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Abstract

This project investigates object awareness in 3D Large Language Models (3D-LLMs) through
systematic perturbation experiments inspired by polling-based evaluation methods. Using con-
trolled variations in scene density and frame sampling, we evaluate three current 3D-LLM
architectures on their ability to accurately detect object presence. Our experiments reveal
that models exhibit density-induced hallucination — a systematic bias toward false positive
detections as scene complexity increases, with negative query accuracy dropping from 70.5% to
20.7% in high-density scenes. Contrary to expectations, we find that model performance satu-
rates with sparse frame sampling, suggesting that visual confusion rather than input sparsity
drives hallucination behavior. This study represents an initial step towards identifying model
and data bottlenecks in 3D-LLMs for object reasoning capabilities.

1 Introduction

Although LLMs have shown impressive language understanding and reasoning capabilities over
the past few years!!”?7l their adaptation to 3D environments remains preliminary!'”. The
trend thus far has been to fine-tune existing pre-trained LLMs such as LLamal” with additional
modalities such as image features, Point Clouds (PCs), or fused features from different visual
modalities. Then, a decoder-style LLM outputs text tokens that serve as spatially grounded
answers for tasks such as Visual Question Answering (VQA), Embodied Reasoning, 3D Scene
Captioning, or 3D Object Detection. These models can be broadly aggregated under the
umbrella of 3D LLMs. We define them as multimodal models that take a text prompt and an
additional ‘visual modality® for a 3D scene as input — and produce text output. Early work
such as 3D-LLM !l pioneered this area and created a dataset with scene-language pairs based

on PCs. Following works are simultaneously investigating different directions to incorporate
3D information with LLMsl!%%429:25:14:25]

1.1 Benchmarks & Data Bottleneck for 3D LLMs

Several benchmarks and datasets have recently been published on 3D Question Answering
(3D-QA). ScanQA 'l and SQA3D!"*l have been proposed for question answering and reasoning.
Additionally, for 3D visual grounding and localization, ScanRefer”l, Multi3DRefer”, and
Scan2Capl” have been introduced. Despite the efforts of several works to produce datasets
leveraging LLMs for annotation tasks[*?%1%30:141510] “one of the major bottlenecks of current
models is the lack of broad internet-scale data for 3D scenes with high quality and diverse scenes
and prompts. Thus, the common approach has been to leverage a pre-trained LLM backbone
with additional pre-trained 2D image feature or 3D PC feature extractors while using rather
small-scale datasets for instruction-tuning that are crafted from existing annotated 3D indoor
scene datasets such as ScanNet[?%). Recently, 3D-GRAND[ has proposed to approach the
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data limitations through sim-to-real transfer via large-scale grounding datasets to solve the data
bottleneck, effectively showing that models trained on a large synthetic dataset can perform
well on real-world scenes. However, 3D-GRAND does not directly operate with multimodal
data, as it explicitly assumes a preprocessing step that extracts a Scene Graph from the scene.

1.2 Object Hallucinations

Alongside novel methods, datasets and benchmark tasks, several works have further probed
the limitations and inherent abilities of current models for visual scene understanding. 3D
LLM work is mostly evaluated via text-based question-answering (QA) on 3D scenes. This can
introduce inherent biases in the evaluation, mainly if the model relies on semantic information
from text rather than actual spatial context. For example, when an object is referred to by a
textual description (“What’s the color of this TV set?”), it is crucial to understand if and how
the model uses spatial context — or if it falls back to pre-trained knowledge (e.g., most TV
sets are in dark color). Additionally, rooms often have semantic trends (e.g., kitchen), where a
model may be able to infer the scene’s contents (eg. fridge, oven, etc.) by focusing on general
semantics. Thus, even if models perform strongly on these evaluations, their object awareness
remains uncertain. Specifically, object-level hallucination occurs when the model incorrectly
generates a response that assumes a particular object is present in the scene.

For 2D VLMs, POPE introduced polling-based query methods to probe and investigate object-
specific hallucinations!'?l. To systematically evaluate the presence of hallucinations, POPE polls
the model with questions asking “Is there a __ in the image?”. The objects polled are grouped
into categories of random, popular and adversarial settings to vary the difficulty of questions.
The more challenging categories, popular and adversarial, are determined by querying the top-k
common objects in the dataset and top-k common co-occurrences with objects in the sample in
the dataset, respectively. Object hallucination remains a common issue in 3D LLMs where even
less data is available for training. 3D-POPE naturally extends POPE to 3D by introducing an
object hallucination benchmark using triplets of scenes from ScanNet200 with random, popular,
and adversarial queries”. However, they do not explore out-of-distribution scenes or further
explore the reason for hallucination.

The source of hallucinations or factual errors in VLMs is challenging to isolate a single cause
from an extensive list of interdependent factors (encoder architecture, decoder architecture,
prompt engineering, training choices, training data diversity, parameters, etc.). Recent work!*"
found that 2D-VLMs underperform on image classification due to insufficient training data for
the decoder, despite critical information being captured in the latent space.

2 Method

Inspired by the 3D-POPE benchmark, we investigated the task of 3D Object Probing, i.e.
asking the model to answer if an object exists in the scene or not with "Yes” or 'No’. We tested
synthetic and real-world scenarios using two existing indoor scene datasets with ground-truth
semantic annotations. By exploring a customized dataset, we ensure that the proposed data
is outside the distribution of typical 3D scene understanding tasks. We introduced varying
degrees of modifications to them while keeping the prompting scheme fixed.
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Figure 1: Scene with varying densities generated from one room of 3D-FRONT: The
caption below each figure shows the density bin (left) and the density value (right).

2.1 Dataset Creation

We control the perturbations to evaluate potential bias with 3D data via varying (i) scene
density and (ii) frame density.

Exp 1: Scene Density — For scene density, we vary the number of objects present in the
scene to control the amount of visual noise present. This perturbation isolates evaluation to
assess a 3D-LLM’s ability to handle visual noise or confusion. Data samples are generated from
synthetic datasets 3D-FRONT and 3D-FUTURE .. The initial 3D-FRONT room layouts are
populated with objects using a physics-based simulation provided by PyBullet!”). Objects are
added to the scene by being dropped from a random height level of [0, 15] m above the ceiling,
and the simulator determines their final stable position. The number of objects follows an
exponential search, starting with 16 objects and increasing until a target scene density of at
least 70% is reached. Here, scene density is defined as the ratio of the total area covered by
the projected bounding boxes of all objects on the floorplan. To further vary scene density in a
controlled manner, we sequentially remove objects from the scene based on an object collision
graph. Only non-dependent objects (i.e., those not supporting other objects) are removed in
each iteration to avoid object collapse. Figure 1 showcases visual examples of a room with
different densities, from a relatively empty room to a highly cluttered scene.

Exp 2: Frame Density — To vary frame density, we randomly sample 100 scenes from the
ScanNetV2 validation set where we have ground-truth instance-level semantic annotation. We
then introduce a range of different frame numbers N = {5, 10, 15, 20, 30, 50, 75, 100, 150, 200, 300},
sampling n; € N frames along with corresponding camera poses and depth maps. For models
utilizing multi-view images, this data is sufficient. For instance-level point cloud models, we
reproject RGB pixels into 3D using camera poses and depth maps, then match them to the
dense reconstruction of object instance point clouds using nearest neighbor matching. This
simulates sparser point clouds at varying frame densities.

Prompt Generation — For 100 base scenes, each density modification is made, and five
positive and five negative questions are generated per modification. Positive questions are
randomly selected from the scene’s objects. For negative questions for custom scenes, GPT-40
API suggested absent objects based on the descriptions of existing objects. Negative samples
for ScanNetV2 scenes are randomly chosen from absent classes in the dataset.
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2.2 Models Evaluated

We tested three different current 3D LLMs. The models are: (i) 3D-LLM[ which uses
projected multi-view 2D image features and an out-of-the-box VLM to encode visual tokens,
(ii) LEOI' which uses PointNet!”’! along with a Hierarchical Spatial Transformer!'!) as the
point cloud encoder*, and (iii) LLaVA-3D*!, which uses multi-view images as the 3D input.
All three models, LLaVA-3D, LEO, and 3D-LLM have shown strong performance on various
visual-language navigation tasks.

3 Experiments Results

Exp 1: Scene Density — For the first experiments, we present the overall accuracy of two
methods, LEO and LLAVA-3D, across different density bins in Figure 2. LEO consistently
outperforms LLAVA-3D in all density bins. At the sparsest bin (10-20%), LEO achieves 62.4%
accuracy, compared with 55.4% of LLAVA-3D. LEO maintains above 53.5% accuracy even in
the most dense scenes (70%+). In contrast, LLAVA-3D struggles with around 50% accuracy
(random guess) in scenes with a density larger than 30%. These results highlight the limitations
of SOTA models in handling dense 3D scenes and strengthen the need for improved object
awareness of current 3D LLMs.

We further examine model performance on positive and negative questions, as shown in Figure 3.
Interestingly, model performance on negative questions reveals an unexpected trend: as scene
density increases, the accuracy for negative questions in both models falls below the 50%
random guessing threshold for scenes with more than 40% density. For scenes of density above
70%, the accuracy of LEO and LLAVA-3D drop to 20.7% and 36.1%, respectively. We refer
to this phenomenon as Density-induced Hallucination. We hypothesize that when there are
significantly more objects in the scene, the models tend to assume that “everything is possible
to be in the room.” We hope our dataset will enable further research on mitigating this type
of hallucination. Notably, addressing samples that fall below the 50% threshold could already
gain meaningful performance improvements.
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Figure 2: Accuracy on Different
Density Bins: LEO consistently Figure 3: Accuracy for Positive and Negative
outperforms LLAVA-3D in all density Questions: Both models present a significant decline

bins as scene density increases.

*While LEO also supports an auxiliary 2D image input, we do not use that as part of the input.
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Exp 2: Frame Density — For the second experiment, we show our main results in Figure 4,
where we plot the accuracy for each modification level against its False Negative Rate (FNR).
The underlying hypothesis was that fewer frames might lead to less density in the visual data,
and thus, the models might miss more objects, leading to a higher FNR. However, the results
reject this hypothesis, as a handful of frames through evenly-spaced sampling — covering a
good range of the scene — seems already enough to cover most objects. Thus, performance
already saturates quite soon with higher frame density. Additionally, in Figure 5, we aggregate
the accuracy delta between 300 and 5 frames for each semantic label, sorted in descending
order. The hypothesis was that smaller objects might have a larger delta since they will only
be visible from certain angles (and frames). However, we can reject this second hypothesis since
no clear trend is visible.

Accuracy vs. FNR on Varying Frame Density
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Figure 4: Accuracy & FNR of
different frame densities: Fewer
frames do not lead to much lower ac-
curacy, indicating that performance
already saturates quickly.

Figure 5: Accuracy Delta between 300 Frames and 5
Frames, aggregated by each semantic class and sorted
descending by magnitude. No clear trend is visible for
object size and higher frame rate.

We adapted 3D-LLM[P? for both tasks but found it consistently responded ‘yes‘ to all prompts
due to a lack of yes/no questions in training data. To better assess object awareness, we
adjusted prompts to resemble training tasks. For Exp 2, while ScanNet200 was included in the
training, the model produced identical descriptions regardless of input density, indicating mode
collapse. Additionally, it failed to generate meaningful results for the custom dataset in Exp 1,
showing poor generalization to out-of-distribution data and prompts.

4 Conclusions

This project examines recent advances in 3D Large Language Models (LLMs) that reason about
3D indoor environments. A prevalent issue for current models, which are heavily bottlenecked
by training data, is object-level hallucination. We hypothesize that these models may not
fully engage with visual data, leading to ungrounded responses. Our empirical study on 3D
Object Probing for several leading 3D LLMs reveals that as scene density increases, the models
show overconfidence in "Yes’ responses, resulting in a higher false positive rate, indicating
visual confusion. However, it’s unclear whether this arises from limitations in visual encoding,
insufficient training data for the text decoder, or sensitivities in the prompting style after fine-
tuning. Future research will compare more models and employ Linear Probing by training
a binary classifier on the first output token’s embeddings. This could help determine if the
models possess the right knowledge but struggle to decode the correct answers when mapped
to the token vocabulary, as seen in 2D Visual Language Models (VLM) .
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