
OpenPanoD: Aligning Multimodal Prompts and
Spherical Representations for Open-Vocabulary

Panoramic Detection

Hang Xu1,2

1 Hangzhou Dianzi University, Hangzhou Zhejiang 310018, China
2 Zhejiang Provincial Key Laboratory of Low Altitude Ubiquitous Networking
Technology, Hangzhou Dianzi University, Hangzhou Zhejiang 310018, China

hxu@hdu.edu.cn

Abstract. Panoramic object detection has made steady progress, but
existing methods remain largely closed-set and therefore cannot recog-
nize novel categories in open environments. Extending open-vocabulary
detection to panoramas is challenging because prompt-image alignment
is weakened by two factors: semantic ambiguity in language-only prompts
and severe geometric distortion caused by equirectangular projection. We
present OpenPanoD, a framework for open-vocabulary panoramic de-
tection that aligns multimodal prompts with geometry-aware spherical
representations. On the prompt side, a multimodal prompt encoder com-
bines language descriptions with visual exemplars to obtain category em-
beddings that are both generalizable and visually specific. On the image
side, GeoFormer maps panoramic features onto a quasi-uniform spher-
ical grid and performs spherical attention to reduce projection-induced
distortion and boundary discontinuity. The resulting prompt and image
embeddings are fused in a unified detection head for BFoV/RBFoV pre-
diction. Experiments on 360-Indoor and PANDORA show that Open-
PanoD consistently improves novel-category performance over strong
open-vocabulary and visual-prompt baselines. These results demonstrate
the importance of jointly addressing semantic ambiguity and panoramic
geometry for open-vocabulary detection in 360-degree scenes.
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1 Introduction

Object detection in panoramic images is a key component for many applica-
tions such as virtual reality [22], autonomous driving [2] and intelligent surveil-
lance [24]. However, current detectors [7,5,32,20,31] are confined to a closed-
set paradigm, recognizing only predefined categories. This severely limits their
utility in the unpredictable real world. The crucial next step is to build open-
vocabulary detectors, yet this transition is uniquely challenging for panoramic
images. Success in open-vocabulary detection hinges on the precise alignment
between arbitrary prompts (what to find) and image features (where it appears).
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(b) CLIP Model Inference Results Fig. 1: Language-only CLIP prompts can be biased by contextual co-occurrence.
In this example, the prompt basketball receives much higher confidence than
person/man, illustrating semantic ambiguity in prompt-based recognition.

In panoramic imagery, this alignment process is compromised by two intertwined
challenges: semantic ambiguity in prompts and geometric distortion of image fea-
tures.

First, the semantic ambiguity of prompts limits detection robustness. Pre-
vailing open-vocabulary methods rely on text prompts processed by vision-
language models such as CLIP [26]. While powerful, these models may fail
in complex scenes by learning spurious contextual correlations. For instance,
as shown in Fig. 1, when a region contains both a person and a basketball,
CLIP-based image-text similarity may assign a much higher score to the co-
occurring object label basketball than to person/man. This indicates that text-
only prompts can be biased by contextual co-occurrence rather than focusing on
the intended target object. This problem is not unique to panoramas, but it be-
comes more pronounced in panoramic scenes, where dense context and frequent
object co-occurrence make language-only prompts more ambiguous. Conversely,
vision-prompt-based methods [14], which use image exemplars, offer visual speci-
ficity but lack semantic generalization; defining an abstract concept such as bird
would require an impractical number of examples. This reveals a clear comple-
mentarity: text provides generalization, while vision offers specificity.

Second, and more critically for panoramas, geometric corruption weak-
ens the visual side of the alignment. Equirectangular projection (ERP) severely
distorts objects, altering their shape, scale, and structural integrity. This means
even with a reliable prompt, the corresponding image features can be warped
and unreliable. The issue is especially detrimental in an open-vocabulary
setting. For base classes, a model might learn distorted appearances through
extensive training. For novel classes, however, the model has no prior knowledge
of how a distorted novel object should appear, making the alignment between a
clean semantic prompt and a warped image feature difficult. Robust alignment
therefore requires geometry-aware spherical image features.
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Fig. 2: The overall architecture of our proposed OpenPanoD. The model
takes a panoramic image and multimodal (text and vision) prompts as input. A
panorama-aware encoder (GeoFormer) extracts geometry-aware spherical fea-
tures, while a multimodal prompt encoder generates unified prompt embeddings.
These are then fused in the detection head for open-vocabulary panoramic ob-
ject detection.

To address this dual challenge, we introduce OpenPanoD, a unified frame-
work for aligning multimodal prompts with spherical panoramic representations.
The key idea is to make both sides of open-vocabulary alignment reliable: multi-
modal prompts reduce semantic ambiguity on the query side, while GeoFormer
produces geometry-aware spherical features on the image side. As illustrated
in Fig. 2, OpenPanoD co-designs two core components. First, a multimodal
prompt encoder fuses text and visual prompts to generate category embed-
dings that are both generalizable and visually specific. Second, a panorama-aware
image encoder, GeoFormer, uses a Transformer encoder on a quasi-uniform
spherical grid to reduce projection-induced distortion and boundary discontinu-
ity. These two components work in concert, ensuring that rich semantic guidance
is matched against geometry-aware image features for precise open-vocabulary
detection.

In this work, the detector is trained only with annotations from base cate-
gories. At inference time, it receives text prompts, visual prompts, or their com-
bination for both base and unseen novel categories, and predicts BFoV/RBFoV
boxes under the same spherical IoU evaluation protocol.

Evaluated in this zero-shot setting on panoramic detection benchmarks, Open-
PanoD achieves state-of-the-art performance. Our contributions are:

– We formulate open-vocabulary panoramic detection as a prompt-feature
alignment problem under both semantic ambiguity and spherical geomet-
ric distortion, and propose OpenPanoD to jointly address the two factors.

– We introduce a multimodal prompt encoder that combines category-
level language descriptions with visual exemplars, yielding prompt embed-
dings that are both generalizable and visually specific.
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– We introduce GeoFormer, a panorama-aware image encoder built on a
quasi-uniform icosahedral grid, and validate that geometry-aware spheri-
cal representations improve novel-category detection on BFoV and RBFoV
benchmarks.

– We conduct extensive experiments that not only establish a new state-of-
the-art but also systematically validate the necessity of both multimodal
prompts and spherical representations for this challenging task.

2 Related Work

2.1 Panoramic Object Detection

Object detection in 360◦ images presents unique challenges compared to planar
images, primarily due to severe geometric distortions near the poles, object wrap-
around at image boundaries, and extreme variations in scale. Existing approaches
to tackle these issues can be broadly categorized as follows:

Planar-based Adaptation. Early works focused on adapting standard 2D
detectors like Faster R-CNN [28] and YOLO [27] to panoramic data. This was
typically achieved by applying them to equirectangular projections (ERP) [5,32,31]
or other projection formats like tangent planes [33,21]. However, these methods
force planar models to contend with heavily distorted image features, fundamen-
tally limiting their representation quality and robustness.

Specialized Spherical Encoders. A more principled approach involves de-
signing encoders that operate directly on the spherical manifold. This includes
Spherical CNNs [6,13], which define convolutions on spherical grids. While an
improvement, they often introduce approximation errors and their fixed, local
receptive fields fail to model complex geometric structures effectively. More re-
cently, Spherical Transformers [18,1] have emerged, but they typically resort to
local attention mechanisms to manage computational cost. This compromises
the Transformer’s core strength of direct long-range modeling, as global context
is only aggregated indirectly.

Despite these architectural advances, all prior work is confined to a closed-
set paradigm, rendering them unable to detect novel objects and limiting their
practical use.

2.2 Open-Vocabulary Object Detection

Open-vocabulary object detection (OVD) aims to overcome the closed-set lim-
itation by enabling models to detect objects from an arbitrary, open-ended set
of categories defined by natural language text. The field gained significant mo-
mentum with the advent of powerful vision-language pre-trained models like
CLIP [26]. Current OVD methods can be broadly categorized into two main
architectural approaches:

Two-Stage Alignment Architectures. These methods, such as ViLD [8]
and OWL-ViT [25], first use a standard detector to propose regions and then
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employ a CLIP-like model to classify these regions based on text prompts. They
typically align features at a late stage, offering efficiency but sometimes sacrific-
ing fine-grained localization accuracy.

End-to-End Fusion Architectures. This dominant approach, exemplified
by GLIP [15], GroundingDINO [19], and YOLO-World [4], performs deep, early
fusion between image and prompt features using cross-attention mechanisms.
This allows the text prompt to guide the feature extraction and localization
process, leading to superior performance in fine-grained grounding.

While powerful, these methods rely exclusively on textual prompts to define
novel categories.

2.3 Multimodal Prompting for Object Detection

Recognizing the limitations of text-only prompts, recent work [14] uses one or
more support images to define and locate a target category. The natural evolution
is multimodal prompting, which seeks to combine the general semantic guidance
of text with the specific appearance details from visual exemplars.

Several prominent works, including T-Rex2 [12], DINO-X [29], and Prompt-
DINO [9], explore text-visual prompting and demonstrate its potential for open-
world detection and segmentation. However, these systems are primarily de-
signed for standard planar images, where the visual features are not affected
by spherical projection distortion. Directly applying their prompting strategy
to panoramas is therefore suboptimal: even informative prompts can be poorly
aligned with ERP-distorted image features. In contrast, OpenPanoD studies
multimodal prompting under panoramic geometry and couples prompt fusion
with spherical feature learning. This co-design addresses both open-vocabulary
generalization and panoramic distortion.

3 Methodology

3.1 Overview

We introduce OpenPanoD, an end-to-end framework for open-vocabulary object
detection in panoramic images. During training, prompts are constructed only
for base categories and used as category-conditioned queries and classification
prototypes. The CLIP text and image encoders are kept frozen, and only the
prompt projection layers, GeoFormer, cross-modal decoder, and detection heads
are optimized with base-category annotations. At inference time, text prompts,
visual prompts, or their combination are used to specify both base and unseen
novel categories. As illustrated in Fig. 2, our model consists of three core com-
ponents:

– A Multimodal Prompting Mechanism that generates rich text and vi-
sion embeddings to represent object categories, providing a flexible and ex-
tensible vocabulary for the detector.



6 H. Xu

– A Panorama-Aware Image Encoder that operates on a quasi-uniform
spherical grid derived from a subdivided icosahedron. This allows the model
to process image features in a distortion-aware manner, preserving spatial
relationships across the entire sphere.

– A Unified Detection Head that fuses image features with prompt embed-
dings via cross-attention. It is trained with a combination of classification,
regression, and supervised contrastive losses to align image features with the
multimodal semantic space, enabling robust open-vocabulary performance.

3.2 Multimodal Prompt Generation

To equip our model with rich open-vocabulary understanding and fine-grained
visual recognition capabilities, we devise a multimodal prompting mechanism
that leverages both text and vision prompts. The generation and encoding pro-
cess for these prompts is performed offline to ensure training efficiency.

Text Prompt Representation. For each object category, we generate a set
of semantically diverse text descriptions to create a robust conceptual represen-
tation. Specifically, we employ the DeepSeek [10] language model to generate a
candidate pool of descriptive phrases and use Kt = 10 text prompts by default,
following the prompt-quantity analysis in Sec. 4. These phrases range from sim-
ple category names (e.g., “a chair”) to more elaborate descriptions (e.g., “a piece
of furniture for sitting” and “a seat with a back and four legs”).

Each phrase is then encoded into an embedding using the pre-trained CLIP [26]
text encoder. To form a single, robust text representation et for the category, we
compute the element-wise average of the N = Kt phrase embeddings:

et =
1

N

N∑
i=1

CLIPtext(phrasei) (1)

where N is the number of generated phrases for the category. This averaging
process distills a generalized semantic embedding that is less sensitive to the
peculiarities of any single description.

Visual Prompt Representation. To complement the abstract nature of text
prompts, we construct a visual prompt library that provides concrete visual
exemplars for each category. The visual prompt library is constructed without
using any panoramic training or test images, ensuring that no images from the
panoramic detection benchmarks are introduced into the prompt library. For
each category, we first map its category name to ImageNet-21K synsets using
exact name matching and WordNet aliases, and retrieve up to 100 candidate im-
ages from the matched synsets. We then rank the retrieved candidates accord-
ing to the available category supervision. If the category has a corresponding
ImageNet-1K classifier label, we rank the candidate images using the classifica-
tion logit of a standard ResNet-50 [11] classifier pre-trained on ImageNet-1K.
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Fig. 3: Illustration of (a) different sampling strategies on the spherical surface
and (b) comparison between planar patches and spherical patches.

For categories without a direct ImageNet-1K classifier label, we instead rank the
candidates by CLIP image-text similarity between each candidate image and the
category text prompt. Finally, we keep the top Kv = 5 images by default, which
provides the best trade-off in Sec. 4.

These selected images are then processed by the pre-trained CLIP image en-
coder to obtain their respective embeddings. Similar to text prompt generation,
we average the M = Kv image embeddings to create a single canonical visual
prompt embedding ev:

ev =
1

M

M∑
j=1

CLIPimage(imagej), (2)

where M = Kv. The resulting embedding ev captures the prototypical visual
characteristics of the category and provides visually grounded guidance comple-
mentary to the semantic information from text prompts.

Unified Prompt Projection. The text and vision embeddings, et and ev,
reside in the original CLIP feature space. Although this space provides an ini-
tial semantic alignment, it is primarily optimized for image-level representation
learning rather than fine-grained object localization. To adapt these general-
purpose embeddings to open-vocabulary detection, we introduce a projection
stage that maps them into a task-specific prompt space.

Specifically, we use two separate Multi-Layer Perceptron (MLP) networks,
one for each modality. These MLPs serve as learnable adapters that project the
high-dimensional CLIP embeddings into a unified 256-dimensional detection-
oriented space. Each MLP consists of two fully connected layers with a ReLU
activation function in between. For category c, the projection is formulated as:

ptc = MLPtext(e
t
c), pvc = MLPvision(e

v
c ), (3)

where ptc, p
v
c ∈ R256 denote the projected text and visual prompt embeddings,

respectively. Using separate MLPs allows the model to learn modality-specific
transformations while mapping both modalities into a shared embedding space
optimized for detection.
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To explicitly define how different prompt modalities are used, we construct
a prompt set for each category:

Pc =


{ptc}, text-only setting,

{pvc}, visual-only setting,

{ptc, pvc}, multimodal setting.

(4)

For the decoder query, we use the averaged category prompt:

p̄c =
1

|Pc|
∑
p∈Pc

p. (5)

During classification, however, we retain all prompt variants in Pc and compute
the category score by taking the maximum similarity over these prompts. This
design allows the decoder to use a compact category-level query while preserving
modality-specific prompt cues for classification.

3.3 Panorama-Aware Image Encoder

To effectively process 360◦ images while alleviating the distortion and boundary
artifacts introduced by equirectangular projection (ERP), we design a panorama-
aware image encoder, termed GeoFormer, as illustrated in Fig. 4. Instead of
applying attention directly to uniformly sampled ERP patches, GeoFormer first
maps panoramic features onto a quasi-uniform spherical grid and then performs
feature interaction over spherical tokens. This design reduces the bias caused
by non-uniform ERP sampling and provides geometry-aware representations for
prompt-image alignment. The encoder consists of two main stages: spherical grid
construction and stacked spherical attention layers.

Spherical Grid Construction. We discretize the sphere using a subdivided
icosahedron, which provides a quasi-uniform set of vertices on the spherical sur-
face, as shown in Fig. 3(a). Starting from a base icosahedron with 20 faces and
12 vertices, we iteratively subdivide its triangular faces and normalize the gen-
erated vertices onto the unit sphere. Compared with uniform sampling in the
ERP plane, this icosahedral discretization produces spherical patches with more
balanced solid angles, thereby reducing the shape and area distortion caused by
ERP, as illustrated in Fig. 3(b).

To initialize spherical tokens, we transfer features from the ERP feature map
to the icosahedral grid. For each spherical vertex si = (xi, yi, zi), we compute
its longitude and latitude and then project it to ERP coordinates:

θi = atan2(yi, xi), ϕi = arcsin(zi), (6)

ui =
θi + π

2π
W, νi =

(
1

2
− ϕi

π

)
H, (7)
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Fig. 4: Illustration of GeoFormer. (a) GeoFormer maps ERP features onto a
quasi-uniform spherical grid and performs feature interaction over spherical
tokens. (b) The spherical attention layer enables global information exchange
among spherical tokens.

where W and H denote the width and height of the ERP feature map, re-
spectively. Here, ui and νi denote the horizontal and vertical ERP coordinates
corresponding to the spherical vertex si. We then use bilinear sampling with hor-
izontal circular padding to obtain the initial spherical token feature x0

i from the
ERP feature map at location (ui, νi). The horizontal circular padding preserves
the wrap-around continuity of panoramic images.

To encode the spatial layout of spherical tokens, we further inject 3D po-
sitional information. Specifically, the Cartesian coordinates of each spherical
vertex are projected by a small MLP and added to the sampled feature:

xin
i = x0

i +MLPpos([xi, yi, zi]), (8)

where MLPpos maps the 3D coordinate to the same feature dimension as x0
i .

The resulting token set serves as the input to the spherical attention layers.

Spherical Attention Layer. Given the initialized spherical tokens, GeoFormer
applies a stack of L spherical attention layers. Each layer follows the Transformer
encoder design but operates on tokens sampled from the spherical grid rather
than regular ERP patches. This allows information to be exchanged globally
across the panoramic scene while preserving the spherical geometry encoded by
the sampling grid and 3D positional embeddings.

Let Xl−1 ∈ RNv×d denote the input token features of the l-th layer, where
Nv is the number of spherical vertices and d is the feature dimension. The query,
key, and value matrices are computed as:

Q = Xl−1WQ, K = Xl−1WK , V = Xl−1WV , (9)

where WQ, WK , and WV ∈ Rd×d are learnable projection matrices.
For each attention head, the scaled dot-product attention is computed as:

Attention(Q,K,V) = softmax

(
QKT

√
dk

)
V, (10)
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where dk = d/h is the channel dimension of each head and h is the number of at-
tention heads. The outputs of all heads are concatenated and linearly projected:

MSA(Xl−1) = Concat(head1, . . . ,headh)WO, (11)

where WO ∈ Rd×d is the output projection matrix.

Following the standard Transformer architecture, each spherical attention
layer uses residual connections, layer normalization, and a feed-forward network:

X̃l = Xl−1 +MSA(LN(Xl−1)), (12)

Xl = X̃l +MLP(LN(X̃l)). (13)

By stacking these layers, GeoFormer progressively builds geometry-aware panoramic
features, which are better aligned with multimodal category prompts in the sub-
sequent detection head.

3.4 Unified Detection Head

The object detection head takes the panoramic features from GeoFormer and
the multimodal prompt embeddings as input, and fuses them to produce final
bounding box predictions and class labels. It consists of a prompt-conditioned
cross-modal decoder, decoupled prediction heads, and a multi-component loss
function.

Cross-Modal Decoder. We employ a Transformer-based decoder to fuse im-
age and prompt information. Let Ximg ∈ RNp×d denote the final panoramic
feature map from GeoFormer, where Np is the number of image patches. Let

{p̄c}Nc
c=1 denote the averaged category prompts defined in Eq. 5, where Nc is the

number of prompted categories.

To support multiple instances of the same category, the prompt-sampling
module expands each averaged category prompt into K prompt-conditioned ob-
ject queries by adding learnable instance offsets:

P0
c,k = p̄c + ok, c = 1, . . . , Nc, k = 1, . . . ,K, (14)

where p̄c is the averaged category prompt and ok is a learnable instance offset.
The CLIP prompt embeddings are generated offline, while the projection MLPs
and instance offsets are optimized during detector training. This design preserves
category-specific prompt guidance while allowing multiple detections for each
category.

The decoder is composed of a stack of L identical layers. Each layer first
lets the prompt-conditioned object queries attend to panoramic image features
to gather visual evidence, and then lets the queries interact with each other
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to refine their contextual representations. A single decoder layer l operates as
follows:

P′ = LN
(
Pl−1 +MHCA(Pl−1,Ximg,Ximg)

)
, (15)

P′′ = LN(P′ +MHSA(P′,P′,P′)) , (16)

Pl = LN(P′′ +MLP(P′′)) , (17)

where Pl−1 denotes the object queries from the previous layer, MHCA denotes
Multi-Head Cross-Attention, MHSA denotes Multi-Head Self-Attention, and LN
denotes Layer Normalization. The output of the final decoder layer, PL, contains
context-rich representations for each prompt-conditioned object query.

Prediction Heads. The output queries PL are fed into two decoupled predic-
tion heads that share weights across all queries:

Regression Head: A 3-layer MLP with ReLU activations predicts the BFoV/RBFoV
coordinates for each query.

Classification Head: A linear layer projects each output query PL
i into a 256-

dimensional embedding space, producing the final detection embedding zi ∈
R256.

Loss Functions. Our final training objective is a weighted sum of three dis-
tinct loss components: a classification loss, a supervised contrastive loss, and a
bounding box regression loss.

Classification Loss. The classification score si,c for the i-th prediction and
the c-th category is determined by the similarity between its detection embed-
ding zi and the corresponding prompt embeddings. We use a scaled and shifted
cosine similarity, taking the maximum score over all prompt variants for a given
category:

si,c = max
j:label(pj)=c

(
α

zi · pj

∥zi∥∥pj∥
+ β

)
(18)

where pj is a prompt embedding (either text or vision), and α, β are learn-
able parameters that scale and shift the logits. We then apply a standard Focal
Loss [16] to these scores to handle class imbalance, denoted as Lcls.

Supervised Contrastive Loss. To further enhance the discriminative power
of the embedding space, we introduce a supervised contrastive loss, Lct. This loss
encourages each detection embedding zi to be closer to its corresponding positive
class prompts than to any negative prompts. For a given prediction zi matched
to a ground-truth object of class c, its positive set Pi consists of all prompt
embeddings {pj} belonging to class c. The negative set Ni contains all prompts
from other classes. The loss is formulated as:

Lct =
∑
i∈M

− log

∑
p+∈Pi

esim(zi,p
+)/τ∑

p+∈Pi
esim(zi,p+)/τ +

∑
p−∈Ni

esim(zi,p−)/τ
(19)
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where M is the set of matched predictions, sim(·, ·) denotes cosine similarity,
and τ is a temperature hyperparameter (set to 0.07).

Bounding Box Loss. The box loss Lbox is a linear combination of the L1
loss and the Gaussian Label Distribution Learning (GLDL) loss [31], applied to
the predictions matched with ground-truth boxes:

Lbox = λL1LL1 + λGLDLLGLDL (20)

Total Loss. The final loss function is a weighted sum of the three components:

L = λclsLcls + λctLct + λboxLbox (21)

where λcls, λct, and λbox are hyper-parameters that balance the contribution of
each loss term.

4 Experiments

4.1 Experimental Setup

Datasets and Preprocessing. We conduct experiments on two panoramic
detection benchmarks: 360-Indoor [5] contains 3,335 real-world indoor images
with 89,148 bounding field of view (BFoV) annotations across 37 categories. We
designate 30 as base and 7 as novel categories. PANDORA [32] consists of
3,000 panoramic images from real-world indoor scenarios with 94,353 rotated
bounding field of view (RBFoV) annotations across 47 categories. We use 40
base and 7 novel categories.

We follow the common 1/2, 1/6, and 1/3 train/validation/test split protocol
and use the same split for all methods. All images are resized to 512× 1024 for
both training and inference. During training, only annotations from base classes
are used.
Evaluation Metrics. We report mean Average Precision (mAP) [17] at a
Sphere-IoU [7] threshold of 0.5. Performance is measured on base categories
(mAPbase), novel categories (mAPnovel), and their Harmonic Mean (HM), which
provides a balanced view of overall performance.
Implementation Details. Our framework is implemented using MMDetection
3.3.0 [3]. Unless otherwise specified, we use Kt = 10 text prompts and Kv = 5
visual prompts per category. We use the AdamW [23] optimizer with an initial
learning rate of 2.5×10−4 and a weight decay of 0.05. A cosine annealing sched-
uler is employed. All experiments are run on 8 NVIDIA 3090Ti GPUs with a
total batch size of 16.
Baselines. We compare against seven text prompt-based detectors: ViLD [8],
OV-DETR [34], GroundingDINO [19], GLIP [15], BARON [30], YOLO-World [4],
and Prompt-DINO [9], and two visual prompt-based detectors: DINOv [14] and
T-Rex2 [12]. Since these models were designed for planar images, we adapt
them by modifying their prediction heads to support BFoV/RBFoV regression
and fine-tune them on the same base-class annotations, image resolution, and
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Table 1: Comparison with the state-of-the-art detectors.

Dataset Method Prompt Type Backbone mAPbase mAPnovel HM

ViLD [8] Text Prompt R50 17.4 13.8 15.4
OV-DETR [34] Text Prompt R50 21.1 19.2 20.1

GroundingDINO [19] Text Prompt R50 26.5 20.8 23.3
GLIP [15] Text Prompt Swin-T 27.2 20.5 23.4

BARON [30] Text Prompt R50 25.4 19.1 21.8
YOLO-World [4] Text Prompt YOLOv8-M 27.9 26.6 27.2
Prompt-DINO [9] Text Prompt ViT-L 28.3 26.8 27.5

OpenPanoD Text Prompt GeoFormer 30.5 29.8 30.1
DINOv [14] Visual Prompt Swin-L 22.3 20.7 21.5
T-Rex2 [12] Visual Prompt Swin-L 21.4 19.6 20.5
OpenPanoD Visual Prompt GeoFormer 25.9 25.5 25.7

360-Indoor [5]

OpenPanoD Multimodal Prompt GeoFormer 35.3 33.9 34.6

ViLD [8] Text Prompt R50 14.5 11.1 12.6
OV-DETR [34] Text Prompt R50 19.6 17.3 18.4

GroundingDINO [19] Text Prompt R50 23.9 18.8 21.0
GLIP [15] Text Prompt Swin-T 23.4 19.2 21.1

BARON [30] Text Prompt R50 23.7 18.7 20.9
YOLO-World [4] Text Prompt YOLOv8-M 26.8 25.3 26.0
Prompt-DINO [9] Text Prompt ViT-L 27.1 25.5 26.3

OpenPanoD Text Prompt GeoFormer 29.6 28.7 29.1
DINOv [14] Visual Prompt Swin-L 20.8 18.9 19.8
OpenPanoD Visual Prompt GeoFormer 25.4 24.9 25.1

PANDORA [32]

OpenPanoD Multimodal Prompt GeoFormer 34.4 31.3 32.8

train/validation/test split. For T-Rex2, the official API returns horizontal boxes;
therefore, we report it on the BFoV-based 360-Indoor benchmark and omit it
from PANDORA’s rotated RBFoV setting.

4.2 Comparison with State-of-the-Art Methods

Tab. 1 compares OpenPanoD with text-prompt and visual-prompt open-vocabulary
detectors adapted to panoramic detection. On 360-Indoor, the multimodal
version of OpenPanoD achieves 33.9% mAPnovel and 34.6 HM, outperforming
the strongest baseline, Prompt-DINO, by 7.1 points in novel mAP. On PAN-
DORA, where objects require rotated bounding-field-of-view prediction, Open-
PanoD achieves 31.3% mAPnovel and 32.8 HM, improving over Prompt-DINO
by 5.8 points. The gains are consistent across text-only, visual-only, and mul-
timodal settings, suggesting that the proposed spherical representation benefits
prompt-based detection beyond a specific prompt type.

4.3 Ablation Studies

Component-wise Analysis. As shown in Tab. 2, we isolate the effect of each
component on PANDORA. The first three rows use a planar ERP encoder, while
the final row replaces it with GeoFormer. Starting from a text-prompt baseline,
adding visual prompts improves mAPnovel from 24.9% to 26.1%, showing the
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Table 2: Ablation study of various components on the PANDORA dataset. Rows
without the spherical encoder use a planar ERP encoder.

Text Visual Contrastive Spherical
mAPbase mAPnovel HM

Prompts Prompts Loss Encoder

✓ 27.6 24.9 26.2
✓ ✓ 29.7 26.1 27.8
✓ ✓ ✓ 31.5 29.6 30.5
✓ ✓ ✓ ✓ 34.4 31.3 32.8

Table 3: Ablation study of im-
age encoders.

Image Encoder mAPbase mAPnovel

ViT 31.5 29.6
SphereUFormer 33.1 30.2

GeoFormer 34.4 31.3

Table 4: Ablation study of prompt quantity.

Prompt Type
#Number of Prompts

1 3 5 10 20

360-Indoor
Image Prompt 24.3 24.8 25.5 25.2 24.7
Text Prompt 24.6 25.2 25.9 26.4 26.3

PANDORA
Image Prompt 22.1 22.9 23.3 22.7 22.3
Text Prompt 23.4 23.8 24.5 24.9 24.3

complementary value of visual exemplars. Adding the supervised contrastive loss
further improves mAPnovel to 29.6% by explicitly separating matched prompt-
object pairs from negative prompts. Finally, replacing the planar encoder with
GeoFormer raises mAPnovel to 31.3%, confirming that geometry-aware spherical
features are critical for open-vocabulary panoramic detection.

Analysis of Image Encoder Architectures. We compare different image
encoder architectures: A standard Vision Transformer (ViT) applied directly
to the ERP image; A competing spherical encoder, SphereUFormer [1]; and
our GeoFormer. As shown in Tab. 3, our method outperforms both the ViT
(+1.7% mAPnovel) and SphereUFormer (+1.1% mAPnovel). This suggests that
our GeoFormer provides a more effective and geometrically sound way to capture
features across the entire sphere compared to other methods, leading to more
robust representations.

Impact of Prompt Quantity. Table 4 analyzes the sensitivity to the num-
ber of text and vision prompts. For text prompts, performance saturates around
10 prompts, indicating that sufficient semantic context is beneficial. For vision
prompts, we observe peak performance with 5 samples; more samples lead to a
slight degradation, likely due to the introduction of noisy or redundant visual
information. These findings offer practical guidelines for prompt engineering in
vision-language models for detection.

4.4 Qualitative Analysis

Fig. 5 visualizes the detection results of OpenPanoD. The visualizations demon-
strate our model’s ability to accurately localize and classify both base and novel
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Fig. 5: Qualitative detection results. Top: horizontal BFoV detection results. Bot-
tom: oriented RBFoV detection results.

objects, even those undergoing severe distortion near the poles or wrapping
around the image boundary.

5 Conclusion

In this work, we introduced OpenPanoD, a framework for open-vocabulary ob-
ject detection in panoramic images. We identified that this task is hindered by a
dual challenge: semantic ambiguity on the prompt side and geometric corruption
on the image side. OpenPanoD addresses these issues by combining a multimodal
prompt encoder with GeoFormer, a panorama-aware image encoder that pro-
duces geometry-aware spherical features for robust prompt-feature alignment.
Extensive experiments demonstrate that OpenPanoD establishes a new state-of-
the-art and significantly outperforms prior methods on novel category detection.
While our work sets a new benchmark, future research could explore optimizing
its computational efficiency or extending the framework to broader panoramic
understanding tasks, such as segmentation, grounding, and video understand-
ing. We believe OpenPanoD provides an effective framework for this task and
lays a robust foundation for future research into open-vocabulary perception in
360-degree environments.
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