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Abstract. Reinforcement Learning from Human Feedback has emerged
as a standard for aligning di!usion models. However, we identify a fun-
damental limitation of the standard DPO formulation when optimizing
multi-dimensional preferences: by relying on the Bradley-Terry model,
it aggregates heterogeneous evaluation axes (e.g., aesthetic quality and
semantic alignment) into a single scalar reward. This aggregation creates
a reward conflict where the model is forced to unlearn desirable features
of a specific dimension if they appear in a globally non-preferred sam-
ple. To address this issue, we propose Multi Reward Conditional DPO
(MCDPO) which resolves reward conflicts by introducing a disentangled
Bradley-Terry objective. MCDPO explicitly injects a preference outcome
vector as a condition during training, which allows the model to learn
the correct optimization direction for each reward axis independently
within a single network. Extensive experiments on Stable Di!usion 1.5
and SDXL demonstrate that MCDPO achieves superior performance on
benchmarks even with 18% and 3% training data respectively. Notably,
our conditional framework enables dynamic and multiple-axis control at
inference time using Classifier Free Guidance to amplify specific reward
dimensions without additional training or external reward models.

Keywords: DPO · Di!usion · Multi-preference

1 Introduction

Reinforcement Learning from Human Feedback (RLHF) [15] has emerged as a
key component in large-scale language model (LLM) training [11, 14, 27], and
has recently been extended to generative image models [1, 8, 26]. Among these,
Di!usion-DPO [23] applies Direct Preference Optimization (DPO) [18] to di!u-
sion models using only binary win-lose labels via the Bradley-Terry (BT) model.

However, while a single image sample can possess various evaluation axes
such as aesthetic quality, prompt fidelity, and safety, the BT model relies solely
on a single win-lose label for the entire sample. This formulation makes it di"cult
to control or reflect specific, multi-dimensional preference axes during training.
This fundamental conflict arises from the standard BT model’s formulation,
which models global preference as a linear combination of multiple reward axes.
ω Co-corresponding Author
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Fig. 1: DPO su!ers from reward conflicts
(rw → rl < 0) when global preference con-
tradicts a specific dimension. MCDPO re-
solves this by disentangling axes to learn
the correct direction for each dimension in-
dependently (→(rw → rl) > 0).

Consequently, when presented with a
sample pair that is a global win but a
local lose on a specific dimension, the
model is forced to learn in the oppo-
site direction of the intended prefer-
ence for that dimension. Prior works
address this through parameter merg-
ing [24], gradient regularization [13],
SFT-based in-context reward model-
ing [28], or filtering to conflict-free
pairs [3,9], but none resolve the funda-
mental conflict within the DPO loss.

To resolve the issue, we pro-
pose Multi-reward Conditional Direct
Preference Optimization (MCDPO), which injects a per-dimension preference
outcome vector as a condition during the DPO loss calculation, transforming
problematic reward-conflict pairs into a powerful supervision signal for disentan-
glement within a single network (See Figure 1). The key idea is a disentangled
Bradley-Terry objective that models preferences independently for each dimen-
sion by explicitly encoding the win, lose, or tie status for each axis, ensuring
every dimension is optimized in its correct direction.

By resolving the reward conflict, we experimentally demonstrate that MCDPO
outperforms baselines and forms robust, e"cient feature representations for each
alignment axis. Notably, MCDPO trained solely on conflicting pairs surpasses
standard DPO trained on randomly sampled data, where standard DPO actively
degrades. This confirms that our method transforms reward conflicts from ob-
stacles into a powerful learning signal. Furthermore, our conditional framework
enables dynamic, multi-axis control at inference time by leveraging CFG [5] to
amplify the score function towards higher-reward outcomes without additional
training or external reward models.

In summary, the main contributions are as follows:
– We propose the disentangled BT objective and its practical implementation,

Multi-reward Conditional DPO (MCDPO), to address the known reward
conflict problem in BT-based DPO. Our method uses a preference outcome
vector as a condition to disentangle reward axes.

– We experimentally show that MCDPO achieves superior performance and
sample e"ciency, learning robust representations for each alignment axis.

– We showcase MCDPO’s conditional structure, which enables dynamic, multi-
axis control during inference using Classifier-Free Guidance.

2 Background

2.1 Di!usion Models

Di!usion models are a class of generative models that learn to generate data by
reversing a gradual noising process. [4] The forward process progressively adds
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Gaussian noise to data x0 over T timesteps:

q(xt|xt→1) = N (xt;
√
1→ ωtxt→1,ωtI), (1)

where ωt is a variance schedule. The reverse process learns to denoise by training
a network εε to predict the noise at each timestep. The training objective is:

L = Et,x0,ϑ

[
↑ε→ εε(xt, t, c)↑2

]
, (2)

where c represents conditioning information (e.g., text prompt), and ε ↓ N (0, I)
is the added noise to x0.

At inference, sampling starts from pure noise xT ↓ N (0, I) and iteratively
denoises to generate x0. The learned score function ↔x log pε(xt|c) guides this
reverse process [22]. Classifier-Free Guidance (CFG) [5] strengthens conditioning
by modifying the score function:

↑x log pε(xt) + ωcfg (↑x log pε(xt|c)→↑x log pε(xt)) , (3)

where ϑcfg controls guidance strength. By amplifying the score di!erence, CFG
enhances adherence to the conditioning signal c.

2.2 DPO in Di!usion Models

Direct Preference Optimization (DPO) [18] o!ers a simplified approach to align
generative models with human preferences by directly optimizing policy models
without requiring explicit reward models. DPO leverages the Bradley-Terry (BT)
model [2] to model preference probabilities from pairwise comparisons. Given a
pair of samples xw (preferred) and xl (less preferred) conditioned on prompt c,
the BT model defines:

pBT(x
w > xl|c) = ϖ(r(xw, c)→ r(xl, c)), (4)

where ϖ(·) is the sigmoid function and r(x, c) is a reward function.
A key insight of DPO is that the reward can be expressed analytically in

terms of the learned policy pε and a reference policy pref:

r(x, c) = ω log

(
pε(x|c)
pref(x|c)

)
+ ω logZ(c), (5)

where ω is a KL regularization parameter and Z(c) is the partition function.
This formulation allows DPO to optimize preferences directly through the policy
without training a separate reward model.

For di!usion models [23], the DPO objective operates at the denoising tran-
sition level. Given a preference (win-lose) pair (xw,xl), the loss function is:

LDPO =→ E log ε

(
ϑ log

pε(x
w
t |xw

t+1, c)

pref(xw
t |xw

t+1, c)
→ ϑ log

pε(x
l
t|xl

t+1, c)

pref(xl
t|xl

t+1, c)

)

=→ E log ε(→ϑTϖt (||ϱw → ϱε(x
w
t , t)||2 → ||ϱw → ϱref(x

w
t , t)||2

→ (||ϱl → ϱε(x
l
t, t)||2 → ||ϱl → ϱref(x

l
t, t)||2)),

(6)
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where the expectation is over timesteps t and noisy samples from the di!usion
forward process. This formulation trains the di!usion model to increase the like-
lihood of preferred samples while decreasing that of less preferred ones, relative
to the reference policy.

In practice, generated samples are evaluated along multiple distinct axes,
such as aesthetic quality, semantic alignment, and safety. However, the standard
BT model aggregates these into a single scalar reward by a linear combination
of di!erent dimensions:

r(x, c) =
D∑

i=1

wiri(x, c), (7)

where ri represents the reward for dimension i and wi its weight. This leads to a
fundamental reward conflict: when xw is preferred globally but performs worse
than xl on a specific dimension j, the DPO loss may inadvertently degrade that
dimension as shown in Figure 1 (Left).

Existing studies attempt to address or bypass this issue. In the LLM field,
prominent approaches include: (1) dynamically combining expert model param-
eters based on user-specified reward weights [24], (2) training sequentially with
regularization that encourages gradient alignment with previously learned pref-
erences [13], and (3) avoiding DPO conflicts by using supervised fine-tuning
(SFT) that incorporates reward scores directly in the prompt [28]. In the dif-
fusion domain, a common strategy to avoid this conflict is to generate images
until the samples that are dominant across all axes as preferred [9,31]. Neverthe-
less, these approaches fail to resolve the fundamental conflict within the DPO
loss formulation itself. By either training only on non-conflicting pairs (which is
sample-ine"cient) or using alternative objectives (like SFT or regularization),
they rely on a limited learning signal rather than directly solving the ambiguity
in DPO. In this work, we aim to analyze the problem and resolve the limitations.

3 Method

We first analyze the reward conflict and propose a disentangled BT objective
(Section 3.1), then introduce MCDPO as its practical single-network imple-
mentation (Section 3.2), address gradient domination via reward dropout (Sec-
tion 3.3), and show how our conditional framework enables test-time reward
control (Section 3.4).

3.1 Multi-reward Disentanglement

As discussed in Section 2, the standard BT model collapses multi-dimensional
preferences into a single scalar preference:

pBT (x
w > xl|c) = ϖ

[
∑

i

wi

(
ri(x

w, c)→ ri(x
l, c)

)
]
. (8)
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This formulation leads to a reward conflict when a sample xw is globally preferred
over xl, but is worse than xl on a particular dimension j, (i.e., rj(xw, c) <
rj(xl, c)). Because the standard DPO loss optimizes only for the global win, it
inadvertently compels the model to learn in the opposite direction for dimension
j, actively degrading that specific quality. To resolve this, we first introduce a
disentangled Bradley-Terry objective. The core idea is to model the preference
for each dimension. We explicitly introduce a pairwise preference outcome vector
ϱ(x,y) ↗ {→1, 0, 1}D, where each entry indicates whether x wins, loses, or ties
against y on reward axis i, i.e., ϱi(x, y) = sign(ri(x)→ ri(y)).

Using ϱ, we define the disentangled Bradley-Terry p↑BT target:

p→BT (x
w > xl | c, ς(xw,xl)) = ε

[
∑

i

wiςi(x
w,xl)

(
ri(x

w, c)→ ri(x
l, c)

)
]
. (9)

Eq. (9) specifies the desired preference probability once the per-dimension
outcomes are known. This formulation ensures each dimension is optimized in
the correct direction. In particular, if the j-th dimensional preference is inverted
(e.g., xl wins on aesthetics), ϱj becomes negative, which flips the sign for that
dimension’s contribution. By doing so, we can resolve the sign ambiguity in
conflicting pairs and provide correct supervision across all dimensions.

3.2 Multi-reward Conditional DPO

Because standard DPO is structurally limited to modeling a single reward axis,
modeling multiple axes would require training multiple separate implicit reward
di!usion models.

ri(x, c) = ω log

(
pi(x|c)
pref(x|c)

)
+ ω logZ(c) (10)

this approach would require optimizing a loss:

LM = →E log ε

[
ϑ
∑

i

wiςi

(
log

pi(x
w|c)

pref(xw|c) → log
pi(x

l|c)
pref(xl|c)

)]
, (11)

which has two major drawbacks. First, it does not fundamentally resolve con-
flicts, as each model is still trained on pairs where its dimension may conflict with
others. Second, it requires training D separate models which is computationally
prohibitive. The first issue can be addressed by incorporating the per-dimension
preference indicator i from our disentangled BT objective (9), and the separate
models can be further consolidated into a single network conditioned on i:

L↑
M = →E log ε

[
ϑ
∑

i

wiςi

(
log

p(xw|c, i)
pref(xw|c) → log

p(xl|c, i)
pref(xl|c)

)]
. (12)

This formulation e!ectively resolves reward conflicts, as conditioning the model
on i ensures that each specific quality dimension is optimized in its intended di-
rection. However, it remains computationally prohibitive. The summation inside
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the sigmoid requires evaluating the log-likelihood ratio independently for each
dimension i, necessitating D separate forward-backward passes per training step.

To resolve this, we propose Multi-reward Conditional DPO (MCDPO), an
e"cient solution that models p↑BT (9) using a single conditional di!usion model.
Following DPO, we interpret the policy/reference log-ratio as an implicit reward,
but make it conditional on the pairwise outcome vector ϱ:

rε(x, c, ϱ) = ω log
pε(x | c, ϱ)
pref(x | c) + ω logZ(c, ϱ). (13)

This induces a conditional Bradley-Terry probability

p̂↑ε (x
w > xl | c, ϱ) = ϖ

(
rε(x

w, c, ϱ)→ rε(x
l, c, ϱ)

)

= ϖ

(
ω log

pε(xw | c, ϱ)
pref(xw | c) → ω log

pε(xl | c, ϱ)
pref(xl | c)

)
.

(14)

Under su"cient model capacity and an expressive conditioning mechanism,
the conditional policy pε(x|c, ϱ) can, in principle, learn a distinct implicit reward
function for each value of ϱ ↗ {→1, 0, 1}D.

Let re!(x, c, ϱ) ↭
∑

i wiϱi ri(x, c) be the e!ective reward under condition ϱ.
By construction, the e!ective reward di!erence satisfies:

re!(x
w, c, ς)→ re!(x

l, c, ς) =
∑

i

wi|ri(xw, c)→ ri(x
l, c)| ↓ 0, (15)

which guarantees that the training label (xw preferred) is consistent with the
e!ective reward re!(x, c, ϱ) under the Bradley-Terry model for every ϱ. Since
each fixed ϱ reduces LMC (Eq. (17)) to a standard DPO objective with ground-
truth reward re!, the DPO optimality result [18] directly implies that at the
optimum ς↓, the induced reward satisfies:

rε→(x, c, ϱ) =
∑

i

wiϱi ri(x, c) + g(c, ϱ), (16)

where g(c, ϱ) is independent of x and thus cancels in the pairwise di!erence
rε→(xw, c, ϱ)→ rε→(xl, c, ϱ). Substituting this into Eq. (14) recovers the disentan-
gled target p↑BT in Eq. (9), establishing p̂↑ε→ = p↑BT .

Intuitively, the training dynamics naturally drive the model toward this de-
composition. Consider a conflicting pair where ϱ = [aesthetic: +1, semantic: →1].
The loss requires the model to increase the likelihood of xw along the aesthetic
axis while decreasing it along the semantic. The same pair also appears with
the flipped condition ϱ = [aesthetic: →1, semantic: +1] via our final symmetric
loss Eq. (17), which imposes the opposite constraint. To satisfy both simultane-
ously, the model must learn to modulate its implicit reward for each dimension
independently as a function of ϱ, which is precisely the structure captured by
Eq. (16): While Eq. (16) may not hold exactly in practice due to the finite ca-
pacity of the conditioning mechanism, Table 7 empirically validates that our
architecture approximates this decomposition well. The single MCDPO model
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achieves implicit reward accuracy comparable to specialist models trained on
individual dimensions.

LMC = →E
[
log ε

(
ϑ log

p(xw|c, ςwl)
pref(xw|c) → ϑ log

p(xl|c, ςwl)
pref(xl|c)

)

+ log ε

(
ϑ log

p(xl|c, ςlw)
pref(xl|c) → ϑ log

p(xw|c, ςlw)
pref(xw|c)

)]
,

(17)

where ϱwl and ϱlw denote ϱ(xw, xl) and ϱ(xl, xw), respectively. To feed ϱ into
the model, we devise a reward conditioning module described in Section 3.5.

3.3 Mitigating Gradient Domination

While our LMC objective Equation (17) successfully disentangles reward axes,
naively training with it can lead to gradient domination. This occurs when di-
mensions that are easier to learn suppress the learning signals for harder dimen-
sions, leading to unbalanced optimization.

Under the reward decomposition at optimum (Eq. (16)), analyzing the gra-
dient of LMC reduces to an equivalent analysis of L↔

M (Eq. (12)), since the
conditional policy pε(x|c, ϱ) decomposes into the same per-dimension structure.
We can write the gradient of the loss as follows:

↑εL
↑
M = (ε(z)→ 1)↑εz,

↑εz =
∑

i

ϑwi(↑ε log pε(x
w|c, i)→↑ε log pε(x

l|c, i)), (18)

where z aggregates the per-dimension log-likelihood ratios. We can find two
sources of the issue. First, if any single dimension becomes highly confident,
ϖ(z) ↘ 1, the global gradient goes to zero; therefore, the entire training converges
to the local optima. Second, within ↔εz, if the model becomes highly discrimi-
native for dimension i, which causes a large gradient norm for that dimension;
it can dominate the sum and overwhelm gradients from other dimensions.

To address this, we introduce dimensional reward dropout. During training,
we randomly drop individual reward dimensions by setting their condition ϱi = 0.
By doing so, we can zero out the contribution of the dropped dimension to both
the ϖ(z) term and the summed gradient ↔εz. This simple technique prevents
any single dimension from consistently dominating the training signal, ensuring
balanced optimization across all axes.

3.4 Test-time Reward Optimization

A significant advantage of our conditional framework is that it enables dynamic,
multi-axis reward optimization at inference time. Our training objective im-
plicitly guides the model to represent two distinct distributions, including the
distribution of preferred samples p(x|c, ϱw) and the distribution of non-preferred
samples p(x|c, ϱl):

p(x|c, ςw) = pref(x|c) exp(rw(x, c)/ϑ)/Z(c). (19)
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This structure is a natural fit for Classifier-Free Guidance (CFG). By comput-
ing the di!erence between the score functions for the “win” and “lose” conditions,
we can derive the gradient of the implicit reward di!erence (rw → rl):

↑x log p(x|c, ςw)→↑x log p(x|c, ςl) = ↑x(r
w → rl)/ϑ. (20)

The gradient can be incorporated into the standard CFG sampling as follows:

↑x log p(x|ςl) + ωcfg(↑x log p(x|c, ςw)→↑x log p(x|ςl)). (21)

By doing so, we can steer the generation process away from the non-preferred
(ϱl) and toward the preferred (ϱw). This enables fine-grained, dynamic control,
allowing a user to specify a weighted combination of preference gradients at test
time without requiring any external reward models.

3.5 Context-aware Reward Conditioning

We encode the preference outcome vector ϱ as natural language tokens (e.g.,
“win tie”, meaning win for the first (e.g ., aesthetic) score and tie for the second
(e.g ., semantic alignment) via the text encoder to get an initial embedding eϖ .
This embedding is then injected into the model.

First, the U-Net latent zt is updated using parallel cross-attention (CA)
blocks with the text prompt cprompt and the final context-aware reward (CAR)
embedding creward:

z↔t = CA(zt, cprompt) + ϑ · CA↔(zt, creward), (22)

where z↔t is the updated latent, CA↔ is a copy of the pretrained CA module [29],
and ϑ is a weighting scalar, which we set to 1 in all our experiments.

For dimensions requiring both text and image context (e.g., semantic align-
ment), the embedding creward is computed using a context-aware conditioning
module. This module refines the initial ϱ embedding eϖ by attending to both
the text prompt and the image latent sequentially:

hSA = SA(eϖ , cprompt), hCA = CA↔↔(hSA, zt), creward = MLP(hCA), (23)

where SA, CA↔↔, and MLP are zero-initialized to preserve pretrained knowledge.
This final creward embedding is then fed into Equation (22) as the input to CA↔.
Training Initialization The modules introduced above (CA↔ and the context-
aware reward conditioning) are newly added parameters that are zero-initialized
to preserve pretrained knowledge. As a result, the conditioning signal ϱ has no
e!ect at initialization. Just as SFT before DPO in LLMs [18] helps the model
learn basic instruction-following before preference optimization, we perform a
supervised fine-tuning stage (MCSFT) that trains the conditioning modules to
reconstruct preferred samples xw given ϱw with a frozen U-Net, allowing the
model to learn basic condition-following before the MCDPO alignment begins.
We emphasize that MCSFT serves solely as initialization, as shown in Tabs. 2
and 3. MCSFT alone is insu"cient and the subsequent MCDPO alignment stage
is critical for final performance.



Multi-dimensional Preference Alignment by Conditioning Reward Itself 9

4 Experiments

4.1 Experimental Setup

Training Dataset. Following the previous works, we adopt Pick-a-Pic v2 [7],
containing 1M human-preference image pairs as the training dataset. We aug-
ment each pair with four model-based reward dimensions: aesthetic quality (Aes-
thetic Predictor [20]), semantic alignment (CLIP [17]), overall quality (HPSv2 [25]),
and prompt alignment (PickScore [7]). For our method, the 5-dimensional pref-
erence outcome vector ϱ is then constructed by encoding the win/lose/tie status
for the original human label alongside these four proxy reward dimensions by dis-
cretized into 100 bins (same bin = ties) after normalization on training dataset.
We use 18% of the data (↓180K pairs) for StableDi!usion1.5 (SD1.5) [19] and
3% (↓30K pairs) for SDXL [16] while baselines use the full dataset.
Configuration. Training proceeds in two phases: (1) MCSFT pre-training and
(2) MCDPO alignment . The total computational time, including the prior
MCSFT pretraining, was 16 and 32 A100 GPU hours for SD1.5 and SDXL,
respectively. Other implementation details are provided in the Appendix.
Evaluation. To evaluate MCDPO’s e!ectiveness, we compare against existing
baselines trained on the Pick-a-Pic v2 dataset: Di!usion-DPO [23], Di!usion-
KTO [10], MAPO [6], and DSPO [32]. Following standard convention, we test
text-to-image generation on Pick-a-Pic v2 test set [7], PartiPrompts [30], and
HPDv2 test set [25], measuring performance with PickScore, LAION Aesthetic
Score, HPSv2, CLIP, ImageReward [26], and MPS [31].

4.2 Main Results

As shown in Table 1, MCDPO demonstrates dominant performance on the
SD1.5, significantly outperforming all baselines (Di!usion-DPO, Di!usion-KTO,
and DSPO) across every test set. We observe substantial gains in both PickScore
and HPSv2. The most notable improvement is in the aesthetic score, which shows

Table 1: Main Results on SD1.5 (win rates vs. SD1.5 baseline). * indicates the model
checkpoint released by the authors. Bold and underline indicate the best and second-
best results, respectively. We will use the same notation throughout the paper.

Datasets Models PickScore Aesthetic HPSv2 CLIP ImageReward MPS Average

PickV2

Di!. DPO* 75.52 65.08 70.28 57.80 64.44 67.33 66.74
Di!. KTO* 73.40 71.24 82.24 56.64 76.04 69.30 71.48
DSPO 76.36 75.88 81.92 59.16 77.36 68.80 73.24
MCSFT 78.24 78.16 89.60 57.36 79.20 69.53 75.35
MCDPO 86.20 91.88 93.44 57.64 82.92 76.75 81.47

PartiPrompts

Di!. DPO* 66.72 60.72 64.58 53.49 62.62 64.69 62.14
Di!. KTO* 65.74 69.85 80.14 55.82 72.48 63.86 67.98
DSPO 68.07 75.18 79.47 56.67 72.85 65.56 69.63
MCSFT 60.42 68.75 69.18 48.49 65.63 60.88 62.22
MCDPO 80.94 92.52 86.46 50.65 76.35 72.52 76.57

HPDv2

Di!. DPO* 76.80 66.60 70.90 56.70 62.50 66.66 66.69
Di!. KTO* 75.55 74.40 86.35 53.20 78.20 69.17 72.81
DSPO 78.10 78.40 86.55 55.45 79.80 70.25 74.75
MCSFT 73.25 78.75 81.40 50.60 74.45 70.17 71.43
MCDPO 87.75 94.25 93.00 51.75 83.50 76.75 81.16
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Table 2: Main Results on SDXL (win rates vs. SDXL baseline).
Datasets Models PickScore Aesthetic HPSv2 CLIP ImageReward MPS Average

PickV2

Di!. DPO* 71.60 49.20 72.92 61.24 68.64 60.36 63.99
MAPO* 50.65 56.00 80.00 59.15 74.19 52.26 62.02
DSPO 68.80 44.76 71.80 60.60 74.24 44.77 60.82
MCSFT 50.72 37.24 72.36 59.12 66.20 45.96 55.26
MCDPO 74.92 63.40 85.84 58.16 77.72 64.31 70.72

PartiPrompts

Di!. DPO* 64.09 54.66 67.34 58.21 68.44 62.70 62.57
MAPO* 50.20 68.07 76.47 52.38 69.73 53.10 61.65
DSPO 64.58 56.92 71.26 56.67 78.49 53.49 63.56
MCSFT 46.69 46.32 71.51 55.27 64.28 51.96 56.81
MCDPO 72.06 66.67 82.41 55.56 73.47 64.01 69.03

HPDv2

Di!. DPO* 67.80 54.85 72.10 55.20 67.85 57.53 62.55
MAPO* 50.80 56.55 84.35 54.25 70.75 48.35 60.84
DSPO 70.30 50.35 78.80 54.75 73.85 53.75 63.63
MCSFT 51.85 40.10 78.30 54.75 66.95 46.98 56.48
MCDPO 76.40 69.25 90.60 54.85 75.20 69.26 72.59

Table 3: Fair comparison across train-

ing regimes. All models are trained on an
identical 18% data budget. MCDPO signif-
icantly outperforms all baselines, including
filtered and conflict-only regimes, demon-
strating its robust conflict resolution.

Pick Aes HPS CLIP IR MPS Avg
(1) DPO 75.1 62.6 71.7 60.4 62.6 68.1 66.7
(2) DPO merged 73.4 63.5 70.0 56.1 62.0 67.9 63.8
(3) CDPO merged 63.4 84.8 71.7 32.3 61.1 65.0 63.1
(4) Filtered DPO 83.6 84.1 85.7 62.8 79.2 76.6 78.7
(5) MCSFT (full) 78.1 78.3 81.7 55.4 77.0 68.7 73.2
(6) MCDPO 86.2 91.8 93.4 57.6 82.9 76.7 81.1

(7) Conflict DPO 62.0 57.0 60.4 56.4 56.6 61.9 59.0
(8) Conflict MCDPO 85.2 83.2 89.4 56.0 74.0 74.3 77.0

a massive performance gain over exist-
ing methods. Furthermore, MCDPO
achieves consistent gains on ImageRe-
ward and MPS, metrics not used as
a direct reward dimension, indicat-
ing strong generalization capabilities.
This significant advantage is main-
tained on SDXL, as detailed in Ta-
ble 2. MCDPO again outperforms all
baselines on PickScore, HPSv2, and
MPS, achieving the highest average
score by a large margin.

While MCDPO achieves substantial improvements across human-preference
metrics, CLIP scores are slightly lower than standard DPO. This reflects a nat-
ural multi-objective trade-o!, where the moderate CLIP enables dramatic gains
in aesthetics (91.9%), HPSv2 (93.4%), ImageReward (82.9%), and MPS (76.7%).
Importantly, Table 6 confirms that MCDPO has learned a disentangled CLIP
representation that can be amplified at test-time. In Table 6, targeting CLIP
alone yields 59.0%, and Aes-CLIP temporal scheduling, which assigns aesthetic
‘tie’ for the first 25 steps and ‘win’ for the remaining 25, further recovers the
gap to 59.6% while preserving the highest overall average (81.5%).

To ensure a fair comparison across various training regimes, we evaluate our
method using an identical 18% subset of the Pick-a-Pic v2 dataset. Table 3
compares eight distinct configurations to demonstrate how e!ectively MCDPO
resolves reward conflicts. (1) Standard DPO on randomly sampled pairs, (2)
merged checkpoints of DPO models trained independently on each reward axis —
same supervision, (3) merged checkpoints of Conditional DPO (CDPO) models
independently trained on each axis — same supervision and parameters (4)
DPO-Filtered on conflict-free pairs only, (5) full MCSFT training (unfreezing
the U-Net after the initial MCSFT phase) — same supervision and parameters
(6) our proposed MCDPO on randomly sampled pairs, (7) DPO trained strictly
on conflict-only pairs, and (8) MCDPO trained strictly on conflict-only pairs.
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SD1.5 DPO KTO DSPO MCSFT MCDPO

“Spiderwoman”

“3D isometric 
cute bedroom 
with glass walls, 
yellow quilt”

“A spaceship in 
an empty 
landscape”

“Anthro alien 
plant creature 
with big eyes 
and leafy limbs”

Fig. 2: Qualitative results of SD1.5.
SDXL DPO MAPO DSPO MCSFT MCDPO

“A piece of 
bread with evil 
presence, bad, 
magic”

“A cat in a tutu 
dancing to Swan 
Lake”

“An old man 
with a bird on 
his head”

“A horse stands 
on its back legs 
and works a DJ 
turn tables”

Fig. 3: Qualitative results of SDXL.

Notably, MCDPO surpasses DPO-Filtered, which explicitly avoids conflict-
ing signals by discarding 82% of training data, demonstrating that MCDPO
successfully transforms conflict pairs from obstacles into highly e!ective train-
ing signals. Furthermore, we observe that full MCSFT training alone actually
degrades performance, confirming that the MCDPO alignment objective is in-
dispensable for stable optimization. To explicitly demonstrate that our model
fundamentally resolves reward conflicts, we compare the models trained exclu-
sively on conflicting pairs ((7) and (8)). When restricted to conflict-only data,
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Table 4: Standard DPO specialists.

Pick Aes HPS CLIP IR MPS Avg
Human 75.1 62.6 71.7 60.4 62.6 68.1 66.7
Pick 72.6 63.4 72.0 59.2 57.6 66.6 65.2
Aes 69.8 66.3 66.4 56.4 59.5 66.0 64.1
HPS 69.8 63.9 70.1 54.5 59.5 65.9 64.0
CLIP 69.3 62.4 67.7 58.5 58.9 63.2 63.3
Merged 73.4 63.5 70.0 56.1 62.0 67.9 63.8
MCDPO 86.2 91.8 93.4 57.6 82.9 76.7 81.1

Table 5: Cond. DPO specialists.

Pick Aes HPS CLIP IR MPS Avg
Human 79.0 79.8 86.5 46.8 75.9 73.2 73.5
Pick 80.7 82.8 88.5 49.0 76.8 74.7 75.4
Aes 79.6 88.1 87.2 49.1 76.2 72.5 75.4
HPS 77.8 81.8 88.0 50.2 77.6 73.3 74.7
CLIP 75.3 79.3 84.5 49.3 76.0 70.9 72.5
Merged 63.4 84.8 71.7 32.3 61.1 65.0 63.1
MCDPO 86.2 91.8 93.4 57.6 82.9 76.7 81.1

standard DPO su!ers a substantial relative performance degradation of 11.5%
compared to its randomly sampled baseline. In contrast, MCDPO experiences a
minor drop of only 5.1%. In fact, Conflict MCDPO (Avg 77.0) trained solely on
conflicting pairs surpasses standard DPO on randomly sampled data (Avg 66.7)
by a large margin, confirming that MCDPO does not merely tolerate reward
conflicts but actively leverages them as a stronger supervision signal.

Remarkably, the conflict-trained MCDPO maintains high performance even
when conditioned on “all-win” across every dimension, a scenario never encoun-
tered during training. We provide further analysis in Figure 4 and agreement
ratio over reward dimensions in appendix.

Furthermore, we visualize the qualitative result of MCDPO against baseline
methods on both SD1.5 and SDXL, in Figure 2 and Figure 3, respectively. Across
both models, our method demonstrates a clear superiority in generating images
that are more aesthetically pleasing and detailed.

4.3 Analysis

Multi-dimensional Learning. Tables 4 and 5 compare MCDPO against spe-
cialist models trained on a single reward axis, using both the standard DPO
objective (Table 4) and our Conditional DPO paradigm with identical architec-
ture and hyperparameters (Table 5).

Remarkably, the MCDPO model not only achieves the highest average score
but also outperforms every individual specialist model on its own specialized
metric, with the sole exception of the CLIP score in Table 4. For example, the
MCDPO model (Aesthetic win-rate 91.8%) significantly surpasses the model
trained exclusively on ‘Aesthetic’ rewards (Aesthetic win-rate 88.1%) in Table 5.

We conjecture that MCDPO mitigates potential training reward overfitting
by leveraging cross-dimensional references to learn robust features rather than
train-specific shortcuts. For example, one dimension may exploit spurious cues
that improve training reward but harm semantics. The CLIP dimension can
provide a semantic reference that helps mitigate this.
Multi-dimensional Inference. As demonstrated in Table 6, our single model,
trained to disentangle reward axes, can perform dynamic preference-enhancing
sampling at test-time as described in Section 3.4. When steering the sampling to
amplify only a specific or multiple dimensions, we observe distinct and controlled
behaviors. Critically, when enhancing CLIP, the model achieves 59.0%, recover-
ing from the all-dimension default (57.6%) and demonstrating that MCDPO has
learned a disentangled CLIP representation that can be amplified when desired.
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Table 6: Test-time reward optimization
by guiding the MCDPO model towards
specific target dimensions.

Pick Aes HPS CLIP IR MPS Avg
Human 78.6 79.0 83.3 55.2 73.7 67.7 72.9
Pick 78.1 79.0 85.1 57.6 78.4 69.9 74.7
Aes 77.3 95.8 79.1 49.3 73.1 68.8 73.8
HPS 77.0 79.5 85.6 59.0 77.8 71.1 74.9
CLIP 76.4 76.5 85.1 59.0 75.0 67.8 73.3
Aes-CLIP Cont. 88.0 90.6 91.2 59.6 81.0 78.4 81.5
ALL 86.2 91.8 93.4 57.6 82.9 76.7 81.1

Fig. 4: Implicit reward accuracy on
Human-Aesthetic conflict-only pairs.

This demonstrates that MCDPO has successfully learned a disentangled rep-
resentation of CLIP rewards and can boost this dimension when desired. Simi-
larly, enhancing Aes (Aesthetic) generates samples with exceptionally high aes-
thetic scores (95.8%), validating dimension-specific control.

Notably, when enhancing PickScore and HPSv2, their corresponding scores
increase as expected. However, we also observe a concurrent rise in CLIP, Im-
ageReward, and MPS scores. We attribute this to the nature of PickScore and
HPSv2 as holistic metrics that evaluate overall image quality, which naturally
correlates with other reward axes.

While coarse axis-level optimization is detailed in the supplementary ma-
terial, we highlight MCDPO’s capability for fine-grained temporal control. To
mitigate the natural trade-o! between aesthetics and semantics, we leverage the
step-wise frequency properties of di!usion models. Semantic structures primar-
ily form during early low-frequency steps, whereas aesthetic details emerge in
later high-frequency steps. By assigning an aesthetic tie for the first 25 steps
and a win condition for the remaining 25 steps, our Aes-CLIP Control (Table 6)
significantly boosts the CLIP score while maintaining the average win rate. We
further provide an incremental analysis in Appendix, where adding each reward
axis as “win” progressively improves the corresponding metric, confirming that
each dimension contributes independently to the final performance.
Implicit Reward Modeling Table 7 demonstrates that MCDPO accurately
models implicit reward functions for each dimension. MCDPO achieves compa-
rable accuracy to specialist models trained on individual dimensions, while being
significantly more computationally e"cient by learning all dimensions within a
single network. Furthermore, our conditional DPO framework simultaneously
models both rw (preferred) and rl (non-preferred) implicit reward models as de-
scribed in Equation (19). Leveraging both models together yields performance
gains over using either model alone. For example, in the Aesthetic dimension,
while the win-only model achieves 50.8% and the lose-only model achieves 53.3%,
combining both models substantially improves accuracy to 66.2%. Similarly, for
Human and PickScore dimensions, despite the lose models showing relatively
lower accuracies (42.2% and 41.0% respectively), combining them with the win
models consistently yields performance improvements.
Reward Conflicts To demonstrate that MCDPO actively resolves reward con-
flicts beyond mere dimensional disentanglement, we plot the implicit rewards
during training, on a filtered subset where Human and Aesthetic preferences
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Table 7: Implicit reward accuracy com-
parison between MCDPO and specialist.

Human Pick Aes HPS CLIP
Specialists 57.8 61.0 67.1 58.2 59.9
MCDPO 58.7 61.7 66.2 55.0 59.4
MCDPO win 58.5 58.7 50.8 52.9 59.4
MCDPO lose 42.2 41.0 53.3 46.8 56.8

Table 8: Ablation study of MCDPO com-
ponents on PickV2.

Pick Aes HPS CLIP IR MPS Avg
MCDPO 86.2 91.8 93.4 57.6 83.0 76.7 81.1

reward dropout 0.1 85.8 93.5 92.4 55.6 82.4 74.8 80.7
reward dropout 0.0 87.3 96.0 92.1 49.2 79.2 77.1 80.1
w/o MCSFT 53.8 79.2 55.1 48.8 55.7 70.7 60.5
w/o CAR module 80.1 90.0 80.7 45.7 69.8 54.4 70.1

conflict Figure 4. While standard DPO and Conflict DPO su!er active aesthetic
feature degradation dropping to 35% and 30% respectively, MCDPO successfully
rectifies the gradient direction via its axis-wise guidance ϱ. This isolates the aes-
thetic dimension from the global penalty and enables convergence towards the
ideal disentangled distribution p↑BT .
Component Ablation Study. We conduct an ablation study to validate the
contribution of MCDPO’s core components: dimensional reward dropout, the
context-aware reward module, and the MCSFT pre-training stage in Table 8.

First, removing the dimensional reward dropout leads to a seemingly domi-
nant aesthetic score (95.8%) but causes a catastrophic collapse in the CLIP score
(49.3%). We believe this is a clear case of the gradient domination problem dis-
cussed in Section 3.3. The easier aesthetic dimension appears to saturate the
learning signal, preventing the harder CLIP dimension from being optimized.
Our reward dropout technique e!ectively mitigates this issue, ensuring balanced
optimization and contributing significantly to the superior overall performance.
Applying a reward dropout of just 0.1 significantly mitigates this domination.

Removing MCSFT pre-training causes a drastic performance decline, showing
non-initialized conditioning is disruptive. However, MCSFT alone is insu"cient.
On SDXL, MCSFT performs poorly (Avg 57.1), while the full MCDPO model
achieves 72.0 (Table 2), proving the MCDPO alignment stage itself is critical.

Finally, ablating the Context-Aware Reward conditioning module Eq. (23)
causes a severe performance drop in all metrics except for aesthetics. These
a!ected metrics (PickScore, HPS, CLIP, IR) measure alignment between the
image and the text prompt. This result confirms our hypothesis: to condition
on rewards like semantic alignment e!ectively, the model must be aware of both
the image and the text context, validating the design of our module.

5 Conclusion

We introduced Multi Reward Conditional DPO (MCDPO), a framework that
resolves the reward conflict in the Bradley-Terry formulation by conditioning
on preference outcome vectors, transforming conflicting pairs into robust train-
ing signals for disentangled alignment. MCDPO achieves state-of-the-art perfor-
mance with superior sample e"ciency, and enables dynamic multi-dimensional
control at inference without additional training or external reward models. One
limitation is the reliance on proxy reward models to construct the preference
outcome vector, which upper-bounds alignment quality by their accuracy, and
introduces preprocessing overhead compared to standard DPO’s binary labels.
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