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Figure 1. Extended View of Figure 1.
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Figure 2. Extended View of Figure 1.



Input CLIPtone [2]

CLIPtone-GO (Ours) Input

CLIPtone [2] CLIPtone-GO (Ours)

Figure 3. Extended View of Figure 1.
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Figure 4. Extended View of Figure 3.
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Figure 5. Extended View of Figure 3.
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Figure 6. Extended View of Figure 3.
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Figure 7. Extended View of Figure 3.
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Figure 8. Extended View of Figure 3.



A. Adaptive CLIP Weight
This is the detailed proof of Property 2. Consider

f(λ) = 1
2

∣∣g0 + λg̃P
∣∣2
2
, λ ≥ 0, (1)

The unique minimizer is

λ⋆
CLIP = max

(
0,−⟨g0, g̃P ⟩

|g̃P |22

)
. (2)

Proof (calculus). Expanding the square gives

f(λ) = 1
2

(
|g0|22 + 2λ⟨g0, g̃P ⟩+ λ2|g̃P |22

)
. (3)

Thus f is a convex quadratic in λ with

f ′(λ) = ⟨g0, g̃P ⟩+ λ∥g̃P ∥22, f ′′(λ) = ∥g̃P ∥22 ≥ 0. (4)

The unconstrained stationary point solves f ′(λ) = 0, yield-
ing

λ̄ = −⟨g0, g̃P ⟩
|g̃P |22

. (5)

Imposing the constraint λ ≥ 0 amounts to projecting the
unconstrained minimizer onto [0,∞):

λ⋆
CLIP = max(0, λ̄) = max

(
0,−⟨g0, g̃P ⟩

∥g̃P ∥22

)
, (6)

which proves (2). In the degenerate case g̃P = 0, f(λ) ≡
1
2∥g0∥

2
2 is constant and any λ ≥ 0 minimizes f ; we take

λ⋆
CLIP = 0 by convention.

B. Visualization of Geometry-Aware Training
It is visualization of the real values of λ⋆

LPIPS and αinst.

Figure 9. Lambda Adapt Plot

As shown in the λ⋆
LPIPS plot (blue), the optimal strength

for the perceptual correction is not static. It oscillates
rapidly between negligible influence (< 0.1) and strong en-
forcement (> 0.9). This confirms that the agreement be-
tween CLIP and LPIPS gradients changes instantaneously.

Figure 10. Lambda Inst Plot

The αinst plot (red) illustrates our model’s trust mech-
anism. The sparsity of high values indicates that the
model frequently defaults to the conservative Adaptive
CLIP weight to resolve conflicts and only to switch to the
aggressive LPIPS weight (high α) when the gradient geom-
etry strictly permits it.
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