
Chimera: Improving Generalist Model with Domain-Specific Experts

Supplementary Material

Due to the eight-page limitation of the main text, we pro-
vide more details and visualizations from the following as-
pects:
• Sec. 1: Selection strategy for pre-training tasks and expert

models.
• Sec. 2: Dataset Details in training.
• Sec. 3: Chimera’s performance on general tasks.
• Sec. 4: Details about preference optimization.
• Sec. 5: Experiment results on mask ratio selection.
• Sec. 6: Introduction of Table-SE and Doc-SE.
• Sec. 7: Experiments of scaling up more experts.
• Sec. 8: Comparison with existing works.
• Sec. 9: More information of implementation details.
• Sec. 10: Visualization of Chimera’s visual content extrac-

tion performance.

1. Pre-training Tasks and Expert Models
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Figure 1. Pre-training tasks of expert models considered by
Chimera.

The type of pre-training task significantly affects model
performance, which we consider when selecting expert
models. As shown in Fig. 1, we categorize low-level tasks
as the precise extraction of domain-specific visual con-
tent and structure (e.g., Table2LaTeX, Chart2Markdown,
Doc2Markdown), while high-level tasks involve under-
standing and summarizing image content. We select ex-
pert models with diverse pre-training task configurations.
For the table expert, we use the encoder from StructE-
qTable [39], which effectively converts table images into
LaTeX/HTML. For the chart expert, we choose the encoder
from ChartVLM [40], which excels in structural extraction
and chart type classification. For the math expert, we adopt
Math-CLIP [43], trained on extensive geometry and func-

Stage 1

General:
ShareGPT4v [4], ShareGPT4-o [4]

Table:
TableX [39]

Chart:
ChartQA [27], PlotQA [30],ChartX [40], SimChart [38]

Math:
MAVIS-Caption [43]

Stage 2:

Language:
Kaggle-science-exam [21], MathInstruct [41],
MathQA [1], SciInstruct [42], Orcamath [31]

General:
ShareGPT4v [4], ShareGPT4-o [4], LLaVAR [44],
AI2D (GPT4V) [18], AI2D (InternVL [5]), AI2D (Original) [16],
MathVision [36], IconQA [24], MapQA [2], ScienceQA [32],
ArxivQA [19], TQA [17], CLEVR-Math [10], Super-CLEVR [20],
Cambrian Data Engine [35]

Table:
TableX [39], TabMWP [26], MMTab [45]

Chart:
PlotQA [30],ChartX [40], SimChart [38], Chart2Text [14],
ChartQA [27], LRV Chart [22], ChartGemma [28], DVQA [12],
FigureQA [13], VisText [34]

Math:
MAVIS-Caption [43], Geo170K [7], GeoMVerse [15],
MAVIS Manual Collection [43], MAVIS Data Engine [43]
Geometry3K [23], GeoQA+ [3], InterGPS [23]

Table 1. Dataset used for multi-modal reasoning scenario. Stage
1 and Stage 2 represent Domain-General Knowledge Alignment
and Visual Instruction Tuning separately.

Stage 1 ChartQA [27], PlotQA [30],ChartX [40],, SimChart [38], TableX [39]

Stage 2 DocGenome [39], DocStruct4M [9], DocVQA [29]

Table 2. Datasets used for visual content extraction scenario.
Stage 1 represents Domain-General Knowledge Alignment, and
Stage 2 represents Visual Instruction Tuning.

tion caption data. For document structural extraction, we
employ the encoder from the latest model, GOT [37].

2. Dataset Details
The datasets used for Chimera is presented in Tab. 1 and
Tab. 2. All the datasets we used come from publicly acces-
sible datasets.

3. Evaluation on General Tasks
We evaluate Chimera’s general capabilities using the per-
ception set from the general benchmark MME [6], with
results presented in Tab. 3. Across different model sizes,
Chimera and InternVL exhibit varying strengths across dif-
ferent tasks, achieving overall comparable performance.



InternVL2 Chimera

4B 8B 4B 8B

Existence 200.00 190.00 200.00 195.00
Count 123.33 158.33 130.00 155.00
Position 143.33 155.00 123.33 148.33
Color 165.00 175.00 160.00 190.00
Posters 158.84 168.03 159.86 164.97
Celebrity 125.00 148.53 145.29 162.65
Scene 158.75 152.50 163.50 157.75
Landmark 167.25 178.25 167.25 177.75
Artwork 144.75 154.50 144.00 153.00
OCR 147.50 162.50 117.50 132.50

Table 3. Performance on perception sub-tasks of MME.

This suggests that the Chimera framework introduces min-
imal degradation to the model’s general task capabilities.
Meanwhile, Chimera demonstrates strong expertise in do-
mains such as tables, math, charts, and documents, further
validating that our proposed approach effectively enhances
a generalist LMM’s domain-specific knowledge without
compromising its general performance.

4. Details about preference optimization
For preference optimization, we adopt a commonly used ap-
proach: we randomly sample 10k problems from MathV-
360K, generating 16 responses per problem using Chimera.
Each response is classified based on correctness using rule-
based answer matching, and after filtering, we construct 60k
preference pairs for Direct Preference Optimization (DPO)
training. Then we perform DPO training on 60K data for 1
epoch.

5. Mask Ratio Selection

Model Ratio ALL General Chart Table Math

InternVL2-4B [5] N/A 57.0 50.1 66.2 65.7 58.3
InternVL2-4B-NF [5] N/A 58.5 51.5 67.1 74.3 58.6
Chimera-4B-0.0 0.0 59.4 50.8 66.2 67.1 65.5
Chimera-4B 0.3 61.3 54.0 64.8 72.9 66.9
Chimera-4B-0.5 0.5 60.4 51.3 68.5 70.0 65.8
Chimera-4B-1.0 1.0 56.2 51.5 63.5 72.9 53.6

Table 4. Ablation results on different visual content domain on the
testmini subset of MathVista. InternVL2-4B-NF represents naive
finetune of baseline with same settings, Chimera-4B-R means
Chimera model trained with mask ratio R in GSCM.

We conducted an ablation study on 4B scale models to
assess our approach’s effectiveness, as shown in Table 4. It
should be noted that model with mask ratio 1.0 does not
have access to the general encoder during training, con-
trary to our intentions. Thus, we modified this case to give
the model an 80% probability of masking all general fea-
tures. The results show that naively finetuning the LMM
leads to limited performance improvement. By incorporat-

ing domain knowledge from expert models, even the case
without GSCM still yields better results than naive fine-
tuning. As the mask ratio increases, the model’s perfor-
mance improves initially and then declines. This indicates
that slightly masking helps balance encoder optimization,
leading to better alignment. However, as the mask ratio in-
crease, we believe excessive masking prevents the model
from effectively learning to utilize both features for reason-
ing. Based on the above observations, we set the mask ratio
to 0.3 in Chimera’s implementation. We also observed that
performance trends vary across domains as the mask ratio
changes, suggesting that the alignment difficulty of expert
models differs by domain and task, which we leave for fu-
ture exploration.

6. Details of Table-SE and Doc-SE
In Tables 7 and 8 of the main text, we conduct the ex-
periments on Table Structural Extraction (Table-SE) task
and Document Structural Extraction (Doc-SE) task, respec-
tively. In this section, we primarily introduce the evaluation
dataset construction method and provide detailed informa-
tion about the dataset.

6.1. Data Source

Count
Document Categories
PPT2PDF 43
Academic Literature 42
Book 13
Colorful Textbook 37
Magazine 30
Exam Paper 7
Note 18
Newspaper 15

Language
Simplified Chinese 128
English 77

Layout
1 and More Column 27
Single Column 91
Other Layout 43
Double Column 40
Three Column 4

# Total 205

Table 5. Statistical information of Doc-SE.

Our benchmark was developed through a systematic
sampling process from an initial collection of 200, 000 PDF
documents sourced from Common Crawl, Google, Baidu
search engines, and internal repositories. We initially ex-
tracted visual features using ResNet-50 [8] and performed
clustering algorithm using Faiss [11] to identify diverse
document patterns. From the 10 cluster centers, we sam-
pled 6,000 visually diverse pages, which were then man-



Count
Background
w/o Background 80
w/ Background 20

Equation
w/o Equation 78
w/ Equation 22

Language
English 45
English & Chinese Mixed 5
Chinese 50

Table Format
Three-line Table 47
Full-bordered Table 39
Partial-bordered Table 14
w/o Merged Cells 58
w/ Merged Cells 42

Layout
Horizontal 97
Vertical 3

# Total 100

Table 6. Statistical information of Table-SE.

ually annotated with attributes such as page type, layout
type, and language. As illustrated in Table 5 and Table 6,
the final benchmark includes 205 page-level PDF images
and 100 table images, ensuring comprehensive representa-
tion of real-world document scenarios with various layouts
and attributes.

6.2. Annotation Process

For ensuring annotation quality and efficiency, we design
separate standardized processes for page-level PDF docu-
ments and tables.

For page-level PDF documents, our process consists of
three stages: (1) We first employ fine-tuned LayoutLMv3
for layout detection and PaddleOCR for text recognition as
intelligent pre-annotation. (2) Professional annotators then
refine the detection boxes, verify text content accuracy, and
enhance annotations with reading order and affiliation de-
tails. (3) Finally, researchers review the annotations to en-
sure overall quality and accuracy.

For table annotations, we follow a similar but special-
ized three-stage approach: (1) We utilize GPT-4o and Pad-
dleOCR for initial table annotations. (2) Annotators then
verify and correct the table structure and content, using spe-
cialized tools like Tables Generator for verification. (3) Fi-
nally, experts through table annotations re-rendering to en-
sure correct HTML and LaTeX code labels.

6.3. Showcase

We provide several visualization examples of Table-SE in
Fig. 2 and Fig. 3, where each item contains a visual table
and its corresponding LaTeX code.

7. Experiments of Scaling Up More Experts

Model ALL General Chart Table Math

InternVL2-4B 57.0 50.1 66.2 65.7 58.3
InternVL2-4B w/ Chart Expert 59.4 52.0 68.0 72.9 60.8

Chimera-4B 61.3 54.0 64.8 72.9 66.9

Table 7. Accuracy scores of different visual content domain on
the testmini subset of MathVista.Those do not belong to the last
three domains are uniformly classified as General for simplicity.
InternVL2-4B w/ Chart Expert represent the case only integrating
chart expert model.

To further validate the impact of scaling up the number
of expert models, we provide ablation results introducing
only the chart expert. In this case, non-chart data is encoded
solely by the general encoder during training. As shown in
Table 7, incorporating only the chart expert obtains lower
MathVista [25] overall score by 1.9 points than Chimera-
4B.

Specifically, InternVL2-4B w/ Chart Expert also shows
improvements in general scenarios, though less significant
than Chimera, which integrates three expert models. In
the chart domain, InternVL2-4B w/ Chart Expert achieves
notable gains by avoiding conflicts among multiple ex-
perts with large task gaps. However, Chimera’s integration
of multiple experts enhances performance across diverse
domains, boosting overall results. In the math domain,
InternVL2-4B w/ Chart Expert scores 6.1 points lower than
Chimera, demonstrating the strong mathematical reasoning
capabilities derived from integrating the math expert.

8. Comparison with existing works
Integrating specialist experts that contain specialized prior
knowledge presents a promising approach to improve the
specific capabilities of generalist model. MoVA [46] pro-
poses a multi-turn method that relies on the language model
to call an expert in the first round and generates responses
in the second, which reduces conciseness and efficiency.
MoME [33] uses soft-weighting to fuse multiple visual en-
coders, enabling VLMs to benefit from leveraging repre-
sentations from different encoders. However, this approach
lacks explicit guidance for encoder selection and introduces
additional concerns such as inference efficiency and uni-
form visual feature sizes.

9. Training Configuration
The training strategy is summarized in Tab 8 and Tab 9.
During the two-stage training process, we gradually in-
crease the maximum image resolution and the number
of visual tokens of the general visual encoder Eg . In
the Domain-General Knowledge Alignment stage, we use



Visual Table Ground Truth: LaTeX

\begin{tabular}{|l|l|l|l|l|l|l|l|l|l|l|l|l|} \hline
\multirow{2}{*}{} & \multicolumn{4}{c}{Beef meat} & 
\multicolumn{4}{c}{Chicken meat} & \multicolumn{4}{c}{Pork meat} 
\\
\cline{2-13}
& Cases & Controls & OR & 95\% CI & Cases & Controls & OR & 95\% 
CI & Cases & Controls & OR & 95\% CI \\ \hline
Never Exposed (Ref group) & 1,823 & 2,273 & 1.00 & --- & 1,823 & 
2,273 & 1.00 & --- & 1,823 & 2,273 & 1.00 & --- \\ \hline
Ever Exposed & 117 & 108 & 1.22 & 0.90-1.67 & 1,36 & 129 & 1.19 & 
0.91-1.55 & 145 & 143 & 1.09 & 0.83-1.42 \\ \hline
Duration of exposure & & & & & & & & & & & & \\ \hline
$\leq$5 years & 40 & 37 & 1.45 & 0.92-2.31 & 30 & 40 & 0.97 & 0.60-
1.58 & 39 & 41 & 1.25 & 0.80-1.96 \\ \hline
6-15 years & 29 & 43 & 0.79 & 0.47-1.31 & 42 & 41 & 1.21 & 0.78-1.88 
& 44 & 58 & 0.84 & 0.55-1.28 \\ \hline
$\geq$16 years & 48 & 28 & 1.63 & 0.93-2.88 & 64 & 48 & 1.36 & 0.90-
2.06 & 61 & 43 & 1.28 & 0.81-2.03 \\ \hline
p-value of test for linear trend (with ref cat) & & & 0.23 & & & & 0.11 & 
& & & 0.54 & \\ \hline
Intensity of exposure & & & & & & & & & & & & \\ \hline
Low & 60 & 59 & 1.26 & 0.86-1.83 & 71 & 68 & 1.24 & 0.88-1.75 & 70 
& 72 & 1.15 & 0.82-1.62 \\ \hline
Medium & 42 & 35 & 1.22 & 0.73-2.04 & 47 & 46 & 1.11 & 0.72-1.71 & 
55 & 52 & 1.03 & 0.68-1.58 \\ \hline
High & 15 & 14 & 0.91 & 0.35-2.40 & 18 & 15 & 1.22 & 0.56-2.65 & 20 
& 19 & 0.89 & 0.40-1.94 \\ \hline
p-value of test for linear trend (with ref cat) & & & 0.36 & & & & 0.29 & 
& & & 0.78 & \\ \hline
\end{tabular}

\begin{tabular}{|l|l|l|l|l|l|l|l|l|l|l|l|} \hline
\multicolumn{12}{l}{Table l. Anticonyulsant activity and protective 
index of intraperitoneal AEDs in mice} \\ \hline
 & Rotorod test & \multicolumn{2}{l}{MES test} & 
\multicolumn{2}{l}{Pentylenetetrazole} & 
\multicolumn{2}{l}{Bicuculline} & \multicolumn{2}{l}{Picrotoxin} & 
\multicolumn{2}{l}{Strychnine} \\ \hline
 AED& TD_{50}(95\% CI) mg/kg & ED_{50}(95\%CI) mg/kg & PI & 
ED_{50}(95\%CI) mg/kg & PI & ED_{50}(95\%CI) mg/kg & PI & 
ED_{50}(95\%CI) mg/kg & PI & ED_{50} & PI \\ \hline
Rufinamide & >500<1,000 & 15.5(12.5-18.1) & >32.2 & 54.0(38.1-74.9) 
& >9.3 & 50.5(23.9-87.8) & >9.9 & 76.3 (64.0-90.7) & >6.6 & 
125\textasciicircum{}{a} & NA \\
Phenytoin & 65.5(52.5-72.1) & 9.5(8.1-10.4) & 6.9 & 300 no protection 
& <0.2 & 100 no protection & <0.7 & 100 no protection & <0.7 & 55-
100b & <0.7 \\
Phenobarbital & 69.0(62.8-72.9) & 21.8(15.0-25.5) & 3.2 & 13.2(5.9-15.9) 
& 5.2 & 37.7(26.5-47.4) & 1.8 & 27.5 (20.9-34.8) & 2.5 & 95.3 (91.3-
99.5) & 0.7 \\
Valproate & 425.8(369-450) & 272(247-338) & 1.6 & 148.6(123-177) & 
2.9 & 359.9(294-439) & 1.2 & 387.2 (341-444) & 1.1 & 292.9 (261-323) 
& 1.5 \\
Ethosuximide & 440.8(383-485) & 1,000 no protection & 0.4 & 
130.3(111-151) & 3.4 & 459.0(350-633) & 1.0 & 243 (228-255) & 1.8 & 
250-1,000c & <0.4 \\
\multicolumn{12}{l}{a: Maximum protection,37.5\%}\\ 
\multicolumn{12}{l}{b: protection, 50.0\%}\\ 
\multicolumn{12}{l}{c: Maximum protection, 62.5\%}\\ 
\multicolumn{12}{l}{AED, antiepileptic drug; MEs, maximal 
electroshock; TD_{50}, the dose eliciting evidence of minimal 
neurotoxicityin 50\% of animals; Cl, conidence interva; ED_{50},the dose 
of drugrequired to produce the desired end point in 50\% of animals; and 
Pl, protective index (ratio of TD_{50} to ED_{50})}\\ \\ \hline
\end{tabular}

Figure 2. Showcase of Table-SE.



Visual Table Ground Truth: LaTeX

\begin{tabular}{|l|l|l|l|l|} \hline
Site-B & Site-E & DEV & DD & Model \\ \hline
3-HCY & 11-D G G & 1.49 & 66.5 & \\ \hline
3-HCY & 12-G G S & 1.49 & 66.5 & \\ \hline
4-CNY & 1-G G H & 1.29 & 74.8 & d-1 \\ \hline
4-CNY & 11-D G G & 1.29 & 74.8 & \\ \hline
4-CNY & 12-G G S & 1.29 & 74.8 & \\ \hline
5-YNT & 1-G G H & 1.39 & 70.3 & d-2 \\ \hline
5-YNT & 11-D G G & 1.39 & 70.3 & \\ \hline
5-YNT & 12-G G S & 1.39 & 70.3 & \\ \hline
5-YNT & 18-G G C & 1.39 & 76.6 & \\ \hline
9-NND & 1-G G H & 1.85 & 69.2 & d-3 \\ \hline
9-NND & 12-G G S & 1.85 & 69.2 & \\ \hline
9-NND & 18-G G C & 1.85 & 73.9 & 
\\ \hline
\end{tabular}

\begin{tabular}{|l|l|l|l|l|} \hline
 企业类型 & 目的 & 模式和特点 & 优势 & 典型企业 \\ \hline
 云服务提供商 & $\cdot$ 以物联网为抓手带动上层应用服务业绩增长 
& $\cdot$ 目前多以提供底层计算资源、提供应用使能平台为主 & 
$\cdot$ 在互联网领域中积累了丰富的技术、商业、生态优势经验 
$\cdot$ 底层IaaS能力突出、共性技术能力提炼 & 阿里云、腾讯云、
百度云、亚马逊AWS IoT等 \\ \hline
 通信领域厂商 & $\cdot$ 获得流量业务收入，战略布局物联网，把握
新增市场机遇 & $\cdot$ 多以连接管理、应用使能为平台主要功能服
务为主 & $\cdot$ 在连接管理平台具有绝对优势，具有全球通用连接
能力 & 电信运营商、通信设备厂商，中国电信天翼物联、如中国移
动ONENet、中国联通物联网平台、华为云IoT等 \\ \hline
 软件系统服务商 & $\cdot$ 解决内部开发效率的问题，优化产品服务 
& $\cdot$ 以应用开发平台为主要服务内容为主 & $\cdot$ 擅长软件设
计、生产、管理、运维等服务，具备丰富的行业软件开发及服务经
验 & 紫光云、广联达筑联等 \\ \hline
 垂直领域传统厂商 & $\cdot$ 利用自身对行业的理解和经验，打造垂
直型平台，实现传统企业的转型升级 & $\cdot$ 垂直专业领域的物联
网平台 & $\cdot$ 深刻的行业理解和行业技术、对行业有深度应用，
拥有行业数据和客户资源 & 西门子、工业富联、美的M-Smart等企
业 \\ \hline
 初创企业 & $\cdot$ 看好物联网未来的发展潜能 & $\cdot$ 目前阶段
很多初创型平台企业多以SaaS解决方案公司的形式存在 & $\cdot$ 拥
有与选定细分行业相关的软件、硬件经验 $\cdot$ 服务延伸到通用型
平台厂商难以触及的细分领域，形成错位竞争 & 涂鸦智能、云智易、
机智云、艾拉物联等 \\ \hline
 \end{tabular}

Figure 3. Showcase of Table-SE.

thumbnail images as input for Eg without employing
the widely-used Dynamic High Resolution (DHR) tech-
nique [5, 18]. In the Visual Instruction Tuning stage, DHR
is introduced, allowing up to six times more visual tokens.
At this stage, we apply the Generalist-Specialist Collabo-
ration Masking (GSCM) mechanism with a masking ratio
of 0.3 to constrain Eg , encouraging the model to leverage
domain-specific information from expert models. For train-

able modules, the Domain-General Knowledge Alignment
stage updates only the General Projector P g and Expert
Projector Set Se. In subsequent stages, the General Pro-
jector P g , Expert Projector Set Se, and Language Model f
are updated.



Domain-General Knowledge Alignment Visual Instruction Tuning

Vi
si

on

Resolution

General Encoder Eg 448 448×{{1,2,3,4,5,6}×1, 1×{2,3,4,5,6}, 2× {2,3}, 3× 2 }}
Table Encoder Etable N/A N/A
Chart Encoder Echart N/A N/A
Math Encoder Emath 336 336

#Tokens

General Encoder Eg 256 Max 256×6
Table Encoder Etable 2048 2048
Chart Encoder Echart 2048 2048
Math Encoder Emath 576 576

Total Tokens 256 + {0, 2048, 2048, 576} Max 256×6 + {0, 2048, 2048, 576}

Tr
ai

ni
ng

#Samples 1.1M 2.6M
GSCM ratio N/A 0.3

Dynamic High Res [5] False True
Trainable General Projector P g , Expert Projector Set Se General Projector P g , Expert Projector Set Se, Language Model f
Batch Size 256/128 128

LR 4e-5/2e-5 2e-5/1e-5
Warm Up 100 steps 0.03 ratio

LR Scheduler Consine Consine
Max Length 4096 8192

Weight Decay 0.01 0.01
Epoch 1 1

Table 8. Detailed configuration for each training stage of Chimera in multi-modal reasoning scenario. The table outlines the progression of
vision parameters, dataset characteristics and training hyperparameters. For elements containing “/”, the left side represents configurations
used by the 2B and 4B model, while the right side represents configurations used by the 8B model.

Domain-General Knowledge Alignment Visual Instruction Tuning

Vi
si

on

Resolution
General Encoder Eg 448 448×{{1,2,3,4,5,6}×1, 1×{2,3,4,5,6}, 2× {2,3}, 3× 2 }}
Document Encoder Edocument 1024 1024

#Tokens
General Encoder Eg 256 Max 256×6
Document Encoder Edocument 256 256

Total Tokens 256 + 256 Max 256×6 + 256

Tr
ai

ni
ng

#Samples 995K 275K
GSCM ratio N/A 0.3

Dynamic High Res [5] False True
Trainable General Projector P g , Expert Projector Set Se General Projector P g , Expert Projector Set Se, Language Model f
Batch Size 256 128

LR 4e-5 2e-5
Warm Up 100 steps 0.03 ratio

LR Scheduler Consine Consine
Max Length 4096 8192

Weight Decay 0.01 0.01
Epoch 1 1

Table 9. Detailed configuration for each training stage of Chimera in visual content extraction scenario. The table outlines the progression
of vision parameters, dataset characteristics and training hyperparameters.

10. Visualization of Chimera on Visual Content
Extraction

10.1. Table Format Transformation
We provide the rendered table of the output results of
Chimera-8B to show its table format transformation perfor-
mance. As shown in Fig. 4, Fig. 5 and Fig. 6, Chimera
excels in extracting and formatting table content from both
Arxiv-style and more diverse table layouts with high accu-
racy.

10.2. Chart Structural Extraction

We provide the rendered table of the output results of
Chimera-8B to show its chart structural extraction perfor-
mance. As shown in Fig. 7, Fig. 8 and Fig. ??, Chimera
can identify and extract information from various types of
charts, such as pie charts, line graphs, bar charts, etc., and
output this information in a structured format accurately.



Input: Visual Table Output: LaTeX

Figure 4. Output of Chimera-8B on Table Format Transformation.

10.3. Document Context Extraction

We provide the rendered page of the output results of
Chimera to show its document content extraction perfor-
mance. As shown in Fig. 10, Fig. 11, Fig. 12 and Fig. 13,
Chimera demonstrates exceptional content extraction ca-

pabilities on both single-column and double-column doc-
uments, effectively extracting structured information end-
to-end from text-dense visual inputs.



Input: Visual Table Output: LaTeX

Figure 5. Output of Chimera-8B on Table Format Transformation.



Input: Visual Table Output: LaTeX

Figure 6. Output of Chimera-8B on Table Format Transformation.



Input: Visual Chart Output: Markdown

Figure 7. Output of Chimera-8B on Chart Structural Extraction.



Input: Visual Chart Output: Markdown

Figure 8. Output of Chimera-8B on Chart Structural Extraction.



Input: Visual Chart Output: Markdown

Figure 9. Output of Chimera-8B on Chart Structural Extraction.



Input: Document Page Output: Markdown

Figure 10. Output of Chimera on Document Context Extraction.



Input: Document Page Output: Markdown

Figure 11. Output of Chimera
on Document Context Extraction.



Input: Document Page Output: Markdown

Figure 12. Output of Chimera on Document Context Extraction.



Input: Document Page Output: Markdown

Figure 13. Output of Chimera on Document Context Extraction.
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