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Supplementary Material

Table 6. Influence of Search Width on Null-TTA rewards.

Search Width \ PickScore Aesthetic HPSv2 ImageReward
1 0.226 5.340 0.339 0.585
3 0.228 5.449 0.346 0.741
10 0.228 5.453 0.347 0.684
25 0.229 5.335 0.352 0.700
50 0.228 5.370 0.351 0.671

Table 7. Comparison of optimised scores for different values of
annealing coefficient (7).

~y ‘ PickScore AestheticScore HPSv2 ImageReward
0.004 0.225 5.404 0.318 0.664
0.008 0.228 5.449 0.346 0.741
0.016 0.226 5.266 0.399 0.700

A. Implementation Details

For Null-TTA, we set (A1, Ag,03) as (100,0.002,0.01)
for HPSv2 [4], PickScore [2] and (2,0.002,0.01) for Aes-
thetic score [3]. As stated in Sec 3.3, we gradually de-
crease Ao as denoising proceeds with annealing coeficient
max(2 - (1 ++)77,0). Similarly, as reward approxima-
tion by Tweeidie’s formula becomes accurate as denois-
ing proceeds, we increase the number of the optimisation
steps gradually. optimisation step at each iteration is com-
puted as Nop = Nmin + Abp * (Mmax — 7min) Where Aoy =
min((1+v)7=*~1,1). We set npi, to 5 and conduct exper-
iments with varying nmax. v is set to 0.008 and exploration
number for greedy search K is set to 3. We used Adam opti-
miser [1] with learning rate 0.01 for optimisation. Note that
all the results are averaged results from 3 different random
seeds.

B. Ablations

We ablate the key components of Null-TTA to understand
how optimisation stability and reward—generalisation trade-
offs are influenced by the search width, annealing sched-
ule, and the balance between the reward and regularisa-
tion terms. Across all experiments (Tables 6, 7, 8), Null-
TTA consistently exhibits stable behaviour: target rewards
improve while cross-reward generalisation is largely pre-
served. Each hyperparameter controls a different aspect of
the optimisation dynamics, and together they illustrate why
Null-TTA avoids the reward over- and under-optimisation

commonly observed in prior TTA methods. All the experi-
ments were done with (Rpin, Pmax) = (5,25) and HPSv2 as
target reward.

B.1. Effect of Search Width.

Table 6 reports the effect of search width used in the latent-
space greedy search step. The search width does not in-
fluence the optimisation of the null-text embedding itself;
instead, it controls the extent of latent-space search after
optimisation.

A small search width (e.g., 3) provides a mild but use-
ful search, allowing the sampler to more reliably follow the
optimisation-improved update direction. This leads to mod-
est improvements in both the target reward (HPSv2) and the
cross rewards. Excessively large search width broadens the
search too aggressively. This can pull samples away from
the semantic manifold and reintroduce undesired latent vari-
ations, eroding cross-reward metrics even as the target re-
ward continues to improve — an effect reminiscent of mild
over-optimisation. Notably, even without search, Null-TTA
already produces strong performance, showing that Null-
TTA does not depend on greedy search to achieve align-
ment. We set search width to 3 as the default, as it balances
search with stability.

B.2. Effect of the annealing coefficient ~.

Table 7 evaluates the role of the annealing coefficient y. Im-
portantly, v influences both (i) the rate at which the opti-
misation strength increases, and (ii) the decay speed of the
regularisation terms in Eq. 26.

When 7 is too large, the optimisation steps grow rapidly
while the regularisation decays quickly, causing the model
to emphasise the (potentially inaccurate) early reward ap-
proximation. This can lead to early-stage over-optimisation
and reduced stability. In contrast, very small y values slow
both optimisation growth and regularisation decay; it lim-
its the ability to sufficiently optimise the target reward even
when the reward approximation becomes accurate at later
timesteps. Null-TTA maintains stable behaviour across all
tested values of ~y, and moderate settings (e.g., v = 0.008)
achieve the best balance between strong HPSv2 improve-
ment and cross-reward retention.



Algorithm 1: Null-Text Test-Time Alignment with Greedy Search (Null-TTA)

Input : Pre-trained diffusion model ey, Reward Function R(-), Prompt P, Total steps 7', Step bounds 7,5, nazs
Growth rate vy, Weights A1, Ao, 0;, Search Width K, Learning rate 7.

Output: Aligned image x

Initialize latent z1 ~ N'(0,1);

Get initial embeddings: ¢ < TextEncoder(@), ¢ < TextEncoder(P);

Initialize optimizable embedding: ¢’ < ¢;

fort=T,...,1do

// 1. Dynamic Hyperparameter Scheduling

Calculate adaptive regularization weight: Ag ; < Ao -max(2 — (1 +~)7%,0);

Calculate adaptive optimization steps: Ny < My + [min((1+9)77F = 1,1) - (Nnaz = Pmin) |;
// 2. Null-Text Optimization (Eg. 26)

forn=1,...,N; do

Compute unconditional noise: €,ncond < €9(x¢,t, ¢');

Compute original unconditional noise (fixed): €,rig < €9(xt,t, P);

Compute original CFG noise: €,yig < €orig + s(€6(xt,t,¢) = €orig)s

Compute CFG noise: € < €yncond + S(€9(Z¢,t,¢) = €uncond);
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Estimate clean image (Tweedie’s Formula): &q(z¢, ¢') < VTR

Calculate Objective J(¢'):
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Compute Gradient: g < Vg J(¢') (via Autograd or Zeroth-Order Estimation);
Update Embedding: ¢’ < ¢’ +1-g; // Gradient Ascent

// 3. Greedy Search

Generate K candidates {arglfi}le from pg(z_1|xs, ¢');
Evaluate candidates via Tweedie’s estimate: (%) « R(iq (xi’fi ))fork=1...K,

Select best trajectory: x;_1 < xilfl) where k* = arg maxy, r(®);

return  yinq; = Decoder(zy);

B.3. Effect of the reward{regularisation balance. Table 8. Effect of the reward/regularisation ratio on the target re-
ward (HPSv2) and the cross reward (ImageReward). All rows ex-
Table 8 examines how the balance between the reward cept SD-v1.5 share the same target weight A, = 100.

term and the two regularisation components in Eq. 26 af-

2
fects optimisation behaviour. Increasing the regularisation (A1, A2, 05) HPSv2 _ImageReward Note

strength (larger Ay or smaller 0’35) leads to more conser- (100,0.0004,0.01) ~ 0.343 0.642 Weak reg (Areg |)

vative updates: target-reward improvement becomes lim- (100,0.0100,0.01) -~ 0.339 0.787 Strong reg ()‘f;g“
ited, but cross-reward generalisation improves, indicatin (100,0.0020,0.050) ~ 0.340 0.303 Weak reg (0, 1)
‘ 5571 g i IMProves, g (100,0.0020,0.002)  0.337 0.781 Strong reg (o2 1)
an under-optimised yet stable solution. Conversely, weak-
(100,0.0020,0.010)  0.346 0.741 Ours (default)

ening the regularisation results in more aggressive updates

that favour the target reward but can destabilise cross- SD-v1.5 0.279 0.332 Baseline

reward metrics, resembling the early symptoms of reward
over-optimisation.
Our default configuration achieves a balanced trade-off,
providing strong target reward gains while maintaining high C. Detailed Procedure for Null-TTA
cross-reward performance. This demonstrates that Null-
TTA jointly improves alignment and generalisation when
the reward—regularisation ratio is within a reasonable range, We provide the detailed algorithmic procedure of our pro-
and that Null-TTA remains robust even as this ratio varies. posed Null-TTA in Algorithm 1.
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