












Figure 6. The quantified similarity error between all 45 models
and HVS under 9 different tests. For the Contrast Detection and
Contrast Masking tasks, Spearman Correlation was used as the
metric, with higher values (closer to 1) indicating greater similar-
ity to human vision. For the Supra-threshold Contrast Matching
task, RMSE was used as the metric, with lower values (closer to
0) indicating better similarity.

In this experiment, we vary the size of the Gaussian en-
velope limiting stimulus size to observe its effect on model
responses. We follow the same procedure as in the two pre-
vious sections and generate pairs with a uniform field and a
Gabor patch (see Figure 4-f). The parameters of the Gabor
patch are listed in Table 1.

The results, shown in row (f) of Figure 5, indicate that
most models show summation across the area (the Sac val-
ues increase with the area) and the rate of the increase varies
across the models; DINO and SAM-2 have a smaller in-

crease, SD-VAR has a higher increase of Sac than the hu-
man data, and only DINOv2 roughly matches human per-
formance. OpenCLIP shows no consistent patterns. We can
conclude that many models show spatial pooling character-
istic that shares the trend observed in human data, though
the actual slope of the increase is typically different.

4.2. Contrast masking

Contrast masking explains the decreased visibility of a sig-
nal (test) due to the presence of a supra-threshold back-
ground (mask). The masking function defines the relation-
ship between the threshold test contrast required for signal
detection and the mask contrast. Put simply, a pattern is
more difficult to detect in the presence of another pattern of
similar spatial frequency and orientation. A typical masking
characteristic of the visual system is shown in rows (g) and
(h) of Figure 5. It consists of a relatively shallow segment
at low mask contrast (near the detection threshold), with the
slope increasing for high mask contrast. The shape of the
curve is influenced by the specific properties of the mask
and test signals [11, 43]. We will consider the case in which
the masker is a sinusoidal grating of the same frequency
as the test pattern (phase-coherent masking, row (g)) and
when the masker is noise (phase-incoherent masking, row
(h)) [11, 14, 15], as shown in Figure 4-g,h.

First, we consider the fundamental form of phase-
coherent masking in which the masker image (reference
in Figure 2) is a sinusoidal grating and the test image is
the masker plus a Gabor patch of the same frequency and
phase as the masker (see Figure 4g). Contrast masking
data, shown as the dashed black curve in row (g) of Fig-
ure 5, shows the smallest contrast of the test Gabor that is
detectable in the presence of the masker of a given con-
trast. As the contrast of the masker increases, the smallest
detectable contrast of the test also needs to increase. How-
ever, such an increase starts only for a masker that has the
contrast sufficiently high to be detected. If the contrast of
the masker is near the detection threshold, we can observe
a dipper effect — the contrast detection is facilitated by a
masker [14, 42, 45]. Such an effect can be only observed in
phase coherent masking.

As an example of phase-incoherent masking, we will
consider a masker with band-limited noise and a test with
a Gabor patch — see Figure 4h. The human detection
thresholds for such masking patterns are similar to those
for phase-coherent masking, except that the dipper effect
disappears [41].

The differences predicted by DINOv2 and OpenCLIP
are surprisingly well-aligned with the human contrast mask-
ing data — their responses roughly match the slopes of
the human data. The alignment is stronger for the phase-
incoherent masking. This is particularly notable for Open-
CLIP, which did not show any consistent trends for contrast
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