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Abstract

Recent advancements in multimodal large language mod-
els (MLLMs) have demonstrated exceptional performance in
multimodal perception and understanding. However, leading
open-source MLLMs exhibit significant limitations in com-
plex and structured reasoning, particularly in tasks requiring
deep reasoning for decision-making and problem-solving.
In this work, we present Corvid, an MLLM with enhanced
chain-of-thought (CoT) reasoning capabilities. Architec-
turally, Corvid incorporates a hybrid vision encoder for in-
formative visual representation and a meticulously designed
connector (GateMixer) to facilitate cross-modal alignment.
To enhance Corvid’s CoT reasoning capabilities, we intro-
duce MCoT-Instruct-287K, a high-quality multimodal CoT
instruction-following dataset, refined and standardized from
diverse public reasoning sources. Leveraging this dataset,
we fine-tune Corvid with a two-stage CoT-formatted training
approach to progressively enhance its step-by-step reasoning
abilities. Furthermore, we propose an effective inference-
time scaling strategy that enables Corvid to mitigate over-
reasoning and under-reasoning through self-verification. Ex-
tensive experiments demonstrate that Corvid outperforms
existing o1-like MLLMs and state-of-the-art MLLMs with
similar parameter scales, with notable strengths in math-
ematical reasoning and science problem-solving. Project
page: https://mm-vl.github.io/corvid.

1. Introduction
Multimodal large language models (MLLMs) [6, 14, 59, 69,
111, 118] have demonstrated exceptional capabilities in per-
ception and understanding by integrating visual modalities
into powerful large language models (LLMs) [5, 95, 99].
However, as illustrated in Figure 1, leading MLLMs, such as
Ovis2 [69] and Qwen2.5-VL [6], still exhibit suboptimal per-
formance on complex tasks requiring deep thinking and ex-
trapolation for effective problem-solving. Pioneering o1-like
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Figure 1. Comparison with leading open-source MLLMs with
on-par parameter scales. Corvid-o1-8B showcases superiority in
mathematical reasoning and problem-solving.

MLLMs MMStar MMB MMVet MathV AI2D Hallusion Avg.

Baseline 49.8 65.8 57.6 48.6 77.3 40.3 56.9
LLaVA-o1 58.1 75.6 61.7 56.1 78.8 48.2 63.1
LlamaV-o1 59.5 79.9 65.4 54.4 81.2 63.5 67.3
Corvid-o1† 62.2 80.3 67.0 61.5 81.2 58.7 68.5

Mulberry-o1-7B 61.3 75.3 43.9 57.5 79.0 54.1 62.8
Corvid-o1-8B 65.2 82.9 45.9 72.0 85.0 54.0 67.5

Table 1. Compared with o1-Like MLLMs, Corvid demonstrates
superior overall performance across multiple benchmarks. Here,
Corvid-o1†, LLaVA-o1, and LlamaV-o1 utilize the same baseline
MLLM, Llama-3.2-11B-Vision-Instruct.

MLLMs [71, 97, 109, 110] solve such sophisticated tasks
through enhancing chain-of-thought (CoT) reasoning [106]
capability, which explicitly unveils logical thought processes
and generates step-by-step rationales before arriving at out-
comes. Despite these advancements, MLLMs still encounter
challenges in complex and structured reasoning.

In this work, we aim to further enhance MLLMs for CoT
reasoning by addressing three critical challenges. First, there
remains a significant shortage of high-quality multimodal
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CoT data. Recent empirical studies [121] have demonstrated
that MLLMs trained using direct responses cannot perform
step-by-step reasoning, highlighting the urgent need for mul-
timodal CoT data. However, manually created CoTs are typ-
ically brief, while AI-generated examples tend to be noisy,
rendering them unsuitable for effective CoT-formatted train-
ing. Second, MLLMs frequently reason using flawed visual
evidence due to insufficient representation and misalign-
ment. To achieve complex cross-modal reasoning, MLLMs
must accurately capture visual information and efficiently
transform it into language embedding space, providing the
condition and rationale for LLM reasoning. Therefore, opti-
mizing visual representation and cross-modal alignment in
MLLMs is essential for further enhancing their reasoning
capabilities. Third, MLLMs are prone to over-reasoning and
under-reasoning during inference. Current o1-like MLLMs
execute deep reasoning uniformly across all testing instances,
regardless of task complexity. In practice, complex reason-
ing is not always necessary for correct outcomes, particularly
for straightforward tasks where inference directly may yield
more accurate answers than CoT reasoning. This limitation
primarily stems from the context loss and hallucination of
MLLMs during long-chain generation.

To address these challenges, we develop an MLLM with
advanced CoT reasoning capabilities, referred to as Corvid.
Architecturally, Corvid integrates two visual foundation mod-
els as a hybrid vision encoder for sufficient visual represen-
tation and incorporates a novel connector, GateMixer, to
facilitate modality interaction and alignment through a gate
mechanism with selective attention. To enhance Corvid’s
CoT reasoning capabilities, we first refine and standardize
multiple multimodal reasoning datasets spanning diverse rea-
soning types and domains, resulting in a high-quality multi-
modal CoT instruction-following dataset, MCoT-Instruct-
287K. Building upon this foundation, we meticulously cu-
rate three specialized datasets to support Corvid’s training
and optimization. Subsequently, Corvid undergoes a two-
stage CoT-formatted training process following its alignment
pre-training, to progressively develop step-by-step reasoning
while ensuring comprehensive visual understanding. Finally,
we propose scaling inference-time computation to mitigate
the issues of over-reasoning and under-reasoning. Specif-
ically, we introduce an effective self-verification strategy
that enables the model to determine whether to perform CoT
reasoning conditioned on task complexity.

Corvid is implemented based on the open-source Llama3-
8B-Instruct [62] and evaluated across various benchmarks
involving mathematical reasoning, science problem-solving,
and comprehensive capabilities. As illustrated in Figure 1
and Tab. 1, Corvid outperforms leading open-source MLLMs
with on-par parameter scales on 7 out of 13 benchmarks and
showcases substantial performance advantages over existing
o1-like MLLMs across multiple benchmarks. Furthermore,

we conduct systematic ablation studies and analyses to vali-
date the effectiveness and contributions of individual Corvid
components. Our main contributions are as follows:
• We develop Corvid, an MLLM with advanced CoT reason-

ing capabilities. It incorporates a hybrid vision encoder
for sufficient visual representation and a novel connector
(GateMixer) for enhanced cross-modal alignment.

• We propose an effective inference-time scaling strategy,
enabling MLLMs to alleviate over-reasoning and under-
reasoning through self-verification.

• We introduce MCoT-Instruct-287K, a high-quality multi-
modal CoT dataset covering diverse reasoning types.

• Extensive experiments demonstrate the superiority of
Corvid against leading open-source MLLMs of compa-
rable parameter sizes and existing o1-like MLLMs.

2. Related Work
Modality Alignment in MLLMs. MLLMs [6, 15, 59, 69,
111] aim to extend the exceptional capabilities of LLMs
to complex tasks involving multiple modalities beyond
text. To achieve this, MLLMs require specialized mod-
ules (i.e., connectors) to integrate visual foundation mod-
els with LLMs. The most common MLP-based connec-
tor [24, 29, 57, 70, 100, 124] utilizes simple linear projec-
tion layers to map visual features into the textual embedding
space, which is lightweight but short of interaction. In con-
trast, another line of work [3, 20, 32, 51, 112] incorporates
cross-attention layers into the connector to facilitate interac-
tion between modalities. Once structural connections are es-
tablished, the next objective is to enable LLMs to understand
visual concepts by learning from cross-modal calibrated
data. A feasible practice is alignment pre-training, which in-
volves training the connector on large-scale image-text pairs,
such as ShareGPT4V [11] and PixMo [22]. Similarly, our
GateMixer, with gate attention, is trained on multi-grained
calibrated data with enhanced cross-modal alignment.
CoT Reasoning with MLLMs. Chain-of-thought refers
to a series of intermediate reasoning steps or rationales for
deriving the final outcome [106] and has been extensively
demonstrated to elicit the powerful reasoning capabilities of
LLMs [17, 23, 28, 104]. Multimodal CoT reasoning extends
this concept by leveraging CoT prompting [30, 68, 81] and
CoT-formatted tuning [71, 97, 109] to perform more com-
plex multimodal tasks, such as mathematical reasoning [120]
and robot planning [82]. CoT prompting is typically applied
under zero-shot [46] or few-shot [123] paradigms, where
large multimodal models like GPT-4o [85] and Claude-3.5-
Sonnet [4] engage in step-by-step thinking before reaching
an outcome. On the other hand, CoT-formatted tuning is the
visual instruction tuning of MLLMs using multimodal CoT
instruction-following datasets, where performance hinges on
the quality of CoT responses. Existing multimodal CoT data
primarily originate from manual creation [66, 89, 115] and
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<Thought process>:  
S1: The volume V of a cone is given by 
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radius and h is its height. 
S2:  The figure shows that the diameter of 

the base is BC=2cm. Therefore, the 
radius is r=1cm.

S3: The figure shows that h is OA=3cm.
S4:  Substitute r=1cm and h=3cm into the 
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Figure 2. Model Overview. Corvid incorporates a hybrid vision encoder to effectively represent visual content and a specially designed
connector (GateMixer) to enhance alignment with the LLM. During inference, Corvid implements a self-verification strategy to mitigate
over-reasoning and under-reasoning, ensuring more balanced and accurate responses.

AI-assisted generation [109, 120, 124]. Manually-created
CoTs are usually accurate but brief, while generated CoTs
tend to be more detailed but may contain errors and dupli-
cations. In this work, we separately refine and standardize
manually-created and AI-generated reasoning datasets with
GPT assistance to obtain high-quality CoT data.
Inference-time Scaling in MLLMs. Inference-time scal-
ing [93] seeks to further enhance model performance by
enabling iterative reasoning, allowing models to generate
multiple responses, engage in self-reflection, and refine their
answers through exploratory problem-solving strategies. Re-
cent studies, such as DeepSeek-R1 [21] and OpenAI-o1 [38],
have demonstrated the effectiveness of inference-time scal-
ing techniques [33, 36, 103, 107] for depth reasoning in
LLM. However, the application of inference-time scaling for
MLLM reasoning remains relatively unexplored. Recent ap-
proaches have attempted to exploit this technique to improve
multimodal reasoning. For instance, LLaVA-o1 [109] and
LlamaV-o1 [97] utilize stage-level and sentence-level beam
search, respectively, to generate multiple reasoning paths
and select the optimal one. Similarly, Mulberry-o1 [110]
introduces a collective Monte Carlo tree search algorithm
for reasoning path selection. In contrast, we propose an
inference-time self-verification strategy to select the final
answer without relying on any external verifier.

3. Methodology
3.1. Model Architecture
As illustrated in Figure 2, Corvid comprises the following
three crucial modules:
Hybrid Vision Encoder. Visual understanding is funda-

mental for MLLMs to perform cross-modal reasoning. To
maximize this capability in Corvid, we strategically integrate
the pretrained SigLIP ViT-SO400M [116] and OpenCLIP
ConvNeXt-XXL [61] as a hybrid vision encoder, guided
by recent investigations on optimal vision encoders for
MLLMs [90, 98, 105]. These studies empirically demon-
strate that SigLIP and ConvNeXt-XXL represent the state-
of-the-art ViT-based and CNN-based encoders across vari-
ous multimodal benchmarks. Specifically, the ViT encoder
processes input images at a resolution of 384 × 384 to
extract semantically rich features vv ∈ R729×1152, while
the ConvNeXt encoder operates the same image at the
same resolution to generate multi-stage aggregated features
vc ∈ R729×5760 that preserve spatial details.
LLM. Corvid primarily employs the open-source Llama3-
8B [62] as its LLM decoder, which encodes concatenated
embeddings of visual and language tokens to generate
instruction-following CoT responses.
GateMixer. To better align the hybrid vision encoder with
LLMs, we design a novel connector to transform vv and vc

into LLM-friendly token embeddings. As shown in Figure 2,
the connector initially employs two distinct linear layers W1

v
and W1

c to map {vv,vc} into a unified embedding space,
resulting in {hv,hc} ∈ R729×d. To maintain the current
length of visual tokens without significant alteration, we take
insight from the input gate mechanism in LSTM [35], and
thus propose to element-wisely mix hv and hc using a gate
mechanism with selective attention, i.e.,

α = σ(Wg[hv; hc] + bg), (1)
h = (1−α)⊙ hv +α⊙ hc, (2)

where Wg ∈ Rd×2d, bg ∈ Rd, σ denotes the Sigmoid
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Name Data Type (Proportion) Source Datasets

Coarse-grained (32.1%) LLaVA-Pretrain [58] (321K)

Fine-grained (32.1%)
ALLaVA-4V [10] (195K), Docci [84] (15K), ShareGPT-4o [19] (49K), ShareGPT4V [11] (52K),

VG [47] (10K)
MGA-1M

Chart, Math, OCR (35.8%) ChartCap [43] (30K), MAVIS-Cap [120] (306K), TextCaps [91] (22K)

CoT Reasoning (20.2%) MCoT-Instruct (124K), MAVIS-Instruct [120] (81K)

Direct Reasoning (31.3%)
AI2D [44] (4K), CLEVR [40] (70K), CLEVR-Math [55] (85K), HatefulMemes [45] (8K), VSR [56] (2K),

IconQA [65] (27K), Inter-GPS [64] (1K), RAVEN [117] (21K), TallyQA [1] (99K), TQA [2] (1K)

Chart, Figure, Table (29.7%)
ChartQA [73] (18K), DVQA [41] (49K), FigureQA [42] (49K), HiTab [18] (2K), MapQA [9] (37K),
PlotQA [77] (49K), SQA [37] (9K), TAT-QA [127] (2K), WikiSQL [126] (49K), WTQ [87] (38K)

OCR, Doc (13.8%)
IAM [72] (6K), OCRVQA [79] (80K), InfoGraphicVQA [75] (2K), TextVQA [92] (22K), Visualmrc [94]

(3K), DocVQA [74] (10K), ST-VQA [8] (17K)

Corvid-1M

Language-only (5.0%) CamelMath [50] (12K), Dolly [78] (15K), Orca-Math [80] (13K), OpenHermes-2.5 [96] (12K)

o1-320K CoT Reasoning (100%) MCoT-Instruct (163K), MAVIS-Instruct [120] (137K), CamelMath [50] (20K)

Table 2. Summary of training data. MCoT-Instruct is our high-quality multimodal CoT instruction-following dataset, refined and
standardized from diverse publicly available reasoning datasets (see Supplementary Material for complete details). Numbers in parentheses
indicate the number of conversation instances used for each dataset.

function, ⊙ and [; ] respectively represent the operations
of element-wise matrix multiplication and vector concate-
nation. Subsequently, we sequence-wisely insert learnable
prefix token embeddings hp ∈ RNp×d at the beginning of
h to facilitate context capture and generalization. Finally,
the integrated visual features are projected into the language
embedding space via a linear projection layer W2, result-
ing in h0

img ∈ R(Np+729)×d. With the proposed GateMixer,
Corvid can enhance visual representations for correlated
vision-language alignment.

3.2. Training Data Curation
Recent studies [76, 98] have demonstrated the pivotal role
of data quality and scale in improving MLLM performance.
As a result, we introduce three meticulously curated datasets
to support the training and optimization of MLLMs.
MAG-1M. Beyond the alignment module, cross-modal cali-
brated data is essential for MLLMs to establish cross-modal
semantic links. To achieve multi-grained alignment between
vision and language components, we select nine publicly
available image-text pair datasets, as listed in Tab. 2, for
alignment pretraining. Here, coarse-grained data supports
image-level alignment, fine-grained data facilitates object-
level alignment, and the chart, math, and OCR datasets con-
tribute to data diversity.
Corvid-1M. We curate a 1M instruction-following dataset
encompassing a diverse range of data types to facilitate su-
pervised fine-tuning. As summarized in Tab. 2, this dataset
includes approximately 51.5% reasoning data, with CoT-
formatted reasoning data comprising 20.2%, ensuring that
MLLMs effectively learn to reason. To enable accurate
extraction of visual evidence for reasoning, we augment

the dataset using specialized data with various image types,
including charts, figures, tables, OCR, and documents, as
MLLMs frequently extract critical information from such
images for complex reasoning in science, mathematics, and
logic. Finally, we incorporate a small portion of language-
only instruction-following data to mitigate catastrophic for-
getting during model training.
o1-320K. To further strengthen the o1-like reasoning ca-
pabilities of MLLMs, we curate a high-quality instruction
dataset in a pure CoT format. As shown in Tab. 2, this dataset
comprises two multimodal CoT datasets (MCoT-Instruct,
MAVIS-Instruct) and one language-only CoT dataset, total-
ing 320K samples. Here, MCoT-Instruct is our newly refined
CoT dataset, featuring standardized and detailed reasoning
steps as well as accurate final reasoning outcomes.

3.3. Training Procedure
We train our model in the following three consecutive stages:
Stage 1: Multi-Grained Alignment Pre-training. In this
stage, we freeze all parameters of the hybrid vision encoder
and LLM, training only the GateMixer on MGA-1M to en-
able Corvid to establish conceptual links between visual and
linguistic elements within the embedding space. In addition
to the text generation loss, we introduce a contrastive reg-
ularization LCReg to further promote semantic correlation
between image and text representations, i.e.,

LCReg = − 1

2b

b∑
i=1

[
log

Sii∑b
j=1 Sji

+ log
Sii∑b
j=1 Sij

]
, (3)

where b denotes the batch size, S is the similarity measure
between the average-pooled image and text representations
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(i.e., h̄img ∈ Rb×d and h̄txt ∈ Rb×d) after LLM. Throughout
this work, we employ cosine similarity as the measure.
Stage 2: CoT-Enhanced Supervised Fine-tuning. In the
second stage, we jointly train the proposed GateMixer and
the LLM on Corvid-1M. Upon completion of this stage, we
obtained Corvid-base, the foundational model capable of
following instructions and performing CoT reasoning.
Stage 3: Pure-CoT Instruction Tuning. After enabling
Corvid with cross-modal perception abilities and basic CoT
reasoning capabilities in the preceding two stages, this stage
aims to further strengthen its capability for systematic and
structured reasoning. To this end, we fine-tune Corvid-base
on o1-320K, resulting in Corvid-o1, the final model tailored
for complex multimodal reasoning.

3.4. Model Inference
To mitigate over-reasoning on easy samples and under-
reasoning on hard ones during inference, we propose a self-
verification strategy for handling tasks of varying difficulty.
As summarized in Algorithm 1, this strategy first prompts
the model to generate both a direct response, Rdirect, and a
CoT response, RCoT. It then utilizes a weighted average of
the cross-modal representation similarity, S, and the model
confidence, C, to determine the final answer. Specifically,
S ∈ [0, 1] is the cosine similarity between image and text
representations after the LLM, while C ∈ (0, 1] is the nor-
malized perplexity of the model and formally defined as

C = exp

(∑T
t=1 logP (wt|w1, w2, . . . , wt−1)

T

)
, (4)

where T denotes the number of tokens in the generated text
and P (wt|w1, w2, . . . , wt−1) is the conditional probability
of generating the t-th token.

4. Experiment
4.1. Experimental Setups

Benchmarks. In this work, we primarily evaluate the rea-
soning capabilities of Corvid across 9 multimodal reasoning
benchmarks, including MMStar [12], MMMU [114], SQA-
IMG [66], AI2D [44], MathVista [67], MathVerse [119], We-
Math [88], MathVision [101], and DynaMath [128]. These
benchmarks encompass tasks involving science problem
solving and mathematical reasoning. For a comprehensive
evaluation of general multimodal abilities, we employ 4 rep-
resentative benchmarks: SEED-IMG [49], MMT-Val [113],
RWQA [108], and BLINK [27]. We report the official perfor-
mance metric (i.e., accuracy) computed using an open-source
evaluation toolkit of MLLMs (i.e., VLMEvalKit [25]) for all
the aforementioned benchmarks.
Implementation Details. We set the sequence length Np in
GateMixer to 24. In training phrases, the maximum sequence

Algorithm 1 Inference-Time Self-Verification
Input: Image: I; Question: Q; Task Prompts: {Pdirect,PCoT};
Input: Averaging Weight: α.
Output: Answer: A.

1: # Computing Similarity and Confidence during inference
2: Rdirect,Sdirect, Cdirect ← Corvid(I,Q,Pdirect);
3: RCoT,SCoT, CCoT ← Corvid(I,Q,PCoT);
4: # Determining the final answer A
5: Adirect ← Extracting an answer fromRdirect;
6: ACoT ← Extracting an answer fromRCoT;
7: if ACoT = Adirect then
8: return ACoT

9: else
10: SCdirect ← (1− α)Sdirect + αCdirect;
11: SCCoT ← (1− α)SCoT + αCCoT;
12: if SCCoT >= SCdirect then
13: return ACoT

14: else
15: return Adirect

length of LLMs is set to 2,048. During inference, the weight
factor α in Algorithm 1 is set to 0.7, and the maximum length
of generated tokens is limited to 1,024. For Corvid-base, we
set the temperature of LLM generation to 1.0, whereas for
Corvid-o1, we set the temperature and topp to 0.4 and 0.9,
respectively. All training and inference are conducted on 8
NVIDIA A800 (80G) GPUs. Detailed training setups and
costs are provided in the Supplementary Material.

4.2. Main Results

Multimodal Reasoning Benchmarks. In Tab. 3, we com-
pare the proposed Corvid with open-source MLLMs with
on-par parameter scales and customized MLLMs using the
same base LLM. For problem-solving tasks, Corvid-o1-8B
outperforms other custom MLLMs on all benchmarks. No-
tably, Corvid-o1-8B achieves scores of 65.2 and 59.7 on
MMStar and MMMU respectively, surpassing prior best-
performing models. For mathematical reasoning, Corvid-o1-
8B also performs well across all benchmarks and achieves
the highest scores on WeMath (59.8), MathVision (30.1),
and DynaMath (33.2). These results confirm Corvid-o1’s ad-
vanced multimodal reasoning, suggesting that improving the
CoT reasoning capability of MLLMs is a feasible solution
to handle challenging multimodal tasks.
Comprehensive Benchmarks. Tab. 4 presents a compar-
ison across comprehensive benchmarks, revealing that our
models outperform other Llama3-8B-Instruct-based counter-
parts by a large margin and achieve competitive performance
compared to leading MLLMs. In particular, on RWQA,
Corvid-base-8B and Corvid-o1-8B surpass the current state-
of-the-art by 4.5 and 3.9 points, respectively. On the chal-
lenging vision-centric benchmark BLINK, Corvid-o1-8B
attains a top score of 57.9, outperforming the runner-up by
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Problem Solving Mathematical ReasoningMLLMs MMStar MMMU SQA-IMG AI2D MathVista MathVerse WeMath MathVision DynaMath

LLaVA-v1.5-7B [58] 33.1 35.7 69.2 55.5 25.5 4.3 7.0 11.4 1.4
Janus-Pro-7B [13] 46.5 41.6 83.2 68.1 42.5 15.9 9.7 14.7 4.0
Molmo-7B-D [22] 54.4 48.7 92.2 79.6 48.7 4.2 - 16.2 12.6
GLM-4v-9B [31] 54.8 46.9 96.7 71.2 52.2 15.9 11.8 15.0 8.6

MiniCPM-V-2.6-7B [111] 57.5 49.8 96.7 82.1 60.8 17.6 - 18.4 9.8
URSA-8B [71] - - - - 58.8 31.0 32.8 28.7 13.2

InternVL2.5-4B-MPO [102] - - - - 64.1 26.0 - 22.5 10.0
VITA-v1.5-7B [26] 60.2 52.6 95.8 79.2 66.2 23.4 19.4 19.5 9.6

POINTS1.5-7B [60] 61.1 53.8 95.0 81.4 66.4 26.6 24.6 22.0 14.2
Ovis2-4B [69] 61.6 49.0 94.0 85.7 69.6 38.5 16.9 21.5 18.0

InternVL2.5-8B [14] 63.2 56.2 - 84.6 64.5 22.8 23.5 17.0 9.4
MiniCPM-o-2.6-7B [111] 63.3 50.9 98.8 86.1 73.3 35.0 25.2 21.7 10.4

Qwen2.5-VL-7B [6] 64.1 56.2 88.3 84.1 65.8 31.5 36.4 25.8 14.8
Ovis2-8B [69] 64.6 57.4 95.1 86.6 71.8 42.3 27.2 25.9 20.4

▼ base LLM: Llama3-8B-Instruct
VILA1.5-8B [54] 39.7 37.4 73.2 58.8 37.4 - - - -

Mantis-8B [39] 41.3 41.1 75.5 60.4 32.7 - - - -
Slime-8B [122] 43.5 38.8 78.0 68.5 41.8 22.9 - - -

LLaVA-NeXT-8B [59] 43.9 43.1 73.1 72.8 37.7 - - - -
Idefics3-8B [48] 55.0 46.6 91.3 76.5 58.7 - - - -

MiniCPM-V-2.5-8B [111] 51.8 45.8 89.2 78.4 54.5 - - - -
Bunny-8B [34] 45.4 43.4 79.1 69.4 35.2 - - - -

Ovis1.5-8B [69] 57.3 48.3 88.8 82.5 63.0 - - - -
Cambrian-8B [98] - 42.7 80.4 73.0 49.0 - - - -
Eagle-X5-8B [90] - 43.8 84.3 76.1 52.7 - - - -

Corvid-base-8B 62.4 57.4 93.2 82.8 64.8 34.8 54.0 26.8 24.5
Corvid-o1-8B 65.2 59.7 93.8 85.0 72.0 40.1 59.8 30.1 33.2

Table 3. Comparison with state-of-the-art MLLMs on multimodal reasoning benchmarks. The best and runner-up results in each
section are highlighted in bold and underlined, respectively. The performance of compared MLLMs is mainly derived from VLMEvalKit.

1.4 points. Overall, these results demonstrate the robust
general multimodal abilities of Corvid.

4.3. Ablation Studies

Effectiveness of GateMixer. As shown in Tab. 5, we first
ablate two critical components – the gate attention mech-
anism (MGA) and prefix token embeddings (hp) – along
with a training objective (LCReg) of GateMixer to validate its
effectiveness. Without MGA and LCReg alignment training,
Corvid’s performance declined across all nine benchmarks.
Similarly, removing hp resulted in performance degrada-
tion on seven benchmarks. Additionally, we compare the
performance of GateMixer with two MLP-based typical ar-
chitectures, FC_GELU_FC and 2×FC_GELU_FC, to fur-
ther assess its effectiveness. The results in Tab. 5 show
that GateMixer outperforms these MLP-based connectors
by 1.6% and 2.3% on average, respectively, highlighting the
superiority of our connector. Overall, these findings confirm
the effectiveness of GateMixer configurations.
Effect of High-Quality CoT Data. We argue that high-
quality CoT-formatted data is essential for improving exist-
ing MLLMs towards CoT reasoning. To further investigate
this, we compare our final SFT dataset (Corvid-1M) with two
alternative datasets: (i) Ddirect-1M, deleting CoTs and keep-
ing only final answers in Corvid-1M. (ii) Draw rationale-1M,

MLLMs SEED-IMG MMT-Val RWQA BLINK

Monkey-Chat-7B [52] 68.9 53.3 52.4 47.1
DeepSeek-VL-7B [63] 70.1 53.5 54.2 40.9

Molmo-7B-D [22] 74.1 56.8 68.2 46.1
VITA-v1.5-7B [26] 74.1 59.5 66.9 45.0

POINTS1.5-7B [60] 75.1 61.8 67.5 44.0
MiniCPM-V-2.6-7B [111] 74.0 60.8 65.0 55.2

Qwen2.5-VL-7B [6] 76.9 62.7 68.8 56.1
InternVL2.5-8B-MPO [102] 76.8 62.5 68.8 56.6

Ovis2-8B [69] 77.2 66.6 72.5 54.3

▼ base LLM: Llama3-8B-Instruct
VILA1.5-8B [54] 65.0 48.7 43.4 39.5

Slime-8B [122] 69.8 50.2 58.0 38.8
Mantis-8B [39] 71.2 54.3 59.5 50.1

LLaVA-NeXT-8B [59] 72.5 53.1 58.4 43.5
Bunny-8B [34] 73.5 54.8 60.4 41.6

Eagle-X5-7B [90] 73.6 52.6 63.8 22.4
Ovis1.5-8B [69] 75.4 60.7 64.2 39.8
Idefics3-8B [48] 73.8 58.4 62.6 50.3
Corvid-base-8B 76.4 62.5 77.0 55.7

Corvid-o1-8B 77.0 65.9 76.4 57.9

Table 4. Results on comprehensive multimodal benchmarks.

replacing our high-quality CoTs with the corresponding raw
rationales from MCoT-Instruct’s source datasets. The perfor-
mance of models fine-tuned on these datasets is presented
in Tab. 6, showing that Corvid-1M outperforms (i) and (ii)
across all benchmarks, underscoring the importance of de-

3039



Connector Average MMStar MMMU SQA-IMG AI2D MathVista MathVerse WeMath MathVision DynaMath

FC_GELU_FC 54.0 61.8 54.9 92.5 80.7 62.1 32.9 49.9 24.2 26.5
2×FC_GELU_FC 53.7 61.6 54.6 92.2 82.1 63.2 32.6 51.2 23.6 22.3

GateMixer 55.6 62.4 57.4 93.2 82.8 64.8 34.8 54.0 26.8 24.5
w/o LCReg 55.0 60.1 57.0 91.7 82.0 64.3 32.9 57.1 26.0 23.9
w/o hp 54.8 60.9 58.8 92.9 82.5 58.1 32.6 60.0 24.1 23.6
w/o GA 54.1 58.1 57.1 89.9 82.1 64.1 29.8 56.5 24.7 24.1

Table 5. Ablation study on GateMixer. GateMixer improves feature integration via gate attention mechanism (MGA) and prefix token
embeddings (hp). LCReg facilitates cross-modal alignment during pretraining. 2×FC_GELU_FC: two separate FC layers followed by a
GELU activation and a FC layer. FC_GELU_FC: one FC layer followed by a GELU activation and a FC layer.

SFT Data Average MMStar MMMU SQA-IMG AI2D MathVista MathVerse WeMath MathVision DynaMath

LLaVA-665K 44.1 51.0 49.5 89.6 66.7 43.8 26.7 35.7 16.7 16.8
Cambrian-1M† 51.9 57.7 60.7 88.8 77.0 57.0 31.1 46.8 25.0 22.7
Ovis-1M† 53.8 61.3 57.7 93.0 81.6 61.3 32.9 49.9 24.1 21.9

Corvid-1M 55.6 62.4 57.4 93.2 82.8 64.8 34.8 54.0 26.8 24.5
Draw rationale-1M 51.2 55.0 55.1 90.7 81.9 54.5 28.8 49.0 23.9 21.9
Ddirect-1M 45.7 49.8 44.6 85.7 79.1 50.9 24.3 44.4 13.6 18.5

Table 6. Effect of high-quality CoT data. Cambrian-1M† and Ovis-1M† are sampled from Cambrian-10M [98] and Ovis-dataset [69].

MLLMs Strategy Average MMStar MMMU SQA-IMG AI2D MathVista MathVerse WeMath MathVision DynaMath

INFER<direct> 44.4 54.1 45.9 87.3 78.3 44.3 22.8 31.6 15.4 20.3
INFER<CoT> 49.7 54.3 52.8 89.4 67.7 57.6 32.5 46.7 22.4 23.9Corvid-base
INFER<SV> 55.6 62.4 57.4 93.2 82.8 64.8 34.8 54.0 26.8 24.5

INFER<direct> 48.9 54.5 47.6 86.8 79.5 49.2 32.2 41.8 24.1 24.7
INFER<CoT> 56.2 61.1 55.7 91.6 77.5 67.2 36.5 57.1 27.6 31.9Corvid-o1
INFER<SV> 59.9 65.2 59.7 93.8 85.0 72.0 40.1 59.8 30.1 33.2

Table 7. Effectiveness of the proposed self-verification strategy. Our inference strategy (INFER<SV>) showcases significant performance
improvements over direct inference (INFER<direct>) and inference with CoT reasoning (INFER<CoT>).
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Figure 3. Effect of SFT data diversity. The number in the sub-
script of D indicates the data repetition rate. D×1.0 i.e. Covid-1M.

tailed and standardized CoT data. Additionally, we compare
Corvid-1M with three commonly used SFT datasets in Tab. 6,
showing that Corvid-1M surpasses them by 11.5%, 8.3%,
and 6.7% on average, respectively. These results further
emphasize the significance of high-quality CoT-formatted
data in improving CoT reasoning capabilities.

Effect of SFT Data Diversity. In Figure 3, we further ex-

plore the impact of SFT data diversity on model performance
with a controlled data size of 1M. As the dataset transitions
from D×4.9 (with only CoT reasoning data) to Corvid-1M,
the average accuracy steadily increases from 48.0 to 55.6,
indicating that incorporating different diverse data types
(e.g., direct reasoning and OCR data) facilitates CoT reason-
ing performance. These results highlight the importance of
diverse and well-structured SFT data in improving model
reasoning capabilities under a fixed data volume.

Effectiveness of Self-Verification Strategy (INFER<SV>).
This strategy is a inference-time scaling technique designed
to mitigate over-reasoning and under-reasoning issues. To
evaluate its effectiveness, we compare it against two alter-
native settings: INFER<CoT>, which formats testing samples
as hard instances and performs CoT reasoning before an-
swering, and INFER<direct>, which treats testing samples as
easy instances and performs direct inference. The results in
Tab. 7 demonstrate that across both Corvid-base and Corvid-
o1, INFER<SV> consistently outperforms the two alternatives.
In Corvid-base, it achieves an average score of 55.6, sur-
passing INFER<direct> (44.4) by 11.2 points and INFER<CoT>
(49.7) by 5.9 points. A similar improvement is observed in
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SigLIP ConvNeXt Average MMStar MMMU SQA-IMG AI2D MathVista MathVerse WeMath MathVision DynaMath

✓ 54.7 63.2 58.9 94.2 81.6 55.5 34.1 55.0 25.0 24.7
✓ 52.3 59.1 55.6 90.4 80.4 55.4 29.7 50.6 25.4 24.2

✓ ✓ 55.6 62.4 57.4 93.2 82.8 64.8 34.8 54.0 26.8 24.5

Table 8. Effect of the hybrid vision encoder that combines SigLIP and ConvNeXt for more informative visual representation.

MLLMs Similarity-based Metrics LLM-based Offline Evaluator GPT-Scorer
BLUE-1 BLUE-4 ROUGE-L METEOR BERTScore Fact-C C-Nat. C-Coh. C-Eng. C-Gnd. Overall

Corvid-base 0.362 0.162 0.445 0.453 0.763 0.792 0.829 0.998 7.137 0.990 0.940
Corvid-o1 0.541 0.396 0.616 0.664 0.894 0.847 0.894 0.999 9.491 0.975 0.990

Table 9. Automatic quality evaluation of CoT responses on SQA-IMG with human-provided CoTs as references. We use the following
abbreviations: Fact-C for factual consistency, and C-Nat./Coh./Eng./Gnd. for naturalness, coherence, engagingness, and groundedness in
conversation. Except for C-Eng. ∈ [0,+∞), all other metrics range from 0 to 1.

Corvid-o1, where INFER<SV> exceeds them by 11.0 and 3.7
points, respectively. These performance gains showcase the
effectiveness of our self-verification strategy.

4.4. Analysis and Discussion

Is Hybrid Vision Encoder Necessary? To investigate this,
we conduct the ablation study presented in Tab. 8. The results
indicate that leveraging both encoders yields the highest
average performance (55.6) across multiple benchmarks,
outperforming the use of SigLIP (54.7) or ConvNeXt (52.3)
alone. Notably, the hybrid encoder achieves the best scores
in AI2D (82.8), MathVista (64.8), MathVerse (34.8), and
MathVision (26.8), demonstrating enhanced capabilities in
both scientific and mathematical reasoning. These findings
confirm the necessity of enriching visual representations
using a hybrid vision encoder.

CoT Quality Evaluation. We utilize three types of evalua-
tion methods to assess the quality of Corvid responses: (i)
similarity-based metrics (BLEU-1&4 [86], ROUGE-L [53],
METEOR [7], and BERTScore [83]) to measure the cover-
age and similarity between generated and reference CoTs.
(ii) an LLM-based offline evaluator, UNIEVAL [125], to eval-
uate the factual consistency, naturalness, coherence, engag-
ingness, and groundedness of generated CoTs. (iii) a GPT-
based online evaluator to assess CoTs across faithfulness,
relevance, and completeness, providing an overall score. Re-
sults in Tab. 9 indicate that while Corvid’s CoT responses
exhibit low coverage compared to human-provided ones,
they demonstrates high overall performance, particularly ex-
celling in naturalness, coherence, and engagingness, thereby
indirectly validating their quality.

Case Study on Corvid’s Limitations. To analyze Corvid’s
reasoning limitations, we conduct an in-depth analysis of
failure cases and observe that it struggles with specific types
of reasoning problems, particularly those requiring world
knowledge or commonsense. For example, as illustrated
in Figure 4, while Corvid accurately locates the positions

You are a driving assistant. 
What's the horizontal distance between the 
pickup truck and the nearest curb to it?

A. 5.5 meters
B. 9.5 meters
C. 13.5 meters

<Thought process>: 
Corvid Response

By observing the image, we can find that the pickup truck is in a lane and there appear to be 
about one to two lanes from the truck to the nearest curb. To determine the horizontal distance 
between the pickup truck and the nearest curb, we can use the concept of perpendicular lines. 
The pickup truck is positioned at the intersection of two perpendicular lines, with one line 
being the road and the other line being the curb. By applying the Pythagorean theorem, we can 
calculate the length of the horizontal distance, which is 9.5 meters. 
Therefore, the correct answer is option B.
<Answer>: B

Figure 4. A failure case where Corvid fails to reason effectively
due to a lack of world commonsense.

of the pickup truck and the nearest curb, it fails to reason
correctly due to a lack of world commonsense (i.e., typical
lane widths on urban roads or highways range from about 3.5
to 4.5 meters). Therefore, more techniques, such as group
relative policy optimization [21] and retrieval-augmented
generation [16], need to be explored to further improve the
reasoning capabilities of MLLMs.

5. Conclusion
In this work, we introduce Corvid as the primary exploration
into CoT reasoning for MLLMs. Enhanced by critical com-
ponents such as GateMixer, high-quality CoT data, and an
inference-time self-verification strategy, Corvid surpasses
existing o1-like MLLMs and state-of-the-art MLLMs with
comparable parameter scales across various reasoning and
comprehensive benchmarks, showcasing its advanced CoT
reasoning capabilities. Despite its impressive performance,
several challenges persist that merit future investigation, such
as knowledge-intensive reasoning (as discussed in the Limi-
tations section) and efficient scaling techniques. We believe
that ongoing research into o1-like capability will further
enhance MLLMs to address more sophisticated tasks.
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