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Abstract

Can objects that are not visible in an image—but are in the
vicinity of the camera—be detected? This study introduces
the novel tasks of 2D, 2.5D and 3D unobserved object de-
tection for predicting the location of nearby objects that are
occluded or lie outside the image frame. We adapt several
state-of-the-art pre-trained generative models to address
this task, including 2D and 3D diffusion models and vision—
language models, and show that they can be used to infer the
presence of objects that are not directly observed. To bench-
mark this task, we propose a suite of metrics that capture
different aspects of performance. Our empirical evaluation
on indoor scenes from the RealEstatel0k and NYU Depth
V2 datasets demonstrate results that motivate the use of
generative models for the unobserved object detection task.

1. Introduction

Object detection [90] is a fundamental building block of
autonomous systems that are capable of making sense of
their surroundings. However, it is limited to visible surfaces
within the camera’s field-of-view. While amodal object de-
tection and segmentation [35, 89] relaxes this requirement
to permit partially visible objects, we propose to go further
and detect those objects that are near the camera but were
not observed at all.

In this paper, we propose the novel task of unobserved
object detection in 2D, 2.5D and 3D for inferring the pres-
ence of objects not seen in an image within a domain that
extends beyond the camera frustum and behind the visible
surfaces. We are particularly motivated by perceptual and
planning tasks such as visual search [84, 88], where a robot
might be expected to use its understanding of a scene be-
yond what it can directly observe. For example, consider
the setup in Fig. 1. A robot tasked with locating some-
one who is seated might find it useful to look to the right,
where it is likely that additional chairs would be found, or
to move to view a potentially occluded chair. Predicted spa-
tial likelihoods of objects in a scene that was only partially
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Figure 1. Unobserved object detection aims to infer the location
of objects that were not directly observed in an image. Consider
this toy example of a dining table and chairs. Here we visualize a
top-down view (slice) of the predicted discrete distributions D32
and D3P for the object label o of “chair,” conditioned on the image
T, where darker is more probable. The presence of an occluded
chair (A) is predicted as relatively likely, as is the presence of an
out-of-frame chair (B). Crucially, the domain V of the predicted 3D
distribution exceeds the camera frustum (drawn in black), and the
domain I of the 2D distribution extends beyond the image plane Z.

observed can inform probabilistic models [28, 31, 45] for
planning under uncertainty. In this work we recover such
spatio-semantic distributions over observed and unobserved
parts of the scene. We expect progress on this task to benefit
downstream applications in which decisions are made in the
presence of uncertainty arising from partial observations,
such as active vision, navigation, visual search, adaptive
planning and scene exploration [1, 5, 18, 24, 27, 63, 84].
While explicitly learning spatio-semantic distributions
of scenes and objects is challenging [78], they can be vari-
ationally inferred using generative models trained on 2D
image datasets [2, 30]. Novel view synthesis and semantic
scene completion [7, 11, 17, 33, 55, 60, 73, 77] can offer
useful spatio-semantic priors that can be used to render full
3D volumes given partial observations. However, occlu-
sions and incomplete or sparse data still pose significant
challenges to 3D scene generation methods. Image diffusion

19366



models [22, 70] have been shown to be useful at expanding
beyond the visible frame, known as outpainting [51, 57], and
some 3D diffusion models [73] can generate 3D representa-
tions consistent with an input image. These approaches typi-
cally aim for photorealism, of the completed scene, which
may not be necessary or desirable for unobserved object
detection, where we want to infer the spatio-semantic distri-
bution of an object situated within possible scenes. Despite
this weakness, the generative capability of such models is
still highly useful.

In this work, we investigate the ability of three categories
of generative models (2D and 3D diffusion models and
vision—-language models) to predict spatio-semantic distribu-
tions via a sampling procedure. We develop the associated
detection pipelines, metrics, and evaluation protocol for the
unobserved object detection task. Our contributions are
1. defining the novel task of unobserved object detection;
2. extending three major classes of generative models (2D

and 3D diffusion models and vision—language models) to

address unobserved object detection; and
3. benchmarking these approaches under a standardized

evaluation protocol with respect to the accuracy and di-

versity of the predictions.

We evaluate performance under 2D, 2.5D, and 3D settings,
on the RealEstate10k [87] and NYU Depth V2 [65] datasets
using MS-COCO object categories [34]. The results from
these pre-trained models is promising, but also reveals sev-
eral challenges, motivating further research on the unob-
served object detection task.

2. Related Work

Object detection [90] focuses on identifying and localizing
objects within images, with recent deep learning models
such as Faster R-CNN [54], YOLO [53], and transformer-
based approaches like DETR [9] significantly enhancing
both accuracy and efficiency. However, occlusions in real-
world scenarios, such as autonomous driving and robotics,
remains a critical challenge for traditional models. Amodal
object detection and segmentation [35, 89] extends tradi-
tional approaches by predicting the full projected geometry
of partially occluded objects. Li and Malik [32] introduced
amodal bounding box regression including unseen parts. Re-
cent improvements [6, 71] leverage Bayesian or hierarchical
occlusion modeling. However, these methods cannot reason
about fully occluded or out-of-frame objects.

2D diffusion models [22, 68, 70] generate high-quality,
plausible images via an iterative denoising process, which
can be guided by conditioning inputs such as text or im-
ages [29, 58]. Classifer-free guidance [21], capable of learn-
ing the conditional and unconditional models simultaneously,
has been applied to scene completion and conditional synthe-
sis [59, 72]. Stable Diffusion [51, 57] is used for extending
high-resolution image boundaries, conditioned on text, in

image outpainting, generating high-resolution images, condi-
tioned on text [21]. We explore spatio-semantic relationships
learned by such models in the context of our task.

Novel View Synthesis (NVS) [20, 67] is the task of gener-
ating new views of a scene from a set of posed input images.
Neural Radiance Fields (NeRF) [41] parameterize scenes as
continuous volumetric radiance fields, enabling high-fidelity
rendering. However, NeRF typically requires many input
images and known camera poses. Several related meth-
ods [56, 79, 82] leverage pre-trained scene priors to improve
generalization in the sparse input setting, but the reconstruc-
tion is typically blurry in the unobserved regions. More
recent approaches [2, 60, 83] integrate a diffusion model
into the NVS pipeline to overcome these averaging issues.
Diffusion with Forward Models (DFM) [73] combines a
transformer encoder with PixelNeRF [49, 82] and uses a De-
noising Diffusion Implicit Model (DDIM) [69] to generate
diverse 3D representations conditioned on a single RGB im-
age. GeNVS [11] follows a similar approach to sample novel
views instead of full 3D scenes. Newer models like Multi-
Diff [44], using depth-warped priors, show improvements
in quality and speed, but code has not yet been publicly re-
leased. Despite its computational demands and challenges
with out-of-distribution data, DFM remains a strong bench-
mark for generating 3D-consistent views of a scene from a
single image. We investigate whether DFM-generated scenes
capture plausible spatio-semantic relationships for our task.

Vision—Language Models (VLMs) [85] are effective for
spatio-semantic reasoning, excelling at one-shot and zero-
shot tasks, but struggle with context-based reasoning. Mod-
els like CLIP [52] or ALIGN [25] which align visual and tex-
tual data for object recognition and segmentation, encounter
difficulties in contexts with incomplete or sparse informa-
tion [12]. These limitations are evident in tasks requiring spa-
tial and compositional reasoning [86] and benchmarks [40,
74] which highlight difficulties in ambiguous scenes. While
models like ChatGPT and LLaVA [12, 37, 38, 46] have
improved multi-modal reasoning, they have limitations in
understanding 3D spatial relationships [8]. Cirik et al. [14]
leveraged contextual semantic co-occurrences, learned by
language models, from the unobserved parts of a scene and
relied on semantic affinities for active prediction. In contrast,
our work evaluates whether modern VLMs [3, 4, 38, 46]
can perform this passive inference, implicitly from a single
observation.

3. Unobserved Object Detection

The task of unobserved object detection, as shown in Fig. 1,
is to detect objects that are in the scene, but are not cap-
tured within the camera frustum. The approaches considered
in this paper address this task by predicting a conditional
distribution Dz over a bounded space and set of semantic
labels given a single RGB image Z, referred to as a spatio-
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Figure 2. The 3D diffusion-based pipeline.

semantic distribution (SSD). This facilitates the inference of
the probable locations of unobserved objects outside the vis-
ible region captured by the image and its associated camera
frustum, using contextual cues from the image. The spatial
domain & defines the support of this distribution. The SSD
is an estimate of the ground-truth conditional distribution
I'z. While this distribution is not observable, we have ac-
cess to additional posed images from a realization of this
conditional distribution for the purpose of evaluation. For
each object label o, we denote the associated SSD as Dz,
This maps each z € X to a likelihood in [0, 1]. That is, the
likelihood of detecting object o at location x. For example,
it assigns a likelihood to the presence of a chair one meter
in front of and two meters to the right of the camera, which
may not be visible in the input image. Note that we consider
all distributions to be normalized. We consider distributions
over two discretized spatial domains X: (1) a 2D domain I,
discretized as a pixel grid, corresponding to an expansion
of the input image; and (2) a 3D domain V, discretized as
a voxel grid, extending beyond the input camera’s frustum.
The 2D domain [ symmetrically extends the H x W pixel
grid of the input image to H x W', where W’ > W. The
3D domain V expands the frustum to an expanded voxel grid
aligned with the input camera pose.

4. Generative Model-based Detection Pipelines

This section details how three pipelines based on generative
models—(1) a 3D diffusion model (Fig. 2), a 2D diffusion
model (Fig. 3), and (3) vision-language models (Fig. 4),
which can be used to estimate the 2D or 3D SSD Dz, from
an RGB image Z, for object o.

3D Diffusion-based Model. = We utilize Diffusion with
Forward Models (DFM) [73] to estimate both the 2D and
3D Dz,. This approach generates a 3D representation condi-
tioned on a single RGB image, from which an RGBD image
can be rendered from any camera pose. We select a set of
k = 4 target camera poses, including the input image’s cam-
era pose, as visualized in Fig. 2, render the corresponding
RGBD images, and combine the results into a single point
cloud. An off-the-shelf object detector, YOLOv8x [26, 53],
is run on these frames. For 3D detection, the 2D bounding
boxes for each object o are back-projected onto the point
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Figure 3. The 2D diffusion-based pipeline.
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cloud alongside detection confidences. We take multiple
samples from the conditional distribution by repeating the
generation process a total of ng times over additional cam-
era poses, conditioned on the same input image Z, and the
results are aggregated into the estimated distribution. We
combine all the 3D samples into a common frame of ref-
erence, voxelize the resulting 3D confidence map into grid
cells V, average the non-zero confidences of the points across
each voxel, and then apply softmax normalization to obtain
the 3D distribution D%? . The DFM pipeline can expand the
detection volume beyond the initial visible frame and recover
occlusions in 3D using the novel camera views. More details
on the sampling process is in Appendix C.

2D Diffusion-based Model.  To evaluate the capacity of
a 2D diffusion model at estimating the conditional distri-
bution, we utilize a 2D diffusion model, SDXL [51, 75],
which expands the image canvas of Z using outpainting to
perform conditional generation to fill the unobserved regions
to the left and right of the input image (360 x 360 input to a
360 x 640 output). The process is repeated for ns generated
samples (shown in Fig. 3) We then run an object detector,
YOLOVS8x [26, 53] to assign confidence scores for object
o to each pixel, followed by softmax normalization, result-
ing in a 2D SSD D22, To obtain the 3D distribution D3P,
we re-projected 2D bounding boxes into 3D using metric
depth values from DepthAnythingv2 [80, 81] and camera
parameters from the RealEstate10k dataset, with additional
parameters from COLMAP reconstructions [61, 62] for the
NYU Depth V2 dataset, then voxelized the 3D point map,
averaging confidence scores within each voxel.

VLM-based Models. = We adapt several VLMs to the task
of predicting the (coarsely-discretized) 2D conditional dis-
tribution: ChatGPT-40 [46], Claude-3.5 Sonnet [4], Gem-
ini 1.5 Ultra [3] and LLaVa-34B-v1.6 [37, 38]. To do so,
each model was provided with the 360 x 360 input image,
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Figure 4. The VLM-based pipeline.
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padded with 140 black pixels to the left and right, forming a
640 x 360 image. For each object o, the model was queried
for a constrained binary “Yes”/“No” response whether the
object was within the original frame or the extended region
to the left or to the right. A fraction of “Yes” responses out
of ng queries was produces a prediction confidence for the
left/center/right regions, further normalized to generate D22
(Fig. 4) for region-wise estimates. Prompt and experiment
design details are provided in Sec. 5.2 and Appendix D.

5. Experiments

We evaluate model performance on three distinct tasks—2D,
2.5D, and 3D—for indoor scenes [65, 87] with MS-COCO
objects [34]. Each experiment generates SSDs, aligned with
the input image’s camera pose. The 2D task involves esti-
mating D22 within the expanded image domain I from the
viewpoint of the input camera. The 2.5D task focuses on
estimating the portion of D3P visible in the expanded image
I, centered at the input camera location. Finally, the 3D task
extends this estimation for D%Jg over an expanded 3D region
that accounts for out-of-frame detections and occlusions.

5.1. Metrics for Unobserved Object Detection

To evaluate the unobserved object detection task, we propose
metrics to quantify how well the predicted conditional distri-
bution Dz, for an object o over a discrete domain X aligns
with the true conditional distribution. However, we only
have access to a single realization of this distribution, de-
noted by Gz,. Significantly, the true conditional distribution
I'z, is likely to have more modes than the realization Gz,,.
For example, given an image Z of a dining table, the ground-
truth scene (the realization) happened to have several chairs
clustered to the right of the camera. However, the exact same
image could equally well have corresponded to a scene with
a chair to the left of the camera (another, unrealized, scene
conditioned on the same image). We expect the models to
predict all plausible modes, and our metrics are informed by
this asymmetry between the ground-truth and the prediction.

Normalized Entropy (#) and Cross-Entropy (H*).
The normalized entropy H [64] of the predicted distribution
Dz, and the normalized cross-entropy H* [15] between the
ground-truth distribution Gz, and Dz, are given by

-1

Hzo = oz || xE€XDIO(x) log Dz, (), )
-1
X .
HIO = 710g ‘Xl wgexgl'o(m) IOg DIO($)7 (2)

for input image Z and object o. The normalization factor
log |X'| makes the metric independent of the grid resolution
and ensures that a uniform distribution evaluates to unit en-
tropy. This asymmetric measure penalizes the prediction

of low object likelihood where the ground-truth indicates
the presence of an object. However, as required, it does
not penalize the prediction of high object likelihoods where
the ground-truth has not seen an object. For the remain-
ing metrics, we consider high-likelihood detections above a
threshold 7. The thresholded ground truth is denoted by G7
forall z € X where Gz, (x) > 7. Let the detection label yz,
be 1 if G7 is non-empty and 0 otherwise. The thresholded
prediction D7 and label 3z, are defined over Dz,.

Normalized Nearest Neighbor Distance (A).  This
asymmetric metric quantifies the spatial distance between the
peaks (local maxima) in the thresholded ground truth Pgz
to the nearest peaks in the thresholded predictions Ppz . For
a single input image Z and object o, this is given by

1 e =2
Az, = _—
T P | 2 v &Pp; diam(X)’

:L’G'Pg%
°

3)

where diam(X’) is the maximum distance within X (i.e., the
diagonal in the 2D or 3D grid) that normalizes the measure
with respect to the domain size. If predicted peaks Ppz_ is
empty, Az, = oco. Large distances indicate that the object
was not predicted near where it is located in the ground truth.

False Negative Rate (FNR). = Measured over the entire
set of evaluations (scenes S and objects (), the thresholded
ground-truth and predicted labels are used in this metric to
compute the false negative rate of classification, given as.

ZIES ZOEO on(]- - QIO)
ZIES ZOEO YZo

2D Region-wise Accuracy (A). This metric evaluates
the coarse-grained classification accuracy of the predictor
in 2D. Specifically, we decompose the domain X into ¢
subdomains X'* and define corresponding ground-truth and
prediction labels for thresholded detections over the regions
as y&, and g% respectively. For image Z and object o, this
is given by

FNR = 4

L
1 i ~d i ~7
-AIO = Z E yZZOon + (1 - on)(l - on)~ o)
=1

5.2. Experiment Setup

In this section we provide details pertaining to the datasets,
baselines, implementation, and evaluation protocol.

Datasets.  All models were evaluated on 10 indoor scenes
from the RealEstate10k test set [87] and the NYU Depth V2
dataset [65], automatically selected based on object detec-
tion frequency. After filtering, each scene has an average
of 190 images in RealEstate10k (720 x 1280, resized to
360 x 640 for I, and center-cropped to 360 x 360 for Z) and
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1359 images in NYU Depth V2 (480 x 640, center-cropped
to 360 x 640 for I and center-cropped to 360 x 360 for 7).
One randomly selected frame per scene was used as the input
image Z for evaluation. COLMAP [61] and GLOMAP [48]
were used for camera pose estimation (for NYU Depth V2)
and for reconstruction to obtain depth maps. Object annota-
tions for each expanded 360 x 640 image I were generated
using YOLOvS8x [26, 53], pre-trained on the MS-COCO
dataset [34], retaining those with confidence greater than
Teonf- The 2D ground-truth spatial distributions g%% were
computed by a softmax normalization of the detected object
confidence logits. The 3D ground-truth spatial distributions
G3P were computed by back-projecting the object confidence
logits using the 3D reconstructions, voxelizing with average
pooling, then applying softmax normalization. The voxel
grid has resolution 20 x 20 x 20 with grid size 1.0. The
2.5D ground truth spatial distributions G7>° were computed
similarly, by back-projecting the confidence logits within the
input camera frustum and using a voxel grid of resolution
10 x 10 x 10, with a grid size of 1.0. Note that we only
retain non-empty ground-truth distributions in the dataset: if
a scene s does not contain an object o, (s, 0) is not part of the
dataset. See Appendices A and B for details on automatic
scene pre-processing, filtering, selection, and reconstruction.

Baselines.  To provide context for the benchmark, we
report results for a uniform baseline, whereby equal proba-
bilities are assigned across the grid. We also report results
for an oracle, which has access to the ground truth. For the
2D task, the oracle uses the 2D ground-truth distribution cor-
responding to the expanded image I. For the 2.5D task, the
oracle uses the unprojected 2D ground-truth distribution. For
the 3D task, the oracle uses the 3D ground-truth distribution.

Implementation Details. The hyperparameters are set
as follows: the classification threshold 7 = 1.4/|X|, the
minimum detection confidence 7o, = 0.1, and the number
of subdomains X' for region-wise accuracy ¢ = 3, corre-
sponding to the 360 x 360 input image Z, the 360 x 140
domain to the left of the image and the 360 x 140 domain to
the right of the image. For DFM [73] inference, we use au-
toregressive sampling with 3 timesteps per frame, generating
50 intermediate frames with default settings: a temperature
of 0.85 and a guidance scale of 2.0. Generating each sample
took 25 minutes per target pose per sample on average; that
is, 48 days to generate all samples for each dataset.

For Stable Diffusion sampling [51], the Diffusers library
SDXL inpainting model was employed. Input images were
padded by 140 pixels on the left and right sides for masked
inpainting. The temperature was set to 0.25, the prompt
guidance scales were drawn from {0.25,0.5,0.75, 1.0}, the
seeds from {0, 42,123,999, 2021}, and the prompts from
a set of 10, yielding 4 x 5 x 10 = 200 samples per scene.
For the VLMs, we used ChatGPT-40 [46], Claude-Sonnet-

3.5 [4], and Gemini 1.5 Ultra [3] via their official APIs,
and LLaVa-v1.6-34b [37, 38] via the Replicate API. The
temperature was set to 0.25, the top-p value was set to 1.0
where applicable, and the order of the image—question pairs
was randomly shuffled. The VLMs were queried 100 times
per object, region, and scene, resulting in 6000 calls each
(20images x 30 questions x 10 shuffles). Data acquisition
and post-processing through these APIs took ~ 8h. Details
are in Appendices C and D. Future updates or access restric-
tions to APIs used in this study could affect reproducibility.
All experiments were run on one NVIDIA RTX A6000 GPU.
Our code and evaluation protocols are on the project page'.

5.3. Results

In Tabs. 1 and 2, we report the performance of the generative
models at the 2D, 2.5D and 3D unobserved object detection
tasks. The metrics are reported as averages and standard
deviations over scene—object combinations. The distance
average excludes A = oo entries; these are captured by
the false negative rate. Methods were only evaluated on
tasks for which they are applicable: we lift the VLM outputs
from their binary labels to a 2D distribution, and lift the 2D
diffusion outputs to a 2.5D distribution, but cannot obtain
the 3D distribution from either. For the 2D task (Tab. 1),
the 2D diffusion model shows the best performance, while
the 3D diffusion model remains competitive. The coarse-
grained VLMs struggle in most metrics with large spatial
errors, A, as expected. For the 2.5D task (Tab. 2, left), the 3D
diffusion model consistently outperforms the 2D diffusion
model (SDXL) [51, 57], augmented with monocular depth
estimates [81], with the exception of cross-entropy and the
false negative rate when the outpainting model is prompted
with the target object. Finally, for the 3D task (Tab. 2, right),
we see that the 3D diffusion model remains competitive.
Lower values of H* and A indicate better agreement with
Gzo. For example, a low A indicates that the predicted
modes that overlap with those in Gz,.

Qualitative results are shown in Fig. 5, with the 360 x 360
center-cropped input image Z shown within the dashed lines
in the first column, a top-down view of the DFM-predicted
3D distribution in the second column, the SDXL-predicted
2D distribution in the third column, and the ChatGPT-
predicted 2D distribution in the last column. In particular, the
DFM-based model usually predicts high likelihoods near the
ground-truth object’s 3D location, including when the object
is occluded or out-of-frame, which is a significantly harder
task than the 2D prediction task; see, for example, the final
row. More qualitative results can be found in Appendix E.
Failure cases are shown in Fig. 6, where all models perform
poorly and an object category (door) that elicits many false
negatives in the object detector. We also observe that the
diffusion-based outpainting approach has its own modes of

Uhttps://1ssb.github.io/UOD/
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Table 1. Performance of all models at the 2D unobserved object detection task on the RealEstate10k [87] and NYU Depth V2 [65]
datasets. We report the cross-entropy H ™, the prediction entropy H, the nearest neighbor distance A, the false negative rate (FNR), and the
region-wise classification accuracy .A. The best non-oracle result is indicated in bold.

RealEstatel0k [87] NYU Depth V2 [65]
Method HX | "l A% | FNR | A4 HX | Hl A% | FNR | A1
Uniform 1.000 1.000 00 1.000 0.553 1.000 1.000 o0 1.000 0.558
+0.000 +0.000 +0.220 +0.000 +0.000 +0.214
Oracle 0.690 0.690 0.000 0.000 1.000 0.714 0.714 0.000 0.000 1.000
+0.123 +0.123 +0.000 +0.000 +0.143 +0.143 +0.000 +0.000
DFM 1.555 0.774 5.990 0.032 0.747 1.661 0.696 6217 0.055 0.765
+1.460 +0.119 +39.470 +0.139 +1.336 +0.128 +36.112 +0.236
SDXL 1.257 0.848 0.446 0.000 0.918 1.223 0.778 0.510 0.000 0.944
+2.033 +0.171 +25.490 +0.147 +2.107 +0.212 +26.929 +0.142
ChatGPT-40 1.332 0.968 25.448 0.024 0.816 1415 0.981 18.118 0.000 0.810
+0.265 +0.056 +13.504 +0.251 +0.935 +0.043 +26.556 +0.427
Claude-3.5-Sonnet ~ 1.880 0.935 22.107 0.076 0.772 1.575 0.976 19.091 0.024 0.750
+1.240 +0.053 +23.443 +0.148 +1.553 +0.040 +22.609 +0.280
Gemini-1.5-Ultra 1.968 0.968 24.389 0.124 0.733 1.896 0.957 16911 0.039 0.705
+0.541 +0.044 +12.981 +0.286 +0.909 +0.040 +15.458 +0.277
LLaVa-v1.6-34b 1.232 0.945 25.321 0.262 0.770 1.455 0.970 24.369 0.142 0.743
+0.602 +0.050 +15.532 +0.276 +0.594 +0.043 +17.803 +0.283

Table 2. Performance of all models on the 2.5D and 3D unobserved object detection tasks. We report the cross-entropy H *, prediction
entropy 7, nearest neighbor distance A, and false negative rate FNR. The best non-oracle result is in bold.

2.5D Task 3D Task
RealEstatel0k [87] NYU Depth V2 [65] RealEstatel0k [87] NYU Depth V2 [65]
Method H* | H| A%)J) FNR] H*| H] A%)L FNR], H*] HI] A%)) FNR] H*| H| A%%){] FNR |
Uniform 1.000 1.000 00 1.000 1.000 1.000 0.000 1.000 1.000 1.000 00 1.000 1.000 1.000 00 1.000
+0.000 +0.000 +0.000 +0.000 =0.000 +0.000 +0.000 +0.000 +0.000
Oracle  0.238 0.238 0.000 0.000 0.297 0.297 0.000 0.000 0.288 0.288 0.000 0.000 0.168 0.168 0.000 0.000
+0.014 +0.014 +0.000 +0.006 +0.006 =+0.000 +0.136 +0.136 +0.000 +0.176 +0.176 +0.000
DFM 1955 0.530 5.128 0.032 1.785 0.610 4.214 0.055 2471 0303 9.190 0.017 2.062 0.541 3.948 0.000
+2.033 +0.441 =+3.042 +2.101 +2.077 +2.803 +4.415 +0.202 +6.223 +3915 +0.374 +5.801
SDXL 1.752 0.617 6.277 0.000 1.533 0.655 5.245 0.000 - - - - - - - -
+2.043 +0.305 +2.229 +2916 =+0.323 +£2.351

Table 3. Ablation and analysis on the combined RealEstate10k and NYU Depth V2 dataset. The best variant of each method is in bold.

2D Task 2.5D Task 3D Task

Method H*L HI A%)L FNR] AT HXL HI AM%)L FNRL H*]L HI A%)J ENR|
DFM (25 samples, 4 poses) 1.595  0.744  6.076 0.04 0.754 1.890 0.560 4.781 0.04 2.303 0401 7.041 0.01
DFM (25 samples, 3 poses) 1.944  0.860 19.019 0.14 0.612 2.037 0.808 12339 0.13 3226  0.558  8.797 0.08
DFM (25 samples, 2 poses) 2.466 0931 14.734  0.88 0.567 2562 0994 13205 0.86 4931 0703 11.105 0.38
DFM (15 samples, 4 poses) 1.804 0925 16.059  0.58 0592 2.140 0.873  8.759 0.67 4.047  0.858  9.980 0.07
DFM (10 samples, 4 poses) 2.342  0.952 14787  0.72 0.574 2480 099 17.678 0.75 4695 0965 12481 022
SDXL (w/ object cues) 1.244 0.870 0.470 0.00 0928 1.668 0.631 5.884 0.00 - - - -
SDXL (w/o object cues) 1.977 0.885  6.037 0.49 0.716  2.129  0.860 16.051 0.48 - - - -
SDXL (w/o prompts) 2963 0926 6482 0.51 0.767 2229 0952 17949 0.51 - - - -

5.4. Ablation Studies & Analysis

In Tab. 3, we report the ablation study and analysis for the
2D and 3D diffusion-based detectors. First, we analyze the
effect of reducing the number of camera poses k at which the
DFM model is queried, from 4 to 2, which affects the cov-

failure, also shown in Fig. 6, where the results are not infor-
mative in a scene if the model is not prompted with the label
of the object to be detected.
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REFRIGERATOR

(a) Z (center) and I (full)
0

3D
(b) DEM D3P

(c) SDXL D%

(d) ChatGPT-40 DX
1

Figure 5. Qualitative results. Each row shows the predicted 2D and top-down 3D spatial distributions generated by each method for various
object categories: TV (first row), refrigerator (second row), sink (third row), laptop (fourth row), and sink (fifth row). Notably, in the bottom
row, the DFM-based model infers the likely presence of a sink, occluded by the refrigerator, albeit not with a high likelihood. A white
triangle marks the camera position, while dashed and dot-dashed lines depict the camera frustums for Z and I. The white star indicates the
ground-truth position of the object, when visible in 2D. Heatmap colors indicate object likelihood, with warmer tones representing higher

probabilities. Since these are spatially-normalized distributions, we use a log-scale for visualization.

erage of the scene. To do so, we randomly drop one or two
camera poses and report the performance. We find that the
performance decreases considerably as the number of cam-
era poses decreases, across all tasks. Second, we analyze the
effect of reducing the number of conditionally-independent
samples per additional camera pose from 25 to 10, which
reduces the diversity of the predicted conditional distribu-
tion which negatively affects performance. We also ablate
the 2D diffusion-based approach, investigating the effect of
object cues in the text prompts on the results, evaluating

the pipeline (a) without prompts; (b) without object cues,
where the model is provided with text guidance but without
referring to objects (e.g., “extend this indoor scene naturally
to the left and right of the given frame”); and (c) with object
cues in the prompts (e.g., “extend this scene naturally on
both sides, with objects like [OBJECT]”). Prompts with ob-
ject cues appear to significantly impact performance of the
SDXL-based method in the task, indicating that these meth-
ods make heavy use of textual guidance in the generative
process, as demonstrated in the 2D and 2.5D ablation study.
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(e) SDXL w/o object cue prompt failur

(f) SDXL w/o object cue prompt failure

(d) ChatGPT-based DX

(g) Failure with object cues

Figure 6. Failure cases. In the first row, the DFM-based model misses plausible locations where a refrigerator might be and the ChatGPT-4o-
based model fails to report any detections. In the second row, the presence of the door on the left is not inferred by the DFM or SDXL-based
models, primarily due to the object detector’s false negatives on synthetic images for that class. The last row shows outpainting failure cases.
The SDXL outpainting model, when prompted without object cues, often extends images with textures (e) or unrelated imagery (f). Even
when object cues (here, “refrigerator”) are provided (g), results may ignore the prompt and generate unnaturally extended images.

Details of the complete analysis and ablation study can be
found in the Appendix E. We used default hyperparameters
without any dataset-specific changes for all our experiments
in the generation process (details in Appendices A, C and D).

6. Conclusion

This work has introduced the unobserved object detection
task in 2D, 2.5D and 3D, has presented three detection
pipelines using state-of-the-art generative models, and has
evaluated their performance on a proposed set of metrics in
a dataset of indoor scenes and common objects. We find that
unobserved object detection presents different characteris-
tics in 2D and 3D. Expanding the camera frame can be used
in both 2D and 3D, with detection pipelines showing the
ability to predict objects that may be fully outside the visible
frustum. In contrast, predicting objects within 3D regions
beyond the camera frustum suggests that 3D pipelines have
the capability to detect fully occluded objects. While the
2D SDXL-based pipeline and VLMs cannot detect occluded
objects, the 3D pipeline leveraging DFM achieves this.
This work has several significant limitations. In particu-
lar, the inference time of 3D diffusion models, is currently
very large and are costly to re-train. Since our approaches

require many samples to approximate the conditional distri-
bution, this is a significant bottleneck and stymies their use
in real-time applications like in robotics. Another limitation
is the need for object prompts in outpainting-based methods,
since this is likely to bias the obtained empirical conditional
distribution. Also, VLM-based evaluations may not be fully
reliable, since it is possible these models could have seen
and memorized the test images during training. Since the
task requires that the model not over-fit to the ground truth
realization—which is an instance of the true conditional
distribution—there are inherent challenges in measuring per-
formance that reflects accurate modeling of the underlying
true distribution that is unavailable in real-world settings.

Future applications will apply the proposed pipeline to
outdoor and large-scale scenes [36]. Synthetic datasets [13]
can let us access known conditional distributions in simula-
tion [16]. Beyond object detection, different spatio-semantic
features like occupancy or affordances [23] are promising
next steps. Improvements in solving this task could pave
the way for robotics applications in reactive control [47],
visual search [5], planning [27], navigation [18], and explo-
ration [24]. This motivates the current work as a significant
step toward improving machine vision capabilities for unob-
served object detection.
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