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GT for Projection:
A person in the water
surfing a wave.

FastVLM: A surfer riding a
large wave is projected
onto a pillow, creating an
immersive surfing
experience.

ProCap: Aman riding a
wave on a surfboard.

GT for Scene:
Wood cutting board and
two blue vases on a table.
FastVLM: A wooden table
with a picture of a surfer
riding a wave, a blue vase,
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GT for Projection:

A small, brown limousine
sits in front of a house.
FastVLM: A black and
white image of a car is
projected onto a wooden
surface.

ProCap: A black and white
photo of a man in a car.

GT for Scene:
This is a wooden cutting board
and two blue vases.
FastVLM: The image
features a wooden table with
two ceramic vases, one blue
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GT for Projection:

Green and white pool balls
on a round billiard table.
FastVLM: A bowl of green
grapes is projected onto a
wooden table, creating an
interesting visual effect.
ProCap: A group of people
playing pool on a table.

GT for Scene:
Wooden cutting board sitting on
a counter beside two blue

vases.

FastVLM: The image depicts
a wooden table with two vases,

and a green vase.
ProCap: Thick wooden
cutting board in corner with
two blue bottles on table.

and one green, placed on it.
The table is.

ProCap: Thick wooden
cutting board in corner with two
blue bottles on table.

one blue and one green, placed
on it. The table has a.
ProCap: Thick wooden
cutting board in corner with two
blue bottles on table.

Figure 1: An overview of the ProCap framework for understanding complex SAR scenes with projected content. Given a challenging
input image containing both a physical scene and a digital projection (left), our framework first employs an automatic segmentation
module to disentangle the projection domain. Based on this mask, the model performs region-aware retrieval, sourcing distinct
concepts for the physical environment and the projected content. Finally, our dual-task generation produces two independent and
factually accurate descriptions: one for the scene and one for the projection. This approach successfully overcomes the critical
failure of general-purpose VLMs, which often conflate the two contexts and generate a single, hallucinated caption. We highlight

incorrect captioned objects in ‘red and correct ones in blue . Note that the model outputs are truncated by the max tokens limit.

ABSTRACT

Spatial augmented reality (SAR) directly projects digital content
onto physical scenes using projectors, enabling immersive and col-
laborative experiences without requiring head-mounted displays.
Yet, understanding such augmented scenes remains challenging for
current vision language models (VLMs), which often lack spatial
awareness, clear frames of reference, and dedicated datasets. To
address these limitations, we introduce ProCap, a projection-aware
captioning framework that integrates spatial and semantic knowl-
edge for SAR scene understanding. At the core of ProCap is RGBP
(RGB images with Projections), a large-scale dataset comprising 70
complex SAR scenes with diverse projections under varying light-
ing, occlusion, and object configurations. Building on this dataset,
ProCap employs a two-stage framework: (1) automatic projection
segmentation to separate projected virtual content from the physical
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environment, and (2) region-aware retrieval and attentive fusion to
guide large language models in generating accurate and context-
aware captions. Extensive experiments under a dual-task evaluation
protocol demonstrate that our ProCap not only achieves competitive
performance on physical scene description but also substantially
outperforms state-of-the-art models on projection description. Ab-
lation studies further validate the importance of segmentation and
retrieval-based augmentation. Our work provides the first unified
approach to SAR scene understanding, paving the way for multi-
modal interaction in projector-camera systems. The source code,
pre-trained models and the RGBP dataset are available on the project
page: https://ZimoCao.github.io/ProCap/.

Index Terms: Spatial augmented reality, vision language model,
scene understanding.

1 INTRODUCTION

Spatial augmented reality (SAR) [8,27] delivers digital content di-
rectly onto physical surfaces using devices like projectors rather than
relying on screens. This technique has various applications in fields,
including art design, industrial production, and user interaction. By
using projected textures, colors, and other effects to improve the
visual perception of objects, SAR enables multiple users to share
and interact with the augmented scene simultaneously.
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With the advancement of vision language models (VLMs) [49],
a wide range of applications have emerged based on this technol-
ogy, such as image-based question answering, visual grounding, and
multimodal reasoning. However, applications specifically tailored to
SAR remain largely unexplored. Several reasons contribute to this
gap: (1) Weak spatial awareness in SAR scene. VLMs perform
well in semantic recognition (identifying “apple”, “chair”, etc.) but
often fail at spatial tasks like estimating depth, orientation, or surface
curvature. This is critical in SAR, where projections must align with
uneven surfaces or moving objects in real time, but VLMs are not
trained for. (2) Ambiguous frames of reference (FoR). VLMs fre-
quently misinterpret spatial prepositions (“on”, “under”, “next to”,
etc.) unless given explicit guidelines. In projection systems, even if
the surface area is correctly identified, misaligned FoRs lead to incor-
rect overlay placement. (3) Moreover, there are few SAR datasets
for VLMs, leading to training data mismatch. Existing SAR evalua-
tions focus on image quality assessment, projector-camera systems
(ProCams) calibration, and efc. There is no unified metric to evalu-
ate end-to-end SAR+VLM alignment quality, rendering reliability
and user-perceived realism in one framework.

To address these issues, we propose ProCap, a novel framework
designed to bridge this gap by explicitly disentangling the physical
scene from the projected content. Our approach introduces a cru-
cial first stage: an automatic segmentation module that identifies
and isolates the projection area from the surrounding environment.
This provides the VLM [39,49] with unambiguous spatial context,
directly tackling the challenges of weak spatial awareness and am-
biguous frames of reference. Furthermore, to address the lack of
training data, we introduce the RGBP dataset (RGB images with
Projections), a new, large-scale dataset specifically created for SAR
scenarios. Unlike conventional datasets, it provides rich annota-
tions, including precise segmentation masks and, critically, separate
ground truth (GT) captions for both the physical environment and
the projected content. Finally, to enable fair and comprehensive eval-
uation, we propose a dual-task evaluation protocol. This protocol
assesses the model’s ability to generate accurate captions for the
physical scene and the projection independently, offering a granular,
end-to-end measure of its performance in SAR contexts. Through
this combination of a specialized architecture, a tailored dataset,
and a targeted evaluation methodology, ProCap significantly en-
hances the VLM’s capacity for nuanced understanding and caption
of complex SAR environments.

Our work focuses on improving the caption and recognition abil-
ity of large language models for complex SAR scenes including
projection information. Our contributions can be summarized in
three aspects:

* ProCap Framework: We propose a novel two-stage archi-
tecture that explicitly disentangles projected content from the
physical scene. By utilizing an automated segmentation mod-
ule and region-aware retrieval, our method provides the VLM
with unambiguous spatial context, resolving the frame-of-
reference ambiguity inherent in SAR scenes.

RGBP Dataset: We introduce the first large-scale benchmark
for SAR-based vision-language tasks, featuring 70 diverse
physical environments paired with over 180,000 digital pro-
jections. The dataset provides dense annotations, including
precise segmentation masks and decoupled ground-truth cap-
tions for both physical and projected layers.

Dual-Task Evaluation Protocol: We establish a new evalu-
ation paradigm that employs task-specific tokens to separate
scene-level and projection-level descriptions. This protocol
enables a granular, independent assessment of model perfor-
mance, preventing the metric bias caused by task confusion in
complex projection scenarios.

2 RELATED WORK
2.1 Spatial augmented reality

Spatial augmented reality (SAR) aims to project designed patterns
onto physical objects altering appearance. In this way, the observer
does not need to wear any special equipment to perceive the aug-
mented scene, ultimately blurring the boundary between digital and
physical information. To construct immersive SAR, projector/sensor
technologies and human perception and cognition are required.

2.1.1 Projection mapping

Projection mapping (PM) [33,44-47,59] projects virtual contents
onto real object surfaces using projector-camera systems, and is
widely utilized in creative arts, industrial design [12,25], and en-
tertainment. Interactive PM extends visual display to manipulation
of human perception. User gestures, movements and expressions
are tracked by sensors [7,48] and cameras [4, 14,28,31], enabling
interaction with the projected contents. Recently, Erel et al. [14]
proposed an enhanced ProCams for real-time dynamic projection of
3D content onto user’s hands. As diffusion models advance, instruc-
tional natural language is been fully utilized to control projected
content [11, 13, 14]. Deng et al. [11] proposed language-guided
projector image generation method with surface adaptation and styl-
ization.

2.1.2 Plausibility illusion in SAR

Plausibility illusion (Psi) refers to the convincing sense that projected
content in SAR plausibly interacts with the physical world, leading
users to perceive it as real [53]. To improve Psi, one solution is
projector compensation, which aims to produce the viewer’s desired
projection effects by modifying the projector input patterns to elimi-
nate the distortions influenced by the environment [59] and projected
surface or object attribute, further developing more applications as
diminished reality. Early methods focused on geometry and color
distortions, such as geometric correction combined with camera
radiometric calibration [51]. While effective, these approaches often
required re-calibration when projector settings changed, limiting
flexibility under frequent adjustment. To address these issues, pixel-
wise photometric compensation [16] using RGB image sampling and
thin plate splines (TPS) interpolation over radiometric calibration.
Under the limitation of the projector’s physical brightness, computed
compensation may exceed its capabilities, leading to artifacts. To
achieve visually satisfactory projections, properties of the human
visual system such as chromatic adaptation and perceptual anchoring
are leveraged [26].

With the advent of deep learning, photometric [22] and geomet-
ric [21,23,24,57,58] compensation are formulated as an end-to-end
learning problem. Leveraging optical illusions [43] to produce
high-quality non-negative images explores compensation artifacts
reduction. To better handle complex lighting scenarios such as multi-
bounce illumination and to address the challenge of decomposing
scene parameters, path tracing-based differentiable rendering [38]
is utilized in ProCams, achieving superior performance in com-
pensating dark textures. Furthermore, additional factors such as
depth-induced blur and light occlusion still hinder the projection
quality. Neural network-based methods remain effective on de-
blurring [32], and a lens-modified projection system [34] further
removes the cast shadow in projection by condensing the projection
light into a narrower beam. However, a disconnect remains between
the plausibility illusion in SAR and VLM-based reasoning, causing
a mismatch with human perceptual expectations. To our knowledge,
no existing method addresses SAR scene comprehension through
VLMs.

2.2 Domain-aware vision language model

Vision language models [2,5,6,40,49,55,64] aim to connect the two
different modalities of vision and language and learn the correspon-



dence between them. Early VLMs achieve contrastive pre-training
on large-scale image-text data [30,56], with strong cross-domain gen-
eralization, laying the foundation for subsequent generalized visual
language tasks (e.g. image retrieval, text generation, efc.) [3,5, 10].
Despite the excellent performance of generic models, directly using
them for specialized domains suffers from limited effectiveness. To
address this issue, solutions have been proposed for adaptation to
specialized domains:

Full fine-tuning is commonly used for VLM domain adaptation. Re-
searchers use small-scale labeled datasets from specific domains to
further train the pre-trained general VLMs to adjust model parame-
ters to better fit the tasks and data distribution of specialized domains.
However, full fine-tuning of all model parameters is computation-
ally expensive and often leads to overfitting, especially when only
limited labeled data is available. To mitigate this, an intermediate
step known as domain-specific continued pre-training is often intro-
duced [18,39]. In this approach, large-scale unlabeled or weakly
labeled data from the target domain is used to continuously pre-
train the model before downstream task fine-tuning. This allows the
model to acquire domain-relevant visual features and linguistic pat-
terns, thereby providing a more suitable initialization for subsequent
fine-tuning and improving its effectiveness.

Parameter-Efficient Fine-tuning (PEFT) methods have been de-
veloped to further address the inefficiencies of full fine-tuning.
Techniques such as adapter tuning [19] and low-rank adaptation
(LoRA) [20] enable efficient adaptation by modifying only a small
subset of parameters, significantly reducing computational cost
while maintaining competitive performance. These methods add
only a small number of trainable parameters or modules to the model
while freezing most of the pre-trained model parameters. This not
only greatly reduces the computational resources required for train-
ing, but also effectively avoids the problem of catastrophic forgetting
on general knowledge.

Retrieval Augmentation (RA) addresses specialized domains with
precise knowledge (e.g., legal, medical). Some research efforts have
attempted to combine language models with an external knowledge
base [29,36,60]. When the model needs to answer a specialized
question, it first retrieves relevant documents or cases from the
knowledge base, and then uses the retrieved information as a context
to generate an answer together with the input visual information.
In summary, although SAR research focuses on projection quality
and plausibility illusion, and VLM studies explore domain adap-
tation and retrieval augmentation, none address this unique chal-
lenge of SAR scene understanding. The main obstacle is the lack
of benchmarks, as existing datasets (e.g., COCO [42], nocaps [1],
WHOOPS! [9]) do not capture projection-related phenomena.

3 RGBP DATASET

VLM performance depends on the diversity of the training data.
While datasets like COCO [42] are standard for general recognition,
they do not account for the interaction between digital projections
and physical surfaces common in SAR. To address this, we devel-
oped the RGBP dataset to train and evaluate VLMs in complex
projection environments.

3.1 Data acquisition

We used a projector-camera system (ProCams) in a hemispherical
setup (Fig. 2). We varied two main factors to ensure the dataset
covers a wide range of real-world conditions:

Lighting: We used ambient light and an RGB light panel
(YONGNUO YN300Air II) to create scenarios ranging from bright,
uniform illumination to dim, high-noise environments.

Geometry: We changed the projector’s angle and placed physical
objects stochastically to create diverse geometric distortions and
surface occlusions.

Ambient light

Figure 2: Configuration of the RGBP dataset capture environment.

Table 1: Detailed composition of the RGBP dataset. T},.; is the
projection image set. Training data and 65 evaluation sets were
captured using an EPSON ELPLP-78 (1600 x 1200) and a Canon
600D (1080 x 720). The remaining 5 evaluation sets used an EPSON
EB-C2050WN (1600 x 1200) and a Nikon D3200 (1080 x 720).

Split Throj (per scene) Scenes Total Pairs
COCO train (2,000%) 60 118,287 (59 x 2,000 + 287)

COCO val (160)
Evaluation nocaps val (300) 70
WHOOPS! (500)

Total 70

Training

67,200 (70 x (160+300+500))

185,487 (118,287 + 67,200)

*Scene60 only contains 287 images.

— Scene Caption |

{ ‘“clay potted plant and small wooden
bench next to a brick wall”,

“there is a potted plant and a small

| wooden chair by a brick wall”,

Projection Caption

"A grumpy cat inside of a suit case.",
"A white and brown cat laying in a
packed suitcase. “,

3.2 Composition of the training and evaluation dataset

The dataset composition are shown in Tab. 1, including hardware
and resolution details. The projection image set, Tproj, pulls from
COCO [42], nocaps [1], and WHOOPS! [9] for semantic variety.

Training set. We used 118,287 images from the COCO train
split, distributed across 60 physical scenes. Each scene includes
2,000 unique projections (287 for the final scene, since scene60 only
has 287 images). To help the model separate the physical scene
from the projection, we also captured baseline frames for each scene
using pure black, white, and gray projections. Then, we leveraged
language models to assist in generating 50 high quality captions
per scene. Five of these captions were randomly matched to each
individual image. This strategy enhances both the diversity and
accuracy of physical scene captions. Some training samples are
shown in Fig. 3.

Evaluation set. The evaluation set includes 67,200 image pairs
across 70 scenes, using 960 test images from COCO val, nocaps val,
and WHOOPS!.
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Figure 3: All 60 scenes used to train models. They are used to form
the RGBP training dataset, represented by scenes 13 (blue box), 25
(yellow box), 37 (red box), and 49 (green box). The final data form of
these four groups of representative scenes, combined with projected
content, is also given below the 60 scenes.

3.3 Annotation and dual-task evaluation protocol

Instead of a single caption, RGBP uses a dual-task annotation
scheme. For every image, we provide: (1) A binary segmentation
mask of the projected area; (2) Two separate ground truth (GT) cap-
tions, i.e., a Scene GT (describing the room/objects) and a Projection
GT (describing the projected image content).

A key innovation of the RGBP dataset is its specialized annotation
scheme, which enables a granular, disentangled evaluation. For
each generated image pair, we provide not only a precise binary
segmentation mask but also two distinct GT captions, which form
the basis of our dual-task evaluation protocol.

During evaluation, the model is prompted to generate two distinct
captions. This allows us to measure how well the model understands
the physical environment versus the projection overlay indepen-
dently, providing a clearer picture of its performance than a single
holistic score in SAR applications.

4 PROJECTION-AWARE CAPTIONING (PROCAP)
4.1 Problem formulation

The goal of ProCap is to distinguish the projected content from
the physical scene despite distortions caused by color, brightness,
and geometry. Existing VLMs face limitations in performing these
two tasks simultaneously. We therefore formulate projection-aware
captioning as a dual-task problem.

Given an image I captured from an SAR scene (Fig. 3), where I
contains both physical objects and projected content, the model is
required to generate two captions:

(Conys Cproj) = F(I), (1

where Cppy denotes the caption describing the physical environment
(e.g., objects, layout, lighting), and Cproj denotes the caption describ-
ing the projected content (e.g., text, images, animations).

The primary goal is to disentangle dual-source visual signals from
I to generate contextually coherent, modality-specific descriptions.
Formally, this interaction is modeled as a superimposition:

I = Iy @ o, 2

where @ represents the complex photometric and geometric blending
of physical and projected content. Because direct disentanglement
poses a significant challenge for standard VLMs, our ProCap frame-
work approximates the inverse of this operation. By leveraging
projection-aware segmentation and retrieval-augmented priors, we

decompose the input space to facilitate the accurate generation of
(Cphy; Cproj) Within a unified captioning pipeline.

In order to complete the task of describing complex scenes con-
taining projection information, we first need to clarify the difference
between projection information and scene information. In ProCap
framework, we roughly divide the model training into two steps: (1)
separating the projected region and the physical scene region using
segmentation, and (2) extracting features for the projected region
and the remaining scene region, respectively.

4.2 Projection segmentation

The primary goal of this stage is to identify and segment projection
areas within an input image I. To formalize this process, we define
the segmentation module as a function S. This function represents a
neural network trained specifically to differentiate projection content
from its surrounding environment. The function takes an image I
as input and produces a binary mask, My, which mathematically
represents the segmentation result.

Myin = S(I) 3

In this output mask, pixel values of 1 represent the projection area,
while values of O represent the physical scene area. This allows us
to logically define the projection region (1}r0j) and the scene region
(Rscene) for the subsequent stage.

We adopt a coarse masking strategy to balance segmentation
accuracy with computational robustness. Rather than computing
instance-specific boundaries, we define Rpr0; using a standardized
white-light projection for each scene. This approach intentionally
discards peripheral edge noise and only keeps the high-entropy
central region, effectively acting as a spatial regularizer. In this way,
we prevent the model from overfitting to scene-specific artifacts and
minimize the impact of environmental noise during the segmentation
phase.

4.3 Region-aware retrieval and captioning

‘We use the projection obtained segmentation mask above to query
an external knowledge base in a region-aware manner and generate
the final description.

4.3.1 Unified external visual-name memory

Our framework utilizes a single, unified external knowledge base,
structured as a key-value memory for efficient similarity-based re-
trieval. This knowledge base, denoted as M, contains a large vo-
cabulary of objects derived from datasets LVIS [17]. We formally
define it as a set of n tuples, where each tuple consists of a visual
embedding (key) and its corresponding name (value):

M = {(ki,vi) }iea C)

Each key k; is a high-dimensional vector representing the visual
features of an object, and each value v; is the textual name of that
object.

4.3.2 Feature extraction and retrieval

First, a vision encoder £ processes the image I to extract high-
resolution feature maps, Zj,,.. To create distinct representations for
the segmented regions, we then apply a Mask Pooling operation.
This technique aggregates the features in Zj,, only within the areas
defined by our binary mask. For the projection region (Mpin), we
compute a feature vector F}..j by averaging the corresponding
features.

Froroj = MaskPool(Zf]r7 Miin) (5)

Similarly, we compute a distinct feature vector Fycene for the physi-
cal scene region by applying the same pooling operation to the areas
where the mask value is 0.

Ficene = MaskPool(Z},,, ~ Muin), (6)
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Figure 4: Overview of the proposed ProCap architecture. Given an input image containing both physical scene and projected content, a frozen
vision transformer (ViT) backbone first extracts coarse visual features, which are refined into higher-resolution representations by a feature
refinement module. An region of interest (ROI) prediction head estimates a projection mask, enabling mask pooling to disentangle scene and
projection features. The disentangled features are then processed by two specialized Q-Formers: a scene Q-Former encodes global scene
features, while a projection Q-Former focuses on projection-specific features. Retrieved semantic knowledge (object names) from an external
memory is further encoded by a semantic Q-Former and fused with projection tokens. Finally, the scene and projection representations are
projected into the embedding space of a frozen large language model via a linear connector, conditioned on task-specific tokens, to generate
separate and accurate captions for both the physical scene and the projected content.

where operator ~ is bitwise inversion. With these region-specific
feature vectors, we can now query the unified knowledge base. We
define a retrieval function R, which takes a feature vector F', the
knowledge base M, and an integer K as input. The function works
by calculating the cosine similarity between F' and all keys k; in M,
and returns the corresponding names v; for the Top-K most similar
keys. This process is applied in parallel to get two distinct lists of
object names.

Nproj :R(FproijyK) (7)

The list Np.o; contains the names of objects identified within the
projected content. The Q-Former, denoted as F (), aggregates the
feature vector F' into a fixed number of global visual query features
Q. Qo is a learnable initial query.

Q = F(F, Qo) ®

4.3.3 Multi-source fusion and generation

To generate a coherent description, the model must synthesize the
global visual context with the specific information retrieved for each
region. Therefore, an attentive fusion module, Fusion is applied. This
module takes two distinct inputs: the global visual query features
Q, the list of retrieved projection names Np.0j. Through a series of
cross-attention layers, it produces a single, contextually rich feature
vector, Heused.

Hfused = ﬁusion(g, Nproj) (9)

The fused feature vector Heysea €Xists in a custom feature space.
To make it compatible with the LLM, it must be projected into the
LLM’s word embedding space. We use a trainable linear layer, de-
noted by ¢, for this transformation. The resulting vector, Hprompt.,
serves as the final, comprehensive prompt embedding for the de-
coder.

Hprompt = (b(Hfused) (10)

Finally, a frozen LLM decoder autoregressively generates the final
caption C' = (c1, ..., c) based on the prompt embedding Hprompt -

4.4 Training objective

The entire framework is trained end-to-end using a standard autore-
gressive language modeling objective. The goal is to maximize the
likelihood of the model generating the GT caption C' = (c1, ..., cL),
conditioned on the visual and retrieved information encapsulated in
Hpompt. This is achieved by minimizing the negative log-likelihood
(cross-entropy loss), £, over the model’s trainable parameters 6.

L
[,(9) = — ZlOgP(Ct|Hprompt7Cl!tfl;g) (11)

t=1

The trainable parameters € include the segmentation module S, the
global visual query features Q, the fusion module Fysion, and the
linear layer ¢.



5 EXPERIMENTS
5.1 System configuration

We implemented and evaluated our ProCap based on different open-
source large language models: TinyLlama-1.1B [61], OPT-2.7B [62],
OpenLLaMA-3B [54], Vicuna-1.5-7B [63] for scalability. In addi-
tion, we fine-tune Qwen3-VL-8B-Instruct [5] on our RGBP dataset
using supervised fine-tuning (SFT) and LoRA, following the proce-
dure in [35]. Key training parameters were kept consistent across ex-
periments: Training and inference were conducted on one NVIDIA
A100, one NVIDIA RTX PRO 6000 Blackwell, and three NVIDIA
RTX 4060Ti GPUs. More details are in the supplementary.

Compared methods. We compare ProCap against powerful base-
line models from the FastVLM (0.5B, 1.5B, and 7B parameters) [55]
and Qwen3-VL-Instruct (2B, 4B, and 8B parameters) [5]. They rep-
resent the state-of-the-art in efficient vision language modeling. For
a fair comparison, the baselines were prompted with detailed instruc-
tions to perform the same dual-task description, that is similar to:

## For scene

Describe the scene in detail in the image, excluding any
projected content, as a short image caption.

## For projection

Describe any projected content in detail in the image,
excluding the surrounding scene, as a short image caption.

We also include our ProCap based on different parameters to
analyze the impact of the base LLM’s scale.

Evaluation metrics. We employ a standard suite of metrics to eval-
uate caption quality: BLEU@4, METEOR, CIDEr, and SPICE. As
per our dual-task protocol, all scores are reported separately. For
instance, we report CIDEr to divisively evaluate scene and projection
captions to reflect the model’s performance on each respective com-
ponent of the scene. To independently evaluate scene and projection
understanding, we introduce a dual-task evaluation protocol, which
compares the model’s generated descriptions for the physical scene
and the projected content against their respective GT captions.

5.2 Results on domain benchmarks

We present a comprehensive comparison of ProCap against the base-
lines across our evaluation set. The results, organized by our dual-
task protocol, clearly demonstrate the superiority of our approach,
particularly in understanding projected content.

The performance on the 60 trained scenes, which includes COCO
val subset, nocaps val subset, and WHOOPS! are shown in Tab. 2.

For the scene captioning task, our flagship ProCap TinyLiama-1.18
model achieves the highest scores across all metrics on COCO,
with a CIDEr of 70.27, confirming its robust ability to understand
physical environments. Furthermore, ProCap vicuna-1.5-78 achieves
a CIDEr of 36.39 on nocaps, while ProCap TinyLiama-1.18 ONCe again
achieves the top performance with a CIDEr of 69.95 on WHOOPS!,
which is designed to test robustness against Al-generated projection
content. This suggests the capability of our model to understand
physical space is more robust and less susceptible to distraction from
projection content. Further qualitative results are shown in Fig. 5.
In contrast, the baseline models struggle significantly, indicating a
difficulty in separating physical scene information from the complex
SAR scene.

For the projection captioning task, result on trained scenes are
presented in Tab. 2. Our ProCap establishes an even more significant
advantage. While ProCap vicuna-15-78 achieves a CIDEr of 78.99
on COCO, it also performs excellent on nocaps, which is an order
of magnitude higher than the all the baselines. Moreover, even
though all models find it challenging to describe bizarre content on
WHOOPS!, our ProCap still provides a more coherent interpretation
than the baselines, as evidenced by its higher scores. This proves
the robustness and necessity of our specialized approach even in
adversarial scenarios.

In the meanwhile, according to Tab. 3, on the first 5 untrained
scenes captured with identical ProCams configurations, ProCap
demonstrated only marginal superiority in the scene captioning task
based on CIDEr metrics, failing to exhibit significant advantages.
This limitation stems from model overfitting due to the limited
training dataset of 60 scenes. However, after fine-tuning the Qwen3-
VL-8B-Instruct model using the RGBP dataset, we observed that
all metrics of RGBP qwen3-vi-8B-nstruct Significantly outperform the
baseline models in projection captioning task. This demonstrates the
significant advantage of RGBP dataset in prompting the projection
captioning task in complex SAR scenes.

Furthermore, we evaluated the last 5 evaluation sets of the RGBP
dataset using RGBP qwen3-vi-8B-nstruct, With both the vision encoder
and language model adapted via LoRA. The last 5 evaluation sets
were captured using ProCams configurations that differ from those
in the training and the first 5 evaluation sets, as detailed in Tab. 1.
As shown in Tab. 4, the performance on the new ProCams setups
is nearly identical to that achieved on the original evaluation sets
in Tab. 3.

5.3 Effectiveness of the semantic knowledge

The effectiveness of retrieval-augmented mechanisms in image cap-
tioning has been substantiated by EVCap [41], which demonstrates
that an external visual-name memory significantly bolsters the ca-
pacity of LLMs to comprehend open-world objects. We further
extend this verification to SAR scenes, which exhibit considerably
higher complexity than traditional image captioning tasks. To isolate
the impact of semantic knowledge, we compared the performance
of our ProCap vicuna-1.5-78 W/ or w/o augmentation, which replaces
all semantic values with null. This setup ensures that while the
retrieval mechanism based on visual features remains active, the
model receives no semantic knowledge to assist in captioning.

As detailed in Tab. 5, the inclusion of semantic knowledge leads to
substantial performance gains across all evaluated benchmarks. On
the COCO set, the CIDEr score improves significantly from 67.98
to 86.26. A similar trend is observed in the nocaps set, where the
overall CIDEr and SPICE scores rise by 7.66 and 1.62, respectively.
Furthermore, on the WHOOPS! set, which focuses on commonsense-
violating synthetic images, the performance improves from 20.48
to 24.44 in CIDEr. These results underscore that retrieval-based
augmentation still remain a critical guiding factor for achieving
accurate and contextually relevant descriptions in high-complexity
SAR scenes.

5.4 Effectiveness of the segmentation module

To investigate the contribution of the segmentation-based architec-
ture to ProCap, we first analyze the refinement module. As shown in
Tab. 7, removing this module (w/o refinement) leads to a noticeable
performance degradation, particularly in the Projection task where
the CIDEr score on COCO drops from 66.03 to 52.55. This decline
suggests that the refinement module plays a crucial role in extract-
ing fine-grained visual features from segmented regions. While
SPICE scores remain relatively stable in some cases-likely because
the model still recognizes basic semantic categories-the significant
drop in CIDEr indicates that the quality of sentence structure and
precise visual-textual alignment heavily depends on these refined
features.The role of explicit masking is further evaluated by com-
paring ProCap with a variant trained without masks (w/o mask). As
reported in Tab. 6, the w/o mask version suffers a severe performance
collapse in the Scene task for trained scenes (CIDEr 70.27 — 22.81).
This demonstrates that without explicit spatial guidance, the model
fails to distinguish between the background scene and the projection
content, leading to severe feature interference. Interestingly, in un-
trained scenes, the w/o mask variant occasionally achieves higher
SPICE or CIDEr in the Projection task. We attribute this to the
fact that, without mask constraints, the model may lean towards a



Table 2: Performance comparison on the 60 trained scenes. Metrics are reported as BLEU@4 (B@4), METEOR (M), CIDEr (C), SPICE (S).

Results are averaged on the 60 scenes, and the best results are in bold.

COCO

nocaps val WHOOPS!

Task Method Test In-domain Near-domain Out-domain Overall Test

B@41t M7 (o) ST (o)

ST (o) ST (o) ST (o) ST Cc1t ST

8.83 1.78 8.93 2.16  10.65 1.60 9.47 1.59  10.17

8.44 1.96 8.64 233 1042 1.73 9.16 1.74 9.92
10.13 255 10.16 2.87 12.08 221 10.79 221 1198
11.79 248 11.82 272 12.89 2,12 1217 201 1283
11.80 264 1195 2.64  12.07 2.19 11.94 202 1215
13.20 250  12.99 2.60 13.24 2.09 13.15 1.97 13.07
21.54 53.99 2338 50.03 2321 3521 2421 69.95 21.87
24.44 2834 2446 2846 2448 27.63 2445 28.19 24.11
20.80 55.63 22.64 4930 23.17 37.14 22775 69.46 22.08
22.94 3622 22.84 36.07 2285 3639 22.88 36.53 2270
23.47 37.80 2348 3732 2354 3748 2349 37.70 23.59

FastVLM-0.5B [55] 476  14.25 1.72 9.20 1.87
FastVLM-1.5B [55] 475 14.15 1.92 8.77 1.98
FastVLM-7B [55] 562 15.63 231 10.31 251
g Qwen3-VL-2B-Instruct [5] 8.58 19.18 234  12.17 2.42
5, Qwen3-VL-4B-Instruct [5] 599 1832 238 11.68 2.66
§ Qwen3-VL-8B-Instruct [5] 7.19 19.75 238 13.03 2.50
§ ProCap TinyLlama-1.1B [61] 36.50 29.23 70.27 21.92 51.50
“n ProCap opr.2.78 [62] 3595 2875 28.01 2434 28.44
ProCap openLLama-38 [15] 3596 28.89 69.43  22.01 49.69
ProCap vicuna-1.5-78 [63] 3415 29.13 36.17 2275 3698
RGBP qwen3-vL-8B-Instruct [3] 36.38 29.18 37.81 2322 3741
FastVLM-0.5B [55] 4.58 14.18 7.17 7.43 6.91
FastVLM-1.5B [55] 475 14.02 7.21 7.31 6.82
FastVLM-7B [55] 526 14.15 7.65 7.33 7.11
.§ Qwen3-VL-2B-Instruct [5] 797 18.80 10.73 1247 1441
é* Qwen3-VL-4B-Instruct [5] 585 18.18 1059 11.72  14.64
g Qwen3-VL-8B-Instruct [5] 6.10 17.83 11.56  11.63 15.38
5 ProCap TinyLiama-1.18 [61] 15.68 16.61 54.37 9.75  39.62
'% ProCap opr2.78 [62] 18.05 16.83 57.72 1021  46.48
A ProCap openLLama-38 [15] 24.18  20.59 76.98 13.58 57.61
ProCap vicuna-1.5-78 [63] 2458 21.05 78.99 1383 55.19

RGBP Qwen3-vL-8B-instruct [5] 36.37 2775 127.58 21.14 99.52

6.39 6.93 6.32 3.89 4.35 6.16 5.68 5.54 5.85
6.79 6.20 6.36 3.64 448 5.72 5.88 4.14 6.09
6.77 7.30 6.88 591 4.69 7.01 6.12 6.25 6.77
11.11 1647 1093 13.39 9.12 14.85 10.38 9.82 11.05
11.14 17.06  10.90 13.25 9.37 1493 1047 1035 1091
10.31 17.64 10.66 13.92 9.07 15.57 10.01 11.19 10.97
5.74 29.77 479 17.69 3.64 30.45 4.80 11.88 3.62
6.91 30.40 541 13.03 3.19 30.58 517 15.04 440
8.43 42.73 6.82 2410  4.57 42.06 6.66 19.37 543
8.32 39.75 6.68 22.85 4.75 39.93 6.59 2233 6.02
13.17 107.20 13.74 98.00 12.68 102.67 13.19 8046 16.07

Table 3: Performance comparison on the first 5 untrained scenes.
Metrics are reported as CIDEr (C), SPICE (S). Results are averaged
on the 5 scenes. The best results are highlighted in bold, and the
second best results are underlined.

Ccoco nocaps val WHOOPS!
Task Method Test Overall Test
ct St ct St CT St
FastVLM-0.5B [55] 144 542 1.32 5.58 1.02 6.78
FastVLM-1.5B [55] 0.98 5.36 1.04 644 084 850
FastVLM-7B [55] 1.24 6.00 1.38 6.72 1.34 8.66
£ Qwen3-VL-2B-Instruct [5] 236 932 2.18 8.86 1.86  8.94
E, Qwen3-VL-4B-Instruct [5] 3.44 9.08 342 8.88 2.98 9.04
§ Qwen3-VL-8B-Instruct [5] 3.68 12.26 352 12.00 3.08 1246
§ ProCap TinyLiama-1.18 [61] 502 553 406 834 748 5.5
v ProCap opr2.78 [62] 580 944 482 9.12  4.68 8.90
ProCap opentrama-3s [15] 3.78 7.77 402 710 573  6.60
ProCap vicuna-1.5-78 [63] 2.94 7.50 234 7.30 222 7.12
RGBP quen3-vL-g-nstruct [5] 4.82 9.40 496 886 4.00 942
FastVLM-0.5B [55] 1154 938 894  7.02 8.72 8.06
FastVLM-1.5B [55] 10.00 8.92 6.84 726  4.88 7.70
FastVLM-7B [55] 9.70 9.38 9.44 8.14 7.84 9.08
AE Qwen3-VL-2B-Instruct [5] 14.10 16.14 19.60 12.84 13.04 13.78
2 Qwen3-VL-4B-Instruct[5]  12.86 1432 1846 1258 1272 12.88
E Qwen3-VL-8B-Instruct [5] 14.34  14.68 1920 1234 1390 13.10
s ProCap tinyLiama-1.18 [61] 4690 1260 3236  5.10 1523 457
‘% ProCap opr2.78 [62] 63.40 10.96 34.18 568 16.72 4.82
& ProCap opentLava-3s [15] 66.03 1490 4472 7.06 24.65 6.80
ProCap vicuna-1578 [63] 86.26 14.88 4394 7.0 2444  6.60

RGBP quens-vL-sBInsmuet [5]  136.60  22.24  108.66 13.76 85.82 17.02

Table 4: Performance comparison on the last 5 untrained scenes.
Note that all the methods are based on Qwen3-VL-8B-Instruct. Met-
rics are reported as CIDEr (C), SPICE (S). Results are averaged
on the 5 scenes, and the best results are in bold. “Proj.” denotes
Projection.

coco nocaps val WHOOPS!
Task Method Test Overall Test

Ct St ct St Cct St

2 w/ RGBP fine-tuned 3.18 6.84 2.96 6.80 2.92 7.46
E w/o RGBP fine-tuned 048  9.84 038 958 032 1020
= w/ RGBP fine-tuned 133.50 22.18 106.38 13.64 87.10 17.34
& w/o RGBP fine-tuned 496 1532 8.08 13.54 580 13.18

Table 5: Performance comparison on the first 5 untrained scenes
w/ and w/o retrieval-based augmentation in projection captioning.
Note that all the methods are based on ProCap vicuyna-1.5-78 [63]. Met-
rics are reported as CIDEr (C), SPICE (S). Results are averaged on
the 5 scenes, and the best results are in bold.

COCO nocaps val WHOOPS!
Method Test Overall Test

ct St Ct+ St Ct St

w/ augmentation 86.26 14.88 4394 7.10 2444 6.60
w/o augmentation 67.98 11.64 36.28 548 2048 5.0

“global-view” bias which happens to capture broader context; how-
ever, this comes at the cost of losing the ability to precisely describe
the scene, proving that explicit segmentation is indispensable for a
reliable dual-task system.Finally, we analyze the necessity of our
dual-task design by comparing ProCap with single-task “specialists.”
As shown in Tab. 7, although a model trained exclusively on pro-
jections (W/o scene Q-Former) may show a marginal advantage in

certain projection metrics (e.g., 67.38 vs. 66.03 CIDEr on COCO),
it completely loses the capability to describe the surrounding scene.
ProCap achieves a Pareto-optimal balance between the two tasks.
Our segmentation-based disentanglement allows a single model to
match the performance of specialized experts in both domains si-
multaneously. This synergy proves that ProCap does not merely
“average” the two tasks but effectively decouples them at the feature
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Figure 5: We compare the descriptive ability of ProCap gpenLLama-3s [15] with FastVLM-7B [55] in complex SAR scenes. First, we list all the
corresponding data sets used for testing, they are COCO val [42], nocaps val [1], and WHOOPS! [9]. The performance of ProCap and the other
two methods in 60 sets of scenes that have been trained and 5 sets of scenes that have not been trained are tested, respectively. Above the test
picture is the comparison of the description ability of projection information, and the bottom of the test picture is the comparison of the descriptive

ability of scene information. We highlight incorrect captioned objects in red and correct ones in blue . Note that the model outputs are truncated

by the max tokens limit.

level, ensuring high-quality descriptions for both the projection and
its environment without requiring task-specific backbones.

Table 6: Performance comparison on the 60 trained scenes and the
first 5 untrained scenes w/ and w/o mask. Metrics are reported as
CIDEr (C), SPICE (S). Results are averaged, and the best results are
in bold. “Proj.” denotes Projection.

COoCOo nocaps val WHOOPS!
Task Method Test Overall Test
Ct St Cct St Ccr ST
E‘ E ProCap tinyLiama-1.1Bw/mask ~ 70.27 2192 3521 2421 69.95 21.87
§ & ProCap TinyLiama-1.iBwomask  22.81  23.10 2244  23.15 6049 23.05
=
% -z ProCap tiyLama 1B wmak 5437 975 3045 480 1188  3.62
& A& ProCap TinyLiamal Bwomask 5279 1031 2447  5.08 10.93 3.61
%5 % ProCap TinyLiama-1.1B w/ mask 502 553 406 834 748 515
_i‘ 3 ProCap TinyLiama-1.1B wio mask 232 6.36 1.78 6.50  6.85 7.00
v
§ % ProCap tintiamatiBwmsk 4690 12.60 3236 5.10 1523 457
=
§ &  ProCap TinyLlama-LIBwiomask 96,50 10.68  25.58 520 19.70 598

6 DiscussioN

Results demonstrate effectiveness of ProCap and the RGBP dataset.
This success stems from explicitly disentangling the physical scene
and projected content, evidenced by the order-of-magnitude gains in
projection captioning on COCO and nocaps. By segmenting the pro-
jection area first, our model describes content without interference
from the surrounding environment. In contrast, holistic baselines
often merge these features, leading to the hallucinations and factual
errors noted in our qualitative analysis.

ProCap also shows robustness on the adversarial WHOOPS!
dataset [9]. The model maintains stable scene grounding by treating
illogical projections as a distinct layer of information rather than
a source of confusion. Such resilience to distracting or nonsensi-
cal digital overlays is essential for reliable applications in AR and
human-robot interaction.

However, our approach has limitations. The model’s performance
is contingent upon the accuracy of the initial segmentation module.
In cases where projections are highly transparent, irregularly shaped,
or subtly integrated into the environment, error propagation from
segmentation failures could degrade the final description quality. Ad-
ditionally, while our retrieval mechanism enhances descriptive detail,
it is constrained by the vocabulary and concepts present in the LVIS-



Table 7: Performance comparison showing the effectiveness of different modules on the first 5 untrained scenes. Metrics are reported as
BLEU@4 (B@4), METEOR (M), CIDEr (C), SPICE (S). Results are averaged on the 5 scenes, and the best results are in bold.

COoCO nocaps val WHOOPS!
Task Method Test In-domain Near-domain ~ Out-domain Overall Test
B@4t M1 (&) ST (&) ST Ct St Ct St (o) ST (o) ST
° ProCap openLLaMA-3B 1.50 11.73 3.78 7.77 4.88 7.16 496 7.28 5.56 7.14 4.02 7.10 573  6.60
§ ProCap openLLaMA-3B, w/o refinement 0.25 10.60 3.68 7.78 456 6.10 434 6.28 4.62 6.46 3.60 6.28 552 573
@ ProCap openLLaMA-3B, wio projection Q-Former 1.88 10.60 3.80 6.67 474 5.88 422 526 412 594 342 5.60 6.18 542
,5 ProCap openLLaMA-3B 1990 2122 66.03 1490 5822 8.66 48.00 7.34 27.10 520 4472 7.06 24.65 6.80
‘i ProCap openLLaMA-3B, w/o refinement 990 1990 5255 1560 47.02 9.00 3830 744 2442 538 3792 726 1522 775
E ProCap OpenLLaMA-3B, w/o scene Q-Former 27.02 23.72 67.38 16.63 60.20 8.70 46.66 7.22 23.54 4.24 44.22 6.76 22.18 6.57

based knowledge base proposed by EVCap [17,41]. Describing
highly specialized or novel content not covered by this knowledge
base remains a challenge. Our experiments show that projection cap-
tioning exhibits strong adaptability from train to untrain scenes, yet
a noticeable performance gap remains in scene captioning. This is
likely due to the inherent challenges of SAR scenes, such as complex
lighting and material properties, and the limited scale of real-world
training data, despite capturing 60 scenes including 50 captions per
scene, this is still small compared to over 118, 000 projection im-
ages and multiple captions per image in COCO [42]. Addressing
these limitations could involve domain adaptation, few-shot learning,
architectural improvements, or leveraging synthetic data to further
enhance generalization and reduce labor cost.

6.1 Applications

The contributions of this paper extend beyond the immediate task of
image captioning, positioning our work as a key enabler for future
advancements in large-scale Al systems and providing a founda-
tional resource for the research community.

6.1.1

The development of massive Al models is increasingly trending
towards the Mixture-of-Experts (MoE) [37] architecture. In this
paradigm, a monolithic model is replaced by a collection of smaller,
specialized “expert” networks, with a lightweight gating network,
or “MoE Router”, dynamically routing tasks to the most appropri-
ate expert. This allows for massive scalability while maintaining
computational efficiency.

Our work, ProCap, is architecturally suited to function as such
a specialized expert for the domain of Spatial Augmented Real-
ity. Whereas general-purpose VLMs act as “generalists”’, ProCap
provides a robust and accurate solution to the specific challenge
of disentangling physical and digital content. We envision ProCap
being integrated as an expert module within a future, large-scale mul-
timodal MoE system. When a high-level MoE Router identifies an
input image containing SAR elements, it could bypass the generalist
VLMs and route the task directly to the ProCap expert. This would
ensure that mixed-reality scenes are processed with the necessary
precision, dramatically improving the overall model’s robustness
and accuracy in this increasingly important domain.

ProCap as specialized expert in MoE models

6.1.2 Caption-conditioned SAR scene generation

Beyond serving as a benchmark for evaluating visual understanding,
the RGBP dataset also enables a novel generative perspective on
SAR scenes. Image captioning and image generation form a natural
duality: captioning abstracts a visual scene into a compact semantic
representation, while generation instantiates such semantics back
into a concrete visual realization. This paradigm has driven signif-
icant breakthroughs in text-to-image generation, with large-scale
image caption datasets such as COCO [42] laying the foundation
for modern models like Stable Diffusion [52] and DALL-E [50].

In RGBP, each image is annotated with two factorized captions de-
scribing the physical scene and the projected content, respectively,
offering similar potential to bridge the gap between high-level hu-
man concepts and SAR scenes.

6.1.3 The RGBP dataset with SAR scenes

A second major contribution of our work is addressing the fundamen-
tal bottleneck of data scarcity in this domain. Prior to our research,
no large-scale, publicly available dataset existed for training and
evaluating VLMs on their ability to describe complex SAR scenes.

To solve this, we invested significant effort in the creation of the
RGBP dataset. This is a large-scale, specialized resource designed
from the ground up for the SAR domain. Its construction was metic-
ulous, involving the capture of 70 distinct real-world physical scenes
into which we projected over 180,000 digital images under varied
lighting, angle, and occlusion conditions. Crucially, we introduced a
unique dual-task ground truth annotation scheme, providing separate,
high-quality captions for both the physical scene and the projected
content. The creation of the RGBP dataset is a foundational con-
tribution in its own right. It not only provides the essential data
needed to train specialized models like ProCap but also offers the
wider research community a fair, robust, and challenging benchmark.
We believe this dataset will be an invaluable resource, catalyzing
further innovation and a deeper understanding of VLM capabilities
in mixed-reality environments.

7 CONCLUSION

In this paper, we addressed a critical gap in the capabilities of modern
vision language models. Our investigation, supported by extensive
experimental results, confirms that current VLMs often fail when
processing complex scenes containing projection information, ex-
hibiting three main drawbacks: (1) an inability to reliably detect the
presence of projection; (2) inaccurate descriptions of objects and
their spatial arrangement within the physical scene; and (3) a failure
to correctly interpret the content of projection.

To solve these problems, we proposed ProCap, a novel two-stage
framework that introduces a region-aware understanding paradigm.
Our method first employs an automatic segmentation module to dis-
entangle the physical scene from the projected content. It then uses a
region-aware retrieval mechanism to gather targeted information for
each component before generating separate, accurate descriptions.
Recognizing the lack of suitable training data for this task, we also
introduced the RGBP dataset, a new, large-scale resource comprising
70 real-world scenes captured with diverse projection content.

Our experiments, conducted using a rigorous dual-task evaluation
protocol, show that ProCap significantly outperforms strong baseline
models, particularly in the challenging task of describing projected
content, while also demonstrating superior generalization and ro-
bustness. This work represents a significant step towards enabling
VLMs to understand and interact with the increasingly common
mixed-reality environments of the modern world.
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A. INTRODUCTION

This supplementary material provides extended experimental results and additional qualitative examples to complement main paper. We
evaluate ProCap and competing baselines on all 60 trained scenes as well as on 10 challenging untrained scenes. The goal is to offer a more
comprehensive view of the model’s robustness, generalization ability, and interpretability.

B. RGBP DATASET DETAILS

To further clarify the dataset diversity and coverage, we provide a quantitative summary of surface geometry and lighting conditions in the
RGBP dataset. Scenes are explicitly categorized into planar, mildly curved, and highly curved surfaces based on the projection field of view
(FOV) covered, with all categories included in both trained and untrained scenes in Tab. 9. Tab. 10 explains lighting conditions in ambient
light range and the RGB light panel operating modes. Projection distortions and occlusions naturally emerge from non-planar geometries and
surface self-occlusion, particularly in curved scenes. Fig. 6 illustrates lighting, projection deformation, and occlusions are provided to further
demonstrate the dataset’s coverage.

C. IMPLEMENTATION DETAILS

Our ProCap is implemented in PyTorch and trained for a single epoch using mixed-precision training. We optimize the model with the AdamW
optimizer, setting the weight decay to 0.05 and the momentum parameters 51 = 0.9 and B2 = 0.99. A cosine learning rate decay strategy is
employed with an initial learning rate of 1 x 10~*. The training process includes 5,000 linear warm-up steps, during which the learning rate is
gradually increased from 1 x 107 to the initial learning rate. More detailed training information is presented in Tab. 8.

D. EXTENDED RESULTS

Tab. 11 and Tab. 12 report detailed comparisons across COCO [42], nocaps [1], and WHOOPS! [9] subsets. These results collectively confirm
that ProCap provides both superior accuracy and generalization in complex SAR scene caption tasks. Several consistent findings emerge:

* In the scene description task across 60 trained scenes, ProCap models achieve superior performance and demonstrate exceptional
robustness in distinguishing physical environments from distracting projection content.

* In the projection description task across 60 trained scenes, ProCap demonstrates a decisive advantage over all baselines, particularly in
achieving significantly higher CIDEr scores on nocaps and COCO. These results underscore the necessity and robustness of the ProCap
approach, which provides more coherent interpretations even when facing the challenging and adversarial content of WHOOPS!.

¢ In the untrained scenes, ProCap shows limited gains in the scene caption task due to overfitting from the small training set, but fine-tuning
on the RGBP dataset enables the model to significantly outperform baselines in the projection caption task. This highlights the RGBP
dataset’s critical role in enhancing performance within complex SAR environments despite limited scene variety.

Moreover, for scenarios where projected content perfectly aligns with the surface of the projected object in SAR applications, we further
evaluated ProCapvicuna-1.5-78°s understanding of this PM application. The specific results of these two sets of SAR scenes are shown in Fig. 7.
This demonstrates the potential future application value of the ProCap framework in the field of projection mapping.

E. DISCUSSION

The supplementary experiments reinforce several key insights:
* The segmentation-first strategy is essential for disentangled scene understanding in SAR contexts.
* ProCap maintains robust performance under cross-domain shifts, adversarial content, and unseen scenarios.
* The observed performance margins confirm the broader applicability of ProCap as a specialized framework for SAR environments.

Overall, these additional results validate that the proposed segmentation-based, region-aware framework is not only effective but also necessary
for advancing visual language understanding in spatial augmented reality.

*e-mail: caozimo@email.swu.edu.cn

e-mail: swudyc714@email.swu.edu.cn

*e-mail: linghaibin @ westlake.edu.cn

Se-mail: bhuang@swu.edu.cn. Corresponding author.



Table 8: Methods on training time and used GPUs.

Method Training time GPUs

ProCap TinyLiama-1.18 [61] ~4.5h 3 RTX4060Ti
ProCap OpenLLaMA-3B [15] ~4.5h 3 RTX4060Ti
ProCap opr2.78 [62] ~4.3h 3 RTX4060Ti
ProCap Llama-3.3-8B ~4.2h 1 A100

ProCap vicuna-1.5-78 [63] ~4.2h 1 A100

RGBP Qwen3-VL-8B-instruct [5] ~6.0h 1 RTX PRO 6000 Blackwell

Table 9: Detailed configuration of the RGBP dataset in surface curvature variations, measured on projection field of view (FOV) covered.

Surface curvature variations Trained scenes Untrained scenes
Planar 01, 02, 03, 04, 05, 06, 07, 08, 09, 21, 25, 28, 29, 37, 45, 47, 60 61, 63, 68, 70
Mildly curved 10, 11, 12, 13, 15, 17, 18, 19, 20, 23, 24, 32, 33, 34, 35, 39, 46, 49, 51, 52, 53, 55,56 64, 65, 66, 67
Highly curved 14, 16, 22, 26, 27, 30, 31, 36, 38, 40, 41, 42, 43, 44, 48, 50, 54, 57, 58, 59 62, 69

Table 10: Detailed configuration of the RGBP dataset in lighting conditions.

Lighting conditions  Value

Ambient light approximately 2.9-546.0 lux
RGB light panel 2268 Im / 1235 Im (high / low power modes)

Table 11: Performance comparison on the 60 trained scenes. Metrics are reported as BLEU@4 (B@4), METEOR (M), CIDEr (C), SPICE (S),
where B stands for BLEU, M for METEOR, C for CIDEr, and S for SPICE.

CoCco NoCaps val WHOOPS!
Task Method Test In-domain Near-domain Out-domain Overall Test
B@4t M1 Cct St (&) St Cct St (&) St ct ST Ct ST
FastVLM-0.5B [55] 476 14.25 1.72 9.20 1.87 8.83 1.78 8.93 2.16 10.65 1.60 9.47 1.59 10.17
FastVLM-1.5B [55] 475 14.15 1.92 8.77 1.98 8.44 1.96 8.64 233 1042 1.73 9.16 1.74 9.92
FastVLM-7B [55] 562 15.63 231 1031 251 10.13 2.55 10.16 2.87 12.08 221  10.79 221 1198

Qwen2.5-VL-3B-Instruct [6] 795 18.56 220 11.99 228 11.93 229 11.86 2.58 12.85 2.00 1221 1.99 13.04
Qwen?2.5-VL-7B-Instruct [6] 834 19.15 202 1245 223 12.80 224 1270 225 13.03 1.85 12.85 1.87 13.67
Qwen3-VL-2B-Instruct [5] 8.58 19.18 234 1217 242 1179 248 11.82 272 12.89 212 1217 2.01 12.83
Qwen3-VL-4B-Instruct [5] 599 1832 238 11.68 2.66 11.80 264 1195 2.64  12.07 2.19 11.94 202 1215
1

g Qwen3-VL-8B-Instruct [5 7.19 19.75 238 13.03 2.50  13.20 250 1299 2.60 13.24 2.09 13.15 1.97 13.07
5] InternVL3-1B [64] 7.57 17.81 1.97 11.64 1.93  11.11 1.92  11.00 2,13 1248 1.67 11.53 1.67 12.16
% InternVL3-2B [64] 10.39  19.24 3.07 1237 315 1211 311 12.08 376 1341 2.80 12.53 274 13.04
e InternVL3-8B [64] 10.00  19.16 3.49  13.00 352 13.03 3.57 1293 388 13.75 3.06 13.24 3.01 13.89
ProCap tinyLiama-1.18 [61] 36.50 29.23 70.27 2192 5150 21.54 5399 2338 50.03 23.21 3521 2421 6995 21.87
ProCap openLrama-38 [15] 3596 28.89 69.43 2201 49.69 20.80 55.63 22.64 4930 23.17 37.14 2275 69.46 22.08
ProCap Liama-3.3-88 3336 28.82 35.64 2224 3516 22.19 3546 2221 3507 2220 3521 2220 3549 2214
ProCap vicuna-1.578 [63] 3415 29.13 36.17 22775 3698 2294 36.22 2284 36.07 22.85 36.39 2288 36.53 2270
ProCap opr2.78 [62] 3595 28.75 28.01 2434 2844 2444 28.34 2446 2846 24.48 27.63 2445 28.19 24.11
RGBP quen3-vL-8B-instruct [5] 36.38  29.18 37.81 2322 3741 2347 37.80 2348 37.32 23.54 37.48 2349 3770 2359
FastVLM-0.5B [55] 458 14.18 7.17 7.43 6.91 6.39 6.93 6.32 389 435 6.16 5.68 5.54 5.85
FastVLM-1.5B [55] 475  14.02 7.21 7.31 6.82 6.79 620  6.36 3.64 448 5.72 588 414 6.09
FastVLM-7B [55] 526 14.15 7.65 7.33 7.11 6.77 730  6.88 5.91 4.69 7.01 6.12 6.25 6.77
Qwen2.5-VL-3B-Instruct [6] 6.85 17.33 841 1052 10.67 9.00 12.33 9.11 9.04 7.48 10.79 8.53 7.37 8.92
Qwen2.5-VL-7B-Instruct [6] 732 18.19 14.07 1143 16.52 9.67 18.14 9.54 15.95 8.53 17.11 9.25 1215 10.27
Qwen3-VL-2B-Instruct [5] 797 18.80 1073 12.47 1441 11.11 16.47 1093 13.39 9.12 14.85 10.38 9.82 11.05
g Qwen3-VL-4B-Instruct [5] 585 18.18 1059 11.72 14.64 11.14 17.06  10.90 13.25 9.37 1493 1047 1035 1091
§~ Qwen3-VL-8B-Instruct [5] 6.10 17.83 11.56 11.63 15.38 10.31 17.64 10.66 13.92 9.07 1557 1001 11.19 10.97
g InternVL3-1B [64] 6.63 17.04 8.02 1033 10.95 8.91 12.35 8.79 8.49 6.58 10.78 8.10  6.89 9.12
3 InternVL3-2B [64] 11.06  18.81 3771 11.67 37.68 9.50  42.89 9.36  36.14 6.93 39.66 8.60 34.43 11.02
E InternVL3-8B [64] 11.14  20.25 38.68 13.67 36.94 1099 4205 11.12 37.89 8.75 39.31 1029 3455 12.27
ProCap TinyLiama-1.18 [61] 15.68 16.61 54.37 9.75 39.62 5.74 2977 479 17.69 3.64 30.45 480 11.88 3.62
ProCap openLLama-3s [15] 24.18 2059 7698 13.58 57.61 8.43 42.73 6.82 24.10 4.57 42.06 6.66 19.37 5.43
ProCap Liama-3.3-88 25.60 21.18 79.10 14.10 52.57 8.18 37.16 6.47 2417 489 38.57 6.51  20.09 5.71
ProCap vicuna-1.578 [63] 24.58 21.05 78.99 13.83 55.19 8.32 39.75 6.68 22.85 4.75 39.93 6.59 2233 6.02
ProCap opr278 [62] 18.05 16.83 5772 10.21  46.48 6.91 3040 541 13.03 3.19 30.58 517 15.04 440

RGBP quen3-vL-8-instruct [5] 36.37 2775 12758 21.14 9952 13.17 107.20 13.74 98.00 12.68 102.67 13.19 80.46 16.07
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Figure 6: This figure shows the realistic capture effect rendering of two sets of test digital images projected in all 60 training scenes.



Table 12: Performance comparison on the 5 untrained scenes. Metrics are reported as BLEU@4 (B@4), METEOR (M), CIDEr (C), SPICE (S),
where B stands for BLEU, M for METEOR, C for CIDEr, and S for SPICE.

COCO NoCaps val WHOOPS!
Task Method Test In-domain Near-domain Out-domain Overall Test
B@41t M1T ct ST ct ST ct St cr ST c1t ST ct ST
FastVLM-0.5B [55] 2.16  10.98 1.44 5.42 1.42 5.20 1.50 4.96 1.90 6.62 1.32 5.58 1.02 6.78
FastVLM-1.5B [55] 1.88  10.90 0.98 5.36 1.14 5.14 1.14 5.98 1.48 8.16 1.04 6.44 0.84 8.50
FastVLM-7B [55] 2.10 11.64 1.24 6.00 1.60 6.30 1.48 6.02 1.88 7.80 1.38 6.72 1.34 8.66

Qwen2.5-VL-3B-Instruct [6] 440 14.08 2.14 7.50 2.36 7.50 246 730 2.52 8.58 210 7.8 1.82 8.94
Qwen2.5-VL-7B-Instruct [6] 550 14.88 2.12 8.38 232 8.32 2.36 8.46 260  9.26 2.04 8.68 1.70 8.96

Qwen3-VL-2B-Instruct [5] 448 1542 2.36 9.32 2.56 8.66 2.66 8.64 2.66 9.24 2.18 8.86 1.86 8.94
- Qwen3-VL-4B-Instruct [5] 5.06 16.60 3.44 9.08 4.02 8.64 3.98 8.72 4.12 9.26 3.42 8.88 2.98 9.04
-fé Qwen3-VL-8B-Instruct [5] 532 17.32 3.68 12.26 412 1188 396 11.86 416 1232 352 12.00 3.08 12.46
g InternVL3-1B [64] 434 1474 1.26 8.20 1.28 7.76 1.28 7.56 1.76 9.68 1.20 8.34 1.06 8.80
% InternVL3-2B [64] 590 15.18 222 9.24 2.54 8.84 2.58 8.98 3.62 10.82 2.40 9.54 212 10.40
@ InternVL3-8B [64] 4.84 1582 238 10.14 2.70 9.94 2.80 9.86 3.02 10.72 234 10.16 224 1098
ProCap TinyLiama-1.18 [61] 248 11.38 5.02 5.53 4.94 8.34 4.74 8.34 6.08 8.50 4.06 8.34 7.48 5.15
ProCap openrrLama-3B [15] 1.50 11.73 3.78 7.77 4.88 7.16 4.96 7.28 5.56 7.14 4.02 7.10 5.73 6.60
ProCap Liama-33-88 [2] 222 1210 292 7.44 3.20 6.94 3.02 6.68 3.32 7.12 2.64 6.92 2.46 6.90
ProCap vicuna-1.5-78 [63] 1.90 11.66 2.94 7.50 2.80 7.46 2.76 7.18 3.04 7.26 2.34 7.30 222 7.12
ProCap opr-2.78 [62] 4.10 1446 5.80 9.44 5.78 9.06 5.62 9.24 5.50 9.06 4.82 9.12 4.68 8.90
RGBP quwen3-vL-8B-instruct [5] 5.64 13.64 4.82 9.40 5.76 8.84 6.04 8.96 5.92 8.80 4.96 8.86 4.00 9.42
FastVLM-0.5B [55] 6.28 16.28 11.54 9.38 8.40 7.60 10.48 7.92 6.42 5.66 8.94 7.02 8.72 8.06
FastVLM-1.5B [55] 6.20 15.38 10.00 8.92 7.58 7.84 7.48 7.86 4.60 6.02 6.84 7.26 4.88 7.70
FastVLM-7B [55] 6.44  16.36 9.70 9.38 8.62 8.50 9.70 9.20 8.80 6.62 9.44 8.14 7.84 9.08
Qwen2.5-VL-3B-Instruct [6] 9.18 20.52 11.88 14.24 1452 11.64 16.80 11.48 12.18  10.30 14.66 11.14 9.52 11.78
Qwen2.5-VL-7B-Instruct [6] 932 21.16 19.52  14.60 20.56  11.64 24.60 11.96 2312 11.34 23.00 11.62 1628 12.70
Qwen3-VL-2B-Instruct [5] 10.40  22.18 14.10 16.14 17.96 13.34 21.50  13.24 19.16  12.04 19.60 12.84 13.04 13.78
g Qwen3-VL-4B-Instruct [5] 6.82 20.44 1286  14.32 17.46 1290 2034 13.16 1774  11.72 18.46 1258 12.72 12.88
.’5- Qwen3-VL-8B-Instruct [5] 7.52  20.58 1434 14.68 18.42  12.30 21.46 13.04 18.06 11.64 1920 1234 1390 13.10
E InternVL3-1B [64] 8.88 19.72 10.56  13.64 14.02  11.00 15.86 10.88 11.86 8.58 14.12 10.16 928 11.92
3 InternVL3-2B [64] 1378 21.22 46.94 14.24 4624 11.24 52.88 11.00 46.54 8.26 49.14  10.18 4140 13.34
E InternVL3-8B [64] 13.10  22.90 45.84 16.80 4298 12.82 52.10 13.38 46.80 11.00 4774 1242 4310 14.82
ProCap TinyLiama-1.18 [61] 13.13  17.92 46.90 12.60 42.32 6.10 33.64 5.26 19.70 3.96 32.36 5.10 1523 4.57
ProCap openLrLama-3B [15] 1990 21.22 66.03  14.90 58.22 8.66 48.00 7.34 27.10 5.20 44.72 7.06 24.65 6.80
ProCap Liama-3.3-88 [2] 27.82  21.98 85.02 15.02 56.68 8.56 38.20 6.62 27.02 542 41.12 6.88  21.00 5.92
ProCap vicuna-1.5-78 [63] 26.20 22.08 86.26 14.88 58.70 8.84 43.46 7.18 27.32 5.30 43.94 7.10 2444 6.60
ProCap opr278 [62] 19.70  17.78 63.40 10.96 51.70 7.48 3222 5.78 16.50 3.82 34.18 5.68 16.72 4.82
RGBP qwen3-vL-8B-instruct [5] 38.18 2890 136.60 2224 10450 13.54 113.76 1436 103.94 1330 108.66 13.76 8582 17.02

Table 13: Performance comparison on the first 5 untrained scenes. Metrics are reported as BLEU@4 (B@4), METEOR (M), CIDEr (C), SPICE
(S). Results are averaged on the 5 scenes, and the best results are in bold.

COoCoO nocaps val WHOOPS!
Task  Method Test In-domain Near-domain ~ Out-domain Overall Test
B@41t M1 (o) ST (o) ST Cct ST c?T ST (o) ST Ct St

ProCap vicuna-1.5-7B, trained scene 2458 21.05 7899 13.83 5519 832 3975 6.68 2285 475 3993 659 2233 6.02
ProCap vicuna-1.5-7B, untrained scene 26.20 22.08 8626 14.88 5870 8.84 4346 7.18 2732 530 4394 710 2444 6.60
ProCap vicuna-1.5-7B, projection 26.20 23.00 89.80 15.60 63.6 940 4560 7.90 1870 390 4350 7.10 27.60 7.40

Projection




Figure 7: Examples of projection mapping based on TOSHIBA TDP-T100C projector (1024 x 768 resolution) and Nikon D3200 camera (1280 x
720 resolution) using ProCap vicuna-1.5-78- We highlight incorrect captioned objects in red and correct ones in blue . (A) and (D) is the physical
scene w/o projected content. (B) scene caption: “A blue carrier bag , with its white handles and dark blue panels, is in front of the white wall .”,
projection caption: “A black and white cat sitting on a wooden table .". (C) scene caption: “A blue paper bag with white handles is in front of
a white wall .”, projection caption: “A brown and white dog wearing a red collar .”. (E) scene caption: “A view of a bust of a man with
curly hair .”, projection caption: * A man is wearing a suit and tie .”. (F) scene caption: “There is a white statue of a man’s head with

curly hair .”, projection caption: * A man is wearing a suit and tie .”. Note that the model outputs are truncated by the max tokens limit.
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