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A. Implementation Details
Model. For feature extraction, we use ResNet50 [3] for
2D semantic features, Minkowski ResNet34 [2] for 3D ge-
ometric features, and RoBERTa [5] for textual features as
the respective backbones. During the construction of 3D
feature representations, all feature maps are projected into
a consistent dimension of 256. The decoder is composed of
6 Transformer decoder layers, while the box, classification,
and grounding heads, built on top of the decoder, employ
a linear layer. The early fusion module is implemented as
a single-layer transformer. Moreover, the category number
Cdet and the grounding number Cgrd are set to 284 and 1,
respectively. The number of queries is 1024 for detection
and 512 for grounding.
Training. We adopt the AdamW optimizer [6] for network
training. The learning schedule incorporates a warmup
strategy, followed by cosine decay. Data augmentation in-
cludes random flipping and random rotation in 3D space.
All RGB-D frames are resized to 480×480. For 3D detec-
tion, the model is trained for 36 epochs on 8 Nvidia A100
GPUs with a batch size of 8. The learning rate is set to
1e-4 for the backbone and 1e-3 for the remaining parame-
ters. Both loss weights λcls and λbox are set to 1. For 3D
grounding, the model is initialized from a checkpoint pre-
trained on 3D detection. Training proceeds for 3 epochs
with a learning rate of 8e-5. The loss weights are set as:
λground = 1, λbox = 1, and λspatial = 0.01.
Inference. Since there is no gap between training and in-
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Table 1. Performance of PQ3D with RAG and QIM on ScanRefer

RAG QIM
Overall
IOU50

Unique
IOU50

Multiple
IOU50

- - 47.4 76.6 42.0
✔ - 48.4 77.2 43.1
- ✔ 48.0 76.1 42.8
✔ ✔ 48.6 77.0 43.3

ference in our method, we directly output the corresponding
bounding boxes using the well-trained model without post-
processing.

B. Generalization Study on ScanRefer
To further validate the effectiveness of the proposed
method, we conduct experiments on ScanRefer [1]. While
the query-sharing mechanism is specifically designed for
ego-centric 3D visual grounding, we integrate RAG and
QIM into the strong baseline PQ3D [8] and evaluate on the
ScanRefer validation set. As shown in Tab. 1, both mod-
ules consistently enhance the overall performance over the
PQ3D baseline, indicating that these designs remain effec-
tive beyond the ego-centric setting.

C. Computational Cost Analysis
To further evaluate the efficiency of our framework, we
compare the model parameters, training time and inference
speed with different DETR-based methods.
Detection. As shown in Tab. 2, our model shows stronger
performance with lower computational cost. Compared to
BIP3D [4], it reduces training time by about half (32h36m
vs. 64h48m) and achieves over 4× faster inference (138.56
ms vs. 652.14 ms), while using 40% fewer parameters
(102.8 M vs. 175.0 M). Despite the lighter architecture,
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Figure 1. Qualitative comparisons of our method and EmbodiedScan. Best viewed in color and with zoom.

Table 2. Comparison of computational cost for detection models
on the EmbodiedScan detection benchmark.

Method Params Epoch Training Inference AP@25

BIP3D [4] 175.01M 24 64h48m 652.14ms 20.91
Ours 102.80M 36 32h36m 138.56ms 24.68

Table 3. Comparison of computational cost for grounding models
on the EmbodiedScan mini validation set.

Method Params Epoch Training Inference AP@25

EmbodiedScan [7] 229.58M 12 6h33m 152.64ms 35.84
BIP3D [4] 175.01M 2 8h46m 598.70ms 45.79
Ours 239.40M 3 2h13m 163.72ms 61.28

our model attains a higher AP@25 of 24.68, indicating a
superior balance between efficiency and accuracy.

Grounding. For the grounding task, although there is
a slight increase in parameter count and inference time
compared to EmbodiedScan [7], this overhead is accept-
able given the substantial performance gains. As shown
in Tab. 3, BIP3D exhibits a much longer inference time
than both EmbodiedScan and ours. We hypothesize that
BIP3D’s slower inference is attributable to its additional
depth-prediction branch and a Swin-Tiny backbone oper-
ating at a higher input resolution, which together make the
overall pipeline more time-consuming in practice.

D. More Qualitative Comparisons
We provide additional qualitative comparisons between
DEGround and EmbodiedScan [7] in Fig. 1. Compared
with EmbodiedScan, our method yields more accurate and
fine-grained localization results that align better with the
textual instructions. It more effectively distinguishes be-
tween same-category objects and focuses on regions consis-
tent with the textual cues (e.g., identifying the correct win-
dow or container as specified in the prompt). These results
highlight the improved instruction alignment and discrimi-
nation ability of our approach.
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