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Supplementary Material

1. More Implementation Details

In this section, we provide additional implementation de-
tails of our MLLM components to improve understanding
and reproducibility. We deploy Qwen3-4B using vLLM [5]
on a single A100 GPU and use the default generation set-
tings unless otherwise noted.

For the SceneFun3D [3] dataset, the user-provided
task descriptions cannot be directly processed by
open-vocabulary detectors.  To bridge this gap, we
use the same MLLM to convert each textual query
into a list of directly operable affordance nouns us-
ing the following prompt: Extract directly
operable affordance elements from
the given task description (e.g.,
handle, knob, switch, latch, lever).

Do not include whole objects. Output

a comma-separated list of nouns. Task:
{}. These extracted nouns are then fed into the open-
vocabulary detector.

For datasets [2, 10, 12] with predefined category
sets, we adopt a unified prompt template: Identify
the object shown in the red rectangle.
Return the class name from {}. If no
object is shown, return ’'none’ In contrast,
for SceneFun3D, we employ a specialized prompt that
maps all task descriptions in a scene to their corre-
sponding task indices in a single forward pass: The
interactive element is shown in the
red rectangle. Determine whether the
element in the image can accomplish any
task in the task list. 1If so, return
the task index; otherwise return ’'no
match’. Tasks: {}. This batch-style prompting
significantly accelerates inference compared with querying
each proposal independently.

2. Hyperparameter Sensitivity Analysis

Texp AP | Tyis AP | v AP | Terge AP
0.00 28.0|0.1 28.6(05 276| 0.8 27.6
0.03 28202 29.1|04 286| 0.7 284
0.05 28.6 |03 272(03 28.6| 0.6 28.6
0.07 28.0|04 249(02 270 05 270

Tmatch AP AP5; APos
0.6 264 383 464
0.5 282 39.6 479
04 28.6 40.5 48.8
0.3 273 382 459

Table 1. Sensitivity analysis of the Timatch parameter on subsets of

the ScanNet200 validation set.

Table 2. Sensitivity analysis of hyperparameters in the Proposal
Refinement module on subsets of the ScanNet200 validation set.

ScanNet200 SceneFun3D
K| AP APsy AP»s | APsy APys
1 |28.6 405 48.8 9.8 20.6
2 | 28.8 408 49.0 | 10.2 20.8
31289 418 495 | 105 21.2

Table 3. Ablation study on the MLLM top- K parameter on subsets
of the ScanNet200 and SceneFun3D validation sets.

We analyze the sensitivity of key hyperparameters used
in our framework. As shown in Tab. 1 and Tab. 2, the re-
sults remain stable across a wide range of values in both the
Proposal Generation and Proposal Refinement modules.

We also evaluate the effect of varying the MLLM top-K
parameter, as summarized in Tab. 3. Larger K generally
improves performance but increases inference latency; in
practice, users can choose an appropriate trade-off based on
computational constraints.

3. Runtime Analysis

We analyze the runtime of our framework and compare it
with the previous state-of-the-art, DetailMatters [4]. Most
of our runtime is spent on model inference. The cost of the
2D open-vocabulary segmenter and DINO scales with the
number of video frames, while the proposal-classification
cost (via either MLLM or CLIP [9]) mainly depends on the
number of proposals.

DetailMatters [4] follows the Open3DIS [7] pipeline and
employs Grounding-DINO [6] as its 2D open-vocabulary
detector.  Because our method additionally incorpo-
rates a DINO [8] model, we choose to pair it with a
more lightweight 2D open-vocabulary detector, YOLO-
World [1], to balance the runtime overhead. As shown
in Tab. 4, despite using one additional model, our overall
runtime is approximately half that of DetailMatters.

The gap becomes even more pronounced in the proposal-
classification stage. DetailMatters extracts the top 20 im-
ages for each proposal and applies multi-scale cropping, re-



2D OV-SEG DINO | Frames Total
DetailMatters [4] 1.4 - 346 484
Ours 0.52 0.25 346 266

Table 4. Runtime of the 2D open-vocabulary segmenter and
DINO. We report the per-frame runtime (in seconds), the average
number of frames per scene, and the average runtime per scene on
the ScanNet200 validation set.

Classification | Proposals Total

DetailMatters [4] 59 56 3304
Ours (K=3) 1.6 56 89.6
Ours (K=1) 1.1 56 61.6

Table 5. Runtime of the proposal-classification stage. We report
the per-proposal runtime (in seconds), the average number of pro-
posals per scene, and the average runtime per scene on the Scan-
Net200 validation set.

sulting in roughly 60 Alpha-CLIP [11] forward passes per
proposal, in addition to substantial preprocessing overhead.
In contrast, our pipeline directly overlays a red bounding
box on the original image to highlight the target and only
feeds the top 3 images into the MLLM. As shown in Tab. 5,
our approach achieves substantially lower inference latency
compared to DetailMatters.

For fairness, all reported DetailMatters timings are ob-
tained from our custom re-implementation, and are gener-
ally lower than the values reported in the original paper due
to differences in implementation and hardware.
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