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A. Related Works
A.1. Image Generation via Diffusion Models.
Early efforts on image generation relied on GANs [1] and VAEs [2, 3]. However, these approaches suffer from problems
such as training instabilities, limited representational power, and mode collapse. This resulted in the generation of highly
smooth images for VAEs [4–6] or a lack of sample diversity and control for GANs [7, 8]. Diffusion models tackle this by
gradually transforming noise into clean samples through a learned denoising process iteratively, preserving both the fidelity
and diversity of the target distribution [9–11]. This makes them particularly well-suited for high-quality and diverse image-
generation tasks.

A.2. Conditional Image Generation.
Image generation models are typically trained on large datasets which enable generating diverse and high-quality images. To
provide users with greater control over the generated content, conditional image generation is used. Rather than sampling
from the marginal distribution p(x) conditional methods sample from p(x|c), where c represents the conditioning signal
such as class labels, textual prompts, images, or other forms of guidance. Diffusion models are particularly well-suited for
conditional image generation due to their score-based formulation, which estimates the gradient of the data distribution’s log
density [12]. This formulation naturally accommodates the integration of conditioning signals into the generation process.
Conditional image generation can be further classified into two broad categories: training-based and training-free.

A.3. Training-Based Methods.
This includes methods that train the model with conditioning signals (which can be guided at inference time for better
performance using methods like classifier-free guidance (CFG)[13]) or fine-tuning-based methods that align the pre-trained
foundational model to the specific conditioning. Aligning pre-trained models through fine-tuning is used a lot not just in
vision but also for language [14, 15]. For diffusion models, there are several ways of doing that - direct backpropagation
[16, 17], RL-based fine-tuning [18, 19], preference-based supervised fine-tuning [20, 21], domain adaption [22], etc. These
methods are not scalable and require a lot of computation for fine-tuning each different control signal, therefore, we look into
training-free inference-time alignment.

A.4. Training-Free Methods.
These methods leverage expected rewards during the denoising process to perturb or select optimal samples at inference
time. This guidance can be categorized into two main types: gradient guidance and sampling-based guidance.

A.5. Gradient Guidance.
[23–28] They leverage the expected predicted sample x0|t at each denoising step and compute the gradient of the reward
for this estimate. This gradient guides the denoising trajectory toward regions in the sample space that are expected to give
higher rewards, effectively guiding the generative process to produce samples with improved rewards.
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A.6. Sampling-Based Guidance.
[29–32] Instead of relying on gradient information, they generate multiple candidate samples at each denoising step and
estimate the expected reward for each. This allows them to identify promising directions in the sample space and explore
more of those areas in the denoising process, thereby guiding the generation toward samples with higher expected rewards.

A.7. Combining Gradient and Sampling-Based Guidance.
TDS [33] was the first to propose a hybrid approach that combines gradient-based optimization with sampling-based explo-
ration. However, their method relies on the Sequential Monte Carlo (SMC) sampling, assuming the gradient to be sampling
from the posterior and is evaluated only on relatively simple tasks such as class-conditional generation on MNIST and CI-
FAR [34], limiting its generalizability. In contrast, our work explores a broader range of tasks by leveraging off-the-shelf
reward models without restricting the setting to predefined class labels. Concurrent with our work, DAS [31] extends the
TDS framework by introducing a tempering scheme to better explore reward-guided generation. However, it does not con-
sider the blockwise perspective in gradient and sampling guidance, nor does it explore complex scenarios such as (T+I)2I
(Text-and-Image- to-Image) guidance.

A.8. Approximating Gradients for Non-Differential Functions.
To ensure that the proposed method remains applicable to both differentiable and non-differentiable rewards, gradient ap-
proximations are used to enable perturbations in the direction of reward improvement. Two primary strategies exist for this
purpose. The first involves training a surrogate model to approximate the reward function, however, this approach conflicts
with the overarching goal of preserving a training-free framework. Therefore, this work adopts the second strategy: zero-
order optimization [35, 36], which allows for gradient approximation using only forward evaluations of the reward function,
thereby avoiding the need for additional model training.

B. Additional Background
B.1. Noise Based Formulation.
The forward process at each time is defined in Eq. 1 where the βt represents the variance schedule. αt = 1 − βt and
ᾱt =

∏T
t=1 αt [9]

q(xt|xt−1) = N (xt;
√
1− βtxt−1, βtI) (1)

xt =
√
ᾱtx0 +

√
1− ᾱtϵt (2)

The whole forward process boils down to:

q(x1:T |xt−1) =

T∏
t=1

q(xt|xt−1). (3)

The diffusion model learns the reverse of this forward step:

pθ(xt−1|xt) = N (xt−1;µθ(xt, t), βtI), (4)

where the µθ(xt, t) is defined as:

µθ(xt, t) =
1
√
αt

(
xt −

1− αt√
1− ᾱt

ϵθ(xt, t)

)
. (5)

Hence, the UNet [37] given the noisy input (xt) predicts the noise to be removed to obtain the clean sample (x0) from Eq. 2
as:

ϵθ(xt, t) ≈ ϵt =
xt −

√
ᾱtx0√

1− ᾱt
. (6)



B.2. Tweedies Formula.
For classifier-based guidance, we need the value of p(y|xt), which represents the probability of the desired outcome given a
noisy image xt. However, most reward functions available off the shelf are not designed to handle noisy inputs, rather they
expect clean images. To address this issue, there are two possible approaches: either train a new reward function capable of
operating directly on noisy images or estimate the clean image from the noisy input using Tweedie’s formula.[38]. Since our
goal is to develop a training-free method, we choose the second approach. Tweedie’s formula lets us estimate the expected
clean image given the noisy input and is given as:

x̂0 = E[x0|xt] =
xt −

√
1− ᾱtϵθ(xt, t)√

ᾱt
. (7)

Using Eq. 7 we get the reward value as:

r(x0|t, y) ≈ r(E[x0|xt], y) = r(x̂0, y). (8)

B.3. Controlled Decoding (CoDe).
To enhance computational efficiency and scalability, CoDe proposes performing this sampling procedure in a blockwise
manner, executing it every B step and generating N candidate samples per block. This parallels RL-based objectives where
one sample multiple times from a base policy (the base unconditioned diffusion model) and selects the sample best aligned
with the reward function.

B.4. SDEdit.
Stochastic Differential Editing [39] is an image synthesis and editing method that generates images aligning with a reference
without relying on complex reward models. SDEdit modifies the standard denoising diffusion process by replacing the typical
starting point of denoising, T , with r × T , where r is a user-defined percentage of noise r ∈ (0, 1). This implies that instead
of beginning the denoising from pure random noise, the process initiates from an intermediate point. This is achieved by
adding a controlled amount of noise to the reference image, effectively mimicking the forward diffusion process. The choice
of r directly influences the output: a higher r allows for greater creative freedom, while a lower r enables the preservation
of more structural and stylistic properties from the reference image. SDEdit is employed for (T+I)2I (Text-and-Image-to-
Image) generation, enabling style transfer while offering users multiple adjustable parameters to control different aspects of
the output image.

B.5. Zero-Order Optimization.
Zero-order optimization is used when we have to approximate the∇xf(x) using just the forward pass f(x).

∇f(x) ≈ 1

N ′

N ′∑
i=1

f(x+ σϵi)− f(x− σϵi)

2σ
ϵi, (9)

where ϵ is a n-dimensional vector for n-dimensional samples x sampled from (0, Id) and σ is a scalar constant. N ′ is the
number of samples the more samples we have the better the estimate at the cost of time and computation.

C. Guidance Rescaling
We rescale the guidance scale using the same mechanism as the one used in FreeDoM [26]. What they do is that they
basically guide the model guidance scale times in the direction of the gradient and rescale this scale based on the CFG
guidance. Thus they guide the model even more if there is a big difference between the text conditional and the unconditional
noise prediction.

scalenew =
∥ correction ∥2 ·scaleCFG · scalegrad

∥ grad ∥2 +ε
(10)

where correction is just the CFG [13] correction term:

correction = ϵ̂θ(xt, prompt)− ϵ̂θ(xt) (11)



We found the dynamic rescaling strategy to be the most effective within our evaluation setting and thus adopted it in place
of a fixed guidance scale. By normalizing the guidance using the gradient norm and scaling it proportionally to the correction
norm it reduces the sensitivity to the choice of guidance scale. Therefore, a consistent range of values (generally between 0.2
and 0.6) performs reliably well across different reward models. This not only improved performance stability but also saved
considerable time, as it decreased the need to manually tune the guidance scale for each individual reward function checking
for a ton of different values based on the reward scale.

D. Algorithms
The algorithms for sampling and gradient based guidance used are as follows:

Algorithm 1 GRAD(zt, t)
Require: latent z, timestep t

1: x̂0 ← D(Epθ
(z0|zt, t)) ▷ Expected clean sample

2: r̂(zt)← r(x̂0) ▷ Compute reward
3: g ← ∇zt r̂(zt) ▷ Compute gradient w.r.t. zt
4: return g

Algorithm 2 SAMPLE({z(n)t−1}, r(D({ẑ(n)0 })), τ)

Require: current images {z(n)t−1}Nn=1, reward vector r = r(D({ẑ(n)0 })), temperature τ , empty list {z(n)temp}Nn=1

1: Compute softmax probabilities:

Pn ←
exp(rn/τ)∑N
j=1 exp(rj/τ)

for n = 1, . . . , N

2: for i = 1 to N do
3: Sample index i ∼ Multinomial({Pn}Nn=1)

4: Append z
(i)
t−1 to {z(n)temp}

5: end for
6: return {z(n)temp}Nn=1

E. Robustness of UniCoDe Across More Capable Diffusion Models (SD2.1)
We further evaluate whether the efficiency and alignment benefits of UniCoDe hold when applied to a stronger base model,
namely Stable Diffusion 2.1. As shown in Table 1, the trends observed with weaker diffusion priors consistently translate to
this upgraded setting. While CoDe achieves a slightly higher pickscore reward, UniCoDe requires nearly 4× less sampling
time yet remains highly competitive in prompt adherence. More importantly, UniCoDe exhibits lower CMMD, this demon-
strates that UniCoDe maintains its core advantages of efficiency, improved prior preservation, and strong prompt alignment
even when operating on higher-capacity diffusion models such as SD 2.1.

Method Prompt Alignment (T2I)
Pickscore CMMD CLIP Time

SD2.1 1.000 1.000 1.00 1.00
CoDe30 1.092 4.415 1.012 43.39
UniCoDe4 1.091 3.961 1.010 11.88

Table 1. Results on Stable Diffusion 2.1 under prompt alignment (T2I) guidance. UniCoDe provides comparable prompt adherence with
substantially lower computation time and reduced prior deviation compared to CoDe.



F. Hyperparameter Setting
F.1. Image Based Guidance
For the aesthetic reward model, we use the ViT-L/14 as the backbone model for the CLIP. We use a blocksize of 5 for both the
sampling and gradient guidance in this case and set the guidance scale to be 0.2. We do the denoising for 500 DDPM steps and
the CFG guidance scale is also set to 5. Also, we start adding the gradients from the 0.6 noise ratio i.e. if T = 1000 we start
adding the gradients from the 600 timestep. We use the schedule [2, 2, 2, 4, 4, 4, 4, 6, 6, 6], which allocates a larger sampling
budget toward the later stages of denoising. This design aligns with the intuition that the denoising process progressively
refines the sample, moving from coarse to fine details. We selected this particular schedule after ablation studies on several
alternatives, as it consistently offered the best performance. This preserves the image structure, doesn’t reward hack, and
guides it towards achieving a better reward. The evaluation set contains 51 prompts (from the ImageNet evaluation set) and
we generate 10 images for each prompt.

For gradient guidance experiments for MPGD and FreeDoM we do the guidance only for noise ratios between 0.7 and 0.3.
Thus for timesteps 70−30 in a 100 step DDIM scheduler. The guidance scales used are 7.5 for MPGD and 0.2 for FreeDoM.
Additionally, for FreeDoM, we perform 10 optimization iterations per denoising step. For the UG baseline, we also use 100
DDIM steps, with 6 optimization steps and a forward guidance weight of 30.

F.2. T2I Setting
For the pickscore reward model, we again use the ViT-L/14 as the backbone model for the CLIP. We use a blocksize of 5
for both the sampling and 4 gradient guidance in this case and set the guidance scale to be 0.2. We do the denoising for 500
DDPM steps and the CFG guidance scale is also set to 5. We do the gradient addition during the whole denoising as we
also want to alter the structural properties for the alignment to complex prompts. This preserves the image structure, doesn’t
reward hack, and guides it towards achieving a better reward. The schedule used is [2, 6, 6, 2, 2, 2, 4, 4, 6, 6] as it preserves
coarser details like the spatial structure early on and still preserves the quality. The evaluation set contains 50 prompts (from
the HPD [40] evaluation dataset) and we generate 10 images for each prompt.

The setting for gradient guidance remains the same except for UG where we increase the weight to 150.

F.3. Multireward Setting
In the multireward setting, we use the same prompts as the Aesthetic case but only a subset of 6 out of the 51 and generate
10 images for each as it takes longer due to the weighted addition of the two reward models. The rest of the settings are the
same and we add the gradients during the whole denoising.The values of γ1 and γ2 are taken as (1, 0), (0, 1) and we set γ1
as 1 and change γ2 in [2, 3, 5, 10, 15, 20, 25, 30, 50, 70, 100, 150, 200, 250, 300, 350, 400, 450, 500, 750, 1000]

F.4. (T+I)2I Setting
For this, we use the same 50 prompts as the T2I setting, use the three style images as the reference images, and generate 10
images for each prompt and each style. We use the 100 step DDPM scheduler and we set η to be 0.6. The sampling blocksize
is 5 and the gradient blocksize is 2 with a guidance scale of 0.4. The rest of the settings are the same.

F.5. Non-Differentiable Reward (Compressibility)
For this experiment, we use a guidance scale of 0.2 and perform an ablation over the number of forward passes, ranging from
1 to 50. We observe that increasing the number of forward passes improves gradient stability; however, even at 50 passes, the
gradient remains noisy and computational cost increases significantly. To address this, we set the number of sampling streams
to N=35, allowing performance gains to arise more from exploring diverse directions rather than relying solely on gradient
information. Evaluation is conducted using four simple prompts: ”monkey”, ”llama”, ”wolf”, and ”butterfly”, generating 10
samples for each case.

G. Ablation Tradeoff Curves for T2I Scenario
For the text-to-image (T2I) guidance scenario using pickscore as the reward, we present ablation trade-off curves by varying
the number of samples N for both CoDe and UniCoDe. In the gradient-based guidance scenario, we vary either the guidance
scale or the number of recurrent time steps. These experiments are designed to evaluate how the proposed method performs
across the overall trade-off frontier. We compare performance across multiple axes, including reward versus divergence,
reward versus compute, divergence versus compute, and T-CLIP score versus divergence. The corresponding results are
presented in Figures 1a, 1b.



(a) Trade off curves for Reward vs Divergence (b) Trade off curves for Reward vs Time

H. Blocksize Hyperparameter Analysis
For all these experiments we use the pickscore reward function in the T2I scenario with a fixed number of samples (N = 4).

H.1. Equal Blocksizes
In this experiment, we set both blocksizes equal and analyze the resulting trade-offs, such as Reward vs. Divergence and
Reward vs. Time (see Figures 2a, 2b). Decreasing the sampling blocksize (Bs) leads to more aggressive sampling, as
selection occurs more frequently, while simultaneously aligning the prior more closely with the posterior by incorporating
gradients at finer intervals (decreasing the gradinet blocksize Bg). This improves reward alignment, but comes at the cost of
higher divergence and longer runtime.

(a) Blocksize Analysis for Time vs Reward (b) Blocksize Analysis for Divergence vs Reward

H.2. Constant Bg, Varying Bs

For this experiment, we keep the gradient block size equal (Bg = 5) and analyze how changing the sampling blocksize affects
the performance through the resulting trade-offs, such as Reward vs. Divergence and Reward vs. Time (see Figures 2a,2b).



As expected, decreasing the blocksize leads to more frequent selection and replication of the best sample across all streams.
This results in increased exploitation, which manifests as higher rewards, at the cost of higher divergence and increased
computational time.

(a) Blocksize Analysis for Divergence vs Reward (b) Blocksize Analysis for Time vs Reward

H.3. Constant Bs, Varying Bg

For this experiment, we keep the gradient block size equal (Bs = 5) and analyze how changing the sampling blocksize affects
the performance through the resulting trade-offs, such as Reward vs. Divergence and Reward vs. Time (see Figures 2a,2b). As
the blocksize decreases, gradients are incorporated at more timesteps, which aligns the prior more closely with the posterior.
This results in improved rewards, but comes at the cost of increased divergence and longer computation time.

(a) Blocksize Analysis for Divergence vs Reward (b) Blocksize Analysis for Time vs Reward

I. General Guidelines for Setting N , Bg, Bs

UniCoDe depends heavily on the parameters N , Bg , and Bs, which intuitively control the degree of exploration and the
extent to which the prior is pushed towards the posterior (via Bg). As with N and B in CoDe [30] Appendix Section G, these



parameters influence both reward-alignment and fidelity to the base distribution, as illustrated in Figs. 1-4.
Increasing N enhances exploration, leading to higher reward-aligned generations, but also increases divergence from the

prior distribution and computational cost (Figs. 1a and 1b). Similarly, decreasing Bg significantly boosts rewards, as observed
in Figs. 4a and 4b, but this comes at the cost of reward hacking, reflected in higher divergence from the prior. Bs affects
the frequency of sampling, with lower values increasing reward-alignment by being more aggressive at the cost of raising
divergence and computational requirements (Figs. 3a and 3b).

Overall, the interplay between N , Bg , and Bs governs the trade-off between reward maximization, adherence to the base
distribution and the computational time.

J. Additional Results
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Figure 5. More qualitative samples for the compressibility scenario (non-differentiable)



Figure 6. More qualitative examples for aesthetic guidance



Figure 7. More qualitative examples for T2I pickscore guidance
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Figure 8. Each column corresponds to a different prompt. Rows are grouped by γ2 ∈ {0, 150, 1000} (top to bottom), with γ1 fixed at 1.
Within each group, the three rows show results from CoDe, FreeDoM, and UniCoDe (top to bottom). The top group focuses more on
aesthetic quality, whereas the bottom group prefers Pickscore, and the middle group (γ2 = 150) offers a balanced trade-off.
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Figure 9. More qualitative samples for the (T+I)2I scenario
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