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Abstract

The rapid advancement of vision-language models (VLMs)
in 3D domains has accelerated research in text-query-guided
point cloud processing, though existing methods underper-
form in point-level segmentation due to inadequate 3D-text
alignment that limits local feature-text context linking. To
address this limitation, we propose MR-COSMO, a Visual-
Text Memory Recall and Direct CrOSs-MOdal Alignment
Method for Query-Driven 3D Segmentation, establishing ex-
plicit alignment between 3D point clouds and text/2D image
data through a dedicated direct cross-modal alignment mod-
ule while implementing a visual-text memory module with
specialized feature banks. This direct alignment mechanism
enables precise fusion of geometric and semantic features,
while the memory module employs specialized banks storing
text features, visual features, and their correspondence map-
pings to dynamically enhance scene-specific representations
via attention-based knowledge recall. Comprehensive experi-
ments across 3D instruction, reference, and semantic segmen-
tation benchmarks confirm state-of-the-art performance.

Extended version — https://arxiv.org/abs/2506.20991

Introduction

The emergence of large language models (LLMs) and 2D
visual foundation models (VFMs) has propelled text-guided
3D segmentation to the forefront due to its significant prac-
tical implications. This technology aims to segment 3D ob-
jects or scenes using natural language inputs. Existing meth-
ods (Zhang et al. 2022; Liu et al. 2023; Qi et al. 2024;
He et al. 2024; Zhen et al. 2024; Umam et al. 2024) typi-
cally employ LLMs to interpret textual inputs and leverage
the CLIP model (Radford et al. 2021) to establish cross-
modal associations between 2D images and text. Alterna-
tively, these approaches utilize VEMs to process 2D visual
data, relying on camera intrinsic and extrinsic parameters
to establish geometric correspondences between 2D projec-
tions and 3D coordinates, thereby indirectly inferring 3D
point cloud semantics through multi-view fusion.
PointCLIP (Zhang et al. 2022) extends the understanding
of 3D data by utilizing CLIP’s (Radford et al. 2021) frame-
work to construct alignment between 2D images and text.
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This is a large and
smooth brown chair.
It is against the left
corner.

Visual Input

The coarse stage generates a 3D
bounding box from the text que-
ry, while the fine stage produces
the object's segmentation mask.
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Figure 1: The inputs and outputs of the proposed coarse-to-
fine query-driven 3D segmentation model.

The CLIP (Radford et al. 2021) trains an image encoder and
a text encoder through contrastive learning, ensuring that
matching image-text pairs converge in the embedding space
while non-matching pairs diverge. Seal (Liu et al. 2023) em-
ploys VEMs for automotive point cloud segmentation, dis-
tilling semantic perceptions from VFMs to point clouds via
a hyperpixel-driven contrastive learning approach on camera
views. However, fine-grained segmentation requires recog-
nizing subtle structural variations within objects, demanding
a profound understanding of 3D geometries alongside the
capability to capture local details and textual context. The
aforementioned methods (Zhang et al. 2022; Liu et al. 2023)
rely on indirect alignment strategies that use 2D images as
intermediaries between 3D point clouds and other modali-
ties. This approach is highly susceptible to errors in the com-
putation of intrinsic/extrinsic parameters and to pixel-point
misalignment artifacts. Consequently, existing methods fail
to establish stable, accurate coordinate correspondence be-
tween 3D point clouds and 2D images, thus lacking the ca-
pability required for point-level fine-grained tasks.

To address these limitations, we propose MR-COSMO,
a coarse-to-fine query-driven 3D segmentation model fea-
turing a visual-text memory recall module and direct cross-
modal alignment module. Figure 1 illustrates the inputs and
outputs of the proposed coarse-to-fine model. Our frame-
work first leverages cross-modal mamba-based attention
to achieve simultaneous direct alignment between 3D fea-
tures and both text/2D features, further constrained by con-
trastive learning applied to the 2D-text pairs. The aligned



visual features are then updated via a multilayer multiscale
Transformer block and processed through a detection header
to generate a 3D bounding box for the input text query.
Additionally, we introduce a Memory Module that stores
confidence-weighted text-visual feature pairs derived from
bounding box contents. This enables effective utilization of
prior knowledge during subsequent scene processing, com-
pensating for segmentation inconsistencies across scenarios.
Finally, text queries and updated point features within the
3D bounding box are processed through the Memory Mod-
ule, with segmentation masks generated by an iterative bi-
nary classifier. Experiments on diverse indoor and outdoor
datasets demonstrate that our method has superior perfor-
mance over existing methods across multiple downstream
tasks. The main contributions of our work can be summa-
rized as follows:

* We propose an innovative coarse-to-fine query-driven ar-
chitecture that first generates coarse 3D object proposals
and then performs query-specific fine segmentation, re-
solving boundary ambiguity in complex scenes.

e We introduce Direct Cross-Modal Alignment establish-
ing 3D-text/3D-2D correspondence with Mamba-based
attention, enhanced by contrastive learning constraints to
overcome camera geometry dependencies.

* We develop a Memory Module that stores weighted
visual-text feature pairs and dynamically recalls prior
knowledge via attention mechanisms during inference,
ensuring cross-scenario segmentation consistency.

e Our method demonstrates state-of-the-art performance
across diverse 3D segmentation tasks, confirming robust-
ness under varying textual queries and scene complexi-
ties through comprehensive experiments.

Related Work

Deep Learning on Point Cloud Segmentation

Recent deep learning advances have significantly progressed
point cloud segmentation through novel network architec-
tures and feature learning. By methodology and data for-
mat, mainstream approaches include: voxel-based methods,
projection-based methods, 2D processing guided methods,
MLP-based methods, point convolution-based methods, and
attention-based methods.

Specifically, voxel-based methods (Graham, Engelcke,
and Van Der Maaten 2018; Choy, Gwak, and Savarese 2019)
discretize 3D space into regular grids for 3D convolution
easily but face resolution-efficiency tradeoffs. Projection-
based methods (Wu et al. 2018; Zhang et al. 2020) convert
points to 2D representations leveraging established CNNs.
2D processing guided methods (Dai and NieBner 2018; Puy,
Boulch, and Marlet 2023) adapt 2D networks/VFMs to re-
duce training costs at the expense of accuracy from do-
main gaps. MLP-based methods (Qi et al. 2017a,b) oper-
ate directly on raw point clouds, effectively enlarging recep-
tive fields with constrained computation. Point convolution-
based methods (Li et al. 2018; Thomas et al. 2019) excel
at capturing fine-grained geometry via deformable kernels,
yet struggles with efficiency and parameter sensitivity at
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scale. Recent attention-based advances (Zhao et al. 2021;
Guo et al. 2021; Lai et al. 2022; Wu et al. 2022; Robert,
Raguet, and Landrieu 2023; Lai et al. 2023; Wu et al. 2024b;
Li et al. 2025) via Transformer and Mamba networks further
improve segmentation accuracy.

Based on the current application of deep learning in point
cloud segmentation, we still choose the attention network
based on Transformer as the backbone.

Text-Guided Query-Driven 3D Segmentation

Text-guided query-driven 3D segmentation enables natural
language-based manipulation and segmentation of 3D ob-
jects/scenes, essential for autonomous driving and embodied
intelligence requiring precise scene understanding. By lever-
aging multimodal inputs (text/images/point clouds), existing
methods (Achlioptas et al. 2020; Chen, Chang, and NieB3ner
2020; Huang et al. 2021; Jain et al. 2022; Zhang, Gong, and
Chang 2023; Wu et al. 2023, 2024a; He and Ding 2024; Qian
et al. 2024) bridge linguistic semantics with 3D geometry,
enhancing accuracy in complex environments.

Specifically, text-guided 3D segmentation encompasses
referring and instruction tasks. Referring segmentation out-
puts masks for objects specified by explicit category words.
Instruction segmentation (He et al. 2024) processes func-
tional descriptions without category words. Both require
textual comprehension and world knowledge reasoning, yet
accuracy lags semantic segmentation, with direct 3D-data
alignment still limited.

In this regard, we design a Direct Cross-Modal Align-
ment module to establish direct correspondence between 3D
features and other modalities, addressing errors from para-
metric computation and inaccurate 2D-3D mappings. Com-
plementarily, we propose a Memory Module that leverages
text-visual mapping knowledge to enhance correspondence
sensitivity and segmentation accuracy.

Methodology

The framework of our MR-COSMO, featuring coarse-to-
fine query-driven segmentation with Direct Cross-Modal
Alignment and Memory Module, is shown in Figure 2.
We process point cloud, corresponding 2D images, and
text query as inputs for each individual query-driven seg-
mentation scenario. For point clouds, we employ dual fea-
ture extraction: per-point features are extracted via MLP,
while voxelized point clouds are processed through a 4-
layer 3D transformer with window-shifting to obtain voxel
features. For 2D images, visual features are extracted us-
ing a pretrained ResNet-50. Text features are generated with
LLaMAZ2-7B (Touvron et al. 2023) after vectorizing queries.
Finally, our Direct Cross-Modal Alignment module inte-
grates these multimodal features.

After obtaining the aligned features, the features continue
to be updated through a multi-layer multi-scale Transformer
network. Subsequently, we obtain the bounding box of the
target object corresponding to the text query in 3D space
through a detection header. The 3D point features within the
detected bounding boxes and their associated text query fea-
tures are jointly input into the proposed Memory Module.
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Figure 2: A general overview of the proposed network. Given point cloud, images, and text input, the point cloud is first vox-
elized. Then we use MLP, voxel encoder, image encoder, and LLM encoder to extract four distinct feature representations:
fpoints fooxels fimage, and fiz¢. These heterogeneous features are then unified via our novel Direct Cross-Modal Alignment
(DCMA) module to generate aligned features fg;;4-. Subsequently, the aligned features undergo refinement through a multi-
layer Transformer encoder-decoder architecture. Following this, a detection head produces bounding box predictions and ex-
tracts point-wise features fp,, within each detected region. The fp,, and f;,; are jointly fed into the proposed Memory Module,
which leverages stored cross-modal mappings as prior knowledge. Finally, an additional classifier processes the fused features

to yield query-driven segmentation results.

Leveraging high-confidence text-visual feature pairs stored
in the Memory Module, we iteratively train a binary classi-
fier through an extra loss function. This enables progressive
refinement from coarse bounding boxes to precise segmen-
tation masks, establishing our coarse-to-fine framework, as
illustrated in Figure 1.

Direct Cross-Modal Alignment

The proposed Direct Cross-Modal Alignment (DCMA) mo-
dule, illustrated in Figure 3(a), architecturally consists of
two constituent blocks: the Alignment Constrains Block and
the Bidirectional Direct Alignment Block. The Alignment
Constrains Block enforces contrastive learning constraints
between text features and 2D image features, which are di-
rectly aligned with 3D features. The Bidirectional Direct
Alignment Block implements a novel bidirectional Mamba-
based cross-modal attention mechanism to establish direct
alignment between 3D features and text/2D image features.

Alignment Constrains Block In order to make the sub-
sequent 3D features have the correct correspondence with
other modal features in the alignment process, we first pro-
cess image features f;,qqe and text features f,; through in-
dependent encoders for feature transformation and mapping.
This processing enforces matched image-text feature pairs to
converge in the embedding space, as shown in Equation 1:

f;;nagev f:xt = EnCOderSind(fimgaev ftxt)- (1)

For the aforementioned independent image and text en-
coders, we implement the following training procedure: For
each scene in the experimental dataset, we select at most
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one matching image-text pair, process them through inde-
pendent encoders to obtain remapped features, and compute
cosine similarities between all image-text features to con-
struct a similarity matrix. We then integrate a symmetric
cross-entropy loss to maximize similarity scores for correct
matching pairs (diagonal elements) while minimizing in-
correct pair scores (off-diagonal elements). This contrastive
strategy enforces precise alignment between 2D visual and
textual representations, mapping corresponding features ad-
jacently in high-dimensional embedding space to constrain
subsequent alignment processes.

Bidirectional Direct Alignment Block After the Align-
ment Constraints Block, the Bidirectional Direct Alignment
Block independently aligns remapped text features f;;,, with
point features fy,0int, and remapped image features f7, .
with voxel features f,,z¢;. This modality pairing offers two
key benefits: aligning text directly with points avoids the
pixel-to-point misalignment inherent in 2D-3D projection,
while aligning image features with voxelized point clouds
exploits the regular voxel structure to reduce geometric dis-
tortion.

For text-point alignment, given the remapped text fea-
tures f;,, € R!*" and the neighboring points features
— N 0 nbrt1
[:loints - [fgoinwfpolint’ te pcfint} € R(n brtl)xna for
the n-th point with £ neighbors, we project both text and
neighboring points features into a shared high-dimensional

space of dimension D:

¢tact = ft*;ctWt:cta (2)
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Figure 3: Visualization of two important modules in the proposed MR-COSMO.

¢points = MeanPool (f;;)intstoint) P (3)

where W, € R?%ex D, Whpoint € R™*D 4, € RP is the
projected text feature, @points € RY is the aggregated point
feature. And MeanPool denotes average pooling along the
point dimension, we apply this operation to align the pro-
jected points features with the projected text features. We
then construct a three-element sequence containing the pro-
jected text feature ¢, the aggregated point feature ¢ppints,
and a copy of the text feature ¢, tcopy:

¢t:1:t
X = ¢points
Gtateory
where sequence X is processed through bidirectional state

space models. The forward state space model processes the
sequence from top to bottom (¢zt — Gpoints — Pratcory):

c ]R3><D7 (4)

h = Ashl |+ BpX, for t=1,23, 5)

ol = C’fh{ + Dy X; where hg =0€cRP (6

The superscripts/subscripts f and b denote forward and
backward state-space processing, respectively. The back-
ward model mirrors the forward one but operates on the re-
versed sequence (zicory — Ppoints — Prat). The matrices
A,B,C, D e RP*D are learnable parameters. The forward
and backward outputs at each position are ¥ , 0 € RP.
Specifically, 7,/1{ and 5 encode pure text features after initial
semantic processing; wg and 1)} represent text-guided point
features; and ¢?{ and % capture text refined through cross-
modal interaction. The final representation is obtained by
summing the terminal forward/backward outputs (ngf +?)
followed by Layer Normalization:

Upoime = LayerNorm(4f +47), ™

*

and finally we get the f,;,, by applying an additional
projection layer to project i*

point DAck to the dimension
R("ner+1) X714 congistent with the input.
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Bidirectional direct alignment between voxel features
fvozer and remapped image features f; , . is similar to the
above process, getting voxel features f ., that align the
image input. Subsequently, the features of the corresponding
voxel for each 3D point are concatenated with the point fea-
tures according to the correspondence between the 3D point
and the 3D voxel to obtain the alignment features fq;4, of

each 3D point.

Memory Module for Feature Pairs

Current datasets frequently exhibit imbalanced training sam-
ple distributions and inherent intra-class divergence in tex-
ture and contextual features across same-category objects.
These issues result in the misclassification of objects within
the same category and reduced accuracy for categories with
a low number of samples. To address these challenges, we
propose a Memory Module integrated into the segmentation
result generation pipeline, as shown in Figure 3(b).

This module stores high-confidence (low-loss) visual-
textual feature pairs to constrain the binary classifier gen-
erating segmentation results. The module receives text fea-
tures ff., and detection head-processed 3D point features
fi,, within bounding boxes as inputs. These features are
stored in dedicated text (M,;) and visual (M,) memory
banks alongside prior scene features. We then concatenate
corresponding elements to form feature-pairs memory bank:

MP = {[ftzmbfgow] | i = 17’N}

Each pair is assigned an initial weight wl(o) = 1.0. To
address weighting bias, we introduce both initial and bias
weighting. The initial weight is computed from mask loss:

®)

(init) _ 1
w, " =
Lpce, +T

(©))

and all samples within the same category C' are normalized
whenever a new sample is added. This produces the final
category-balanced weight:

1 1

= . 1 s
‘CBCEi T ZJ'GC Lpcp;+T

w; (10)



ensuring each sample’s contribution equals its initial weight
divided by the category’s total initial weights. The weighted
feature-pairs are then stored as:

MP = {wl ' [ftzcctvfgow]} (11)

During each new scene, the model retrieves stored knowl-
edge through three attention steps: (1) text self-attention
takes fEurmemt as Query and M, as Key/Value; (2) feature-

pairs self-attention uses [ffu et feurrent] a5 Query and

M, as Key/Value; and (3) cross-attention takes the text self-
attention output as Query and the feature-pairs output as
Key/Value. The cross-attention result is passed to the bi-
nary classifier to generate masks, and its BCE loss updates
the current feature-pair’s weight following Equation 10, en-
abling dynamic weight refinement that optimizes memory
influence and classifier training.

Object Function

The overall network training objective consists of two main
components: (1) the combined detection loss Ldet and seg-
mentation loss Lseg for full-network optimization (Equa-
tion 12), where Ldet includes Smooth L1 (Equation 15) and
weighted cross-entropy (Equation 16) losses, and Lseg uses
binary cross-entropy (Equation 17); and (2) the symmetric
cross-entropy loss Lpcasa for training the Direct Cross-
Modal Alignment module (Equation 14). Together, these
form the complete objective (Equation 13):

Etask = Ofﬁdet + ﬂ‘cseg

= O@csmoothLl + OZEWCE + B‘CBCEa (12)
Loy = Liask + Lpoma, (13)
Lpcma = LscE
N
=7- ( > v log(pf“)> +
=1
N
0 - (— prce log(yi)> ) (14)
i=1
o J05(g—y)? e, iflj—yl <e
Lsmoothr1(y,§) = {|gj —y| — 0.5¢, otherwise ’
(15)
e
Lwer =~ 22” “Yiclog(pie®),  (16)
LpcE
L&
=~ O [wilog(pi™) + (1 = yi) log(1 = pi**)] , (17)
i=1

where y; is the true label corresponding to the ith sample
(where y; = 1 indicates the sample belongs to a specific
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Method | Acc  mloU
ReferIt3D (Achlioptas et al. 2020) 11.7 6.4
ScanRefer (Chen, Chang, and NieBner 2020) | 12.0 6.9
TGNN (Huang et al. 2021) 129 7.1
BUTD-DETR (Jain et al. 2022) 16.3 10.9
EDA (Wu et al. 2023) 16.6  12.1
M3DRef (Zhang, Gong, and Chang 2023) 18.1 12.8
SegPoint (He et al. 2024) 31.6 275
Ours* 319 274
Ours 3.8 285

Table 1: 3D instruction segmentation results on Instruct3D
(He et al. 2024). * denotes our method removing the pro-
posed Memory Module.

class, and 0 otherwise), p3 ¢

2¢¢ is the predicted probability out-
put by the model for the ith sample, y is the true value, ¢
is the predicted value, € is a smoothing threshold parameter,
N is the number of samples, C'is the total number of cate-
gories, y; .. is the true one-hot label of the ith sample, pl?‘jge is
the predicted probability of the ith sample for category ¢, w,
is the weight of category c, and p?°® is the probability that
the ith sample is predicted to be the positive class.

Experiments
Experimental Settings

Datasets The proposed network is applicable to diverse
point cloud segmentation downstream tasks, with exper-
imental validation conducted on three key tasks: 3D in-
struction segmentation using Instruct3D (He et al. 2024)
built upon ScanNet++ (Yeshwanth et al. 2023), 3D referring
segmentation using ScanRefer (Chen, Chang, and Niefiner
2020) based on ScanNet (Dai et al. 2017), and 3D semantic
segmentation evaluated on both the indoor S3DIS (Armeni
etal. 2016) and outdoor SemanticKITTI (Behley et al. 2019)
datasets. Comprehensive dataset specifications are provided
in the extended version of this paper.

Metrics Following established practices in 3D segmen-
tation research, we adopt standard mean Intersection-over-
Union (mloU) for main evaluation. For the Instruct3D ben-
chmark (He et al. 2024), we employ SegPoint’s accuracy
(Acc) metric, which defines a sample as correctly identified
if IoU > 0.5 and calculates accuracy as the proportion of
correctly identified samples relative to all samples. The best
indicators are highlighted in bold and the next best indica-
tors are underlined.

Implementation Details Experiments are implemented
on a server equipped with four Nvidia V100 (32G x 4 GPU
memory). Consistent with PTv3 (Wu et al. 2024b), we use
the AdamW optimizer with a cosine scheduler during train-
ing and set 1% of the training process as a warm-up. We set
the initial learning rate and weight decay to 0.005, 0.05 and
0.002, 0.005 for indoor and outdoor scenes, respectively. In
addition, the number of training epochs was set to 500 and
100 for the indoor and outdoor scenes, accordingly.



Text Descriptors Input 3D Scene

1) It is a small pillow
located on the couch. You
can notice it directly on your
left when walking through
the door into the room.

2) It is a white pillow. The
pillow is on the left of the
left bed.

3) The printer is on the desk
behind the chair. The printer
is to the right of the com-
puter.

Ground Truth

3D-STMN / Ours

Figure 4: Qualitative results of 3D referring segmentation experiment on ScanRefer (Chen, Chang, and Nie3ner 2020). In the
visualization results, the blue masks denote the segmentation outputs from the proposed MR-COSMO, the red masks represent
the predictions of the 3D-STMN (Wu et al. 2024a), and the green masks indicate the ground truth annotations.

Method | mloU
TGNN (Huang et al. 2021) 27.8
BUTD-DETR (Jain et al. 2022) 35.4
EDA (Wu et al. 2023) 36.2
M3DRef (Zhang, Gong, and Chang 2023) | 35.7
X-RefSeg3D (Qian et al. 2024) 29.9
3D-STMN (Wu et al. 2024a) 39.5
RefMask3D (He and Ding 2024) 44.8
SegPoint (He et al. 2024) 41.7
Ours | 45.6

Table 2: 3D referring segmentation results on ScanRefer
(Chen, Chang, and NieBner 2020).

Experiments on 3D Instruction Segmentation

We present the performance on 3D instruction segmenta-
tion task of MR-COSMO and SOTA methods in Table 1.
In the Instruct3D (He et al. 2024) experiment, MR-COSMO
achieve excellent results, outperforming the SOTA method
in both Acc and mloU evaluation metrics.

Even when not incorporating the proposed Memory Mod-
ule for storing high-confidence text-visual query pairs, our
method has a competitive level of accuracy compared to the
best existing method, SegPoint (He et al. 2024). Compare
the last three rows of data in the table, our method without
the Memory Module is 0.3% ahead of SegPoint (He et al.
2024) in Acc while only 0.1% behind in mIoU, and our full
method is 2.2% and 1.0% ahead of SegPoint (He et al. 2024)
in Acc and mloU. These results show that our method has a
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strong text comprehension and reasoning ability.

Experiments on 3D Referring Segmentation

We demonstrate MR-COSMO’s performance on 3D re-
ferring segmentation against SOTA methods in Table 2,
achieving superior results on ScanRefer (Chen, Chang, and
NieBner 2020) with at least 0.8% mloU improvement. This
demonstrates that our method not only has strong compre-
hension and inference ability, but also has text-visual associ-
ation construction ability, which means that it can query the
distribution of the corresponding objects in 3D space based
on the explicit text words.

Moreover, we also conduct qualitative results of our
method on the validation set of ScanRefer (Chen, Chang,
and Niefiner 2020), as shown in Figure 4. We select 3D-
STMN (Wu et al. 2024a) as the comparison baseline because
RefMask3D (He and Ding 2024) lacks pretrained models
and SegPoint (He et al. 2024) has unreleased source code,
making 3D-STMN the strongest fully available method for
qualitative evaluation. It can be seen that our method has
stronger individual discrimination and recognition ability
when there are multiple similar objects of the target cate-
gory in the same space. Unlike 3D-STMN’s susceptibility to
selecting non-target objects with complex text descriptions,
our method maintains accurate target identification through
the Memory Module’s text-visual mapping knowledge.

Experiments on 3D Semantic Segmentation

We summarize the performance on 3D semantic segmen-
tation task of MR-COSMO and SOTA methods in Table



Method OA mAcc mloU
PointNet (Qi et al. 2017a) - 49.0 41.1
KPConv (Thomas et al. 2019) - 72.8 67.1
PCT (Guo et al. 2021) - 67.7 61.3
ST (Lai et al. 2022) 91.5 78.1 71.0
SPT (Robert, Raguet, and Landrieu 2023) 89.5 77.3 68.9
PTv2 (Wu et al. 2022) 91.6 78.0 72.6
PTv3 (Wu et al. 2024b) - - 73.4
PTv3+PPT (Wu et al. 2024b,c) 92.0 80.1 74.7
Ours | 928 843 756

Table 3: Indoor 3D semantic segmentation results on S3DIS
(Armeni et al. 2016).

Method | mloU
SphereFormer (Lai et al. 2023) 67.8
WaffleIron (Puy, Boulch, and Marlet 2023) | 68.0
2DPASS (Yan et al. 2022) 69.3
PTv2 (Wu et al. 2022) 70.3
OA-CNNs (Peng et al. 2024) 70.6
PPT+SparseUNet (Wu et al. 2024c) 714
PTv3+PPT (Wu et al. 2024b,¢) 72.3
Ours | 73.4

Table 4: Outdoor 3D semantic segmentation results on the
validation set of SemanticKITTI (Behley et al. 2019).

3 and Table 4. Experiments on the S3DIS (Armeni et al.
2016) Area 5 (Table 3) show that our method outperforms
the method (Wu et al. 2024b,c) that using multiple datasets
as training data in terms of all three overall accuracy metrics.
Experiments on the SemanticKITTI validation set (Table 4)
show that MR-COSMO has an accuracy improvement of at
least 1.1% in mIoU compared to existing methods. This can
prove that allowing the 3D segmentation network to perceive
the category information in the scene in advance during the
feature processing stage helps its segmentation accuracy to
be improved. For a fair comparison, our method is trained
using only the data in the corresponding dataset in our ex-
periments, and no data from additional datasets are added
to augment the training samples. Qualitative results of our
method on the SemanticKITTI (Behley et al. 2019) valida-
tion set can be found in the extended version of this paper.

Ablation Experiments

Compare the last two rows of data shown in Table 1, the
method with the proposed Memory Module has an accuracy
improvement of 1.9% and 1.1% in Acc and mloU, respec-
tively, which shows the importance of the proposed Mem-
ory Module in improving the network’s ability to understand
text-visual feature correspondences.

Table 5 summarizes the impact of the proposed Direct
Cross-Modal Alignment and Memory Module for Feature
Pairs on Instruct3D (He et al. 2024). The experimental re-
sults demonstrate that network accuracy achieves enhance-
ments of 1.0%, 1.1%, and 2.1% under three conditions: (a)
introducing the Direct Cross-Modal Alignment module, (b)
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Method ‘ mloU ‘ A

Baseline 26.4 +0.0/-2.1
w/ Direct Cross-Modal Alignment (DCMA) 274 +1.0/-1.1
w/ Memory Module for Feature Pairs (MMFP) 27.5 +1.1/-1.0
Only Use Voxel Encoder for Point Cloud 27.7 +1.3/-0.8
w/o Alignment Constrains Block 28.0 +1.6/-0.5
w/o Loss on Bounding Boxes 28.4 +2.0/-0.1
wi/ all 28.5 +2.1/-0.0

Table 5: Ablation study of different proposed modules on
Instruct3D (He et al. 2024).

deploying the Memory Module for Feature Pairs indepen-
dently, and (c) combining both modules, respectively.The
proposed method mitigates the negative impacts caused by
error accumulation and 2D-3D coordinate mapping distor-
tions in conventional alignment approaches through two
strategic mechanisms: (1) explicitly bridging 3D features
with multimodal representations via direct alignment, and
(2) integrating text-2D feature correlations by contrastive
learning as constraints to regulate the 3D feature alignment
process. Meanwhile, the proposed Memory Module can fur-
ther constrain the output process from 3D bounding boxes
to segmentation results, and store high-confidence text-to-
vision mapping relations to enhance the text-to-vision in-
ference capability of the network. Combining both modules
further improves accuracy in interactive segmentation tasks.

In addition, we show that using both voxels and point
MLP features for point cloud processing provides a 0.8% ac-
curacy advantage over using voxels alone. We also demon-
strate that applying contrastive learning for modal alignment
improves the network’s accuracy by 0.5%, highlighting the
contribution of each module to overall performance. Finally,
ablating the constraints on the detection frame results in only
a 0.1% change in accuracy, which helps the network dis-
criminate between individuals of the same class without un-
fairly affecting comparisons with other methods. More ab-
lation studies on the effects of Mamba attention, backbone
choices, and hyperparameter settings can be found in the ex-
tended version of this paper.

Conclusions

We propose MR-COSMO, a coarse-to-fine query-driven 3D
segmentation model integrating Memory Recall and Direct
Cross-Modal Alignment. This framework mitigates compu-
tational errors from intrinsic/extrinsic parameters through a
Direct Cross-Modal Alignment module establishing explicit
3D feature alignment with text/image modalities. Comple-
mentarily, a Memory Module stores high-confidence text-
visual feature mappings during training to leverage prior
knowledge for enhancing segmentation accuracy when pro-
cessing new scenes. Comprehensive experiments across di-
verse segmentation tasks demonstrate significant perfor-
mance gains over comparative methods with consistent
cross-scene generalization, confirming the method’s effec-
tiveness and robustness.
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