A. Details of 3D CoT Dataset

Grounding Annotations. We collect large-scale 3D

instance-text pairs (Figure 1) primarily from SceneV-

erse [8], MMScan [13], PQ3D [26], and Grounded 3D-

LLM [3], as illustrated in Listing 3.

Navigation Annotations. We adapt instruction-following

navigation data from R2R-CE [11], REVERIE-CE [15, 21],

SRDF [20], and NavRAG [22] for the Habitat simulator en-

vironment [14, 17].

Grounding-Navigation Annotations. For open-

vocabulary object grounding and navigation, we leverage

instance-text annotations from HM3D [16, 23] and

MP3D [2] that support the Habitat simulator [14, 17]. We

further integrate synthetic data from HSSD [9], ProcTHOR-

10K [5, 9], and ProcTHOR-Objaverse (AI2-THOR) [6, 10].

To generate trajectories for these instances:

e Habitat Simulator: For HM3D, MP3D, HSSD, and
ProcTHOR-10K (Habitat), the simulator computes op-
timal trajectories based on the scene mesh, ensuring
collision-free paths with minimal distance.

e AI2-THOR Simulator: For ProcTHOR-Objaverse (AI2-
THOR), as the native simulator [10] lacks a sufficient
ground-truth path computation function for our needs, we
implemented an A* algorithm based on traversable BEV
maps to generate shortest paths while avoiding obstacles.

Planning-Grounding-Navigation Annotations. These

comprehensive samples are primarily sourced from

SG3D [25] and Grounded 3D-LLM [3]. As shown in List-

ing 1, these annotations contain hierarchical instructions

with multiple sub-goals. Each sub-goal specifies the target
object category, its index in the instance point cloud (Fig-
ure 1), and the center coordinates for the instance.

Planning-Grounding Annotations. Scenes with planning

annotations that are currently incompatible with the Habi-

tat simulator, specifically ScanNet [4], 3RScan [18], and

ARKitScenes [1], are utilized for planning and grounding

tasks. While these samples lack navigational trajectories,

they provide rich instance-level grounding and planning in-
structions.

Planning-Navigation Annotations. We incorporate data

from VLN-Trans [24] (see Listing 2). In these samples,

the sub-goal coordinates correspond to trajectory waypoints
rather than specific object instances, focusing on path plan-
ning and navigation without explicit object grounding.

3D Scene Composition. The annotations described above

span a wide range of environments, including posed RGB-D

videos from real-world datasets (ScanNet [4], 3RScan [18],

ARK:itScenes [1]), high-quality real scans (HM3D [16],

MP3D [2]), and synthetic scenes (HSSD [9], ProcTHOR-

10K [5], ProcTHOR-Objaverse [7]).

Grounding Label Assignment. Unlike traditional 3D

grounding tasks where all candidate objects are visible,

the target object may be unobserved (i.e., lacking cor-

responding 3D tokens) during our online training. In
such cases, the grounding output is assigned to a special
<grounding_none> token. When tokens correspond-
ing to the target instance exist within the patch or instance
tokens, we optimize the model using a multi-label cross-
entropy loss, treating the target tokens as positive samples
and the rest as negative. Following g3D-LF [19] and Dy-
nam3D [21], a 3D token is assigned to an instance based
on its nearest neighbor in the ground-truth instance point
cloud (available in HM3D, MP3D, ScanNet, 3RScan, and
ARKitScenes). For scenes lacking instance point cloud an-
notations (e.g., HSSD, ProcTHOR-10K, and ProcTHOR-
Objaverse), we only consider patch tokens within a 0.2m
radius of the target instance center as positive samples.

B. Details of Real-world Mobile Manipulation

We validate the effectiveness of our D3D-VLP in real-world
scenarios using the Hello Robot Stretch 3 mobile manipu-
lator. The robot is equipped with a head-mounted Intel Re-
alSense D4351 RGB-D camera, which captures streaming
posed RGB-D images. These streams are processed in real-
time by the Dynam3D Encoder [21] to incrementally con-
struct and update the Multi-level 3D Memory, ensuring the
agent maintains a persistent and structured 3D scene repre-
sentation during exploration.

For inference, we deploy the model on a remote worksta-
tion equipped with an NVIDIA RTX 4090 GPU and 64GB
of RAM. The workstation handles the computationally in-
tensive 3D-VLM reasoning and Dynamic 3D CoT gener-
ation, communicating with the robot via a local area net-
work (LAN) over WiFi. Our deployment framework is
adapted from DynaMem [12], which we extended to sup-
port our waypoint-based action space and local obstacle
avoidance. The experiments are conducted in a physical
home-like environment comprising a living room, kitchen,
meeting room, and office. Crucially, to strictly evaluate
zero-shot generalization, none of the objects or scene lay-
outs in this environment are included in the training dataset.



Instance ID: 349
Object category: bed
Language description: A rustic wooden bed is
dressed with a white striped comforter, on both sides
of this bed are nightstands with lamps.

Instance ID: 132

Object category: dining table

Language description: The dining table is in
the kitchen, close to the refrigerator and sink.

Instance ID: 568

Object category: table lamp
Language description: A white
table lamp sits on the side table%
next to the leather sofa.

Instance ID: 684
Object category: potted plant
Language description: The potted
plant is placed on the cabinet,
positioned in front of a painting,
and faces the table and chairs.
Instance ID: 45

Object category: TV

Language description. The TV on the wall

is positioned above the fireplace, directly

facing the leather sofa, with windows on

both sides.

Figure 1. Demonstration of a 3D scene in the training data [8, 19]. Instance-level point clouds mark all instances with object categories
and language descriptions.



Listing 1. Planning-Grounding-Navigation Annotation. An example showing the unified data structure and the corresponding prompt
format.

1 // 1. JSON Annotation

K

3 "scene_id": "hm3d/00378-DgqJKU7YU7dA",

4 "instruction": "Prepare for a shower.",

5 "planning": [

6 "l. Go to the shower containing a washcloth.",

7 "2. Turn on the water to adjust the temperature.",

8 "3. Take a towel from the rack stand to the left of the sink.",

9 "4. Hang the towel on the shower curtain rod right by the shower."
10 1,

11 "instance_id": [[797], [797], [230], [515]1],

12 "instance_type": ["shower", "shower", "towel", "shower curtain rod"]
13 // Coordinates truncated for display

14 "instance_position": [

15 [-6.554, -28.336, 0.863],

16 [-6.554, -28.336, 0.863],

17 [-2.407, -14.418, 1.189],

18 [-3.649, -20.311, 0.981]

19 ]

0| }

22| // 2. Input Prompt Trace

23| <|im_start|>system\n You are a helpful assistant<|im_end|\n

24| <|im_start|>user\n

25| <patch tokens>\n <instance tokens>\n <zone tokens>\n

26| The instruction: Prepare for a shower.\n

27| The history plans: 1. Go to the shower containing a washcloth.<shower_1>\n
28| The previous waypoints:<waypoint_4>,<waypoint_7>, <waypoint_9>, <waypoint_15>\n
29| The candidate waypoints: <waypoint_17><waypoint_18><waypoint_19>\n

Please give deep thinking plans. <|im_end|>\n<|im_start|>assistant\n

31| // 3. Output Trace

32| The next plans: 2. Turn on the water to adjust the temperature.\n

33| 3. Take a towel from the rack stand to the left of the sink.\n

34| 4. Hang the towel on the shower curtain rod right by the shower.\n

35| The grounded:target<shower_1>\n

36| The navigation action:waypoint<waypoint_1l9>reached the subgoal\n

37| <|im_end|>




Listing 2. Planning-Navigation Annotation. An example for vision-and-language navigation task with detailed step descriptions.

1

2 "scene_id": "mp3d/PX4nDJXEHrG",

3 "instruction": "Walk across patio into the house. Walk forward toward wall with stone tile. Walk past stone tile
wall on left side. Walk past stair case. Stop at entrance to kitchen area.",

4 "planning": [

5 "l. Walk across patio into the house.",

6 "2. Walk forward toward wall with stone tile.",

7 "3. Walk past stone tile wall on left side.",

8 "4. Walk past stair case.",

9 "5. Stop at entrance to kitchen area."

10 15

11 "habitat_start_position": [-11.546, 0.115, 4.632],

12 "habitat_start_rotation": [0, 0.998, 0, -0.049],

13 "instance_id": [[-10000], [-10000], [-10000], [-10000], [-10000]1,

14 "instance_type": [null,null,null,null,null],

15 "instance_position": [

16 [-11.559, -3.040, 0.115],

17 [=11.066, =1.661, 0.115],

18 [-12.035, 1.826, 0.115],

19 [-13.690, 4.130, 0.115],

20 [-13.619, 5.133, 0.115]

21 ]

»| }

23

Listing 3. Grounding-Navigation Annotation. An example for open-vocabulary object grounding and navigation task without explicit
intermediate planning steps.

1K
2 "scene_id": "hm3d/iigzGlrtanx",

3 "instruction": "Please find the printer. The printer is next to the paper tray and is placed on desk.",
4 "planning": "",

5 "instance_id": [[96]],

6 "instance_type": ["printer"],

7 "instance_position": [

8 [6.704, 1.147, 2.792]

9 ]

0] }

11
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