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Abstract. Open-source Vision-Language-Action (VLA) models enable rapid physical deployment in robotics, but their visual 11 
generalization limitations remain underexplored. This study evaluates the SmolVLA model when confronted with out-of-12 
distribution visual variables. An SO-101 robotic arm, equipped with a vertical parallel pincer, was trained via imitation learning 13 
on over 100 teleoperated demonstrations to grasp and displace a baseline 3D-printed black cube, conditioned on the language 14 
instruction "pick the cube." To systematically assess generalization limits, we evaluated four categories: baseline, color, scale, 15 
and geometry variation. Performance degrades under out-of-distribution shifts, while most evaluated conditions improve after 16 
further fine-tuning. The success rates for the red and yellow cubes gradually improved with fine-tuning but remained lower than 17 
those observed under the other evaluated out-of-distribution conditions. Initial fine-tuning favored the smaller cube (90% 18 
success), but prolonged training reversed this trend, indicating that object scale may impact long-term policy generalization. The 19 
failure modes observed in the colour variation condition may reflect a model limitation in translating learned manipulation 20 
trajectories to cubes with differing pixel-level visual appearances. These results provide insight into the limited out-of-21 
distribution generalization of the SmolVLA model, highlighting the need for targeted data augmentation to ensure the reliability 22 
of assistive robotic systems in real-world environments.  23 
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 26 

1. Introduction 27 

The emergence of Vision-Language-Action (VLA) models has transformed the landscape of robotic 28 

manipulation (Kawaharazuka et al., 2025; X. Li et al., 2026; Z. Li et al., 2026; Ma et al., 2026). VLA 29 

models are end-to-end neural architectures that directly map visual observation and natural language 30 
instruction to a continuous stream of physical motor actions (Yi et al., 2026). By fusing large language 31 

models with visual encoders, VLAs enable robots to interpret natural language instructions and translate 32 
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them directly into physical motor commands (Kawaharazuka et al., 2025; Kim et al., 2024; Wang et al., 1 

2026). The general VLA architecture is illustrated in Fig.1a.  2 

 3 

 4 
Figure 1. (a) General Vison-Language-Action architecture b) Object used for baseline and out-of-5 

distribution shift evaluation. 6 

 7 

While existing pretrained, massive billion-parameter VLA models have demonstrated remarkable zero-8 
shot reasoning (Kim et al., 2024; X. Li et al., 2026; Shukor et al., 2025), heavy reliance on cloud 9 

infrastructure and high computational cost limits practical deployment (Sejnova et al., 2024; Takagi et 10 

al., 2026; Wen et al., 2025; Zitkovich et al., 2023). Consequently, current research is pivoting toward 11 
efficient or lightweight VLAs (Kawaharazuka et al., 2025; Yu et al., 2025), such as SmolVLA (Shukor 12 

et al., 2025), TinyVLA(Wen et al., 2025) and AnoleVLA(Takagi et al., 2026), that are more accessible 13 

for real-world deployment. This shift is democratizing robotics, allowing for the deployment of 14 

affordable, open-source hardware like the SO-101 arm (Cadene et al., 2026). 15 
 16 

Advancements in VLA models have demonstrated strong potential for enabling generalist robotic 17 

manipulation (Goyal et al., 2025; Z. Li et al., 2026; Sridhar et al., 2025). However, despite the mechanical 18 
and computational advantages of low-parameter VLAs, model performance relies on imitation learning, 19 

which introduces a critical limitation, which is the generalization gap (Z. Li et al., 2026). This limitation 20 

is frequently manifested through distribution shift and visual brittleness, where models fail to maintain 21 
robust performance under visually altered environments or previously unseen object characteristics (Kim 22 

et al., 2024). For instance, a model trained exclusively on a black cube may experience substantial 23 

performance degradation when evaluated using objects with different colors, textures, scales, or 24 

geometries, such as a yellow cube or a black cat-shaped object (Fig.1b). Such failures become particularly 25 
pronounced when VLAs are trained on narrow sets of teleoperated demonstrations, resulting in 26 
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heightened sensitivity to out-of-distribution (OOD) visual variations (Black et al., 2025; Zitkovich et al., 1 

2023).  2 

 3 
For assistive robotic arms to achieve practical real-world deployment, they must demonstrate robust 4 

operational capability in varying environments without failing due to minor visual perturbations. This 5 

requirement becomes particularly critical for low-parameter VLA models, whose computational 6 

efficiency often comes at the expense of robust generalization capability (Takagi et al., 2026; Zitkovich 7 
et al., 2023). Hence, a research question arises: To what extent do low-parameter VLA models exhibit 8 

performance degradation under specific out-of-distribution visual shifts, including variations in color, 9 

scale, and geometry, during rigid-object robotic manipulation tasks? Specifically, when the model is 10 
trained exclusively to grasp a baseline object, it remains unclear how its zero-shot generalization 11 

performance is affected by appearance-level versus structure-level distribution shifts when confronted 12 

with different object instances. 13 

 14 
To investigate this limitation, this paper evaluates the performance of the fine-tuned SmolVLA (Shukor 15 

et al., 2025), a 450M-parameter pre-trained VLA model, under controlled visual perturbation scenarios. 16 

Specifically, the model is fine-tuned solely on demonstrations involving the manipulation of a baseline 17 
black cube and subsequently evaluated under three isolated OOD conditions: color shift, scale shift, and 18 

geometric shift. The experimental protocol includes testing on cubes with different colors, enlarged and 19 

reduced black cubes, and a cat-shaped object to isolate the OOD conditions on the policy performance. 20 
The primary motivation of this work is to critically assess the practical reliability and deployment 21 

readiness of low-parameter VLA models for assistive robotic manipulation tasks. By quantitatively 22 

characterizing failure mechanisms under controlled visual distribution shifts, this study contributes to a 23 

targeted ablation-based analysis toward understanding the visual generalization boundaries of lightweight 24 
VLA systems.  25 

 26 

2. Methodology 27 

1. Experimental setup 28 

A 6-degree-of-freedom (6-DOF) SO-101 Lerobot Follower and Leader Arm (Cadene et al., 2026) 29 

equipped with vertical parallel pincers, and a standing camera was used for data collection and inference. 30 
All experiments were implemented with NVIDIA RTX5090 Graphical Processing Unit and Intel Core i9 31 

processor. 3D printed items, trays and cubes of various colors are printed using BambuLabs P1S 3D 32 

Printer. The overall experimental framework is presented in Fig. 2.  33 

 34 
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Figure 2. Overall framework diagram. 3 

2. Data collection and training 4 

Prior to recording each demonstration episode, a custom Python-based location randomizer (via 5 

Matplotlib) was used to generate the exact coordinates for the cube on the 3D-printed base tray (pick 6 
location) and its destination on the collector tray (drop location). This allows consistent random cube 7 

placements and al-lows precise repeatability of a recorded episode with undesirable motor movement and 8 

video footage.  9 
 10 

Demonstration data were subsequently collected using the LeRobot leader–follower teleoperation 11 

framework. During each episode, a human operator teleoperates the Follower Arm by manipulating the 12 
Leader arm to pick and drop the black cube into the collection tray, then returning to the resting position. 13 

The Leader arm was operated with only the live video footage captured by the handeye camera on the 14 

SO-101 Follower and a fixed camera, both with 640x360p resolution to pick up the black cube. The task 15 

command is “Pick the cube” for all demonstration episodes to encourage generalized task interpretation 16 
during model evaluation. The collected dataset consists of 180 episodes with 640 × 360 resolution fixed 17 

camera and handeye camera feed. 18 

 19 

3. Fine-tuning the VLA model 20 

In our work, the SmolVLA model was progressively fine-tuned in a sequential manner, where each 21 

stage was initialized from the previous checkpoint and further trained using additional demonstrations. 22 

First, the pretrained SmolVLA model was fine-tuned using the initial 100 demonstration episodes, 23 
corresponding to the task instruction “Pick the Cube”. The model was trained for a total of 200k steps 24 

with batch number of 8, AdamW optimizer with β1 = 0.9 and β2 = 0.95, learning rate of 0.0001 and 25 
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weight decay of 1e-10. Then, the fine-tuned model was further fine-tuned with additional sets of 20-1 

episode datasets with the same training hyperparameters for 200k steps.  2 

 3 

4. Evaluating the fine-tuned models 4 

 5 

Each evaluation session consisted of 20 independent pick-and-drop tasks conducted under randomized 6 

object-placement conditions. At the start of each session, the robotic arm initialized from its predefined 7 
default pose before executing the trained policy. For every randomized object position, the policy was 8 

allowed up to three execution attempts. The success rate was used as the evaluation metric. A trial was 9 

considered successful when the robot autonomously grasped the target cube, deposited it into the 10 
designated collection tray, and returned to its default pose without external assistance within the allocated 11 

attempts. In addition to the cumulative success rate, first-attempt success rates were separately reported 12 

to evaluate single-shot manipulation robustness. All sessions were recorded using the robot's handeye and 13 

the static fixed camera to support qualitative analysis.  14 
 15 

3. Results 16 

 17 
Table 1, 2, 3, and 4 present the quantitative comparison between the pre-trained and fine-tuned policies 18 

across four evaluation conditions: baseline, color variation, scale variation, and geometry variation. The 19 

baseline condition refers to inference conducted using the same black cube as that used during training. 20 
 21 

Table 1. Performance comparison of progressively fine-tuned VLA policies in baseline condition. 22 
Policy Success Rates (%) Mean 

attempts to 
success First-attempt success 

Success within ≤3 
attempts 

SmolVLA (Base)    

+ Fine-tuned 100 episodes (FT-100) 55.00 80.00 1.50 

+ Fine-tuned 20 episodes (FT-100 + 20) 70.00 80.00 1.19 

+ Fine-tuned 20 episodes (FT-100 + 20+20) 55.00 85.00 1.53 

+ Fine-tuned 20 episodes (FT-100 + 20+20+20) 65.00 85.00 1.29 

+ Fine-tuned 20 episodes (FT-100 + 20+20+20+20) 50.00 95.00 1.37 

 23 

Table 1 reports the performance of the progressively fine-tuned policies under the baseline condition. 24 
The results demonstrate that fine-tuning yields substantial improvements in task success over the baseline. 25 

First-attempt success reached 70.00% after a modest amount of fine-tuning (FT-100+20), demonstrating 26 

that the policy can complete the task reliably without corrective retries even with limited additional 27 
training. Notably, fine-tuning with as few as 100 episodes (FT-100) already achieved an 80.00% success 28 

rate within three attempts, suggesting that small-scale fine-tuning can produce practically useful policies 29 

for real-world applications where limited corrective interaction is acceptable. Success within three 30 

attempts improved consistently with additional fine-tuning data, rising from 80.00% at FT-100 to 95.00% 31 
at the final stage (FT-100+20+20+20+20), reflecting improved policy stability and consistency as more 32 

training data is incorporated, which aligns with observations reported in larger-scale VLA studies.  This 33 
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also aligns with trends in Vision-Language Model adaptation, where increasing augmented views and 1 

few-shot samples have been shown to enhance OOD robustness (Zhu et al., 2024). 2 

 3 
Table 2. Performance comparison of VLA policies across color variation conditions. 4 

Policy Conditions Black (Baseline) Yellow Red 

FT-100 

First-attempt (%) 55.00 0.00 15.00 

≤3 attempts (%) 80.00 10.00 40.00 

Mean attempts 1.50 3.00 1.88 

FT-100 + 20 

First-attempt (%) 70.00 25.00 30.00 

≤3 attempts (%) 80.00 45.00 60.00 

Mean attempts 1.19 1.78 1.67 

FT-100 + 20+20 

First-attempt (%) 55.00 30.00 25.00 

≤3 attempts (%) 85.00 55.00 60.00 

Mean attempts 1.53 1.64 1.29 

FT-100 + 20+20+20 

First-attempt (%) 65.00 30.00 35.00 

≤3 attempts (%) 85.00 45.00 50.00 

Mean attempts 1.29 2.08 1.4 

FT-100 + 20 + 20 + 20 
+ 20 

First-attempt (%) 65.00 30.00 50.00 

≤3 attempts (%) 95.00 65.00 80.00 

Mean attempts 1.37 1.77 1.56 

 5 

Table 3. Performance comparison of VLA policies across scale variation conditions. 6 

Policy Conditions -20% 0 (Baseline) +25% 

FT-100 

First-attempt (%) 35.00 55.00 35.00 

≤3 attempts (%) 65.00 80.00 80.00 

Mean attempts 1.31 1.50 1.75 

FT-100 + 20 

First-attempt (%) 70.00 70.00 70.00 

≤3 attempts (%) 90.00 80.00 80.00 

Mean attempts 1.28 1.19 1.19 

FT-100 + 20+20 

First-attempt (%) 30.00 55.00 60.00 

≤3 attempts (%) 60.00 85.00 90.00 

Mean attempts 1.58 1.53 1.39 

FT-100 + 20+20+20 

First-attempt (%) 20.00 65.00 60.00 

≤3 attempts (%) 65.00 85.00 90.00 

Mean attempts 1.29 1.29 1.33 

FT-100 + 20 + 20 + 20 
+ 20 

First-attempt (%) 55.00 65.00 40.00 

≤3 attempts (%) 70.00 95.00 95.00 

Mean attempts 1.37 1.37 1.68 

 7 
 8 
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Table 4. Performance comparison of VLA policies across geometry variation conditions. 1 

Policy Conditions Cube (Baseline) Cali Cat 

FT-100 

First-attempt (%) 55.00 40.00 

≤3 attempts (%) 80.00 65.00 

Mean attempts 1.50 1.54 

FT-100 + 20 

First-attempt (%) 70.00 45.00 

≤3 attempts (%) 80.00 65.00 

Mean attempts 1.19 1.31 

FT-100 + 20+20 

First-attempt (%) 55.00 40.00 

≤3 attempts (%) 85.00 95.00 

Mean attempts 1.53 1.95 

FT-100 + 20+20+20 

First-attempt (%) 65.00 55.00 

≤3 attempts (%) 85.00 85.00 

Mean attempts 1.29 1.53 

FT-100 + 20 + 20 + 20 + 20 

First-attempt (%) 65.00 50.00 

≤3 attempts (%) 95.00 85.00 

Mean attempts 1.37 1.59 

 2 

As shown in Table 2, the policy achieves only a 10.00% success rate within three attempts for FT-100 3 

and 45.00% for FT-100+20 on the yellow-colored cube. In comparison, Table 4 shows that the Cali Cat 4 

geometry (a cube-like cat-shaped object) achieves a notably higher 65.00% success rate within three 5 
attempts for both FT-100 and FT-100+20, suggesting that the policy generalizes more readily to novel 6 

geometry than to to the evaluated colour conditions. In Table 3, the FT-100 policy achieves a 65.00% 7 

success rate, and FT-100+20 achieves a 90.00% success rate on the small cube (-20%) within three 8 

attempts, while both policies achieve an 80.00% success rate on the large cube (+25%).  9 

 10 
Figure 3. Performance of Vison-Language-Action policies across (a) Color variation, (b) Scale 11 

variation and (c) Geometric Variation 12 
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However, performance on the small cube degrades after further fine-tuning, dropping to 70.00% by the 1 

final stage, whereas performance on the large cube improves to 95.00%. Overall, performance under scale 2 

and geometry variation does not show the same magnitude of improvement observed under color 3 
variation. As shown in Fig. 3, our findings show that although performance degrades under out-of-4 

distribution shifts, overall generalization improves with increased fine-tuning episodes, with the extent 5 

and stability of this improvement varying by variation type. 6 

4. Discussion 7 

OOD generalization is a critical metric for the practical deployment of robotic agents in complex 8 

environments (Zhu et al., 2024). While existing studies have primarily focused on natural distribution 9 

shifts, such as variations in lighting and background environments (Kim et al., 2024; Wen et al., 2025), 10 
our study investigates the out-of-distribution generalization capability of SmolVLA, under variations in 11 

color, scale, and geometry while accounting for positional variability across trials. 12 

 13 

Based on our observations, color variation was associated with the largest performance degradation, 14 
suggesting that the policy may be more sensitive to appearance-level or chromatic shifts than to structural 15 

variations such as scale or geometry as seen when the fine-tuned models confronting red and yellow cube. 16 

Besides, insufficient fine-tuning leads to reduced first-attempt success rates. It was also observed that the 17 
policy exhibits retry-like behavior within a single task execution, indicating partial recovery capability 18 

during failure cases. However, for smaller cube conditions, the performance of success rate within 3 19 

attempts degraded from 90% (FT-100+20) to 70% (FT+100+20+20+20+20) after further fine-tuning, 20 
suggesting that models beyond FT-100+20 struggle to grasp and locate smaller cubes. Across all 21 

evaluation conditions, a consistent trend is observed whereby progressive fine-tuning leads to improved 22 

task success and enhanced robustness under distribution shifts. The largest performance gains are 23 

observed for the FT-100+20 policy, where incremental updates primarily improve stability and reduce 24 
failure frequency. Failure cases observed included position recognition errors, incomplete execution, and 25 

grasping point errors (Takagi et al., 2026). 26 

 27 
Previous works on VLA policy training largely relied on scaling up large, fragmented, and 28 

heterogeneous robotic datasets without a principled understanding of how dataset composition affects 29 

performance, particularly under distribution shift (Kim et al., 2024; Shukor et al., 2025). In contrast to 30 
these brute-force approaches that overlook key uncertainties in dataset selection (Zitkovich et al., 2023), 31 

we examine how fine-tuning under a single baseline condition affects policy generalization and 32 

robustness. While our dataset is limited, object positions were generated using a custom Python-based 33 

location randomizer to introduce spatial variability across trials and reduce positional memorization bias. 34 
One limitation of this study is the small number of training demonstrations, which results in limited 35 

variation across different conditions. Future work should incorporate greater diversity in the training 36 

dataset, including a wider range of colours and visual conditions, to improve the generalizability of the 37 
policy across different scenarios, even when the underlying task remains the same. In addition, future 38 

studies should investigate and compare the fine-tuning performance of different established low-39 

parameter VLA models under limited-data settings. 40 

 41 
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5. Conclusion 1 

This work highlights that SmolVLA benefits from incremental fine-tuning, with improved 2 

manipulation success across the colour, scale, and geometry variations evaluated in this study. Within the 3 
evaluated OOD conditions, colour variation, particularly the evaluation involving the yellow and red 4 

cubes, produced the largest performance degradation, suggesting that the observed colour-related failure 5 

patterns may indicate sensitivity to changes in pixel-level visual representation of the target object. These 6 

findings primarily characterise the OOD generalization behaviour of SmolVLA under the experimental 7 
conditions investigated, while whether similar patterns occur across other lightweight VLA models 8 

remains to be validated. 9 
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