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Figure 1. PerLA is a 3D language assistant that integrates local details with global context to learn informative representations of 3D
scenes, whereas state-of-the-art (SOTA) 3DLAs focus solely on global context information. PerLA can provide more accurate responses,
correctly distinguishing between objects such as a “black computer monitor” and a “black suitcase,” where SOTA models instead fail with
hallucinated responses. Examples in figures show cases where capturing details from the point cloud matters for accurate output captions.

Abstract

Enabling Large Language Models (LLMs) to understand
the 3D physical world is an emerging yet challenging re-
search direction. Current strategies for processing point
clouds typically downsample the scene or divide it into
smaller parts for separate analysis. However, both ap-
proaches risk losing key local details or global contextual
information. In this paper, we introduce PerLA, a 3D lan-
guage assistant designed to be more perceptive to both de-
tails and context, making visual representations more infor-
mative for the LLM. PerLA captures high-resolution (local)
details in parallel from different point cloud areas and in-
tegrates them with (global) context obtained from a lower-
resolution whole point cloud. We present a novel algorithm
that preserves point cloud locality through the Hilbert curve
and effectively aggregates local-to-global information via
cross-attention and a graph neural network. Lastly, we in-
troduce a novel loss for local representation consensus to
promote training stability. PerLA outperforms state-of-the-
art 3D language assistants, with gains of up to +1.34 CiDEr
on ScanQA for question answering, and +4.22 on ScanRe-
fer and +3.88 on Nr3D for dense captioning. Project page:
https://gfmei.github.io/PerLA

1. Introduction

3D language assistants (3DLAs) jointly process natural lan-
guage and 3D data to achieve 3D scene understanding, such
as recognizing object categories, locations, appearances,
and relationships, without requiring specialized models for
each recognition task [9, 11, 21]. These capabilities are pri-
marily powered by Large Language Models (LLMs) trained
in large text corpora [54]. These approaches can aggregate
multi-view features [21] or process point clouds [9] to gen-
erate 3D representations, which are in turn converted to to-
kens for the LLM [54, 66]. However, extracting multi-view
representations is computationally costly and often fails to
capture essential geometric properties [21]. Directly pro-
cessing point clouds can yield more accurate results, yet it
is even more computationally costly than handling multi-
view data, as point clouds typically have rather large cardi-
nalities [60]. To address this, the point cloud cardinality can
be reduced via downsampling [8, 9]. However, as with im-
ages [36], downsampling can compromise downstream task
performance due to the reduced model’s ability to perceive
fine details of 3D scenes [47].

Fig. | illustrates two cases where our approach can accu-
rately capture details and describe small objects within large
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scenes, while a state-of-the-art method hallucinates object
details [9]. Although fine-grained attributes are critical for
performance, directly extracting detailed information from
high-resolution 3D data for 3DLAs remains underexplored.

In this work, we aim to enhance 3DLAs’ ability to per-
ceive finer details in point clouds in order to execute down-
stream tasks more accurately. While increasing the num-
ber of visual tokens as the point cloud grows in size seems
the straightforward solution, our empirical study (Tab. 3)
shows that this solution has limited effectiveness in captur-
ing scene details and it just increases computational bur-
den. To address this, we propose PerLA, a novel 3DLA
with a perceptive 3D scene encoder that captures detailed
point cloud information, allowing the language model to
generate more accurate responses without processing ad-
ditional tokens. PerLA first divides the complete 3D scene
into non-overlapping local parts to be processed in parallel,
then integrates this local information with the global context
obtained from a lower-resolution representation of the en-
tire point cloud. Although dividing visual input has gained
popularity in image processing [35], it has not yet been
applied to point clouds. Processing point clouds presents
unique challenges beyond those of images, as it requires
handling an unordered set of points rather than rasterized
pixels. To address these challenges, we serialize and parti-
tion the point cloud before encoding using a Hilbert curve
approach [50], which efficiently preserves locality. We then
combine local and global information through an efficient
Hilbert curve-based k-NN search and aggregate this infor-
mation via a novel cross-attention module and Graph Con-
volutional Network (GCN) to generate highly informative
point-level representations for the LLM. Lastly, we train
PerLLA with a novel loss function designed to promote con-
sensus on local representation, addressing the issue of di-
vergent representations during local-to-global aggregation.
We validate our approach on the question answering bench-
mark ScanQA [2], and the 3D dense captioning benchmarks
ScanRefer [6] and Nr3D [1] to demonstrate the effective-
ness of PerLA. PerLA demonstrates high transferability on
both tasks of 3D question answering and 3D dense caption-
ing, achieving state-of-the-art performance. In summary,
our contributions are:

* We present a novel perceptive 3D encoder to preserve lo-
cal and global information for 3D language assistant.

* We introduce an efficient approach based on Hilbert curve
k-NN search and cross attention to aggregate local and
global information at point level.

* We propose a novel algorithm based on Graph Neural
Network to refine and enhance aggregated information.

* We introduce a novel loss objective to enable local rep-
resentation consensus for local-to-global information ag-
gregation.

2. Related work

3D language understanding involves understanding 3D
scenes by describing or answering to scene-relevant ques-
tions in the format of natural language. Examples of typical
downstream tasks include 3D Dense Captioning [8, 12, 56],
and 3D Question Answering [2, 39, 65, 67]. 3D Dense Cap-
tioning consists of 3D localization of object instances, and
textual descriptions of each object instance [4, 8, 10, 12].
3D Question Answering requires the model equipped with
a language decoder to answer questions regarding the vi-
sual context in the given 3D scene [2, 44]. Several works
focus on addressing the problems of 3D-language pre-
alignment [13, 26], or designing adapter layers [9, 21],
or constructing 3D synthetic data [64]. In contrast, our
work focuses on designing an encoding approach that
can enhance 3D-language understanding by capturing fine-
grained details.

3D language assistants (3DLAs) can be roughly catego-
rized into two types: object-level 3DLAs [23, 46, 53, 61]
and scene-level 3DLAs [9, 21, 59, 69]. Object-level 3DLAs
learn from large 3D object datasets [15] to connect object-
level 3D representation with language models. However,
they underperform in compositional reasoning in complex
3D scenes with numerous objects. Scene-level 3DLAs,
such as 3D-LLM [21], LLaVA-3D [69], Chat-3D [59], and
LL3DA [9] enable scene understanding via the interaction
with objects. Because 3D data is orders of magnitude less
than 2D data, existing 3DLAs address such lack of data
by leveraging pre-trained 2D Large Multimodal Models
(LMMs) [21, 69], or data-efficient training recipes [9, 59].
3D-LLM [21] leverages 2D pre-trained representations of
rendered multi-view images to construct 3D representa-
tions and 2D VLMs as backbones. LLaVA-3D [69] adapts
LLaVA [36] for 3D scene understanding by associating
2D patch representations with their positions in 3D space.
Chat-Scene [22] improves the referencing and grounding
capability and models scene representations as a sequence
of object-level representations. LL3DA [9] extracts point-
level representations from a downsampled 3D scene, and
includes both interaction prompts and textual instructions
to resemble human interactions with the 3D environment.
Orthogonal to the efforts of aligning 3D-language with lim-
ited 3D data in existing 3DLAs, PerLLA aims to improve the
capability of 3DLAs in perceiving scene details.

Visual perception enhancement on multimodal models.
Multi-granularity representation learning has been explored
in 2D multimodal models [5, 18, 20, 29, 49, 51, 63], show-
ing that combining local and global views yields more in-
formative representations than relying on a single global
view. Mini-Gemini [32] introduces a dual vision encoder
setup using CLIP ViT [48] and ConvNeXt [37] to process
low- and high-resolution views of an input image. Mod-
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els in the LLaVA-Next series [30, 35, 62] and InternLM-
XComposer2 [17] use an additional branch to handle view
partitions, increasing the number of visual tokens and
preserving more fine-grained visual details compared to
language-vision models with a single global view branch.
In the 3D domain, Scene-LLM [19] and Segment3D [24]
improve segmentation accuracy by transferring semantic
details from multi-view images to point clouds. While ex-
tensive work has been done to enhance perception in 2D
models and transfer multi-view image information into 3D,
methods for preserving detailed representations from point
clouds in 3DLAs remain underexplored. Our method aims
to address this gap by preserving both global and local vi-
sual information to enhance 3D perception.

3. Perceptive 3D language assistant (PerLA)

PerLLA takes as inputs i) a text prompt in natural language,
ii) the 3D scene in the form of a point cloud, and iii) a vi-
sual prompt provided as either a user click or a bounding
box. The text prompt is processed by a text prompt en-
coder to produce text representations, which are then input
to both the Large Language Model (LLM) and the multi-
modal adapter (MMA). The text encoder is a transformer
based on BLIP-2 [31]. The point cloud is processed by our
perceptive scene encoder, which generates scene represen-
tations that feed into both the MMA and the subsequent en-
coder. We will detail the perceptive scene encoder in the
next sections. The visual prompt is processed by the vi-
sual prompt encoder, which, by combining the perceptive
scene encoder’s representations, outputs scene representa-
tions that are further processed by the MMA. For more
details on visual prompts, please refer to Supp. Mat. The
MMA takes as input these multimodal representations and
outputs tokens for the LLM. The MMA is implemented as a
Q-former [31]. MMA’s output is projected into the LLM’s
representation space through linear projector. Lastly, these
projected representations are processed by the LLM to gen-
erate the output response. We train PerLA using data pro-
vided by [21] and finetune it for each downstream task.
Fig. 2 illustrates our approach.

Formally, let Pz{(pieRS, fiERdO) |i=1,2,...,N}
denote PerLA’s input point cloud, where p; is a point co-
ordinate, f; is a dp-dimensional feature vector (e.g., color
or normal vector) corresponding to p;, and N is the num-
ber of points (cardinality). Let Z* and Z" denote the input
text prompt and visual prompt, respectively. Based on these
inputs, PerLA (denoted as ®) generates a free-form natural
language response O! for various 3D-related tasks.

3.1. Perceptive scene encoder

To compute point-level representations through the scene
encoder, P is typically downsampled into super-points us-
ing Farthest Point Sampling (FPS) [8, 9]. However, down-

sampling and using only P may hinder the encoder to
capture fine-grained details, thus affecting performance in
downstream 3D scene understanding tasks. Our proposed
perceptive scene encoder is designed to preserve such scene
details without increasing the number of tokens or the rep-
resentation dimensions of the 3D scene. We propose to split
‘P into parts, and employ a pre-trained 3D scene encoder to
encode these parts and the whole point cloud separately. We
then aggregate the output representations from these differ-
ent pieces into a single (highly-informative) representation
using a cross-attention-based module and Graph Convolu-
tional Network (GCN).

Hilbert-based scene partitioning. We partition P into L
equally-sized parts, each containing the same number of
points, L%J , where |- | denotes the greatest integer less than
or equal to its argument. Enforcing equal cardinality across
parts allows for spatially smaller parts in highly structured
regions (areas with more semantic information) and spa-
tially larger parts in less structured regions (areas with less
semantic information). To achieve this, we adopt a Hilbert
curve approach [50] to efficiently serialize the point cloud
and partition it into parts [33, 57, 60].

Global and partial scene encoding. Both full-scene point
cloud and the partial-scene point clouds are encoded sep-
arately by the same pre-trained 3D scene encoder ¢. The
3D scene encoder ¢ downsamples the input point cloud into
super-points using Farthest Point Sampling (FPS) [41] and
produces a representation for each super-point. The repre-
sentation of the full scene, i.e., the global representation,
encode the overall scene context, while the representations
of the partial scenes, i.e., the local representations, encode
scene details. Let P9 = {p? € R3}M, denote the down-
sampled full-scene point cloud composed of M points, and
F9 = {f € RYM, the associated global representa-
tions. Let P! = {pl € R3} 24 denote the set of downsam-
pled partial-scene point clouds, and F! = {f! € R} M
the associated local representations. Note that, we aggre-
gate all the points of the downsampled partial-scene point
clouds into the single set P, and both the full-scene and
the partial-scenes are downsampled to the same number of
super-points M. The representations F' provide a more de-
tailed view of the scene, as they are derived from the same
number of points downsampled from smaller, localized re-
gions, resulting in higher resolution compared to the global
versions. Yet, their semantic visibility is focused within
each local part. In the following steps, we aggregate local
and global information, to enrich the representations with
details within the scene context.

Hilbert-based nearest-neighbor search. In order to en-
hance global representations through local representations,
we need to first find the correspondences among them, i.e.,
which super-points of partial-scene point clouds are spa-
tially neighbors with super-points of the full-scene point
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Figure 2. Overview of PerLA. (Left): The overall pipeline of PerL A, which begins by extracting interaction-aware 3D scene represen-
tations. These representations are then projected onto the prefix of textual instructions via MMA, serving as input to a frozen language
model (LLM). (Right): The detailed design of PerLA. First, the 3D scene is divided into spatially compact regions using Hilbert-based
scene serialization [50]. Next, an efficient £-NN algorithm associates each point-level global representation with its detail-enriched local
representations, creating a comprehensive scene representation through a Graph Convolutional Network (GCN). Finally, smoothness and
regularization losses are applied to promote stable learning for the proposed perceptive scene encoder.

cloud. This can be done via k-NN search. However, tradi-
tional k-NN searches can be computationally intensive on
large-scale or high-resolution point clouds and cannot en-
sure that the identified neighbors maintain geometric con-
sistency. To address these limitations, we approximate k-
NN with an efficient neighbor mapping technique using
Hilbert serialized point clouds, which improves query speed
while reducing computational complexity. With serialized
point clouds, we can leverage point indices to perform k-
NN searches with O(1) complexity [60].

Specifically, we first serialize the union P9 |J P! using
the Hilbert curve ordering. We then apply geometric par-
titioning [27] on the original point clouds to generate geo-
metric labels Y9 | J V. The center points of these labels are
incorporated as high-order bits (by bit shifting) in the serial-
ized index, ensuring that points with different labels occupy
non-overlapping index ranges. Next, for each p! € P9, we
identify the k nearest super-points within 7! based on the
serialized indexes. These geometric labels guarantee that
pJ and its nearest local super-points all originate from the
same instance. Let P]l(i denote the set of k nearest local
super-points to the global super-point p?. Consequently,
Fi.. are the representations of the super-points in P} .

Local-global representation aggregation. @ We make
global representations more informative by combining them
with information from local representations. To enable
this, we present a novel two-step aggregation technique. In
the first step, we employ a novel cross-attention algorithm
between local and global representations using neighbor-
hood information to update global representations, which
we term as localized cross-attention. In the second step,
we refine global representations through a Graph Convolu-
tional Network based formulation based on message pass-
ing, which we term as GCN message passing (Fig. 2).

Localized cross-attention operates with a learning-based
weighting mechanism that is a function of the representa-
tions and relative positions of global super-points and their
associated local neighbors. We constrain cross-attention to
local neighborhood regions because i) limiting the number
of points reduces computational complexity, and ii) neigh-
bors of a given point are likely to belong to the same object.
Specifically, for each point p{ and its nearest neighbors P]l(i ,
their relative position embeddings R; are extracted as

1
Ri = {Ri; =pos (! ~p}) /o) € R} |, (1
where o > 0 is a learnable parameter that controls the rela-
tive position scaling, and pos(+) is the 3D Fourier positional
embedding [52] operation, which satisfies:
pos(x) = [sin (27x - B) ;cos (27rx - B)], (2)
where B € R3*(4/2) ig a learnable matrix. We update the
global representations through cross-attention as follows

s = (Wof?) " (Wi (ff + WiRy;)) /Vd,
s; = {sij }f{:ll, w; = softmax (s;), (3)
! = £ +wi (W (Fe, +Ri))

where f'zg are the wupdated representations, and
Wy, Wy, W,, W, are projection parameter matrices.
Let 9 = {f9}M, denote the set of f?.

GCN message passing further refines Fa by aggregat-
ing information from neighboring global super-points. Let
G9 = {P9, W9} be a k-NN graph, where P is the set of
the vertices, i.e., global super-points, and W9 € RVN*N ig
the adjacency matrix defining the edges. The construction
of the adjacency matrix uses the similarity between super-
point representations . Note that we use the (original)
global representations to define the adjacency matrix be-
cause we empirically experienced more stability in train-
ing as opposed to using the updated global representation,
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likely due to the fact that they change value during training.
The adjacency matrix W9 with elements ij is defined as

.f{qTfJg g1 pg if g k g
wo — ) trmgm  \f £7>0) i pjek-NN(p)),
ij

0, otherwise.

Lastly, we perform one-time GCN message passing (MP)
on the graph G to obtain an updated feature matrix 9.
Let W9 be the symmetrically normalized adjacency ma-
trix of W9 by W9 = D=2 WID~2 € RM*M where D is
the diagonal degree matrix of WW9.
F e ReLU (W, (WOFe) + W, F7), &)
where W,,, and Wy are trainable parameters. This MP layer
structure allows each node to aggregate information from its

neighbors while also preserving its own feature representa-
tion (via the skip connection).

3.2. Learning with local representation consensus

The main learning objective encourages the model to gen-
erate outputs that are close to the target responses in the
training dataset. This objective is typically expressed as a
per-token cross-entropy 10ss Lpreq [9, 21] (see details in
our Supp. Mat.). We found that adding a consensus term
to Lyreq that encourages local regularization of represen-
tations improves training stability. Firstly, points belong-
ing to the same object (i.e., local neighborhoods) should
share similar aggregated representations. Secondly, ag-
gregated super-point representations should remain close
to their original point representations to preserve context
knowledge. Our novel consensus loss L., is defined as

Econ = Esmt + U‘Crega

N N
Lam =2 > W}

i=1 j=1

N
‘Creg = § ’
=1

where d, = >, WY, is the diagonal matrix representing
row-wise sums of WY. The first term Ly, enforces spa-
tial connectivity by promoting similarity among fused rep-
resentations of points within the same object, addressing the
first attribute. L, is a regularization term that promotes the
learned representations stay close to the original global rep-
resentations. p is a hyperparameter. The overall loss £, is a
weighted sum of £L.q and Lo,

L= )\Econ + £pred7 (6)

where A is the balance hyperparameter. By jointly training
with these two loss terms, we encourage the model to learn
more object-aware representations and enhance its ability
to extract finer details. This approach also preserves global
context information, which is essential for capturing spatial
relationships between different objects.
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Vi \/d;
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During inference, we use beam search to predict re-
sponse O that maximizes the following objective:

ot = arg max & (0| P,1".1"). (7)

where we set a beam size of 4.

4. Experiments

We evaluate PerLA on 3D Question Answering and 3D
Dense Captioning downstream tasks, and compare its per-
formance with state-of-the-art methods from the literature.

Datasets. We conduct experiments using the ScanNet
dataset [14], which encompasses 1,201 training and 312
validation scenes, featuring diverse and complex indoor 3D
environments. Language annotations are from ScanQA [2],
ScanRefer [6], Nr3D [1], and the ScanNet subset of 3D-
LLM [21], collectively supporting a range of tasks includ-
ing instance and scene descriptions, conversations, embod-
ied planning, and question answering. For additional data
statistics, please refer to the supplementary materials.

Metrics. We follow LL3DA’s evaluation protocol [9] to
evaluate the quality of output responses. We use the ab-
breviations C, B4, M and R for CiDEr [55], BLEU-4 [43],
METEOR [3], and Rouge-L [34], respectively.

Implementation details. As in [9, 12], we input 40,000
randomly sampled points from each 3D scene. We divide
the point cloud into partitions L=6 and choose k=4L=24
neighbors to enhance global representations. We set
A=p=0.1in the loss. We use the pre-trained OPT-1.3B [66]
language model, kept frozen and loaded in f1oat16 pre-
cision. We use the AdamW [38] optimizer with a weight
decay of 0.1, applying a cosine annealing scheduler that
decays the learning rate from 10~% to 10~% over approxi-
mately 100,000 iterations. All tasks are trained with a total
batch size of 16. Each training process is completed within
two days using up to two NVIDIA H100 PO (96GB) GPUs.
For each evaluation, we fine-tune the model’s parameters on
the respective task for about 30,000 iterations.

4.1. Results

3D question answering is a task that involves answering
questions about a 3D scene. It allows a model to pro-
vide information about the objects, relationships, and at-
tributes within a 3D environment based on a given question.
Tab. 1 shows the results of ScanQA’s validation and test
sets. Classification-based methods (CLS) select responses
from a predefined answer set. Generation-based approaches
(GEN) generate the entire textual response. PerLA consis-
tently outperforms existing approaches across all evaluation
sets and metrics, in particular with +1.34 CiDEr score over
LL3DA. We also compare against our reproduced version
of LL3DA, where PerLLA scores +3.76 CiDEr.
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Table 1. Comparative results for 3D Question Answering on ScanQA [2] benchmark. CLS and GEN denote classification-based and
generation-based methods, respectively. LL3DA (repr.) is results of LL3DA we reproduced. PerLA outperforms all the other methods.

Method Type Validation Test w/ object Test w/o object
(o) B4t Mt Rt (o) B4t M7t R?T Ct B4t Mt RT

ScanQA[2] CLS | 64.86 10.08 13.14 3333 | 67.29 12.04 1355 3434 | 60.24 1075 1259  31.09
Clip-Guided[44] - - - - - 69.53 1464 1394 35115 | 6283 11.73 13.28 3241
Multi-CLIP[16] CLS - - - - 68.70  12.65 1397 3546 | 6320 12.87 13.36  32.61
3D-VLP[26] CLS | 6697 11.15 13,53 3451 | 70.18 1123 14.16 3597 | 6340 1584 13.13 31.79
3D-VisTA[70] - - - - - 68.60 1050 13.80 35.50 | 55.70 8.70 11.69  29.60
3D-LLM [21] GEN | 6940 12.00 1450 3570 | 69.60 11.60 14.90 35.30 - - - -
LL3DA[9] GEN | 76.79 13,53 1588 3731 | 78.16 1397 1638 3815 | 70.29 12.19 1485 35.17
LL3DA (repr.) GEN | 7437 1350 15.09 36.31 - - - - - - - -
PerLA GEN | 7813 1449 1744 39.60 | 8091 17.21 1649 40.71 | 74.82 1497 1523 38.18

A w.rt. LL3DA[9] - +1.34 +096 +1.56 +2.29

+2.75 +3.24  +0.11  +2.56

+4.53 +2.78 +0.38 +3.01

5% & HROERNeE . T
+$),-*
11"#$
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Figure 3. The qualitative comparison between our method, PerLA, and LL3DA [9] on the ScanQA [2] dataset shows that our approach

achieves higher accuracy in responding to “what”-related questions.

Fig. 3 provides qualitative comparisons between LL3DA
and PerLA on the ScanQA benchmark [2]. It highlights
PerLA’s accuracy in answering questions regarding ob-
ject attributes and spatial relationships within a 3D scene.
PerLA provides precise answers, correctly identifying ob-
jects such as a“picture”, “trash bin”, and “TV” along with
their specific colors and types, while LL3DA often yields
incorrect or less specific responses. In particular, PerLA
accurately identifies the colors of objects within the scene,
such as the door, the monitor, and the instrument case, cor-
rectly answering the questions about these attributes. In
contrast, LL3DA frequently misidentifies colors, labeling
objects as “White” instead of “Black,” for example. This
illustrates PerLA’s superior ability to capture fine-grained
details and contextual information, delivering more accu-
rate answers in complex environments.

3D dense captioning involves localizing and describing
each 3D instance within complex 3D environments. Tab. 2
shows the results on ScanRefer [6] and Nr3D [1] bench-
marks. Following previous works [9, 21], we use the
m@kIoU metric, where m € {C, B4, M, R} and k denote
the IoU threshold. As in [12, 25], we report C@0.25 and
C@0.5 for ScanRefer, and C@0.5 for Nr3D. UniT3D [13],
3DJCG [4], and 3D-VLP [26] are pre-trained on multi-
ple 3D vision and language tasks from ScanNet scenes.
UniT3D uses image caption models and multi-view im-

ages to generate extra instance captions for pre-training.
For fair comparison, we report results from models trained
using standard per-word cross-entropy loss without addi-
tional 3D scenes. Box annotations are estimated with
Vote2CapDETR and used as visual prompts. PerLA con-
sistently outperforms comparison methods on both bench-
marks. PerLA significantly outperforms LL3DA by scoring
+3.75 and +4.22 CiDEr on ScanRefer, and +3.88 CiDEr on
Nr3D. These results highlight the effectiveness of PerLA in
3D dense captioning tasks.

Fig. 4 provides examples of qualitative results of LL3DA
and PerLA on Nr3D and ScanRefer. PerLA produces
more accurate and detailed descriptions, effectively captur-
ing spatial relationships and fine-grained attributes, such as
the positioning of objects relative to surrounding elements.

4.2. Ablation study

Local, global, and GCN representations. To investigate
the impact of local and global representations, we design
two variants of PerLA: one using only local representations
and the other using only global representations. We also
report an extended version of LL3DA, termed LL3DAT, in
which we increase the number of query tokens used to en-
code local partitions. Representations are first extracted
from each partition, and FPS is applied to sample 1,024
points with their corresponding representations from the
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Table 2. Comparative results for 3D Dense Captioning on ScanRefer [6] and Nr3D [1] benchmarks. LL3DA (repr.) is results of LL3DA
we reproduced. Generally, PerLA outperforms all other methods on both benchmarks.

Method ScanRefer@0.25 ScanRefer@0.5 Nr3D@0.5
(&) B4t Mt Rt (&) B4t Mt Rt (&) B4t Mt Rt

Scan2Cap[12] 56.82 3418 2629 5527 | 39.08 2332 2197 4478 | 27.47 17.24  21.80 49.06
MORE[25] 6291 36.25 26775 5633 | 4094 2293 21.66 44.42 - - - -
SpaCap3D[56] - - - - - 44.02 2526 2233 | 33.71 19.92 22.61 50.50
REMAN[40] 62.01 36.37 26776  56.25 | 45.00 26.31 23.13 4696 | 34.81 2037 2271 50.90
D3Net[7] - - - - - 51.67 - - 3526 2042 2277 53.38
Contextual[68] - - - - - 46.07 2340 23.95 - - - -
UniT3D[13] - - - - 46.69 2752 2191 4598 - - - -
3DICG[4] 6470  40.17 27.63 5923 | 4948 31.63 2436 5080 | 38.06 22.82 2377 5299
3D-VLP[26] 70.73  41.03 28.14 59.72 | 5494 3231 2483 51.51 - - - -
3D-VisTA*[70] - - - - 61.60 34.10 26.80 55.00 - - - -
Vote2CapDETR[8] | 7145 39.34 2825 59.63 | 61.81 3446 2622 5440 | 43.84 26.68 2541 5443
LL3DA[9] 7417 4141 27776 5953 | 65.19 36.79 2597 5506 | 51.18 28.75 2591 56.61
LL3DA (repr.) 7186  39.57 2729 5837 | 63.79 35.67 2594 5456 | 4838 2836 2572 55.66
PerLA 7792 4341 2897 59.69 | 6941 38.02 29.07 56.80 | 55.06 31.24 28.52 59.13
A w.r.t. LL3DA[9] ‘ +3.75 42.00 +1.21 +0.16 | +4.22 +1.23 4227 +1.74 | +3.88 +249 +2.61 +2.52

(a) 3D visual dense captioning on Nr3D [1]

(b) 3D visual dense captioning on ScanRefer [6]

(c) 3D visual dense captioning on ScanRefer [6]
Figure 4. Qualitative comparisons on the dense captioning task across the Nr3D [1] and ScanRefer [6]. We compare the results of our PerLA
with LL3DA [9]. PerLA generates accurate descriptions, effectively capturing fine-grained object attributes and spatial relationships.

union of these partitions. These representations are then
passed through a multimodal adapter to produce 32 global
tokens. LL3DA generates an additional 32 global tokens
from the point cloud of the entire scene, resulting in a total
of 64 tokens, which are concatenated and fed into the LLM
for response generation. (For details of LL3DAT please re-
fer to the Supp. Mat.). Tab. 3 shows that the combina-
tion of local and global representations yields a much better

performance than the two independently used. Tab. 3 also
shows that LL3DAT does not reach PerLLA performance, un-
derlying the importance of information exchange between
local and global representations. To evaluate the effective-
ness of GCN, we also report the results without using GCN
(w/o GCN). Compared to our PerLA, which incorporates
GCN, it consistently improves performance across the three
datasets, confirming its effectiveness.
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Table 3. Ablation study of our local-to-global, GCN representation aggregation algorithms on ScanQA, ScanRefer[6] and Nr3D[1] bench-
marks. LL3DAY denotes an extended version of LL3DA with an increased number of query tokens.

Method ScanQA ScanRefer@0.5 Nr3D@0.5

Ct B4t MP Rt Ct B4 MP Rt ct B4t MP Rt
LL3DAY 74.54 12.89 15.11 36.96 | 62.25 3450 2555 53.84 | 4870 2824 2572  55.59
Global 74.49 13.50 15.16  36.55 63.79 3567 2594 5456 | 4838  28.36 2572  55.66
Local 73.55 12.98 1495  36.07 62.79 3478 2594 5416 | 49.09 2820 2580 55.89
w/o GCN | 77.61 13.87 1593  39.28 69.04 3743  28.71 5559 | 5430 29.78  27.41 58.32
PerLA 78.13 1449 1744 39.60 | 6941 38.02 29.07 56.80 | 55.06 31.24 2852 59.13

Table 4. Ablation study on the impact of constrained attention on
ScanQA validation dataset.

Table 6. Ablation study on the impact of number of parts on
ScanQA validation dataset.

cross-attention mean pooling max pooling

4 6 8

Ct B4t M{ Rt |Ct B4t M Rf|Ct B4t Mt Rt

Ct B4t M{ Rt |Ct B4t MP Rf|Ct B4 Mt Rt

78.1 145 174 39.6‘74‘4 12.5 15.2 36.5‘74.0 13.0 14.8 35.7

76.9 13.6 16.1 37.3‘78.1 14.5 174 39.6‘78.0 145 17.2 394

Table 5. Ablation study on the impact of joint learning by different
loss combination on ScanQA validation dataset.

Loss ScanQA (Validation)

Lpre Esmt Creg ‘ CT B4T MT RT
X 75.31 13.83 15.90 37.48
X X 76.62 13.96 16.99 38.14
X X 76.47 14.07 16.72 38.79
X X X 78.13 14.49 17.44 39.60

Localized cross-attention. To evaluate the effectiveness of
our novel localized cross-attention module, we tested max
pooling and mean pooling as alternative methods. Tab. 4
shows that localized cross-attention significantly outper-
forms both mean pooling and max pooling across all met-
rics. These results indicate that localized cross-attention
enhances ability of model to generate more informative
scene representations, thereby improving performance on
3D question answering tasks. This improvement comes
from the incorporation of positional information and se-
mantic similarity in cross-attention, which helps to exclude
neighboring points that do not belong to the same object.

Loss function. To evaluate the effectiveness of our novel
loss term Ly, we train PerLLA using different combinations
of L¢on’s components (Eq. 5). Since our task is intended for
downstream applications, each combination also includes
the task-specific loss L. Tab. 5 shows that adding Ly,
to Ly improves all metrics (C, B4, M, and R). Incorporat-
ing the loss of regularization L., further enhances perfor-
mance, particularly in metrics C, M, and R. These results
show the effectiveness of learning jointly with both seman-
tic awareness and regularization losses.

Number of partitions. To evaluate the effectiveness of dif-
ferent number of partitions, we test PerLA by splitting the
point cloud into 4, 6, and 8 partitions. Tab. 6 shows that
increasing the number of partitions generally improves per-
formance, with 6 partitions yielding the best results. Al-

though 8 partitions outperform 4, they show slightly lower
performance than 6. This suggests that 6 partitions provide
a better balance between granularity and effectiveness, cap-
turing relevant scene details with lower computational com-
plexity. More ablation studies, including an analysis of per-
formance in different training strategies, refer to Supp. Mat..

5. Conclusions

We presented PerLLA, a perceptive 3D language assistant ca-
pable of capturing both detailed and contextual information
to enhance visual representations for LLMs. PerLLA features
a dual-branch architecture: the global branch processes su-
perpoints from the whole point cloud via downsampling,
while the local branch focuses on partitioned regions. We
demonstrated that by integrating representations from both
branches, PerLA effectively captures scene details, reduc-
ing hallucinations. Moreover, we employ a Graph Convo-
lutional Network to facilitate information exchange among
neighboring local and global superpoints, and introduce a
novel loss term for local representation consensus to pro-
mote training stability. Experiments on the ScanQA, Scan-
Refer, and Nr3D benchmarks highlight the effectiveness of
our approach, setting a new state-of-the-art performance in
3D question answering and dense captioning.

Limitations & Future Work. PerLLA primarily focuses
on enhancing performance using point cloud input, but in-
tegrating it with optimized modules, such as token merg-
ing, presents a promising direction to extend its capabili-
ties. Although PerLA shows strong performance on stan-
dard benchmarks, future work could explore its robustness
and generalizability in more complex 3D scenarios, broad-
ening its applicability in diverse real-world settings.
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