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Abstract. Existing methods for Visual Document Question Answering
(DocVQA) often predict answers without explicit intermediate analysis
or produce ungrounded intermediate steps. The few approaches which
employ grounding produce rectangular bounding boxes which fail to ac-
curately represent complex structures such as pie-chart wedges, flowchart
nodes, and curved text. We present DoCoG, a mask-based multi-type
grounded step-wise Chain-of-Thought architecture for Document QA.
The model supports multi-type grounding, i.e., it localizes both textual
content and fine-grained graphical elements such as legends, pie slices,
and flowchart nodes. It generates step-wise intermediate outputs and fi-
nal answers grounded through precise segmentation masks, enabling con-
sistent evidence alignment. DoCoG integrates a Vision-Language Model
with a promptable segmenter via a novel Grounding Interaction Module
(GIM). During decoding, special [GND] tokens trigger mask prediction,
linking each step and the final answer to supporting evidence. GIM re-
fines [GND] tokens during decoding to improve spatial consistency and
alignment. We introduce DoCoG-QA, a large-scale diverse dataset com-
prising 325K documents and 1.5M step-wise grounded QA pairs. We
further release DoCoG-PQA with 20K preference pairs to improve align-
ment using Direct Preference Optimization (DPO), and DoCoG-Bench,
a human-verified benchmark. Experiments show that DoCoG achieves
state-of-the-art performance across multiple benchmarks, improving an-
swer accuracy and grounding precision.
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Fig. 1: Mask-based Multi-type grounded CoT. Each example shows a QA pair
where the model interleaves [GND] tokens within the CoT ( 2a , 2b ) and final answer

( 2c ). Each [GND] predicts a segmentation mask that localizes the evidence used ( 1 ,
2 ). Evidence spans both text and graphical elements (e.g., flowchart connectors, nodes

in 1 chart lines in 2 ).

1 Introduction

Visual Document Question Answering (DocVQA) requires models to answer
queries over complex layouts containing both textual and graphical elements
across heterogeneous document types such as reports, tables, charts, and plots.
In this context, recent Vision-Language Models (VLMs) [8,28,44,48] demonstrate
strong answer generation and Chain-of-Thought (CoT) capabilities.

Grounding-based approaches for DocVQA remain comparatively few [6, 52,
64]. These methods either operate on a single document type [52] or rely on
rectangular bounding boxes and often focus solely on grounding textual re-
gions [6, 64]. However, box-based localization is coarse and inadequate for ir-
regular structures such as curved text and graphical elements such as pie-chart
wedges and line plots.

Many document questions require multi-step analysis, including perform-
ing arithmetic operations, validating claims and interpreting document content.
Such analysis often depends on intermediate evidence extracted from specific
regions in the document. While existing CoT systems enable step-wise analysis,
the intermediate steps are typically not grounded [35] which leads to incorrect
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answers. Overall, CoT with step-wise grounding for diverse document structures
remains largely unexplored.

To address these limitations, we introduce DoCoG, an architecture that in-
tegrates a VLM and a promptable mask segmenter via a novel Grounding Inter-
action Module (GIM) (see Fig. 2). The model jointly generates step-wise CoT
answers with segmentation masks. These masks precisely ground the evidence,
moving beyond coarse box-based localization. Special [GND] tokens correspond-
ing to each evidence region are interleaved within the intermediate steps and
final answer. The GIM refines these [GND] token embeddings by enabling inter-
action among them. This allows the tokens to attend to each other and improve
the consistency of these embeddings (Sec. 3.1).

Documents are inherently heterogeneous, containing textual spans, tables,
charts, and diagrammatic components within a single layout (Fig. 2). Corre-
spondingly, document QA questions may require grounding in purely textual
evidence (e.g., extracting a field value), purely graphical evidence (e.g., identi-
fying a chart component), or a combination of both (e.g., matching a legend
entry to a graphical region) (Fig. 3 2 ). Effective grounding must therefore sup-
port multiple evidence types. We refer to this as multi-type grounding, where
evidence may originate from textual or graphical elements, or jointly from both.
DoCoG supports grounding of multi-type evidence by predicting fine-grained
segmentation masks across diverse document structures (Fig. 1).

Existing document grounding QA datasets [6,60,64] lack step-wise grounded
CoT (see Tab. 1), are limited to specific domains, and rely on coarse rectangular
bounding boxes. To support large-scale training of step-wise grounded CoT, we
develop a data engine that generates pixel-level masks for grounding in inter-
mediate steps and final answer. Using this engine, we introduce DoCoG-QA, a
large-scale dataset comprising 325K documents and 1:5M step-wise grounded
CoT QA pairs spanning diverse and comprehensive document domains with
grounding over multi-type evidence (Sec. 4).

We curate DoCoG-PQA, a preference dataset that ranks candidate CoT out-
puts based on answer correctness and step-wise evidence grounding, enabling
preference optimization beyond fixed-style supervision (Sec. 4.2). To the best
of our knowledge, this is the first application of Direct Preference Optimization
(DPO) in the Grounded Document VQA setting. We also curate DoCoG-Bench,
a benchmark dataset with human-verified annotations to assess step-wise CoT
quality, answer accuracy, and grounding precision (Sec. 4.3). We conduct exten-
sive evaluations across multiple Document VQA benchmarks spanning diverse
document domains (Sec. 5). DoCoG achieves significant improvement in an-
swer accuracy and in grounding precision, establishing a new state-of-the-art in
grounded document VQA (Sec. 6). More details at docog-eccv.github.io

2 Related Work

Grounding has become an important mechanism for improving answer trans-
parency in multimodal models [3, 31, 33, 46, 55, 56]. These models demonstrate

https://docog-eccv.github.io/
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Table 1: Comparison of DocVQA datasets across supported capabilities and
document types (C: Charts, F: Flowcharts, T: Tables, D: Documents, G: Graphics,
All: All type of documents, txt: textual grounding, g: graphical grounding, t+g: multi
type grounding.)
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CoT ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✔ ✔

Grounding ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✔ ✔ ✔ ✔ ✔ ✔
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strong grounding capabilities but are primarily designed for natural images and
do not generalize grounding over diverse documents, where interpretation in-
volves multi-type evidence regions.

Recent models such as Qwen3-VL [44], InternVL 3.5 [48] and DOGR [64]
support grounded document QA. However, they often rely on coarse bounding-
boxes to localize evidence. Although effective for simple layouts, bounding-box
based grounding may not precisely capture fine-grained structures like curved
text regions, irregular layouts and graphical structures such as pie chart wedges,
table cells, flow diagram nodes etc. Moreover, these models primarily support
grounding only over textual elements.

Existing CoT-based document QA methods [35] typically provide grounding
only for the final answer, leaving intermediate steps unverified. This makes it dif-
ficult to assess whether a final answer is supported by an appropriate evidence
region. While ChartPoint [52] attempts step-wise grounding, it is restricted to
bounding-box supervision within the charts domain. Step-wise grounded CoT
models across diverse document domains remain underexplored. Moreover, doc-
ument grounding QA datasets [6,64] typically rely on bounding-box supervision
and are limited to textual regions. Publicly available CoT-based document QA
datasets [35] emphasize answer generation with grounding only for the final an-
swer (see Tab. 1). DLaVA [26] performs two-stage bounding-box grounding over
OCR-cropped regions but grounds only the final answer. DocVXQA [39] learns
a question-guided relevance mask via post-processing for answer localization. In
contrast, DoCoG directly grounds both intermediate reasoning steps and the
final answer with pixel-level masks on the original document, without OCR pre-
processing or post-hoc localization. Publicly available CoT-based document QA
datasets [35] emphasize answer generation with grounding only for the final an-
swer (see Tab. 1).
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Fig. 2: DoCoG architecture: Given a document image I and question q, the VLM
1 encodes visual features and, through its LM head, autoregressively generates step-

wise outputs and the final answer interleaved with [GND] tokens 2 . The hidden states
of the last layer of the [GND] tokens ( ) are passed to the Grounding Interaction
Module (GIM) 4 , which refines them using visual features ( , ) 6 from segmenter 5
to produce grounding-aware prompt embeddings. These embeddings are then processed
by the segmenter’s prompt encoder 7 and mask decoder of the segmentation module
to generate evidence masks ( 2c ), grounding each step in the document.

3 Method

Given a document image I and a question q, the goal is to generate step-wise
CoT outputs along with the final answer, while grounding the supporting evi-
dence with precise pixel-level masks (see Fig. 2 2 ). DoCoG outputs an ordered
sequence of steps S = (S1; S2; : : : ; Sn; Sf ), where S1; : : : ; Sn denote intermedi-
ate CoT steps 2a and Sf denotes the final answer 2b . [GND] tokens (a special
token added to the vocabulary) are interleaved within intermediate steps, with
each token predicting the corresponding evidence mask. Each mask corresponds
to a multi-type evidence region (textual and graphical elements). Each step can
contain multiple [GND] tokens. Across the steps, the model produces a total set
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of K grounding masks M̂ = f M̂ 1; M̂ 2; : : : ; M̂ K g 2c . If there are no supporting

evidence regions, thenM̂ = ? and K = 0.

3.1 DoCoG Architecture

DoCoG combines a vision-language backbone, a promptable segmenter with
Grounding Interaction Module (GIM). The backbone takes (I; q) as input (see
1 in Fig. 2) and autoregressively generates the step sequence S, interleaving

text tokens with [GND] tokens whenever grounding is required 2 . Whenever
the decoder emits a [GND] token, we extract its �nal-layer hidden state ~Gk as
its grounding representation. Let ~G = f ~Gk gK

k=1 denote �nal-layer hidden states
corresponding to all emitted [GND] tokens 3 .

Since evidence regions across the generated steps are often not independent,
multiple [GND] tokens may be related, complementary, or mutually constraining.
To ensure that [GND] tokens remain mutually consistent and are aligned with the
correct image regions, we re�ne the [GND] embeddings using the Grounding In-
teraction Module (GIM) 4 . GIM is a transformer encoder that enables interac-
tion between [GND] embeddings and visual features from the segmenter's vision
encoder. Speci�cally, GIM alternates self-attention among the [GND] embeddings
and cross-attention with image features extracted by the segmenter encoder:
x = F enc (I) 6 , producing re�ned grounding representations: G = GIM( ~G; x)
7 which serve as input to segmenter's prompt encoder. The segmenter5 pre-

dicts masksM̂ from image features (x) and re�ned embeddings (G).

3.2 DoCoG Training

We �rst train DoCoG with supervised �ne-tuning to learn grounded step-wise
CoT answers, followed by Direct Preference Optimization (DPO) [32] training
to further improve performance.

Supervised Fine-Tuning (stage 1): We jointly learn step-wise text gen-
eration and pixel-level evidence grounding. The training objective is a weighted
combination of language modeling and segmentation losses: Lsft = � lm L lm +
� segL seg. Here Llm denotes the cross-entropy loss over the generated output. The
segmentation loss Lseg supervises each predicted evidence mask (̂M k ) against its
ground-truth mask (M k ) using a combination of Dice [25] and binary cross-

entropy loss [34]: Lseg =
P K

k=1

�
� dice `dice (M̂ k ; M k ) + � bce`bce(M̂ k ; M k )

�

Direct Preference Optimisation (stage 2): To improve robustness and
CoT quality, we further train DoCoG using DPO [32] on a preference dataset
constructed by ranking sampled grounded CoT outputs based on answer cor-
rectness and grounding quality [5] (more details in Sec. 4.2).

DPO optimizes preferences over generated CoT outputs ranked by a reward
function. While the reward can reliably rank textual CoT outputs, de�ning pref-
erence pairs for pixel-level masks is ill-posed: multiple masks can validly explain
the same evidence region, making pairwise preference ambiguous. Therefore, we
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apply DPO only to the textual outputs by updating only VLM parameters, keep-
ing the GIM and segmenter unchanged. However, updating the VLM shifts the
hidden state space, causing the [GND] token representations to drift from those
seen during SFT. Since these representations serve as the grounding represen-
tation to GIM and segmenter, this drift degrades mask quality. Therefore, we
introduce anchor loss that constrains the [GND] token hidden states to remain
close to those produced by the SFT model. We de�ne anchor loss as:

L anchor =
1
K

KX

k=1




 G�

k � G ref
k




 2

2 (1)

where Gref
k 2 G ref and G�

k 2 G � denote the k-th GIM re�ned prompt embed-
dings from the frozen SFT model and the DPO optimised model, respectively.
Together, we optimise it as:

L opt = L DPO + � anchor L anchor (2)

where LDPO denotes traditional DPO [32] loss.

4 Dataset

Prior grounded DocVQA datasets are typically restricted to a single document
type, focus on �nal answer prediction, and rely on coarse bounding boxes for
evidence localization. They also lack support for grounding multiple evidence
types (textual and graphical) within the same document and do not provide su-
pervision for grounded step-wise CoT analysis (Tab. 1). Therefore, we introduce
DoCoG-QA, a diverse large-scale dataset designed for mask based grounded
document QA with step-wise CoT supervision. The dataset comprises 325K
documents and 1:5M QA pairs, where each QA pair includes step-wise chain-
of-thought analysis, the �nal answer, and grounding annotations linked to the
supporting document elements.

The dataset covers a diverse set of document types, including charts, ta-
bles, �owcharts, reports, scienti�c documents, forms, webpages, infographics,
and timelines. Speci�cally, the dataset contains 75K charts, 75K tables, and
75K �owcharts while the remaining 100K are diverse documents. This enables
coverage of questions across diverse QA taxonomies, including extraction, com-
parison, aggregation, validation, interpretation, multi-step analysis (for exam-
ples, see Fig. 3).

Each document image is paired with structured metadata containing high-
precision element-level bounding boxes, from which segmentation masks and
associated attributes are derived. These annotations capture both textual el-
ements (e.g., words, phrases, paragraphs) and graphical elements (e.g., chart
components, �owchart nodes, table cells), enabling accurate grounding across
diverse document structures. Each mask is assigned a unique identi�er in the
metadata. We build a data engine that takes the document image and metadata
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as input and generates QA pairs with step-wise CoT while referencing mask iden-
ti�ers as evidence. The identi�ers are mapped back to the corresponding masks,
ensuring precise mask-based grounding and preventing hallucinated coordinates.

4.1 Data Veri�cation

We apply a multi-stage �ltering pipeline to ensure structural consistency, answer
correctness, and grounding reliability. First, we enforce structural constraints by
requiring each QA pair to contain a valid �nal answer and at least one grounding
reference; pairs that violate this condition are removed. Next, we verify answer
correctness using gpt-oss-120B [17, 27], a veri�er from a di�erent model fam-
ily than DoCoG's Qwen3-VL backbone which evaluates whether the generated
answer is supported by the document metadata and question;; QA pairs with
scores below a threshold are discarded. We further assess the quality of step-
wise CoT using ROSCOE [7], which evaluates step correctness, coherence, and
consistency with the �nal answer, removing pairs below a threshold. Finally,
we validate grounding correctness and mask quality. For textual elements, we
apply OCR to the referenced mask region and compare the extracted text with
the answer span. For graphical elements, grounding consistency is veri�ed us-
ing graphical�text correspondence in the metadata. Mask quality for graphical
elements is assessed using masks generated by a SOTA segmentation model [2]
and manually veri�ed over a strati�ed subset of 33;500 masks spanning diverse
document domains and visual categories (e.g., pie wedges, �owchart nodes). The
masks closely align with intended document elements with minimal spillover
and are therefore used as grounding regions. This pipeline ensures that the �-
nal dataset contains structurally consistent, semantically correct, and reliably
grounded QA pairs.

4.2 DPO Dataset and Reward Design

We build DoCoG-PQA, a 20K sampled DPO preference dataset, by sampling
N grounded CoT outputs per (I; q) using the SFT reference model and rank-
ing them with a reward that combines �nal-answer correctness, CoT quality,
grounding quality, and format validity. Format Reward (FR) veri�es structural
validity by parsing (i) intermediate steps, (ii) the �nal answer, and (iii) evidence
references produced via [GND] tokens; outputs where parsing fails receive FR= 0,
otherwise FR= 1. Final Answer Quality (AQ) assigns a positive score when the
predicted answer matches the ground-truth [29,64] after text normalization and
numeric tolerance. CoT Quality (CQ) measures reasoning quality and step-level
faithfulness by �rst computing a normalized ROSCOE score [7]; if this score is
below threshold �ros , we set CQ = 0. Otherwise, we measure alignment with
ground-truth reasoning using maximum bipartite matching based on semantic
similarity and numeric consistency [47], counting matched steps as true positives,
unmatched predicted steps as false positives, and unmatched ground-truth steps
as false negatives, from which an F1 score is computed as CQ. Grounding Qual-
ity (GQ) evaluates spatial and contextual grounding by matching each predicted
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Table 2: DoCoG on chart understanding benchmarks. ChartQA [20],
ChartQA-Pro [21], ChartBench [53], CharXiv [49], (all scores on o�cial metrics) and
the Charts split of DoCoG-Bench. Models include domain-specialized and represen-
tative general models. Bold: best among open-source models. Underline: best among
commercial models. ���: unsupported. �n/a�: indicates lack of results due to model un-
availability.

Model Params ChartQA ChartQA-Pro ChartBench CharXiv
DoCoG-Bench

AQ GQ fa

GPT-5 [28] � 89.0 42.7 69.4 76.3 82.4 3.8
Gemini 3 pro [9] � 88.5 51.1 61.2 80.3 83.2 11.2

TinyChart [57] 3B 78.9 11.7 22.5 12.2 54.8 �
Chart-R1 [4] 8B 91.0 44.0 34.1 46.2 74.2 �
ChartLlama [10] 13B 69.7 03.4 22.3 16.7 47.6 �
ChartGemma [22] 3B 80.2 09.8 38.5 16.9 59.3 �
ChartMoE [54] 8B 86.2 41.6 29.7 37.6 67.4 �
ChartPoint [52] 7B 87.7 n/a 67.9 n/a n/a n/a
InternVL 3.5 [48] 8B 86.7 34.7 51.4 68.8 73.4 4.1
Qwen3-VL [44] 8B 89.6 32.9 65.3 64.7 75.2 3.9

DoCoG(Ours) 9B 92.7 52.1 79.4 73.1 83.5 80.3

mask to the nearest ground-truth mask using IoU; a match is valid only if (i) IoU
� 0:5, (ii) the element type matches (e.g., text span, table cell, chart wedge), and
(iii) it appears in the correct step context. We compute two F1 variants: GQall

over masks from all intermediate steps and the �nal answer, and GQfa using
only masks required for the �nal answer, with GQ de�ned as their average. Re-
ward Function: Samples with FR= 0 are rejected; for the remaining outputs
we compute AQ, CQ, and GQ, combine them into a total reward, and construct
DPO pairs by selecting the highest-scoring output as the chosen sample and the
lowest-scoring output as the rejected sample.

4.3 DoCoG-Bench

Existing document QA benchmarks provide either bounding-box based ground-
ing or step-wise CoT answers, but do not jointly evaluate grounded step-wise
analysis with �ne-grained segmentation masks. Therefore, we introduce DoCoG-
Bench, a segmentation-based benchmark for evaluating step-wise CoT answers
aligned with precise mask-level grounding. DoCoG-Bench consists of 3K doc-
ument images and 10K QA pairs across multiple document types, including
charts, tables, reports, webpages, infographics, �owcharts, and documents with
curved or complex text layouts. We curate documents from multiple sources, in-
cluding existing document QA test sets, to ensure structural diversity. The QA
pairs are generated using our data engine, �ltered through the data veri�cation
pipeline in Section 4.1, and human-veri�ed through a two-stage process. Primary
annotators trained on mask-annotation protocol, element-type de�nitions, and
QA correctness criteria checked answer correctness, grounding relevance, and
mask boundary accuracy. The benchmark includes complex multi-step questions
across varied document structures.
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Table 3: DoCoG on �owchart and diagram understanding benchmarks.
FlowVQA [38], AI2D [15], MISS-QA [60], (all scores on o�cial metrics) and the
�owcharts split of DoCoG-Bench.

Model Params FlowVQA AI2D MISS-QA
DoCoG-Bench

AQ GQ fa

GPT-5 [28] � 91.9 89.5 71.7 78.1 4.0
Gemini 3 pro [9] � 88.1 91.2 67.3 79.4 10.1

CogAgent [11] 18B 38.8 58.2 56.7 53.8 �
Kimi VL [43] 16B 40.9 84.9 63.8 57.2 �
IXC 2.5 [58] 7B 43.3 82.3 40.6 59.4 �
InternVL 3.5 [48] 8B 78.4 84.0 48.5 67.2 1.5
Qwen3-VL [44] 8B 81.0 85.7 46.2 69.4 11.0

DoCoG (Ours) 9B 85.5 88.3 78.4 82.2 79.2

Table 4: DoCoG on table understanding benchmarks. TabFact [50], WTQ [30],
TabMWP [18], (all scores on o�cial metrics) and the Tables split of DoCoG-Bench.

Model Params TabFact WTQ TabMWP
DoCoG-Bench

AQ GQ fa

GPT-5 [28] � 87.7 78.8 93.7 84.3 6.4
Gemini 3 pro [9] � 88.5 76.2 91.5 86.0 12.6

Table-LLaVA [62] 7B 59.8 18.4 57.8 49.6 �
IXC 2.5 [58] 7B 85.2 53.6 26.6 69.8 �
DocOwl 2 [12] 8B 78.2 36.5 15.2 38.6 �
SynTab-LLaVA [63] 7B 70.8 39.6 88.3 62.4 �
TabPedia [59] 7B 28.8 20.4 12.3 33.7 �
InternVL 3.5 [48] 8B 78.1 55.6 55.7 78.0 3.2
Qwen3-VL [44] 8B 81.8 57.4 65.6 79.5 0.9

DoCoG(Ours) 9B 89.4 64.4 80.7 87.8 82.7

5 Experiments

Implementation Details. We instantiate DoCoG using Qwen3-VL-8B [44] as
the VLM backbone, the GIM module a 3-layer transformer encoder and SAM
[16] as the segmenter. During Supervised Fine-tuning (SFT), DoCoG is trained
jointly end-to-end. Training uses AdamW with a learning rate of 10�5 , 3% linear
warmup followed by cosine decay. We empirically set weights: during SFT, we set
� lm = 1:0 , � seg = 2:0 , � dice = 1:0 and � bce = 1:0. These weights are kept �xed
across all experiments. Next, we apply DPO while freezing segmenter and GIM.
We set � anchor = 1:0. We empirically set a reduced learning rate of 10�6 during
preference optimization. All experiments are trained on 32�H100 GPUs using
DeepSpeed ZeRO-3 with an e�ective batch size of 256. On a single H100 GPU,
DoCoG runs at 580 ms latency with 24.08 GB memory and 1.72 samples/s.
Training Data: DoCoG is �rst trained on DoCoG-QA with additional subsets
of documents, chart, table, and �owchart datasets [20, 23, 24, 35, 45, 51, 64] and
then on DoCoG-PQA. This combined training enables grounded step-wise CoT
without compromising document QA ability. All baselines are �ne-tuned on the
same training protocol to maintain a consistent and a fair comparison.
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Table 5: DoCoG on document understanding benchmarks. Results on
DOGR [64], MMDocBench (MMDB) [66], VisualCoT-Bench (VCoT) [35], and Bound-
ingDocs (BD) [6], and Documents split of DoCoG-Bench. BD and DOGR, grounding
is measured by F1g (bbox IoU>0.5) and AQ by G eval [17]. MMDB (o�cial metrics).
VCoT (o�cial metric) includes general Document VQA [14, 23, 24, 36, 37, 45]. �n/a�
indicates lack of results due to code-level issues in source repo [65]

Model Params
DOGR MMDB

VCoT
BD DoCoG-Bench

F1 g AQ EM F1 txt IoU F1 g AQ AQ GQ fa

GPT-5 [28] � 3.6 87.0 74.3 76.6 9.3 89.7 5.4 89.3 86.7 5.0
Gemini 3 pro [9] � 65.3 91.8 83.8 85.4 55.4 87.4 73.5 92.2 88.1 11.7

Kosmos 2.5 [19] 1.3B 0.0 36.1 12.6 13.8 0.0 61.2 0.70 33.7 34.6 0.6
DocOwl 2 [12] 9B � 43.3 15.9 17.3 � 63.5 � 69.0 43.9 �
CogAgent [11] 18B 2.6 69.6 29.9 27.2 0.0 67.4 3.4 74.7 71.4 0.0
Kimi-VL [43] 16B 7.2 68.0 59.9 61.6 3.5 77.8 8.1 68.2 72.6 0.5
DOGR [64] 8B 66.4 78.3 n/a n/a n/a n/a n/a n/a n/a n/a
InternVL 3.5 [48] 8B 12.5 80.9 65.7 67.4 15.5 83.2 41.5 79.8 77.1 7.2
Qwen3-VL [44] 8B 27.6 82.6 69.8 71.3 28.7 86.7 44.5 80.3 78.6 6.3

DoCoG (Ours) 9B 75.4 86.2 73.1 76.3 70.5 88.9 85.4 89.3 89.7 85.4

Baselines: We compare DoCoG against a comprehensive suite of baselines
spanning chart and table understanding, �owchart analysis, document VQA,
and large-scale multimodal language models (MLLMs). For chart-centric rea-
soning, we compare against specialized models [4, 9, 10, 22, 28, 44, 48, 52, 54, 57].
In the documents domain, we compare against representative document VQA
systems [9, 11, 12, 19, 28, 43, 44, 48, 64]. For table understanding, we benchmark
against approaches [12, 58, 59, 62, 63] designed for tabular question answering.
To ensure comparison with strong general-purpose models, we further include a
diverse set of MLLMs from commercial models [1,8,9,28],open source models

[12,19,35,42,44,48,55] and�netuned models .
DoCoG-Bench Metrics: Evaluating step-wise grounded CoT answers requires
assessing the �nal answer, the correctness and consistency of intermediate steps,
and the faithfulness of grounded evidence. We therefore use the same components
de�ned in Sec. 4.2 for evaluation, computed deterministically against ground-
truth. Speci�cally, we report Final Answer Quality (AQ), CoT Quality (CQ), and
Grounding Quality (GQ fa , GQall ). In addition to these deterministic measures,
we include an LLM-based [61] score under the GEval framework [17] to assess
the overall quality of the generated answer beyond exact matching.
Other benchmarks: We evaluate DoCoG across diverse document types, bench-
marking against chart QA benchmarks [20,21,49,53],document centric bench-
marks [6, 35, 64, 66] ,�owchart benchmarks [15, 41, 60] , table QA bench-
marks [18,30,50]. All benchmark results are computed using their o�cial metric
implementations.
Mask Box Alignment: To ensure consistent evaluation across models with
di�erent grounding outputs, we standardize predictions to match the annota-
tion format of each benchmark. When a model outputs bounding boxes but
the ground-truth is provided as segmentation masks, we convert each predicted
box into a binary mask and then compute mask-based IoU. Conversely, when a
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Table 6: Uni�ed evaluation across document types on DoCoG-Bench. AQ
and GQfa reported per split (Charts, Flowcharts, Tables and Documents), The All
block reports AQ, G eval , CQ, GQall , and GQfa . Results for Commercial models ,

Open-source models , Fine-tuned models variants are shown. Bold: best among
open-source and �ne-tuned models. Underline: best among commercial models. �-�:
model does not support this output type.

Model Params
Charts Flowcharts Docs Tables All

AQ GQ fa AQ GQ fa AQ GQ fa AQ GQ fa AQ G eval CQ GQ all GQ fa

GPT-5 [28] � 82.4 3.8 78.1 4.0 86.7 5.0 84.3 6.4 82.9 84.8 76.8 2.4 4.8
Sonnet 4.5 [1] � 79.1 5.7 75.3 13.3 83.8 6.8 81.6 2.6 79.9 80.5 71.3 3.3 7.1
Gemini 3 pro [9] � 83.2 11.2 79.4 10.1 88.1 11.7 86.0 12.6 84.2 84.1 75.2 15.4 11.4
Gemini 3 �ash [8] � 79.6 12.7 75.8 12.5 84.5 35.3 82.4 33.9 80.6 82.8 73.4 32.8 23.6

Kosmos2.5VL [19] 1.3B 22.8 2.3 15.3 0.0 34.6 0.6 28.4 0.2 25.3 42.3 0.0 0.0 0.8
DocOwl2 [12] 9B 32.4 � 23.7 � 43.9 � 38.6 � 34.7 35.6 � � �
Gemma3 [42] 12B 57.1 1.8 49.3 1.0 66.4 3.5 61.8 2.9 58.7 62.4 28.4 0.0 2.3
InternVL 3.5 [48] 8B 73.4 4.1 67.2 1.5 77.1 7.2 78.0 3.2 73.9 78.2 33.2 2.9 4.0
Qwen3-VL [44] 8B 75.2 3.9 69.4 11.0 78.6 6.3 79.5 0.9 75.7 77.6 35.9 3.5 5.5
LISA++ [55] 7B 9.4 1.2 7.2 0.4 16.3 2.8 14.3 3.2 11.8 21.4 0.0 0.5 1.9
VisualCoT [35] 7B 52.3 5.5 44.6 3.9 59.7 3.6 55.4 1.0 53.0 52.1 51.2 2.4 3.5

InternVL 3.5 FT 8B 74.6 65.0 68.8 67.9 82.0 64.3 79.1 61.2 76.1 80.4 72.2 61.4 64.6
Qwen3-VL FT 8B 75.8 63.9 70.2 66.9 83.4 61.2 80.6 55.6 77.5 79.8 74.8 57.8 61.9
LISA++ FT 7B 28.4 21.3 26.8 19.6 41.2 22.4 38.4 21.9 33.7 39.8 17.8 19.3 21.3

DoCoG (Ours) 9B 83.5 80.3 82.2 79.2 89.7 85.4 87.8 82.7 85.8 85.2 82.0 78.2 81.9

model produces segmentation masks but the benchmark annotations are given as
bounding boxes, we derive the minimal axis-aligned rectangle tightly enclosing
the predicted foreground region and perform IoU evaluation in the box domain.

6 Results

Across all evaluated benchmarks, DoCoG consistently outperforms both com-
mercial and open-source baselines. While commercial models such as GPT-5 and
Gemini 3 Pro often achieve comparable answer accuracy (AQ), their grounding
quality (GQ) remains substantially lower (Tab. 6). In contrast, DoCoG main-
tains strong performance on both AQ and GQ, indicating that explicit step-wise
grounding improves spatial faithfulness and evidence alignment. We attribute
this gap to the nature of DoCoG-Bench: many questions require grounding over
non-textual evidence (graphic primitives, connectors, arrows, plot marks) and
text cases (curved/rotated), where baselines fail.

On chart benchmarks (Tab. 2), DoCoG surpasses strong chart-specialized
systems. Despite Chart-R1 being speci�cally designed for chart reasoning QA,
our model outperforms it across all benchmarks (AQ: 74:2!83:5), highlighting
the bene�t of step-wise grounding for multi-type elements.

On �owchart and diagram reasoning benchmarks (Tab. 3), DoCoG consis-
tently outperforms prior open-source models. It achieves the best results on
FlowVQA and MISS-QA, and remains competitive on AI2D. On the �owchart
split of DoCoG-Bench, DoCoG improves AQ(69:4 ! 82:2) and GQ fa (11:0 !
79:2) compared to Qwen3-VL. These large gains indicate that step-wise grounded
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