
Introduction

Research Question
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Robots and self-driving cars must stay safe in worlds 
too complex to label by hand [1, 2]. They often reuse 
vision models trained on huge image sets, kept 
“frozen” (not retrained) [3, 4]. Yet safety depends on 
how close danger is, not just whether it has 
happened [5].

Can frozen vision models tell how close an agent is 
to danger, without being taught what danger is?

Hypothesis: DINOv3 [6], which learned from 
unlabeled images, will beat ResNet-50 [7], which 
learned from labeled photos.
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Methods
Game. MiniGrid LavaGap [8]: a 7×7 grid where an agent crosses a 
lava wall through one gap (15 layouts). A randomly moving agent 
produced 5,000 images (732 unique).

Labels. Safe, near-boundary or unsafe, based on the agent’s 
position (Fig. 1).

Models. Frozen DINOv3 and frozen ResNet-50 turn each image 
into a list of numbers (features), never seeing the labels. 
Comparisons: a ResNet-50 trained on the labels, raw pixels and an 
untrained network.

Test. After removing duplicates, 3 layouts were hidden for testing. 
A small classifier [9] predicted labels from the features (Fig. 2).

Results
Spotting lava is easy: even the untrained network scored 98% 
(Fig. 3a). The real test is telling safe from near-boundary images 
(Fig. 3b).

On the hidden layouts, DINOv3 recognized all 18 safe images 
(100%), while frozen ResNet-50 recognized only 1 (53%, close to 
guessing).

A detector that never saw labels agreed [10] (Table 1), and on a 
feature map [11], DINOv3 grouped safe images tightly (Fig. 4).

Key Findings
• Spotting lava is easy: even an untrained network does it (98%).

• Sensing near danger is hard: on new layouts, DINOv3 found all 
18 safe images, ResNet-50 only 1.

• A test without labels agrees.

Discussion

Conclusion

The hypothesis holds, in a narrower form. DINOv3 encodes 
distance to danger, matching reports that DINO features capture 
object boundaries [12].

This is not true safety understanding: labels depend only on 
position, and the models also differ in design and training data.

Test design mattered. With a random split, 95.9% of test images 
copied training images, so every model looked near perfect [2].

Frozen DINOv3 already “knows” how close an agent is to danger, 
even on new layouts and without safety labels. Spotting the 
hazard itself proves little.

Future work: recolor the lava so danger must be inferred from 
position, and compare models differing only in how they learned.
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Figure 4. Feature maps of all 732 images (orange: safe, blue: near-boundary, 
green: unsafe).

Table 1. Detector trained only on safe images (0.5 = guessing, 1 = perfect).

Figure 3. Score on the hidden layouts, each class weighted equally (dashed 
line: guessing). *Trained on labels. †Baselines.

Figure 2. Only the small classifier is trained. The model stays frozen.

Figure 1. One layout colored by label (triangle: start, star: goal, n: unique 
images).
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