G2VLM: Geometry Grounded Vision Language Model with Unified 3D
Reconstruction and Spatial Reasoning

Supplementary Material

A. Architecture Details

We employ a pretrained DINOv2 encoder. Unlike
VGGT [14] or 7 [17], where DINO features directly match
the geometry transformer’s hidden dimension, our architec-
ture adopt an additional feature alignment step. Because we
initialize the geometric perception expert to match the di-
mensions of the underlying LLM (Qwen2-VL-2B), we use a
linear projection layer to map the DINO features into the ex-
pert’s input space. This approach is very commonly adopted
in VLM literature. Both the geometric expert and sematic
expert comprises 28 layers, which mirroring the Qwen2-
VL-2B architecture, and utilizes global attention.

In contrast to VGGT, which relies on a computationally
intensive DPT head that aggregates multi-scale features, we
adopt lightweight transformer-based geometry heads which
is similar to 73. The decoders for camera poses, local point
maps, and global point maps, share the same trasformer ar-
chitecture but do not share weights. This architecture is a
lightweight, 5-layer transformer that applies self-attention
exclusively to the features of each individual image. Fol-
lowing the decoder, the output heads vary by task. The
heads for local point maps consist of a simple MLP fol-
lowed by a pixel shuffle operation. For camera poses, the
head is adapted from Reloc3r [7] and Pi3 [17] and uses an
MLP, average pooling, and another MLP. The rotation is ini-
tially predicted in a 9D representation [9] and is then con-
verted to a 33 rotation matrix via SVD orthogonalization.
As we mentioned in Sec 3.1, the global point head serves
solely to stabilize training and is excluded during inference.

B. Training Details

For the pre-training stage of geometric perception expert,
we further divide it into two stage training. We first fix im-
age resolution to 224x224 and use AdamW optimizer for
100K iterations with a learning rate (Ir) of 2e-4 using cosine
scheduler. Then we further train at Ir of 5e-4 for another
20K steps with a higher resolution of 518x518, and apply
randomized aspect ratio between 0.5 and 1.0. Similar to
VGGT, for every batch, we randomly sample 2—-24 frames
from a random training scene. For our visual geometry loss
function, we set the weights for each component as follows:
Anormal = 1.0, Acam = 0.2, and Ayans = 200.0. The im-
plementation of our normal loss follows that of MoGe [16]
and 73 [17], and the resolution for aligning the local point
map loss is set to 4096. The low-resolution pretraining runs
on 32 A800 GPUs over 7 days and high-resolution runs on

64 A800 GPUs over 3 days. For visual geometry learning,
we clip the loss that is greater than 10 and smooth it to 0 to
avoid training instabilities. The loss spikes are due to noisy
large 3D annotation data and further data cleaning efforts
can help minimize these phenomena.

For joint-training, we use AdamW optimizer and cosine
scheduler for 16K iterations with a Ir of 2e-5 on 64 A800
GPUs over 3 days. We do not apply loss clipping here.
Throughout all training, we employ gradient norm clipping
with a threshold of 1.0 to ensure training stability and lever-
age bfloatl6 precision and gradient checkpointing to im-
prove GPU memory and computational efficiency.

C. More results

We evaluate our model on the SPAR-Bench which is a com-
prehensive spatial reasoning benchmark. Here we present
the detailed results of each sub-task in SPAR-Bench in Ta-
ble 1. Our model, G2VLM-SR, demonstrates the best per-
formance consistently across all tasks. Notably, it surpasses
human performance in the low category.
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Baseline
Chance Level (Random) - - - - - - - - - - 2265 2450 - 25.09 23.82 22.02 31.25 25.27 22.16 25.81 24.42 24.17 26.89
Chance Level (Frequency) | - 32.74 | 31.19 43.09 43.51 17.38 13.05 41.90 30.99 27.40 32.17|38.25 29.01 26.75 59.00|32.29 52.94 50.60 28.25 26.92 26.59 26.34 26.74 26.49 25.77
SPAR-Bench (tiny) API
Human Level 1 6727 | 5531 72.75 74.25 28.75 36.25 78.25 52.25 66.5 33.50|72.32 92 64 60.97]76.22 80 94 70 92 80 78 82 50 60
GPT-4o [1] 3 36.39 | 29.25 53.80 45.00 15.00 13.60 37.40 34.40 23.40 24.40|2493 30 16 28.80|45.11 64 64 58 46 46 32 44 30 22
Claude-3.7-Sonnet [2] 5 21.77 (2543 41.00 4540 11.20 1220 42.60 19.60 26.00 5.40 | 7.33 16 6 0.00 |23.33 40 48 22 36 14 12 20 6 12
Qwen2-VL-72B [15] 4 3562|3528 4540 49.80 13.80 10.00 54.60 49.40 36.80 22.40|23.39 42 18 10.16|40.00 60 68 50 38 44 18 28 18 36
Qwen2.5-VL-72B [3] 2 3940 | 3535 53.20 46.80 17.80 29.00 49.60 57.40 14.40 14.60|23.05 40 16 13.16|48.44 74 74 60 56 50 20 34 24 44
SPAR-Bench (full)
LLaVA-Video-7B 5 3233(2355 26 374 269 12 164 163 269 265 (2483 354 30.8 83 |42.62 582 542 538 431 388 349 36,6 265 375
InternVL2-2B [5] 15 28.06 | 21.74 18.06 24.81 2320 20.97 19.47 19.95 26.83 20.61 |22.83 39.69 23.00 5.81 |3542 51.18 5595 46.00 31.59 23.82 36.02 34.30 17.55 22.41
InternVL2-4B [5] 7 32.01 (2894 23.94 2722 20.00 18.12 42.57 40.16 31.29 28.18|29.16 49.87 21.00 16.62|35.70 56.76 55.36 40.25 36.81 25.21 28.76 32.27 21.19 24.65
InternVL2.5-2B [4] 11 30.14 | 25.79 39.67 39.72 12.12 15.03 30.94 29.59 20.22 19.02|22.93 3791 24.25 6.64 |36.41 51.47 56.85 50.25 33.79 24.10 27.15 35.17 26.49 22.41
InternVL2.5-4B [4] 10 30.55 | 25.66 29.06 32.97 21.77 16.83 20.84 26.85 28.13 28.79(29.75 47.07 3325 892 [35.16 54.12 58.93 3550 29.67 34.63 24.73 31.39 19.21 28.29
InternVL2.5-8B [4] 3 36.28 | 29.46 25.78 29.31 23.79 18.76 46.82 42.68 22.62 25.89|31.88 61.32 28.00 6.32 [43.80 59.71 56.85 51.75 44.23 41.55 36.56 41.57 22.52 39.50
LLaVA-OV-0.5B [10] 12 29.48 | 30.14 49.22 42.72 18.04 14.92 31.48 25.67 28.98 30.10|15.89 24.43 21.75 1.50 |33.42 50.88 50.00 32.00 27.75 26.04 30.91 34.01 24.50 24.65
LLaVA-OV-7B [10] 8 31.20|21.79 30.33 2694 18.58 13.87 10.43 13.64 31.24 29.29|26.13 38.68 30.25 9.47 |40.14 56.47 55.06 37.25 48.63 3823 30.38 33.72 26.49 35.01
Qwen2-VL-2b [15] 16 24.60 | 19.43 38.03 40.63 18.84 14.09 7.81 7.07 17.82 11.14|27.55 26.21 25.25 31.20|28.22 54.12 49.11 21.75 25.27 12.47 23.92 27.62 24.83 14.85
Qwen2-VL-7b [15] 9 30.74 | 27.52 35.97 3522 20.83 12.88 28.68 29.95 28.21 28.45|20.44 35.37 20.25 5.69 [37.03 59.71 52.38 30.25 38.46 41.00 22.04 28.49 22.52 38.38
Qwen2.5-VL-3B [3] 13 2939|2669 317 342 321 175 184 227 321 248 (2487 392 273 8.1 [3329 556 607 375 321 202 21 27 209 246
Qwen2.5-VL-7b [3] 4 33.07 | 28.75 31.33 33.66 21.99 14.97 42.88 37.73 23.83 23.64|22.97 33.33 28.75 6.83 |40.27 58.24 51.49 44.75 50.00 32.13 33.87 32.85 27.15 31.93
LLaVA-v1.5-7b [11] 18 23.65|10.85 5.17 12.53 17.37 11.34 725 526 18.73 9.12 |26.50 2443 26.75 28.31|34.09 51.18 52.38 34.25 24.18 26.87 34.68 29.94 22.52 30.81
LLaVA-v1.6-7b [12] 19 1321 853 1214 000 2035 027 10.76 041 2427 000 | 479 662 775 000 [20.18 51.76 7.74 625 32.14 637 39.52 1047 21.52 5.88
SpaceMantis-13B [13] 14 2893|2356 352 29.1 181 133 214 23.1 249 2342327 318 31.8 62 |3560 565 554 418 31 36.3 253 256 255 23
SpaceQwen2.5-VL-3B [6] | 17 24.24 | 1446 23.7 258 189 19.1 47 33 131 7.1 [2400 344 295 8.1 |33.01 585 586 355 239 241 226 279 199 26.1
Spatial- MLLM-7B [18] 6 32.15(29.88 319 229 228 164 359 387 355 349 (2030 341 268 0 |38.13 547 509 39 346 247 387 413 288 30.5
VLM3R-7B [8] 2 4321(39.78 47.8 456 40.1 20.6 422 443 40.1 37.5 (2843 42 30 13.3 |51.18 559 592 588 53 546 473 506 305 50.7
G?VLM-SR 1 54.87(59.99 80.27 73.75 21.42 18.87 78.44 75.17 68.44 63.55|36.27 27 282 533 [56.51 535 49.1 768 50 687 505 526 444 63

Table 1. Performance of different models on SPAR-Bench The highest, second-highest, and third-highest scores in each category are
highlighted with lightred , light orange , and light yellow , respectively. SPAR-Bench (tiny) refers to a subset of the full benchmark,

where 50 questions are sampled per task. Our model, G>VLM-SR, demonstrate the best performance consistently across all tasks. Notably,
it surpasses human performance in low category.
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