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7. Benchmark details
In this section, we describe the details of INSIGHT Bench
including success criteria and demo generation framework.
Fig. 12 shows the variations of scene with domain random-
ization.

7.1. Success criteria
Success for each task is determined by whether a predefined
target joint reaches its specified threshold, δ, at any point
during an episode. The thresholds are deliberately set to be
achievable within the limited workspace of the fixed-base
Franka arm.
• Cabinet: Success is defined by a significant state change

in the target component. For prismatic joints (drawers),
the position must exceed δslide = 0.1m. For revolute
joints (doors), the angle must exceed δrotate = 0.5 rad.

• Door: Success is achieved when the door hinge opens be-
yond δrotate = 0.1 rad. While this threshold is small, it is a
robust indicator of success because the hinge is mechani-
cally locked until the agent successfully resolves the pre-
requisite handle-turn constraint.

• Bottle: Success is measured by the vertical travel of the
cap along its screw axis. Let qlimit denote the maximum
travel distance. For the opening task, the cap position
must exceed 0.6 × qlimit. We select this threshold rather
than the theoretical maximum to account for the fixed-
base robot’s limited workspace. Since the primary chal-
lenge lies in identifying the correct direction and over-
coming the initial lock (in squeeze tasks), 60% travel is
sufficient to verify that the correct unfastening action has
been sustained. For the closing task, the cap must be fully
tightened, defined as a position less than 0.1× qlimit.

7.2. Demo generation framework details
The detailed descriptions of each skill primitive used in
demonstration generation are provided below, and Fig. 8 vi-
sualizes each primitive.
• GRASP(p, q): Moves the end-effector to a target pose

defined by position p ∈ R3 and orientation quaternion
q ∈ H. This primitive automatically handles the approach
phase and gripper actuation.

• ROTATE(ϕ): Rotates the end-effector about its local z-
axis by ϕ radians. To address joint limits, the primitive
employs a recovery strategy: if a limit is reached, the arm
executes a 360◦ unwind motion in the opposite direction
to reset the joint configuration before resuming the re-
maining rotation.

Figure 8. Primitive skills for trajectory generation

• PULL(d): Translates the end-effector by distance d along
its forward axis. The sign of d determines the direction,
enabling both pushing (d > 0) and pulling (d < 0) inter-
actions within a single primitive.

Our automated generation pipeline enabled the efficient
creation of this large-scale dataset. Using a single NVIDIA
RTX 4090 GPU, our framework is capable of generating
approximately 200 complete episodes per hour. The pro-
grammatic expert achieved an average success rate of ap-
proximately 52% during generation, with failures primar-
ily occurring when the motion planner could not find a
collision-free solution in randomized scenes. Considering
the entire process operates without any human intervention,
this framework presents a highly efficient and scalable so-
lution for robotics data creation. Fig. 9 shows the example
of the dataset.



(a) Door task data.

(b) Bottle task data.

Figure 9. Visualizations of the dataset in LeRobot format. (a)
shows the Door task and (b) shows the Bottle task.

8. Experimental setup details
8.1. Model details
8.1.1. Training details
We assess the performance of three baseline policies: π0 [4],
SmolVLA [34], and GR00T [29]. All policies are trained
as multi-task agents, learning the Cabinet, Door, and
Bottle tasks simultaneously. Across all baselines, we
employed the AdamW optimizer with a cosine decay
learning rate scheduler and trained in bfloat16 precision
with an action chunk size (horizon) of H = 50.
Pi0 (π0). Based on the PaliGemma-3B backbone, Pi0 em-
ploys a flow matching objective with a Beta time-sampling
distribution. We fine-tuned the model for 50,000 steps us-
ing a batch size of 16 and a learning rate of 2.5×10−5. The
vision encoder remained frozen during training to preserve
pretrained representations.
SmolVLA. Utilizing the SmolVLM2-500M backbone with
a specialized Action Expert, we performed full fine-tuning
of the model except vision encoder as in π0. Training was
conducted for 30,000 steps with a batch size of 128 and a
learning rate of 1.0× 10−4.
GR00T N1.5. Groot (GR00T-N1.5) generates actions via
a diffusion head. We fine-tuned the projector and diffusion
head for 50,000 steps with a batch size of 128 and a learning
rate of 1.0 × 10−4, while keeping the primary vision and

Figure 10. Balanced task distribution for training. To ensure a
fair comparison, we aligned the number of episodes between the
Guide and Guideless datasets. For each task variation, the episode
count was clipped to the minimum available number across both
datasets, discarding excess data.

language backbones frozen.
For the experiments detailed in Sec. 5, we prepared a

separate dataset where the positions of object assets were
fixed. However, we retained all other domain randomiza-
tions, including the position of the guides. We collected
5,647 episodes for the Guide dataset and 5,564 episodes for
the Guideless dataset. To ensure a fair comparison, we bal-
anced the datasets by excluding specific episodes, resulting
in an identical number of episodes for each task variation.
The detailed task distribution is presented in Fig. 10.

8.1.2. Instructions

In this section, we provide the exact text prompts utilized
for each experimental setting: NG-VLA, G-VLA, and LI-
VLA in Sec. 5. For the NG-VLA setting, we employ generic
prompts that specify the high-level goal without referenc-
ing external guides. Conversely, for the G-VLA setting, the
phrase “following the guide” is appended to implicitly con-
dition the model to attend to the in-situ visual cues. For the
LI-VLA setting, we provide comprehensive text descrip-
tions that explicitly state the physical constraints and ac-
tion primitives (e.g. rotation direction, grasping points) con-
veyed by the visual guides.

Listing 8.1: Prompts for NG-VLA

SCENE_TASK_PROMPT = {
"cabinet": "Open the cabinet.",
"CW-Push": "Open the door.",
"CCW-Push": "Open the door.",
"CW-Pull": "Open the door.",
"CCW-Pull": "Open the door.",
"Open-CW (Sqz)": "Open the bottle.",
"Open-CCW": "Open the bottle.",
"Open-CW": "Open the bottle.",
"Close-CW": "Close the bottle.",
"Close-CCW": "Close the bottle.",
"Close-CW": "Close the bottle.",
"Open-CCW (Sqz)": "Open the bottle.",
"Close-CCW": "Close the bottle cap.",

}



Listing 8.2: Prompts for G-VLA

SCENE_TASK_PROMPT_GUIDE = {
"cabinet": "Open the cabinet following the

guide.",
"CW-Push": "Open the door following the guide.",
# ... (Other keys follow the same pattern)
"Open-CCW (Sqz)": "Open the bottle following the

guide.",
"Close-CCW": "Close the bottle cap following the

guide.",
}

Listing 8.3: Prompts for LI-VLA

SCENE_TASK_PROMPT_INSTRUCTION = {
"cabinet": "Find the arrow guide and open the

indicated drawer",
"CW-Push": "Open the door, rotate clockwise and

push.",
"CCW-Push": "Open the door, rotate

counter-clockwise and push.",
"CW-Pull": "Open the door, rotate clockwise and

pull.",
"CCW-Pull": "Open the door, rotate

counter-clockwise and pull.",
"Open-CW (Sqz)": "Grip the cap on the sides

indicated by the ’squeeze’ arrow and open
the bottle in counter-clockwise direction.",

"Open-CCW": "Open the bottle in
counter-clockwise direction.",

"Open-CW": "Open the bottle in clockwise
direction.",

# ... (Detailed instructions continued)
"Open-CCW (Sqz)": "Grip the cap on the sides

indicated by the ’squeeze’ arrow and open
the bottle in clockwise direction.",

"Close-CCW": "Close the bottle in
counter-clockwise direction.",

}

8.1.3. Reversed Instructions
To evaluate instruction grounding robustness, we utilize
Reversed Instructions, where the directional or procedural
constraints contradict the actual physical constraints indi-
cated by the visual guides.

Listing 8.4: Prompts for Reversed Instructions (Adversarial)

SCENE_TASK_PROMPT_INSTRUCTION_REVERSE = {
"cabinet": "Find the arrow guide and open the

indicated drawer",
"CW-Push": "Open the door, rotate

counter-clockwise and pull.",
"CCW-Push": "Open the door, rotate clockwise and

pull.",
# ... (Reversed logic)
"Open-CW (Sqz)": "Grip the cap on the sides

indicated by the ’squeeze’ arrow and open
the bottle in clockwise direction.",

}

8.1.4. Prompts
As described in Sec. 5.1.1, during the evaluation of the LI-
VLA setting, we employ an external VLM to parse visual
guides into text instructions when ground truth is unavail-
able. The following system prompt and few-shot examples
are utilized to ensure the generated instructions strictly ad-
here to the format required by the policy.

Listing 8.5: System Instruction for VLM API

prompt_system_instructions = f"""
You are an expert AI assistant specializing in

robotics and human-robot interaction. Your task
is to look at an image and generate a clear,
concise, and actionable instruction for a robot
(VLA model) to perform a task.

Follow these rules strictly:
1. **Image-Grounded:** The instruction must be based

ONLY on the visual information in the image. Do
not invent objects or actions.

2. **Language:** The instruction must be in English.
3. **Format:** The instruction should be a single,

imperative sentence.
There are one of 3 objects in the image:

cabinet, door, bottle.
For cabinet, use format "Find the arrow guide

and open the indicated drawer. The indicated
drawer is ..."

For bottle without squeeze guide, use format
"{bottle_action_verb} the bottle in
(counter-clockwise or clockwise) direction."

For door, use format "Open the door, rotate
(counter-clockwise or clockwise) and (push
or pull)."

For bottle with squeeze guide, use format "Grip
the cap on the sides indicated by the
’squeeze’ arrow and
{bottle_action_verb.lower()} the bottle in
clockwise direction. The arrows are at
(number)-degrees counter-clockwise from
horizontal axis."

4. **Coordinate for grasping:** A horizontal line
from left to right represents 0 degrees. A
vertical line from bottom to top represents 90
degrees. Angles are measured counter-clockwise
from the 0-degree horizontal axis.

"""

9. Additional Analysis and Results

9.1. Effect of instruction on LI-VLA
To validate the reliability of the VLM-based instruction
generation module and to verify whether the VLA models
effectively ground the semantic content of the provided in-
structions, we conducted an ablation study under three dis-
tinct inference settings:

• LI-VLA-GT (without VLM): Instructions are generated
using ground-truth instruction according to the task ID.

• LI-VLA-GPT: Instructions are generated by the external
VLM [31] based solely on visual observations of the in-
situ guides, as proposed in our main experiment Sec. 5.

• Reverse-VLA: Instructions are intentionally inverted rel-
ative to the visual guide (e.g. commanding “Counter-
Clockwise” when the guide indicates “Clockwise”) to act
as a negative control for evaluating semantic adherence.

The quantitative results are presented in Fig. 11. We
observe that the Reverse-VLA setting causes a catastrophic
performance drop across all evaluated models compared to
the valid instruction settings.

The Reverse-VLA setting caused a catastrophic perfor-
mance drop across all models (e.g. π0 success rate dropped
to 3.7%). This confirms that guide information acts as a



Table 2. Detailed success rates (%) for each task variation across all models. For the Cabinet task, we report the aggregated success rate as
variations share similar structures. For the Bottle task, variations requiring a squeezing action are marked with (Sqz).

π0 SmolVLA GR00T N1.5

Task Variation NG G LI NG G LI NG G LI

Cabinet
Total 6.0 9.8 9.2 6.5 8.7 2.7 8.7 27.2 24.5

Door
CW-Push 31.9 8.3 52.8 48.6 26.4 36.1 58.3 44.4 69.4
CCW-Push 18.1 0.0 34.7 6.9 5.6 12.5 13.9 15.3 22.2
CW-Pull 8.3 15.3 34.7 5.6 5.6 22.2 13.9 25.0 30.6
CCW-Pull 5.6 15.3 15.3 0.0 0.0 4.2 1.4 16.7 9.7

Bottle-Standard
Open-CW 31.2 43.8 36.2 22.5 16.2 20.0 41.2 13.8 40.0
Open-CCW 41.2 53.8 47.5 23.8 13.8 36.2 31.2 23.8 31.2
Close-CW 0.0 6.2 5.0 2.5 3.8 7.5 21.2 10.0 11.2
Close-CCW 10.0 12.5 3.8 11.2 6.2 15.0 7.5 15.0 16.2
Close-CW w/Sqz guide 1.2 5.0 5.0 5.0 3.8 6.2 22.5 15.0 8.8
Close-CCW w/Sqz guide 1.2 0.0 1.2 1.2 2.5 0.0 7.5 22.5 21.2

Bottle-Squeeze
Open-CW (Sqz) 5.0 11.2 12.5 1.2 2.5 0.0 3.8 2.5 18.8
Open-CCW (Sqz) 7.5 6.2 1.2 2.5 0.0 0.0 5.0 1.2 15.0

Figure 11. The success rate of total tasks with different instruction
setting

hard physical constraint essential for task success; current
VLA models cannot visually override incorrect text in-
structions to solve these constraints. Conversely, the perfor-
mance gap between LI-VLA-GPT and the oracle LI-VLA-
GT was marginal, with GR00T N1.5 even showing a slight
advantage using VLM-generated instructions (24.3% vs.
23.1%).

9.2. Training with noisy language signals in LI-VLA
To address concerns about clean language signals, we train a
Noisy-VLA model using VLM-generated instructions with

Table 3. Ablation Studies. Guide cam ablation, Noisy LI-VLA on
π0 and Imitation Learning baseline.

Task Baseline Guide Cam LI-VLA Diffusion Policy
NG-VLA w/o G-VLA Noisy Clean Maskout Guide

Cabinet 6.0 2.7 9.8 4.4 9.2 - -
Door 16.0 15.6 9.7 27.4 34.4 12.5 17.5
Bottle-Std 14.2 20.9 20.2 21.0 16.5 22.9 50.0
Bottle-Sqz 6.2 6.2 8.8 3.8 6.9 6.25 18.75

inference-matched noise (Tab. 3). Noisy-VLA achieves a
higher success rate (17.5%) than G-VLA (14.1%), indi-
cating that the bottleneck lies in the visual perception and
grounding. The VLM-based instruction extractor achieves
73% accuracy overall, with lower performance on tasks re-
quiring global spatial reasoning or fine-grained angle esti-
mation.

9.3. Impact of visual resolution via Guide camera

To separate visual resolution limits from multi-modal fusion
failures, we introduce a dedicated guide camera that acts as
an embedded symbol-detection module. As shown in Tab. 3,
removing this camera creates a clear resolution bottleneck
in the Cabinet task, while Door performance reverts to the
NG-VLA baseline, indicating that low-resolution guides no
longer mislead the model. Bottle tasks remain robust due to
close-up wrist views. These results suggest that resolution
alone does not explain the failures, and that grounding guide
semantics remains the core challenge.



9.4. Necessity of In-Situ guides
We conducted additional experiments using a standard im-
itation learning baseline, Diffusion Policy [8]. We com-
pare training with access to in-situ visual guides against a
guide-masked setting. We perform single-task learning on
the Door and Bottle tasks under a constrained evaluation
setting. Results are reported in Tab. 3. The performance gap
between the two settings indicates that these tasks cannot be
reliably solved by affordances alone, and that in-situ guides
provide meaningful supervision, supporting the utility of
the proposed benchmark.

9.5. Detailed results for each task variation
Tab. 2 presents the success rates for each task variation
across all evaluated models and settings. We observe that
the impact of in-situ guides and language instructions varies
significantly depending on the specific physical constraints
of the task variation. For instance, in the Bottle task, vari-
ations involving the “squeeze” constraint generally show
lower success rates compared to standard rotation tasks,
highlighting the difficulty of grounding complex force-
interaction constraints. Similarly, Door and Cabinet
tasks exhibit performance fluctuations across variations, in-
dicating that certain geometric configurations or articulation
types pose greater challenges for current VLA models.
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