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Abstract. Although visual question answering for CAD models (CAD-
VQA) serves a wide range of applications, including in-progress design
review and manufacturing feature recognition, the existing approaches
face two key limitations: reliance on images rendered from fixed, prede-
fined viewpoints and the lack of informative geometric annotations in
these rendered images. Fixed viewpoints are not designed for arbitrary
questions, and may not satisfy the requirements of a given question. To
address this issue, we introduce a question-conditioned adaptive view-
point selection agent, inspired by CAD design review workflows in which
designers carefully select viewpoints for targeted evaluation. However,
viewpoint selection by itself is not sufficient to accurately answer ques-
tions about part shapes and dimensions, because rendered images do
not provide explicit geometric measurements. To address this limitation,
we augment our approach with an adaptive geometric annotation agent
that overlays question-relevant measurements on rendered images in a
question-conditioned manner. To accommodate multiple input modali-
ties—namely CAD models and multi-view rendered images—our method
is implemented as a composition of specialized agents. Extensive exper-
iments across multiple vision–language models demonstrate consistent
performance improvements on both a CAD model dataset and a multi-
view rendered image dataset.

Keywords: Computer Aided Design (CAD) · Vision-Language Model
(VLM) · Visual Question Answering (VQA)

1 Introduction

Computer Aided Design (CAD) is widely used for civil engineering and manufac-
turing. To support CAD designers, two approaches have been proposed: CAD-
Generation and CAD-based Visual Question Answering (CAD-VQA). CAD-
Generation primarily supports the model-creation phase by generating para-
metric operation sequences or final geometry from textual, visual, or point-cloud
conditions.

CAD-VQA [5,6] aims to answer questions about CAD models or their ren-
dered views. Typical examples include manufacturing-oriented counting ques-
tions such as “How many circular holes are present on the target part?” as well
as visual reasoning questions over rendered assemblies such as “Which component
would be directly connected to the rotary actuator’s shaft?” These tasks arise
in design review, feature recognition, and post-hoc inspection/documentation,
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(a) Existing methods [2,5] (b) MARC-V (ours)

Fig. 1. Architectural comparison between existing methods [2,5] and our MARC-V.

where a user often needs question-specific visual evidence rather than a fixed set
of generic views.

With recent advances in Vision–Language Models (VLMs) [13,8,19], most
existing CAD-VQA approaches are built upon VLMs. Due to the input modality
constraints of VLMs, existing methods commonly employ multi-view images
rendered from a set of fixed, predefined viewpoints.

However, such rendered images present three major limitations. First, the use
of fixed viewpoints may not be suitable due to occlusions or limited visibility.
To address this issue, we introduce a question-conditioned adaptive viewpoint
selection agent, inspired by CAD design review workflows in which designers
select viewpoints tailored to specific evaluation aspects.

Second, existing CAD-VQA approaches typically lack explicit geometric mea-
surements, which further hinders the accurate identification and interpretation
of part shapes and sizes within CAD models. To address this limitation, our
adaptive geometric annotation agent overlays geometric measurements onto a
rendered image, thereby enabling improved reasoning over CAD models.

Third, most existing CAD-VQA approaches are tailored to either CAD mod-
els or rendered images, but not both. Multi-modal input capability extends ap-
plicability across different stages of the product lifecycle, with CAD models
primarily used during design and rendered images serving as the dominant rep-
resentation during real-world adoption. Therefore, our method supports both
data modalities by composing multiple specialized agents. This modular design
enables integration into multi-agent frameworks such as LangGraph [7].

Fig. 1 shows the architectures existing methods and our proposed method.
The key component of our method is the question-aware rendering optimiza-
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tion, which elaborately chooses viewpoints and annotations to enhance VQA
performance.

The contributions of this paper are the following.

– Rendering Optimization for CAD-VQA We jointly optimize render-
ing by combining adaptive viewpoint selection with adaptive geometric an-
notation, producing question-aware visual inputs that yield state-of-the-art
performance.

– Modular Multi-modal Input Design By composing multiple specialized
agents, our method supports both CAD models and multi-view images as
inputs. This modular architecture is compatible with existing multi-agent
frameworks.

2 Related Works

2.1 CAD Design Support

CAD-Generation methods focus on synthesizing parametric CAD models from
multi-modal inputs. For example, DeepCAD [16] represents CAD models as
sequences of parametric operations, while CAD-MLLM [17] generates CAD
models directly from inputs such as point clouds, images, and text.

This paper focuses on CAD-VQA, as it involves a broader scope than CAD-
Generation, such as design review and manufacturing-feature recognition.
CAD-VQA formulates question answering tasks over CAD models using VLMs
[13,19,9,10]. Owing to the input restrictions of VLMs, CAD models are typically
rendered into multi-view images prior to inference. VLM CAD Feature Recog-
nition (VCFR) [5] performs VQA on such multi-view rendered images with the
aid of few-shot examples. CAD Query [6] incorporates part-level segmentation
before executing the VQA process. CAD-Image-VQA [2] uses rendered images,
where multiple parts are integrated. A primary part and the surrounding parts
are rendered by red and transparent, respectively.

These rendering-based approaches [5,6,2] suffer from two major limitations:
fixed, predefined viewpoints and the absence of explicit geometric cues. This
paper addresses both limitations in existing CAD-VQA methods [5,6,2].

2.2 3D Visual Understanding

Viewpoint is a critical factor in vision-based tasks. Multi-view convolutional
neural network (MVCNN) [12] enhances object detection by selecting an optimal
viewpoint, where a max-pooling layer aggregates predictions and retains the
most confident result across views. RotationNet [4] mitigates the winner-takes-all
strategy of MVCNN [12] . Detection results from multiple viewpoints are merged
with learned priorities. ViewActive [15] iteratively updates a viewpoint to obtain
high-confidence prediction. Although these studies demonstrate the importance
of viewpoint selection, they do not consider question-dependent reasoning.
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Fig. 2. Multi-Agentic CAD-VQA(MARC-V) pipeline. Both AGA and adaptive view-
point selection agent are question-aware prompt-based procedures to optimize rendered
images.

Visual Prompt provides a mechanism for embedding textual or symbolic infor-
mation directly into images. For example, Set-of-marks [20] encodes numerical
values to enhance detection performance, and GPT4Scene [11] establishes cor-
respondences across views using embedded markers. These works suggest that
overlaying visual markers can significantly enhance 3D scene understanding, and
a similar strategy may also be effective for CAD models.
3D Foundation Models operate on various 3D representations, including point
clouds and multi-view images. PointCLIPv2 [21] projects point clouds onto an
image plane, and the resulting projected images are subsequently processed by a
VLM. To unify multi-modal data within a shared embedding space, ULIP2 [18]
learns an adaptor that aligns the embeddings of point clouds, images, and text.

Although the original CAD model may be available in some settings, directly
operating on raw 3D CAD representations requires a different model class than
the image-centric VLMs used in current CAD-VQA practice. Our goal in this
paper is therefore not to replace CAD-native reasoning with a new 3D foundation
model, but to improve the rendered evidence presented to strong general-purpose
VLMs.

3 Multi-Agent Rendering for CAD-VQA

To enhance CAD-VQA through adaptive viewpoint selection and informative ge-
ometric annotations, we propose Multi-Agent Rendering for CAD-VQA (MARC-
V). MARC-V does not introduce additional task-specific training for either the
adaptive geometric annotation agent (AGA) or the adaptive viewpoint selec-
tion agent. The geometric primitive detectors are off-the-shelf components, and
both AGA and viewpoint selection are implemented as prompt-based selection
procedures over candidate primitives and candidate views, respectively.

Furthermore, to accommodate both image and CAD-model input modali-
ties, our MARC-V bypasses AGA when the input is provided as an image. An
overview of the MARC-V pipeline is illustrated in Fig. 2.

https://orcid.org/0009-0000-3494-696X
https://orcid.org/0009-0005-8599-567X


MARC-V: Multi-Agent Rendering for CAD-VQA 5

Table 1. The resultant images of subsection 3.1 and 3.2.

S1 S2

3.1 Multi-view candidate
creator outputs in I

3.2 Adaptive geometric
annotation agent outputs in

I′

3.1 Multi-view Candidate Creator

We render the CAD model from multiple viewpoints and augment each image
with indexed markers corresponding to detected geometric primitives (lines, cir-
cles, and ellipses). Primitive detection is performed using non-VLM methods
[14,1], which are more efficient and reliable for this task.

Line segments are detected using LSD [14], yielding Li = {[si,j , ei,j ] | j =
1, . . . , Ni}, where si,j and ei,j denote the endpoints of the j-th line in view
i. Ellipses and circles are detected using Ellipse R-CNN [3], producing Ei =
{(ci,k, ϕi,k, ai,k, bi,k) | k = 1, . . . ,Mi}, where ci,k, ϕi,k, and (ai,k, bi,k) denote the
center, rotation, and semi-axis lengths, respectively. A circle corresponds to the
special case ai,k = bi,k. Since Ellipse R-CNN is trained on images captured from
diverse viewpoints, it provides more robust detection compared to analytical
methods [1].

The detected primitives are overlaid on each image with indexed markers
placed at line midpoints and ellipse centers, producing the candidate image set
I = {Ii}.

3.2 Adaptive Geometric Annotation Agent

The Adaptive Geometric Agent (AGA) selects question-relevant labels from de-
tected primitives. Subsequently, the selected labels are converted into geometric
measurements.

Let the set of detected primitives in the i-th view be Pi = {pi,1, ..., pi,Ni+Mi
},

where each primitive is either a line segment or an ellipse/circle candidate.
Rather than overlaying all detected primitives, AGA retains only those that
are likely to be useful for answering a given question q. We assign each primitive
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Detect the necessary labels to conduct the 

following task. The labels are attached on

the input image.

<question_dependent_prompt>

<format_restriction_prompt>

(a) Adaptive geometric annotation agent
prompt to obtain P̂i.

You are provided with input images 

containing multiple views of a 3D CAD model 

taken from different angles. 

Your task is to identify and describe the 

most optimal image to capture manufacturing 

features in the input images. 

The guideline to select only one image is 

the following.

<question_dependent_prompt>

<format_restriction_prompt>

(b) Adaptive viewpoint selection agent
prompt to obtain S∗.

Fig. 3. Prompts designs. Both <question_dependent_prompt> and
<format_restriction_prompt> depend on a question q. The concrete prompts
are described in Fig. 6 and Fig. 7.

a question-conditioned relevance score srel(pi,l, q, Ii), which reflects whether the
primitive is relevant to the queried attribute, sufficiently visible in the current
projection, and suitable for geometric estimation. The retained primitive subset
is then P̂i = {pi,l ∈ Pi | srel(pi,l, q, Ii) ≥ τ} or equivalently the top-k primitives
ranked by srel. A VLM automatically determines the threshold τ , and P̂i is se-
lected accordingly. The prompt to select the retained subset P̂i is illustrated in
Fig.3 (a).

For a line segment with endpoints si,j and ei,j , the recovered 3D length
estimate is as follows:

∥∥∥r(tsi,j ,vi,K
−1

[
si,j 1

]⊤)− r
(
tei,j ,vi,K

−1
[
ei,j 1

]⊤)∥∥∥ plinei,j ∈ P̂i

(1)
For an ellipse candidate parameterized by center ci,k, rotation ϕi,k, and semi-

axis lengths (ai,k, bi,k), we compute a diameter-like estimate using two opposite
points on the fitted ellipse:

∥∥∥r(tzi,k(0),vi,K
−1

[
zi,k(0) 1

]⊤)− r
(
tzi,k(π),vi,K

−1
[
zi,k(π) 1

]⊤)∥∥∥ pellipsei,k ∈ P̂i

(2)
where K is the camera intrinsic matrix, and r(t,v,d) = v + td denotes ray-
casting. v denotes the viewpoint position and d represents the ray direction
from the viewpoint. t corresponds to the distance from the viewpoint to a point
on an object along the ray. Ray-triangle intersection tests are performed to solve
for t. zi,k (θ) denotes a point on a circle or an ellipse, as below:

zi,k (θ) = ci,k +

(
cosϕi,k − sinϕi,k
sinϕi,k cosϕi,k

)(
ai,k cos θ
bi,k sin θ

)
θ ∈ [0, 2π)

(3)
Examples of the resultant images I ′i ∈ I ′ are shown in the last row of Table 1.
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(a) Easy (b) Middle (c) Hard

Fig. 4. Sample images in VCFR [5].

To account for the reliability of image-based primitive detection in section
3.1, we employ two selections in AGA: question-relevant selection and ray-casted
point existence selection. Moreover, even if a primitive mistakenly passes the
above two selections, the corresponding label still presents actual size, because
ray-casted points follow the CAD model.

3.3 Adaptive Viewpoint Selection Agent

Given the annotated candidate views, the adaptive viewpoint selection agent
performs question-conditioned view ranking. Let the candidate rendered views
be V = {v1, ..., vN}. For a given question q, a view utility score u(vi, q, I

′
i) is

assigned on each view vi, which reflects three factors: (1) whether the view
exposes question-relevant geometry, (2) how clearly the relevant primitives are
visible, and (3) whether the view contributes evidence that is non-redundant
with already selected views. The selected view subset is then defined as

S∗(q) = arg max
S⊆V,vi∈S

u(vi, q, I
′
i). (4)

A VLM implicitly determines the view utility score u, from which S∗(q) is de-
rived. When CAD models are available, we partition the candidate views V by
eight octants of R3; when only rendered images are available, we partition the
candidate views V into six subsets randomly. The prompt to select views is
shown in Fig.3 (b).

The subsequent VQA agent is the same as conventional approaches [2,5]. The
agent answers on a given question q based on selected images S∗.

4 Evaluation

4.1 Dataset

VCFR [5] dataset consists of 100 CAD models in STEP format, categorized into
three complexity levels. The dataset formulates CAD-VQA as a counting-based
manufacturing feature recognition task and encompasses six question types that
vary in prompting strategy and input modality. Following prior work, we evaluate
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performance using accuracy and feature matching rate. While VCFR originally
uses three fixed viewpoints, we additionally evaluate an eight-view setting for
fair comparison with our adaptive rendering framework.

Sample images are shown in Fig. 4. While the easy and middle levels differ
noticeably in terms of structural features, such as holes, bosses, and slots, the
hard level does not exhibit significant structural differences from the middle
level.
CAD-Image-VQA [2] dataset consists of rendered multi-view images arranged
into tiled inputs, where each tiled input includes six views depicting a target
CAD part and its surrounding parts. The surrounding parts are rendered trans-
parently to emphasize the target CAD part. The task is formulated as multiple-
choice visual question answering, and evaluation is performed using classification
accuracy.

4.2 Implementation

VLMs We evaluate general performance using multiple VLMs, including GPT-
4o [9], GPT-5.1 [10], LLaVA-1.6-Mistral-7B (LLaVA-1.6) [8], and Qwen2.5-VL-
8B-Instruct (Qwen2.5-VL) [19]. GPT-4o is accessed via the Azure OpenAI API
with version 2024-10-21. GPT-5.1 is accessed through the OpenAI API with the
reasoning effort set to low. For the open models LLaVA-1.6 and Qwen2.5-VL,
the temperature is set to zero, resulting in deterministic outputs and a zero
standard deviation. Unless otherwise specified, all experiments are conducted
using the default inference settings of each model. Due to output variability in
closed models, all reported results for GPT-4o and GPT-5.1 are averaged over
five independent runs.
VCFR We use pythonOCC to render CAD models in VCFR dataset, following
the conventional rendering pipeline adopted in VCFR method. The multi-view
candidate creator generates images from 78 distinct viewpoints. The detail view-
point setting is depicted in Fig. 8. While the original VCFR method uses only
three viewpoints as inputs for a VLM, we also conduct VCFR method with eight
viewpoints to ensure comprehensive coverage of the CAD model.
CAD-Image-VQA When employing MARC-V, only the adaptive viewpoint
selection agent is employed, as the dataset provides only pre-rendered images.
Specifically, six images are selected from the 72 rendered images in the CAD-
Image-VQA dataset following the strategy described in subsection 3.3. The
selected views are concatenated and downsampled to a resolution of 362× 256,
consistent with the preprocessing procedure used in the original CAD-Image-
VQA method. The temperature of a VLM is adjusted to 0.01.

4.3 Result

VCFR The quantitative results are presented in Table 2. The predefined VQA
prompts in VCFR method are used across all experiments; no test-time prompt
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Table 2. Experiment on VCFR [5] dataset. Easy, Middle, and Hard represent structual
complexity. FMR stands for Feature Matching Rate.

Category VLM Method Views Easy Middle Hard Overall

Acc. (%) FMR (%) Acc. (%) FMR (%) Acc. (%) FMR (%) Acc. (%) FMR (%)

Open

LLaVA-1.6
VCFR 3 50.43±0.00 83.58±0.00 22.32±0.00 73.55±0.00 43.57±0.00 89.42±0.00 32.71±0.00 81.51±0.00
VCFR 8 63.48±0.00 74.63±0.00 27.46±0.00 61.16±0.00 42.32±0.00 73.08±0.00 37.06±0.00 68.49±0.00
MARC-V 8 61.04±0.00 88.06±0.00 27.28±0.00 77.19±0.00 45.89±0.00 88.65±0.00 37.56±0.00 83.56±0.00

Qwen2.5-VL
VCFR 3 72.17±0.00 67.16±0.00 52.68±0.00 69.42±0.00 65.15±0.00 75.00±0.00 59.20±0.00 70.89±0.00
VCFR 8 70.43±0.00 68.66±0.00 53.57±0.00 68.60±0.00 63.90±0.00 70.19±0.00 59.08±0.00 69.18±0.00
MARC-V 8 68.87±0.00 72.84±0.00 73.66±0.00 75.04±0.00 65.98±0.00 73.08±0.00 70.27±0.00 73.29±0.00

Closed

GPT-4o
VCFR 3 73.91±1.06 74.63±1.83 56.47±3.85 72.56±1.79 63.73±0.81 65.38±1.52 61.14±2.14 70.48±1.04
VCFR 8 78.43±1.29 75.22±1.70 60.40±2.00 70.08±1.08 66.64±1.27 68.08±1.25 64.85±0.78 70.55±0.34
MARC-V 8 85.22±1.06 88.06±1.83 73.39±8.09 78.68±1.08 79.00±1.43 84.42±1.25 76.77±4.61 82.88±0.42

GPT-5.1
VCFR 3 78.61±2.09 84.48±2.26 89.20±2.39 83.97±0.74 82.41±2.23 84.81±1.85 85.65±1.56 84.38±0.89
VCFR 8 83.30±1.56 85.07±2.79 74.96±2.26 81.82±1.31 86.47±1.96 88.27±1.25 79.60±1.51 84.86±1.12
MARC-V 8 84.70±4.11 85.67±2.91 86.96±1.08 86.94±1.48 85.64±1.39 88.85±1.99 86.24±0.72 87.33±1.39

Table 3. Ablation study on VCFR [5] dataset. Overall performance is presented.

Category VLM Method Views Acc. (%) ↑ FMR (%) ↑

Open

LLaVA-1.6
VCFR [5] 37.06±0.00 68.49±0.00
MARC-V (w/o AGA) 8 37.81±0.00 85.27±0.00
MARC-V (w/ AGA) 37.56±0.00 83.56±0.00

Qwen2.5-VL
VCFR [5] 59.08±0.00 69.18±0.00
MARC-V (w/o AGA) 8 67.54±0.00 68.84±0.00
MARC-V (w/ AGA) 70.27±0.00 73.29±0.00

Closed

GPT-4o
VCFR [5] 64.85±0.78 70.55±0.34
MARC-V (w/o AGA) 8 69.28±2.23 74.79±1.62
MARC-V (w/ AGA) 76.77±4.61 82.88±0.42

GPT-5.1
VCFR [5] 79.60±1.51 84.86±1.12
MARC-V (w/o AGA) 8 82.79±1.95 85.00±0.74
MARC-V (w/ AGA) 86.24±6.01 87.33±1.65

adaptation is applied. The results demonstrate that MARC-V achieves perfor-
mance improvements in most evaluation settings. Notably, more than 10% im-
provements are observed on GPT-4o and Qwen2.5-VL.

The sources of performance improvement vary across complexity levels. In the
easy category, structural features are sparse, and question-relevant information
is often hidden by the limited three viewpoints. Consequently, eight views lead to
better performance than three views. In contrast, the middle and hard categories
contain denser structural features, where question-aware rendering—particularly
adaptive viewpoint selection and geometric annotation—more effectively sup-
ports model understanding. This benefit is especially found for stronger VLMs
such as Qwen2.5-VL and GPT-4o.

As shown in Table 3, AGA improves performance for GPT-4o, GPT-5.1,
and Qwen2.5-VL, suggesting that these models can make effective use of added
geometric overlays as question-relevant cues. In contrast, LLaVA-1.6 shows slight
degradation. This difference is consistent with prior findings [5] that VLMs
vary in their robustness to dense scenes, visualized text, and fine-grained spatial
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Table 4. Experiment on CAD-Image-VQA [2] dataset.

Category VLM Method Views Acc. (%) ↑

Open Qwen2.5-VL CAD-Image-VQA [2] 6 57.65±0.00
MARC-V (ours) 60.94±2.41

Closed
GPT-4o CAD-Image-VQA [2] 6 44.23±2.14

MARC-V (ours) 44.47±6.52

GPT-5.1 CAD-Image-VQA [2] 6 58.82±1.18
MARC-V (ours) 60.71±1.97

Question: Based on the 2D image, which of the following components would you
expect to see directly connected to the rotary actuator’s shaft in an assembled

system?

(a) CAD-Image-VQA [2] (b) MARC-V (ours)

Fig. 5. Selected multi-view images in CAD-Image-VQA [2] experiment. (a) uses prede-
fined multi-view images. (b) uses the adaptive viewpoint selection agent in subsection
3.3.

grounding. We therefore hypothesize that AGA is beneficial when a model can
reliably associate overlaid markers and measurements with the queried feature,
but may be detrimental when the added annotations act as visual interference.
CAD-Image-VQA The quantitative results on the CAD-Image-VQA dataset
are summarized in Table 4. Even without AGA, MARC-V outperforms the CAD-
Image-VQA baseline on all the cases. This improvement is primarily attributed
to the effectiveness of the proposed view selection strategy. As illustrated in
Fig. 5, MARC-V selects more question-relevant views. Such targeted view selec-
tion leads to higher accuracy in the VQA task. We could not evaluate the results
on LLaVA-1.6, due to its hallucinated responses. We observe a discrepancy be-
tween our rerun GPT-4o result in Table 4 and the result reported in the original
paper [2]. Though the original paper reports an accuracy of 54.11 with GPT-4o,
our rerun result achieves 44.23. We attribute this discrepancy to differences in
the deployment environment: the original paper uses OpenAI GPT-4o, whereas
our experiments are conducted using Azure OpenAI.
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5 Limitation

Our current evaluation should be interpreted as an initial validation on two
complementary CAD-VQA settings rather than as a final large-scale robustness
study. In addition, the geometric annotations in MARC-V rely on the quality
of projected primitive detection and ray-based recovery from rendered views.
Under severe occlusion, truncation, overlapping geometry, or highly ambiguous
projections, the recovered annotations may become unreliable. We will expand
the evaluation with finer-grained analysis and qualitative failure cases, and we
view the construction of a larger benchmark with question-level view relevance
and primitive relevance annotations as an important direction for future work.

6 Conclusion

We propose MARC-V, a multi-agent framework for question-aware rendering
in CAD-VQA. Experiments show consistent performance gains across most set-
tings, highlighting the importance of question-aware rendered images for 3D-
VQA. Moreover, MARC-V is compatible with modular multi-agent frameworks,
which enables its application to both CAD model datasets and rendered image
datasets.
Acknowledgement We gratefully acknowledge the support and resources pro-
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Detect the necessary labels to conduct 

the following task. The labels are 

attached on the input image.

Task: Detect salient straight lines and 

circular features suitable for CAD 

interpretation (boundaries, edges, hole 

diameters).

** The maximum number of labels is 

limited to <number of labels>

**Strict format examples is following. 

Example output: 

{

"important_labels": [1, 3, 5],

}

**Strict format is following. 

Strict format:

{

"important_labels": [<int>]

}

<question_dependent_prompt>

<format_restriction_prompt>

(a) Concrete prompt for adaptive label
annotation

5

You are provided with input images

containing multiple views of a 3D CAD 

model taken from different angles.

Your task is to identify and describe 

the most optimal image to capture

manufacturing features in the input 

images.

The guideline to select only one image 

is the following.

**Return the results in the following 

JSON format, strictly as valid JSON.**

**Do not include any other content, 

including any punctuation around the

text.** 

**"selected_view" must be selected from a

text at the top-left on each image.**

**"selected_image" must be single. Only

one "selected_image" key is strictly 

allowed. **

**"reasoning" must be under 25 words. **:

Example output:

{

"selected_image": [

{

"selected_view": "view_3",

"exists": true,

"reasoning": "Observes two 

through holes on the top surface."

},

]

}

### Example Images:

Before proceeding with your task, here is

an example image of holes, pockets, 

threads, chamfers, rounds, slots, bosses,

gussets, and ribs.

(Example image and answer will be

provided below)

<format_restriction_prompt>

<question_dependent_prompt>

(b) Concrete prompt for adaptive
viewpoint selection

Fig. 6. The prompts for the adaptive geometric annotation agent and the adap-
tive viewpoint selection agent, respectively. <number_of_labels> is a variable
for the maximum number of detecting labels. <question_dependent_prompt> and
<format_restriction_prompt> are placeholders illustrated in Fig. 3.
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You are provided with input images

containing multiple views of a 3D CAD 

model taken from different angles.

Your task is to identify and describe 

the most optimal image to capture

manufacturing features in the input 

images.

The guideline to select only one image 

is the following.

The two images are selected by the 

strongest relationships with the

following question.

<question>

**Return the results in the following 

JSON format, strictly as valid JSON.**

**Do not include any other content, 

including any punctuation around the text.

** 

**"selected_view" must be selected from a

text at the top-left on each image.**

**"selected_image" must be single. Only

one "selected_image" key is strictly 

allowed. **

**"reasoning" must be under 25 words. **:

Example output:

{

"selected_image": [

{

"selected_view": "view_3",

"exists": true,

"reasoning": "Observes two 

through holes on the top surface."

},

{

"selected_view": "view_5",

"exists": true,

"reasoning": "The view is 

related with the question."

}

]

}

<question_dependent_prompt>

<format_restriction_prompt>

Fig. 7. The prompt for the adaptive viewpoint selection agent on CAD-
Image-VQA dataset. <question> is a variable to input a given question.
<question_dependent_prompt> and <format_restriction_prompt> are placeholders
illustrated in Fig. 3.

https://orcid.org/0009-0000-3494-696X
https://orcid.org/0009-0005-8599-567X
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(a) VCFR (3 views) (b) VCFR (8 views)

(c) Multi-view candidate creator of MARC-V
(78 views)

Fig. 8. Dedicated viewpoint configurations used in the VCFR dataset experiments.
Each blue tetrahedron indicates a camera viewpoint.
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