Gemini-1.5-Pro [78] - 63.9 19.2 - - - - -
GPT-4o0 [71] 64.3 63.8 30.4 69.1 97.6 86.9 76.6 4.0
GPT-40-Mini [71] 61.9 52.4 27.3 66.9 95.4 85.1 73.1 3.6
Open-Source Models
LLaVA-1.5-13B [52] 39.5 27.6 11.1 36.3 70.7 859 556 2.4
Qwen2-VL-7B [96] 57.8 58.2 21.1 60.6 67.7 88.1 744 34
MiniCPM-V-2-6-8B [105] 56.0 60.6 23.4 57.4 83.4 873 752 3.6
LLaVA-OneVision-7B [44] 52.3 63.2 18.4 51.4 79.9 88.4 737 3.1
InternVL Models
InternVL2-26B [20] 58.2 59.4 23.4 62.1 92.3 88.0 75.6 3.7
InternVL2-40B [20] 63.6 63.7 21.4 65.5 100.5 884 773 39
InternVL2-76B [20] 65.4 67.2 23.7 65.7 99.3 89.0 77.8 3.8
InternVL2-Pro [20] 65.6 66.3 18.8 69.4 99.5 88.2 77.6 3.7
InternVL2-8B [20] 59.3 58.3 20.4 54.2 73.2 86.9 75.0 3.3
InternVL2-8B-MPO (ours)  79.2 67.0 25.7 56.2 76.7 88.1 754 3.5

Table 2. Results on 8 multimodal benchmarks. We report the overall score of MM-Vet and LLaVA-Bench evaluated by GPT-4-Turbo.
Our InternVL2-8B-MPO demonstrates superior performance compared to InternVL2-8B across multimodal reasoning, VQA, and halluci-
nation evaluation benchmarks. Noteably, our model even achieves reasoning performance comparable to the 10x larger InternVL2-76B.

complex Visual Question Answering (VQA) [53, 108], and
hallucination evaluation [49, 85, 98] tasks.

Benchmarks. For the multimodal reasoning task, we eval-
uate our model on three benchmarks: (1) M3CoT [16], a
comprehensive benchmark designed to evaluate the mul-
timodal CoT reasoning abilities of models. (2) Math-
Vista [01], a widely-used benchmark for evaluating mul-
timodal mathematical reasoning capabilities. (3) MathVi-
sion [95], which collects evaluation data from real math
competitions and presents a greater challenge compared to
MathVista. We report accuracy for these benchmarks.

For the complex VQA task, we evaluate our model on
two benchmarks: (1) MM-Vet [108], which evaluates the
model’s ability to engage in visual conversations across a di-
verse range of tasks. (2) LLaVA-Bench [53], a commonly-
used benchmark for assessing multimodal conversation, de-
tailed description, and complex reasoning capabilities with
open-ended questions. Both benchmarks use GPT-4 to eval-
uate the correctness and helpfulness of responses. We report
the overall score for these benchmarks.

For the hallucination evaluation task, we evaluate our
model on three benchmarks: (1) POPE [49], which mea-
sures the hallucination level of object existence using
Yes/No questions. We report the F1 score for this bench-
mark. (2) CRPE [98], which measures the hallucination
level of the relation between objects using multiple-choice
questions. We report accuracy for this benchmark. (3)
MMHal-Bench [85], which consists of open-ended ques-
tions where GPT-4 compares model outputs to human re-
sponses, assessing hallucination rate and informativeness.

We report the overall score for this benchmark.

Results. As shown in Table 2, our InternVL2-8B-MPO
achieves superior performance across all benchmarks, par-
ticularly excelling in multimodal reasoning tasks. On
the MathVista benchmark, our model achieves an accu-
racy of 67.0%, outperforming InternVL2-8B by 8.7 points
and achieving performance comparable to the 10x larger
InternVL2-76B. On the MathVision benchmark, our model
achieves an accuracy of 25.7%, establishing a new state-
of-the-art performance among open-source models. These
results demonstrate the effectiveness of our preference op-
timization approach in enhancing multimodal reasoning ca-
pabilities. Additionally, on the POPE benchmark, our
model exhibits a 1.2-point improvement over InterVL2-8B,
demonstrating the effectiveness of the perception data con-
tained in our MMPR dataset to mitigate hallucinations. Fur-
thermore, our model also shows superior performance com-
pared to the InternVL2-8B on complex VQA benchmarks,
indicating that the general abilities of our model are also
improved, benefiting from enhanced reasoning abilities and
mitigated hallucinations.

5.2. Ablation Study

In this section, we present ablation studies to analyze the
effects of preference optimization and SFT on multimodal
reasoning abilities. Additionally, we compare our proposed
DropoutNTP method with the divide-and-conquer approach
from RLAIF-V [107], demonstrating the effectiveness of
our approach. Furthermore, we conduct extensive exper-
iments to analyze the effects of different preference opti-



Model Name Setting M3CoT MathVista MMVet POPE

Direct 593 583 542 869
InternVI.2-8B CoT 570 56.8 547 829
Direct  63.9 62.7 547 865
InternVL2-8B-SFT " p 677 64.2 538 840
Direct 772 645 551 87.0
InternVL2-8B-MPO "1 795 67.0 562 88.1

Table 3. Results of models trained with SFT and MPO. The
SFT training data consists of the chosen responses from the pref-
erence pairs used in MPO training. In the Direct setting, the model
is prompted to provide the answer directly, while in the CoT set-
ting, the model is instructed to answer with detailed rationales.

mization algorithms. We also present analysis of the effects
on text-only performance.

5.2.1. Comparison between MPO and SFT

To compare the impact of MPO and SFT on improving
multimodal reasoning ability, we use the chosen responses
in MMPR as SFT data to fine-tune InternVL2-8B. As
shown in Table 3, the results indicate that the model trained
with MPO consistently outperforms that trained with SFT
across all benchmarks. For example, the MPO-trained
model achieves a score of 79.2 on the multimodal reason-
ing benchmark M3CoT, surpassing its SFT counterpart by
11.4 points. Furthermore, the MPO-trained model also per-
forms better on the general benchmark (MMVet) and the
hallucination benchmark (POPE). Notably, the SFT-trained
model performs worse with CoT responses than with direct-
answer responses on MM Vet and POPE, demonstrating that
SFT alone is insufficient to enhance multimodal CoT abil-
ities. These results demonstrate that while SFT provides
moderate improvement, preference optimization is more ef-
fective in improving the overall performance of the model.

5.2.2. Comparison with RLAIF-V

Here, we compare our proposed Dropout Next-Token Pre-
diction (Dropout NTP) method with the divide-and-conquer
approach from RLAIF-V [107]. To ensure a fair compar-
ison, we use the same prompts and chosen responses as
in RLAIF-V and replace the rejected responses with those
generated by continuation without image input. Follow-
ing RLAIF-V, we report the hallucination rates in response-
level (Resp.) and mention-level (Ment.) for Object Hal-
Bench [79] and overall score and hallucination rates (Hall.)
for MMHal-Bench [85]. As shown in Table 4, the model
trained with our data achieves performance comparable to
that of the model trained with RLAIF-V, demonstrating the
effectiveness of our method. Specifically, the response-level
hallucination rate of the model trained with our data on Ob-
ject HalBench is 7.6, compared to 7.3 for its counterpart.
Besides, this model achieves a score of 3.6 on the MMHal-
Bench, compared to 3.5 for its counterpart. Note that our

Object HalBench MM HalBench

Method

Resp. (J) Ment. () Score Hall. ()
InternVL2-8B 18.4 8.7 33 40.6
RLAIF-V [107] 7.3 3.9 3.5 32.3
DropoutNTP (ours) 7.6 4.1 3.6 31.3

Table 4. Comparison of DropoutNTP and the divide-and-
conquer approach from RLAIF-V. We replace negative samples
in RLAIF-V with the responses generated using DropoutNTP.

method requires the model to generate only a single contin-
uation for each sample, while RLAIF-V requires the model
to decompose the response into atomic claims and then ver-
ify each one individually. Therefore, our method is more
efficient. A quantitative analysis is provided in Section 3.1.

5.2.3. Effects of optimization algorithms

Here, we empirically compare the effectiveness of dif-
ferent optimization algorithms, including (1) DPO [76],
which directly fine-tunes the model on an offline preference
dataset without explicitly constructing a reward function.
(2) RSO [54], which applies a hinge loss on the normal-
ized likelihood instead of the sigmoid loss used in DPO. (3)
IPO [4], which introduces a modified loss function to ad-
dress overfitting in DPO by averaging log-likelihoods and
controlling the gap between chosen and rejected comple-
tions via a beta parameter. (4) ¢cDPO [69], which is a mod-
ification of the DPO loss that accounts for potential label
noise in preference data. (5) RobustDPO [21], which pro-
vides an unbiased estimate of the DPO loss designed to
handle preference noise in data. Similar to cDPO, it as-
sumes that labels are noisy with a certain probability. (6)
BCO [36], which introduces a binary classifier trained to
output logits used as reward values. (7) SPPO [102], which
iteratively pushes chosen rewards toward 1/2 and rejected
rewards toward -1/2 to approximate a Nash equilibrium,
aiming to reduce data sparsity issues. (8) AOT [67], which
applies Distributional Preference Alignment via Optimal
Transport. (9) TR-DPO [28], which adds synchronization
between the model and a reference model every few steps to
mitigate overfitting during DPO training. (10) ORPO [32],
a reference model-free preference optimization algorithm
that uses a log odds ratio penalty appended to the NLL loss,
allowing for preference-aligned fine-tuning without an ad-
ditional preference alignment phase. For all algorithms, we
set the learning rate to 5e-6 and use the hyper-parameters
suggested in their corresponding paper. Additionally, we
extend these algorithms with SFT loss to analyze its im-
pact. The SFT model trained with the chosen responses of
the reasoning preference data is also included as a baseline.

Notably, most current benchmarks lack corresponding
in-distribution training samples, and the data distribution of
our MMPR may differ from that of these benchmarks. This
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Figure 3. Results of models trained with different preference optimization algorithms on M3CoT. The algorithm X extended with the
SFT loss is called X+ for brevity. For instance, DPO+ denotes the combination of DPO loss and SFT loss.

Setting MMLU Gaokao TriviaQA NQ C3 Race-h BBH GSM8K Math TheoremQA IFEval HumanEval MBPP Average

Baseline  73.2 75.0 62.0
SFT 71.8 74.4 63.7
MPO 71.0 74.8 64.2

28.1 942 90.8 727
282 943 906 72.1
293 942 90.6 71.8

75.6 39.5 15.6 523 69.5 58.8 62.1
75.5 40.1 15.8 53.6 68.3 58.0 62.0
750 404 20.8 56.4 68.9 61.5 63.0

Table 5. Results on text-only benchmarks. The model fine-tuned through MPO exhibits superior overall performance on text-only tasks
compared to the baseline model and its SFT counterpart, particularly on TheoremQA and IFEval.

discrepancy can introduce additional variability when an-
alyzing the impact of different optimization algorithms on
training results. Therefore, we use the training and valida-
tion sets of M3CoT [16] for ablation studies.

The visualization results are illustrated in Figure 3 and
the numerical results are presented in Table 6 and 7. We
can observe that almost all preference optimization meth-
ods outperform their SFT counterpart in both the Direct and
CoT settings. However, DPO and its variants struggle to
enhance the CoT reasoning abilities of the model as the re-
sulting models exhibit trivial or no improvement when an-
swering with CoT reasoning responses compared to direct-
answer responses. On the other hand, when combining
SFT Loss with these DPO variants, all algorithms are able
to improve the model’s CoT reasoning abilities, demon-
strating that the SFT loss is a key component for enhanc-
ing CoT reasoning abilities. Additionally, models trained
with TR-DPO, a DPO variant that updates the reference
model every few steps, perform much worse when using
CoT reasoning compared to direct-answer responses. Simi-
larly, the model trained with ODPO, a reference-model-free
method, achieves worse overall performance compared to
other methods extended with SFT Loss. These results indi-
cate that the reference model constraint on policy updates
is crucial for enhancing overall reasoning abilities, and the
reference model should remain frozen during training. No-
tably, models trained with DPO+ and BCO+ exhibit the best
CoT performance among existing algorithms. Therefore,
we use DPO and BCO as the preference loss and quality
loss. The resulting algorithm (i.e., MPO) further improves
the overall performance.

5.3. Effects on text-only performance

We evaluate the text-only performance of our models on a
series of benchmarks [3, 15, 17, 23, 30, 31, 35, 40, 41, 84,

86, 110, 113] and report the average performance across
them. As shown in Table 5, although our MMPR dataset
does not include any text-only data, the MPO-trained model
achieves superior average performance on these bench-
marks compared to the baseline model. The most signifi-
cant improvements are observed on TheoremQA and IFE-
val. Specifically, our model trained with MPO achieves
an accuracy of 20.8 on TheoremQA, a benchmark consist-
ing of complex science problems, outperforming the base-
line model by 5.2 points and the SFT counterpart by 5.0
points. Additionally, since our dataset considers responses
that fail to follow instructions as negative samples when
constructing data using our correctness-based pipeline, our
model also exhibits enhanced instruction-following abilities
on IFEval, outperforming the baseline model by 4.1 points
and the SFT counterpart by 2.8 points.

6. Conclusion

In this work, we introduce a preference optimization (PO)
process to enhance the multimodal reasoning capabilities of
MLLMs. On the data side, we design an automated pipeline
for preference data construction, which is applicable to in-
structions both with and without clear ground truths. Us-
ing this pipeline, we create MMPR, a high-quality, large-
scale multimodal reasoning preference dataset. On the
model side, we propose a simple yet effective method
called Mixed Preference Optimization (MPO). This algo-
rithm aims to learn the relative preference between pairs of
responses, the absolute quality of individual responses, and
the process for generating preferred responses. The result-
ing model, InternVL2-8B-MPO, exhibits enhanced multi-
modal reasoning ability and fewer hallucinations compared
to its baseline model (i.e., InternVL2-8B). We hope this
study could inspire further advancements in MLLMs.
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7. Implementation Details

During the construction of samples with clear ground truths,
we sample at most 32 reasoning processes and construct at
most 15 preference pairs for each query. When constructing
data using DropoutNTP, we truncate the original response
by half and ask InternVL2-8B to complete the response
without the image input. Our ablation studies in Section 8.2
show that truncating the original response by 25% or 75%
has negative effects on the final performance. We set the
temperature to 1.0 during sampling to ensure response di-
versity. Besides, the maximum tiles for dynamic resolution
are set to 6 for the general VQA domain and 12 for OCR-,
document-, and chart-related domains.

During the MPO process, the global batch size is set to
256 during training. We employ the AdamW optimizer [57]
with the 87 of 0.9, the 55 of 0.999, and the weight decay of
0.05. The learning rate is initialized as 5e-6. The training
phases include a linear warmup that lasts until the first 5%
of training steps. The warmup is followed by a cosine decay
strategy with a minimum learning rate of 0. The KL penalty
coefficient S is set to 0.1. For the Equation 3, we set w,, to
0.8, wy to 0.2, and wy to 1. The model is initialized from
InternVL2-8B [20], and all parameters are trainable during
training. We train the model for 1 epoch.

8. More Ablation Studies
8.1. Ablation Studies about DPO variants

In this section, we present the numerical experimental re-
sults of ablation studies on the effects of different prefer-
ence optimization algorithms in Table 6 and Table 7. We
define A as the performance gap between CoT reasoning re-
sponses and direct-answer responses to quantitatively assess
the effects of different preference optimisation algorithms
on CoT reasoning abilities. Our results indicate that in-
troducing an additional SFT loss can significantly improve
the CoT performance compared to each algorithm’s vanilla
counterpart. Note that, to reduce computational costs, we
only extend the DPO variants, which exhibit superior per-
formance in Table 6 compared to DPO, with SFT Loss.

In addition to the ablation studies based on M3CoT, we
also present the performance of models trained with DPO+
and BCO+ using our MMPR, as shown in Table 8. The
experimental results show that models trained with MPO
exhibits superior overall performance compared to those
trained with DPO+ and BCO+.

Method Direct CoT | A

InternVL2-8B 59.3 57.0 | 2.3
SFT 65.7 68.5 | +2.8
DPO [76] 75.8 727 | -3.1
RSO [54] 74.2 74.3 | +0.1
IPO [4] 72.8 73.1 | +0.3
cDPO [69] 76.2 76.8 | +0.6
RobustDPO [21] 75.1 74.2 | -0.9
BCO [36] 78.1 78.4 | +0.3
SPPO [102] 66.2 674 | +1.2
AOT [67] 767 760 | 0.7
TR-DPO [28] 75.9 66.8 | -9.1

Table 6. Results of models trained with different preference op-
timization algorithms on M3CoT. A represents the performance
gap between CoT responses and direct-answer responses.

Method Direct CoT | A

ORPO [32] 66.6 739 | +7.3
DPO+ 76.4 789 | +2.5
cDPO+ 71.6 742 | +2.7
RobustDPO+ 76.5 78.0 | +1.5
BCO+ 774 784 | +1.0
AOT+ 76.3 78.0 | +1.7
MPO 77.7 79.1 | +14

Table 7. Results of models trained with different preference op-
timization algorithms extended with SFT Loss on M3CoT. The
algorithm X extended with the SFT Loss is called X+ for brevity.
For instance, DPO+ is the combination of DPO and SFT loss.

8.2. Ablation Studies on DropoutNTP

Here, we present the ablation results for the Dropout Ra-
tio (DR) in our proposed DropoutNTP. By default, we set
DR to 0.5, which means that we truncate the positive re-
sponse by half. Notably, setting DR to 0.25 means using
the first quarter of the positive responses for continuation.
Following the experimental settings in Section 5.2.2, we re-
place the negative samples in RLAIF-V with the comple-
tions based on different dropout ratios. As shown in Ta-
ble 9, the model trained with data generated using a DR of
0.75 performs the worst. We attribute this to the fact that,
with the first three-quarters of the prefix being identical, the
difference in quality between the chosen and rejected re-
sponses becomes less apparent, reducing training effective-
ness. Additionally, the model trained with a DR of 0.25



Model Name Reasoning General VQA Hallucination Evaluation
M3CoT MathVista MathVision MMVet LLaVA-Bench POPE CRPE MMHalBench
InternVL2-8B 59.3 58.3 20.4 54.2 73.2 86.9 75.0 33
InternVL2-8B-DPO+  80.4 66.4 23.4 58.3 74.1 87.6 7155 34
InternVL2-8B-BCO+  79.6 66.1 18.8 55.5 78.6 88.5 755 35
InternVL2-8B-MPO  79.2 67.0 25.7 56.2 76.7 88.1 754 35
Table 8. Results of models trained with DPO+, BCO+ and MPO using our MMPR.
Method Object HalBench MM HalBench s it o
Resp. (]) Ment. (}]) Score Hall. (]) zano
DR=025 9.3 4.8 33 406 o
DR=0.50 7.6 4.1 3.6 31.3 o ang |+ Direct
DR=0.75 116 6.2 33 36.5 o
Table 9. Results of DropNTP with different Dropout Ratios. (a) (b)
I 798 | Direct
performs worse than that trained with a dropout ratio of 0.5. e o ﬂm\/\’\’
We believe this is because the majority of the content in the o Ema
rejected responses is generated without image input, result- L =
ing in noticeably lower quality compared to the chosen re- 740 768 ’—‘/\/
sponses, which similarly hampers the training effectiveness. e o 1 0 . T T o
Therefore, we set the DR to 0.5. S(”)“““"“"““‘ ‘;‘(;;"e'““""‘
C

8.3. Effects of data scale.

To evaluate the effects of the data scale, we train the model
with different amounts of preference reasoning data sam-
pled from M3CoT [16]. The M3CoT training set contains
7,861 samples annotated with corresponding rationales. To
control the data volume, we adjust the maximum number
of preference pairs generated for each sample, resulting in
datasets of different sizes: 10K, 40K, 70K, and 100K. As
illustrated in Figure 4a, model accuracy consistently im-
proves with the increasing data volume. As the data vol-
ume rises to 100K, the model achieves its highest accu-
racy of 76.4 when directly answering the final answer and
78.9 when answering with CoT. Furthermore, both the Di-
rect and CoT performance exhibit a positive correlation be-
tween data scale and accuracy, with the CoT performance
achieving higher performance across all scales. These re-
sults highlight the importance of scaling up reasoning pref-
erence data to improve model performance.

8.4. Effects of hyper-parameters.

We conduct ablation studies on M3CoT to study the im-
pact of the hyper-parameters, including learning rate, PO
coefficient wy,, wq, and SFT coefficient wg. For the PO co-
efficient, we control the sum of w, and w, to equal 1.0
and adjust different proportions. Unless specifically men-
tioned, we set the learning rate to 5e-6, w, to 0.8, w, to
0.2, and wq to 1. As shown in Figure 4b, the learning rate
significantly affects the model’s performance. With a rel-

Figure 4. Results of models trained with different data scales
or hyer-parameters on M3CoT. The X-axis represents the cor-
responding data scale or hyper-parameter for this point, while the
Y-axis indicates the accuracy on M3CoT.

atively low learning rate of 5e-7, the model shows moder-
ate improvement. As the learning rate increases to 5e-6,
the model’s performance improves further, reaching opti-
mal results across the tested learning rates and surpassing
the baseline by 19.6 points. However, further increasing the
learning rate to 5e-5 causes a drastic performance drop, sug-
gesting that a higher learning rate may lead to overfitting
or instability in training. Additionally, the PO coefficient
wg, w1 and SFT coefficient wo are crucial. As shown in
Figure 4c and 4d, the model achieves optimal performance
with w,, set to 0.8, w, set to 0.2, and wy set to 1. No-
tably, when wy is set to 0.01, the performance of the CoT
approach is inferior to that of directly answering the final
answer, indicating the importance of the SFT Loss during
the direct preference optimization.

9. More Data Examples in MMPR

In this section, we provide data examples in MMPR for each
task described in Table 1. Specifically, Figure 5a to 5f are
examples from data constructed using DropoutNTP, while
Figure 5g to 5j are examples from data constructed using
correctness-based pipeline.



— General VQA

Question: What are the toppings on the pizza?

Chosen Response:

The pizza in the image has the following toppings:

1. Tomatoes: There are halved cherry tomatoes scattered across the pizza, adding a fresh and
Jjuicy element.

2. Artichokes: Pieces of artichoke hearts are visible, providing a tender and slightly tangy
flavor.
3. Cheese: A layer of melted cheese covers the pizza, likely mozzarella or a similar type,
providing a creamy and rich texture.

4. Pesto or Herb Sauce: There appears to be a green sauce, possibly pesto, spread beneath
the toppings, adding a herby and savory flavor.

The pizza has a rustic appearance with a slightly charred crust, suggesting it was baked at a
high temperature.

Rejected Response:

The pizza in the image has the following toppings:

1. Tomatoes: There are halved cherry tomatoes scattered across the pizza, adding a fresh and
Jjuicy element.

2. Artichokes: Pieces of artichoke hearts are visible, providing a tender and slightly tangy
flavor.

3. Cheese: A layer of melted cheese covers the pizza, likely mozzarella or a mozzarella blend,
providing richness and an anchor for the other toppings.

4. Peppers: Slices of green bell pepper contribute both color and crunch.

5. Olives: Kalamata olives are scattered across the pizza, adding a briny and slightly salty taste.
6. Onion: Thinly sliced onions contribute a sweet and pungent flavor.

These toppings create a delicious balance of flavors and textures, making the pizza a crowd-
pleaser!

\
()

~ Science
Question:
Two magnets are placed as shown. Hint: Magnets that attract pull together. Magnets that repel push apart. Will these magnets attract or repel each other?
A. attract  B. repel
Chosen Response: Rejected Response:
In the image, there are two magnets. Each magnet has two poles labeled as "N" for North and  In the image, there are two magnets. Each magnet has two poles labeled as "N" for North and
"S" for South. "S" for South.
Magnetic Interaction: Magnetic Interaction:

- - - Like Poles Repel: If similar poles (North-North or South-South) face each other, they repel. - Like Poles Repel: If similar poles (North-North or South-South) face each other, they repel.

- Unlike Poles Attract: If opposite poles (North-South) face each other, they attract. - Unlike Poles Attract: If opposite poles (North-South) face each other, they attract.
Analysis of the Image: Analysis of the Image:
1. Left Magnet: The North pole is on the left, and the South pole is on the right. 1. Left Magnet: The North pole is on the left, and the South pole is on the right.
2. Right Magnet: The North pole is on the left, and the South pole is on the right. 2. Right Magnet: The North pole is on the right, and the South pole is on the left.
Orientation: These arrangements show that the North poles are on opposite ends of the magnets, and so
- The North pole of the left magnet is facing the North pole of the right magnet. are the South poles.
- The South pole of the left magnet is facing the South pole of the right magnet. Conclusion: Since a North pole on one magnet faces a North pole on the other; and a South
Conclusion: Since both pairs of like poles (North-North and South-South) are facing each  pole on one magnet faces a South pole on the other: The magnets will repel each other
other; the magnets will repel each other: because the North poles repel and the South poles repel.
Therefore, the correct answer is: B. repel Answer: B. repel

-

~ Chart

(b)

Question: How many color does the graph shows?

Chosen Response:

The graph uses five distinct colors, each representing a different country. Here's a
detailed breakdown:

1. Blue - Represents Brazil, with an internet access percentage of 49.2%.

2. Purple - Represents Latvia, with an internet access percentage of 76%.

3. Green - Represents Austria, with an internet access percentage of 82.4%.

4. Red - Represents France, with an internet access percentage of 82.6%.

5. Orange - Represents Norway, with an internet access percentage of 96.6%.

Each color is used to differentiate the countries and their corresponding internet access
percentages for 2015.

Rejected Response:
The graph uses five dis
detailed breakdown:

1. Blue - Represents Brazil, with an internet access percentage of 49.2%.

2. Purple - Represents Latvia, with an internet access percentage of 76%.

3. Green - Represents Austria, with an internet access percentage of 59.9%.

4. Orange - Represents Mexico, with an internet access percentage of 41.5%.

5. Red - Represents New Zealand, with an internet access percentage of 85%.

Each country is distinctly colored and plotted at different points on the graph, which allows
us to differentiate between the various countries and their corresponding internet access
percentages.

nct colors, each representing a different country. Here's a

(©)

~— Mathematics

Question: Subtract all balls. How many objects are left?

Chosen Response:

To determine how many objects are left after subtracting all the balls, let's examine the image
and identify each object:

1. Balls: - There are three spherical objects (balls):
- A shiny metallic ball next to the small grey ball.
center.

2. Other Objects: - A purple cube, which is a square-shaped object. - A large blue cylinder
in the foreground. - A small orange cylinder behind the purple cube. - A small purple

- A small grey ball on the far left.
- A medium-sized blue ball near the

Rejected Response:

To determine how many objects are left after subtracting all the balls, let's examine the image
and identify each object:

1. Balls: - There are three spherical objects (balls):
- A shiny metallic ball next to the small grey ball.
center.

2. Other Objects: - A purple cube, which is a square-shaped object. - A large blue cylinder
with a red top and base, which is a cylindrical object. - A green rectangular prism, which

- A small grey ball on the far left.
- A medium-sized blue ball near the

cylinder next to the large blue cylinder. - A medium-sized blue cylinder in the
Total Objects: - Total objects initially present = 8 (3 balls + 5 non-ball objects).

Subtracting the Balls: - Removing the 3 balls leaves us with the non-ball objects.

Remaining Objects: - 1 purple cube - 3 cylinders (I large blue, 1 small orange, 1 small
purple, and I medium blue).

Therefore, after subtracting all the balls, there are 5 objects left.

isa shaped object.
Step-by-step Calculation:

1. Count the total number of objects: There are five distinct objects in total.

2. Subtract the number of balls: - There are three balls in total.

3. Calculate the remaining objects: - Total objects: 5 - Subtract the number of balls: 3 -
Remaining objects: 5-3 =2

Thus, after subtracting all the balls, there are two objects left.

(d

Question: What is the name of the event?

Chosen Response:

The event is part of the "RBC Summer Kids Stuff." It includes two programs:

1. Camp Kilimanjaro: This is a Vacation Bible School (VBS) program for children in
Kindergarten through 5th grade. It is themed as "An Epic Expedition Through Proverbs.*

2. Cross Training: This is for junior high students in 6th through Sth grade, organized by
Rancho Baptist Church.

The event is scheduled from June 22 to June 26, with activities running from 8:45 AM to
12:00 PM. Registration is open, and the cost is free.

Rejected Response:

The event is part of the "RBC Summer Kids Stuff." It includes two programs:

1. Camp Kilimanjaro: This is a Vacation Bible School (VBS) program for children in
Kindergarten through 5th grade. It is themed as "An Epic Expedition Through Proverbs.*

2. Cross Training: This is a middle school and high school student summer program with
multiple activities, including sports, recreation, community service, and Bible lessons.

(e)
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Question: ‘What is the name of entity mentioned in the given form ?

Chosen Response:

The form is a “Principal ’s of ic Interests" related to research
funding. It details information about a research project led by Paul Saltman from the Biology
department at the University of California, San Diego.

The specific section of interest is Section A, which requires details about the non-
governmental entity providing funding for the research. According to the form:

Rejected Response:

The form is a "Principal i ’s of ic Interests" related to research
funding. It details information about a research project led by Paul Saltman from the Biology
department at the University of California, San Diego.

The specific section of interest is Section A, which requires details about the non-governmental
entity providing funding for the project. The information in this section pertains to the funding

- Name of Entity: Proctor & Gamble

- Address of Entity: Cincinnati, Ohio

- Principal Business of Entity: Household products and foods
- Amount of Funding: $25,000.00 (Actual)

This section is crucial as it discloses the financial backing from a non-governmental source,
which is essential for transparency and compliance in research finding.

ion, their role, and the type of funds provided. The organization mentioned is the
"Cystic Fibrosis Foundation ® (CFF ®)". So, the name of the entity mentioned in the form is
the Cystic Fibrosis Foundation® (CFF ®).

The CFF ® provides grants to support innovative and promising research projects in the field
of cystic fibrosis, a genetic disorder affecting the lungs and digestive system. The funding
primarily supports research aimed at improving patient outcomes, disease understandi
treatments. In this case, Dr: Saltman's project aims to explore the molecular mechanisms
underlying bone development during the fetus stages, potentially connecting them to cystic
fibrosis and other conditions.

, and
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~ Science
() Question:
Your task is to answer the question below. Give step by step reasoning before you answer, and when you're ready to answer, please use the format "Final answer: ..
Question:
< Read the text. A population's growth is affected by factors in the environment, such as space, available food, predators, and disease. When a population inhabits an environment with abundant
S resources and few limiting factors, it can experience exponential growth. Under these ions, a jon grows i rapidly. Plotted on a graph with time on the x-axis and
FA population size on the y-axis, exponential growth resembles a J-shaped curve. Logistic growth, in contrast, occurs when resources are scarce or a population faces considerable limiting factors,
= such as predators. Logistic growth resembles an S-shaped curve: it rises steeply at first but then levels off. When growth levels off, the population has reached the environment's carrying
capacity, or the population limit it can support.
Which term matches the picture?
A. logistic growth
time 3 B. exponential growth
Chosen Response: Rejected Response:
To determine which term matches the picture, let's analyze the image and the descriptions provided: To determine which term matches the picture, let's analyze the characteristics of each type of growth:
1. Exponential Growth: - Description: When a population inhabits an environment with abundant resources and few 1. Exponential Growth: This type of growth occurs when a population inhabits an environment with abundant resources
limiting factors, it can experience exponential growth. - Graph Shape: Exponential growth resembles a J-shaped and few limiting factors. In this case, the population grows increasingly rapidly, leading to a J-shaped curve. The
curve. growth is rapid and unbounded over time.
2. Logistic Growth: - Description: Logistic growth occurs when resources are scarce or a population faces considerable 2. Logistic Growth: This type of growth occurs when resources are scarce or a population faces considerable limiting
limiting factors, such as predators. - Graph Shape: Logistic growth resembles an S-shaped curve: it rises steeply at factors, such as predators. In this scenario, the population rises steeply at first but then levels off as it reaches the
first but then levels off. carrying capacity, which is the i 's i supportable ion level. The growth curve resembles an
Image Analysis: - The graph shows a J-shaped curve where the population grows exponentially with time,  S-shaped curve: it increases rapidly, reaches a limit, and then stabilizes.
without any leveling off. The graph in the picture shows a population that grows rapidly at first and then levels off, resembling an S-
Based on the description and the shape of the graph, the term that matches the picture is: shaped curve. This is characteristic of logistic growth.
Final answer: B Final answer: A
.

~ Chart

story door class fence

Your task is to answer the question below. Give step by step reasoning before you answer, and when you're ready to answer, please use the format "Final answer: ..

o Title Question:
- egs
109 = index Question: What is the value of total in fence?
engine
100 =l Chosen Response:
107 To determine the value of the "total" category in the "fence" row, we need to look at the color-
g coded legend and the corresponding values for each category in the "fence" row.
T 108 1. The "fence" row has the following categories: - legs: blue - index: green - engine: red -
total: purple
10° 2. According to the legend, the value for "total" is represented by the purple color.
o 3. By examining the "fence" row, we can see that the purple square s in the "total" column.
4. The purple square is aligned with the value on the right side of the image, which
108 corresponds to 103,

Therefore, the value of the "total" in the "fence" row is 103.
Final answer: 1000

Rejected Response:

To determine the value of the total in fence, we need to analyze the data given for each
category in the "fence" row:

1. legs: The value is 10° (one billion).

2. index: The value is 10° (one thousand).

3. engine: The value is 10(one hundred thousand).

4. total: The value is not directly given, but we can infer it by summing the values of legs,
index, and engine.

Let's calculate the total: total=legs+index-+engine, total = 10° + 10% + 105, total =
10° + 10 + 105, total = 10° + 10° + 10°, ...(Repeat until truncated.)

OCR
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KIKU JAPANESE RESTAURANT
TK DIVISION KITGHEN SON BHD

UMPUR
TEL. 03-4161 8936

INVOICE
Invoice 9722 Gashior - admin
POS Mo} ablo - D3

Date : 17/1/2018 12.12:21
Pax-0

1o AT WRRO DISO) Amt W)

Ghicken Katsu Bento

BENG? 11290 000 129

Omu Curry Fried Rico Sot

Set 690 000 69

Katsu Do (Fish)Set

TS02FT 1 9.9 000 9.9
Sub Total Bofore Discount RM 29.70
Sorvice Charge

Total Sales R4 29 70
Rounding Adiustrent R4 000
TOTAL RM 29.70
CASH RM 30.00
CHANGE RM 0. 30

Question:

Your task is to answer the question below. Give step by step reasoning before you answer, and when you're ready to answer, please use the format "Final answer: ..

Question: What is the total amount of this receipt?

Chosen Response:

To find the total amount on the receipt, let's follow the steps provided:
1. Identify the items listed:

- Chicken Katsu Bento (BEN02): 1, RM 12.90

- Omu Curry Fried Rice Set (Set10): 1, RM 6.90

- Katsu Don (Fish) Sate (TS02 Kat): 1, RM 9.90

2. Calculate the subtotal:

- Add the prices of each item together:  12.90 + 6.90 + 9.90 = 29.70
3. Check for any discounts, service charges, or rounding adjustments:
- There is a "Sub Total Before Discount" of RM 29.70.

- There is no mention of any service charge or service discount.
- The "Rounding Adjustment" is RM 0.00.

4. Calculate the total amount:

- The total sales amount is already provided, which is RM 29.70.
Thus, the total amount of this receipt is RM 29.70.

Final answer: RM 29.70

Rejected Response:

To find the total amount on the receipt, let's break down the expenses listed on the receipt.

1. Chicken Katsu Bentod (Beno2):

- Quantity (QTY): 1 - Unit Price (RM): 12.90 - Discount (%): 0% - Amount (RM): 12.90
2. Omu Curry Fried Rice Set (Setl):

- Quantity (QTY): 1 - Unit Price (RM): 6.90 - Discount (%): 0% - Amount (RM): 6.90

3. Katsu Don (Fish) Sat (Ts02 Kats):

- Quantity (QTY): 1 - Unit Price (RM): 9.90 - Discount (%): 0% - Amount (RM): 9.90
Now, let's add up these amounts:

- Chicken Katsu Bentod: RM 12.90

- Omu Curry Fried Rice Set: RM 6.90

- Katsu Don Sat: RM 9.90

Total before any discounts or service charges:  12.90 + 6.90 + 9.90 = 29.70

The receipt also mentions a "Sub Total Before Discount” of RM 29.70, which matches our
calculation. Looking further, there are other details indicating adjustments: - Service Charge:
RM 0.00 - Total Sales: RM 29.70 - Rounding Adjustment: RM 0.00

Finally, the receipt shows cash payment was RM 30.00 and the change was RM 0.30.
Final answer: 30.00

®




~ Mathematics

Question:

A

Question:

Choices: A:8 B:10 C:12 D:14

B

Chosen Response:

Step-by-Step Solution:

1. Identify the Given Information:

- Quadrilateral ABCD has diagonals AC and BD intersecting at point O.

- The sum of the lengths of the diagonals is AC + BD = 16.

- The length of side CD is CD = 6.

2. Properties of the Diagonals:

- Since O is the intersection point of the diagonals, we can denote the segments of the diagonals as follows:

AO=CO, BO=DO.

3. Express the Diagonals in Terms of Segments: Let AO = CO = x and BO = DO =y. Therefore, AC =2x and BD =2y .
4. Use the Given Sum of Diagonals:

- From the given information, AC + BD = 16.

- Substituting the expressions for AC and BD , we get: 2x +2y = 16

- Simplifying, we find: x +y =8

5. Perimeter of Triangle ABO : The perimeter of triangle ABO is the sum of the lengths of its sides: Perimeter of
£ABO = AO + BO + AB. We know AO = x and BO =Yy, so: Perimeter of ZABO = x +y + AB

6. Determine the Length of AB : Since AB = CD (opposite sides of a parallelogram are equal), and CD =6 , we
have: AB =6

7. Calculate the Perimeter: Substitute x +y =8 and AB =6 into the perimeter formula:

Perimeter of ZABO=8+6=14

Final Answer: D

Your task is to answer the question below. Give step by step reasoning before you answer, and when you're ready to answer, please use the format "Final answer: ..*

Let quadrilateral ABCD have intersecting diagonals AC and BD at point O, and satisfy the conditions AC+BD=16 and CD=6. What expression represents the perimeter of triangle ABO? Use
variables to represent the sides and diagonals to derive the expression.

Rejected Response:

Let's break down the problem step by step:

1. Identify the given sides of quadrilateral ABCD: AC (one diagonal) + BD (the other diagonal) = 16 units. CD (one
side of quadrilateral ABCD) = 6 units.

2. Understand the problem context: The diagonals AC and BD intersect at point O. We need to find the perimeter of
triangle ABO.

3. Identify missing lengths: The length of AB, AD, and BO are required to find the perimeter of triangle ABO. There is
no direct information about these lengths, so we need to find relationships or additional lengths that can help us.

4. Use the given information to set up an equation: Since the diagonals of a cyclic quadrilateral intersect at a point that
divides each diagonal into segments that are proportional, we can use the concept of similar triangles or segments’
properties.

5. Apply the intersecting chords theorem (if quadrilateral ABCD were cyclic and AC and BD its diagonals): In a cyclic
quadrilateral, the product of the segments of one chord is equal to the product of the segments of the other chord. Let
AB =X, AD =y, BO =z. As the diagonals intersect at O, triangle ADO and ABO will be similar by AA similarity.

6. Calculate the perimeter of triangle ABO: Perimeter of triangle ABO =AB + AO + BO=x +y/2 + z.

7. Since the full lengths of AB and BO are unknown, we need to use the lengths provided: From the given CD = 6 units,
we can use triangles or properties to find lengths. Since no further lengths are provided, assume they are proportional
using segments or similarity properties.

8. Conclusion: Given AC + BD = 16 units and knowing that we don't need the specific lengths of segments due to
the given perimeter problem context: The triangles can potentially be found using segment lengths from given
i i Given all these i ips, knowing the lengths provided, and without further calculation: The

Final answer: D

@

Figure 5. More data examples from MMPR. Figure 5a to 5f are examples from data constructed using DropoutNTP, while Figure 5¢g to
5j are examples from data constructed using correctness-based pipeline.
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