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Abstract. Direct Preference Optimization (DPO) has proven effective
for aligning diffusion models with human preferences. However, by re-
lying solely on endpoint supervision, existing DPO fine-tuning practices
ignore the curved trajectory of the pretrained generation process. This
forces a linear shortcut in the latent space, disregarding the intrinsic
geometry and leading to off-trajectory and off-manifold generation. To
address this, we propose Trajectory-Consistent Preference Optimization
(TCPO), a fine-tuning paradigm respecting the model’s intrinsic genera-
tive geometry. TCPO first performs Curvature-Adaptive Sampling (CAS)
to dynamically select a curvature-aware intermediate latent as a geo-
metric anchor. Then, Trajectory-Rectified Fusion (TRF) combines this
geometric anchor with the conventional endpoint target which acts as a
semantic anchor to form a trajectory-consistent supervision signal. Ex-
tensive experiments show that TCPO achieves superior visual fidelity
and text-to-image alignment on standard benchmarks, with improved
training efficiency.

Keywords: Diffusion model - Direct Preference Optimization - Text-to-
Image Alignment

1 Introduction

Text-to-image diffusion models [4,8,24-26,32] have achieved remarkable progress
in recent years. Driven by large-scale training data [28] and advanced architec-
tures [1,5,27], these models demonstrate an exceptional capability to generate
high-fidelity images. To further align pre-trained diffusion models with human
intentions, Direct Preference Optimization (DPO) and its variants [3, 20, 21,
35,36, 40, 43] have been widely adopted. By directly utilizing paired preference
data for model training, these methods effectively circumvent the complexities
and reward hacking issues associated with traditional reward models [7,28, 37],
achieving promising results in preference alignment.

However, existing DPO-based methods fundamentally violate the geomet-
ric reality of pretrained diffusion models. Governed by a spectral evolution
bias—where coarse, low-frequency structures emerge prior to fine, high-frequency
details—the true generative trajectory is inherently curved [13,16,33]. Despite
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Fig. 1: Motivation of our Trajectory-Consistent Preference Optimization
(TCPO). (a) In the latent space, the intrinsic generative trajectory of diffusion models
(red curve) is naturally curved. Standard preference optimization methods (e.g., DPO)
enforce a linear supervision target (black line) derived from the forward noising process.
This linear assumption forces the intermediate states off the data manifold (e.g., the
red star deviates from the target black triangle), leading to what we term the Linear
Shortcut Fallacy. (b) Visualizing actual decoded latents (from SDXL) illustrates
this discrepancy. The intermediate states from the generation trajectory (top row, red
boxes) significantly mismatch the theoretical noisy states (bottom row, black boxes)
at the same timestep, as highlighted by the red double arrows.

this, current approaches rely on endpoint-directed supervision, enforcing a lin-
ear update direction from the noisy latent to the clean target. We identify this
critical flaw as the Linear Shortcut Fallacy. Such a forced linear shortcut
introduces a severe geometric mismatch, accumulating significant off-trajectory
drift (Fig. 1). Consequently, the model is pushed off its pre-trained data manifold,
ultimately leading to suboptimal convergence, structural collapse, and semantic
degradation.

To address these challenges, we propose TCPO, a Trajectory-Consistent
Preference Optimization method, designed to align diffusion models while strictly
respecting their intrinsic generative dynamics. First, Curvature-Adaptive Sam-
pling (CAS) reconstructs the model’s naive generation trajectory via DDIM
inversion. It then dynamically identifies a latent state along this inverted trajec-
tory to serve as a geometric anchor. Targeting this intermediate anchor rather
than the final endpoint xg keeps the optimization tightly bound to the naturally
curved trajectory. Geometrically, this is because shorter secants across the man-
ifold provide a much tighter approximation of the underlying curved arc than a
single long chord spanning the entire generation process.

However, relying solely on the geometric anchor is overly conservative. It pri-
marily encourages the reconstruction of the original, unaligned model’s behavior
rather than injecting new preference signals. Furthermore, this strict adherence
makes the optimization highly susceptible to accumulated approximation errors
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Fig. 2: Qualitative improvement over the original SDXL. To effectively align
the generative capabilities of SDXL with comprehensive human preferences, we propose
TCPO for model fine-tuning. This figure illustrates the comparison before and after our
optimization: the top row shows the baseline outputs from the original SDXL, whereas
the bottom row demonstrates the results from TCPO. Under identical initial noise, our
method generates images with superior visual appeal and stricter text alignment.

derived from the DDIM inversion process. To overcome these limitations, we in-
troduce Trajectory-Rectified Fusion (TRF). TRF constructs a hybrid supervision
signal by fusing the geometric anchor with the clean preference target (acting
as the semantic anchor) via Spherical Linear Interpolation (SLERP) [30]. This
fusion effectively rectifies the optimization direction, pulling the aggressive se-
mantic update back onto the valid data manifold. Consequently, TRF ensures
that the model successfully learns human preferences without compromising its
intrinsic geometric consistency.

Our comprehensive evaluation demonstrates that TCPO effectively enhances
the overall performance of text-to-image models across multiple benchmarks.
Specifically, on the HPD v2 benchmark, the SDXL model fine-tuned with TCPO
achieves notable improvements across several metrics over the original SDXL
base model: the PickScore increases by 0.61, HPS by 0.88. On the parti-prompts
and the pick-a-pic v2 test sets, TCPO also delivers outstanding performance,
surpassing the state-of-the-art methods InPO and DPO in all evaluated metrics.
Furthermore, TCPO achieves training efficiency that is 4.31x higher than DPO
and 1.23x higher than InPO. These results collectively validate the versatility
and effectiveness of TCPO across different models and datasets.

Our contributions can be summarized as follows:

e We highlight a critical yet largely overlooked bottleneck in diffusion prefer-
ence optimization: the preservation of intrinsic generative geometry.

e We propose the TCPO framework, introducing CAS to anchor natural tra-
jectories and TRF to integrate human preferences without off-manifold drift.

e Extensive experiments demonstrate that TCPO achieves superior alignment
and generation quality with improved training efficiency.
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2 Related Work

2.1 Text-to-Image Generative Models

Diffusion models have emerged as a powerful paradigm for high-fidelity image
generation, evolving through several key milestones. Inspired by foundational
works [2,4,8,19,32], early systems [24,26] demonstrated the remarkable poten-
tial of these models for text-to-image synthesis. To address the computational
demands of operating in pixel space, subsequent developments [22, 25| intro-
duced latent diffusion models built upon VAE [11], significantly reducing infer-
ence costs while maintaining generation quality. More recently, the integration
of flow matching [15,38] has spurred architectural innovations, offering alterna-
tive formulations for probability flow modeling [1,5,27]. Despite these advances,
current approaches still exhibit limitations in generation fidelity and alignment
with human preferences, motivating the need for further refinement through
fine-tuning strategies.

2.2 Diffusion Models Alignment

The predominant approach for fine-tuning diffusion models remains supervised
fine-tuning on curated datasets. Inspired by analogous developments in large
language models [6,9,23,31], a family of preference optimization methods has
emerged, with Diffusion-DPO [35] serving as the foundational instantiation. Sev-
eral distinct challenges have motivated subsequent innovations. First, the parti-
tion function in the DPO objective poses computational difficulties, necessitating
refined approximations for stable training [17,18,43]. Second, as global preference
labels inadequately capture the varying quality of intermediate denoising steps,
latent-space reward models have been introduced to enable fine-grained, step-
wise credit assignment [14,34,42]. Third, acknowledging the practical constraints
of data collection, alternative formulations have been explored to reduce annota-
tion burden—ranging from methods that operate solely with positive samples to
fully self-supervised paradigms that eliminate the need for pairwise preferences
entirely [21,40].

3 Preliminaries

3.1 Diffusion Models

Diffusion models [8] operate through a dual-phase mechanism: a forward corrup-
tion process that injects noise into data, and a learned restoration process that
recovers clean samples from Gaussian noise.

Forward Process. Given data g ~ ¢(xg), the forward chain gradually per-
turbs it via:

q(xe|xe—1) = N(xe; Jarzi—1, (1 —ap)I) (1)
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where «; controls the noise intensity at step ¢. Through reparameterization, one
can sample any noisy state directly:

= Vayzo + V1 —ae, €~N(0,]I), (2)
with ap = HE:l (678

Reverse Process. A neural network learns to denoise by predicting the added
noise €;(x;). The training objective minimizes:

Lampte = Etap.c [N [[€h(@2) — e]f3] )

where A(t) denotes a weighting schedule [8, 33].
Deterministic Sampling. DDIM [32] enables non-Markovian generation by
formulating the reverse as an ODE. Its update rule is:

« 1—a& 1—a
Ty =4/ = ¢ L1+ Vo (\/ % _ \| == Hl) e§+1(a:t+1), (4)
Qi1 Qi Qi1

DDIM Inversion. Based on the deterministic nature of the DDIM ODE, the
sampling process can be inverted to map a real image xy back to its latent noise
x7. By reversing the time steps from ¢ to ¢t + 1, the inversion update rule is
defined as:

a _ 1—a 1l—a
Tit1 =4/ Ty + VA (1/ L \/ = t) €y(xy), (5)
Qi Q41 Qi

3.2 Direct Preference Optimization

DPO [35] aligns models with human preferences without explicit reward model-
ing. Consider a dataset D = {(x¥,x}, c)} containing pairs of winning (w) and
losing (1) outputs for context c.

Preference Modeling. The Bradley-Terry model captures pairwise com-
parisons via:

p(xy >~ a:é|c) = U(r(acg’, c) — r(mé, c)) , (6)

where ¢ is the sigmoid and r an implicit reward function.
DPO Objective. By reparameterizing the reward through the policy ratio,
the loss becomes:

(7)

Lppo = —Ep [10g0<ﬁ10g po(@i|c) —Blo IW%JC)H ’

Pret(x|C) Pret(zf]c)
where 3 controls the deviation from reference model p,ef.

Extension to Diffusions. Since marginal likelihoods are intractable, [35]
derive a tractable gradient by leveraging the ELBO. This yields a noise-prediction
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—

sion

Traditiong] Supervi

—> : CAS supervision targeting the adaptively selected geometric anchor
= : Traditional supervision using x, as the endpoint
: TCPO supervision, fusing CAS and traditional supervision via TRF

==Y : Model prediction at x, [ : Data manifold
—— : The generation trajectory proxied via DDIM inversion.

—— e - ——— -

Fig. 3: Overview of TCPO. The traditional supervision target (grey arrow) points
directly to xo, inadvertently pushing the model off the curved data manifold. To
maintain geometric consistency, Curvature-Adaptive Sampling (CAS) provides an on-
manifold target (brown arrow) directed towards the geometric anchor. However, relying
solely on the CAS target commits the model to a path (brown dashed curve) that ul-
timately terminates at a semantically distant endpoint M. To resolve this, Trajectory-
Rectified Fusion (TRF) integrates the geometric anchor with the semantic anchor (zo).
The resulting TCPO target (orange arrow) rectifies the prediction direction, ensuring
the model stays strictly on the manifold while its corresponding trajectory (orange
dashed curve) successfully converges to N, closely approximating the clean image xo.

objective:

Loro-pir(0) = ~E(gp )b, tori(0,1), 2 ~atar i)
10g0(—BTW(>\t)(||€w - ee(m’éﬂat)Hz - ||€w - ercf(w;uat)Hz
e —eotat. 03+ 1€~ enrtal DI ) . (9)

where w()\) incorporates the diffusion weighting, and €**! denotes the ground-
truth noise added to winning and losing samples respectively.

4 Methodology

We propose Trajectory-Consistent Preference Optimization (TCPO), a frame-
work that aligns diffusion models with human preferences while strictly respect-
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ing their naive generative dynamics. As shown in Fig. 3, TCPO rectifies the
Linear Shortcut Fallacy via two mechanisms: Curvature-Adaptive Sampling
(CAS), which finds a geometric anchor on the trajectory, and Trajectory-
Rectified Fusion (TRF), which constructs a hybrid supervision signal to bal-
ance preference learning and intrinsic geometric consistency.

4.1 Curvature-Adaptive Sampling

Standard preference optimization typically constructs supervision targets in an
endpoint-directed manner, pointing directly towards the clean data xg. This
strategy implicitly relies on a global straight-line (chord) approximation
of the underlying generative trajectory, implying that e;, = €, for any t1,t2 €
{0,1,...,T — 1}, where T is the maximum timestep and e; denotes the noise
prediction. However, this assumption fundamentally contradicts the spectral na-
ture of diffusion models, where coarse, low-frequency structures always emerge
significantly earlier than fine, high-frequency details. Consequently, this leads
to what we term the Linear Shortcut Fallacy. We detail why the intrinsic
generative trajectory follows a curved path in the latent space, driven by this
spectral evolution bias, in Section A of the supplementary material.

Geometrically, directly optimizing towards the final semantic endpoint im-
plicitly assumes a linear update path in the latent space. However, because the
intrinsic generative manifold is highly curved, this linear shortcut inevitably
forces the intermediate latents into low-density, off-manifold regions where the
pre-trained score field is unreliable. Therefore, anchoring the optimization to the
intrinsic trajectory is a geometric necessity to preserve structural integrity.

To operationalize this anchoring, we must first quantify the local bending
of the trajectory. Let T = {x4,,xs,,...,2¢,_,} denote the discrete sequence
of latent states obtained via DDIM inversion, which serves as a proxy for the
generative path. Here, the starting index 0 represents the clean image, and the
ending index n—1 corresponds to the current noisy training state. Geometrically,
the generation process can be viewed as a curve in the latent space, where the
update direction at the i-th step is governed by the predicted noise vector:

vi = €g(@4,, i), 9)

To quantify the local curvature of this trajectory, we consider the rate of
change of its unit tangent vector:

Vi

(10)

u, = —-
vl
In continuous dynamics, the local bending (or angular velocity) is measured

by H %‘t‘ H Given that our timesteps are uniformly sampled with a constant inter-
val At, we can approximate this derivative using finite differences:

du u; —u;—1
— 11
dt At (11)
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Taking the squared norm of this discrete derivative yields:

2
(il = 20wy + [luia||?) = Az (1-u/uiy),
(12)

Since At is a constant across the uniform schedule, the term (1 —u, w;_;) is
strictly proportional to the squared local curvature. Therefore, we define our
curvature proxy x; as the cosine distance between consecutive velocity fields:

2
u; —u;—1

At

T A

T
V; Vi1

[villllvi-aill”

K; = 1-— K; € [0,2}, (13)
This formulation provides a mathematically grounded, scale-invariant metric to
dynamically assess the trajectory’s non-linearity at any given timestep. Equipped
with this curvature metric, we dynamically calculate a geometric anchor to serve
as the supervision target, ensuring that the optimization process does not deviate
from the intrinsic generative trajectory. Specifically, rather than relying on a
fixed lookahead horizon, for a current state x;, we search for the furthest valid
anchor index t;« (where * < n) such that the accumulated curvature along the
path does not exceed a predefined threshold #:

n—1
F=minql<r<n| Y k;<ny, (14)

=7

Here, 7 is an adaptive curvature budget. To ensure robustness across varying
trajectory complexities, we derive 1 from the total curvature of the inverted
trajectory:

n—1
1
n= E Z Kj, (15)
=0

where « is a hyperparameter controlling the granularity of the linearization (ef-
fectively representing the expected number of lookahead segments). This yields
the Geometric Anchor 4., := 7;,.. In regions of high curvature, the horizon
t—t;+ naturally shrinks to respect the budget; in flat regions, it expands, allowing
for longer-range guidance.

4.2 Trajectory-Rectified Fusion

While the geometric anchor xge, provides geometrically consistent supervision,
relying solely on it can be conservative and may lack strong semantic signals for
alignment. Conversely, the clean data ¢ (denoted as the Semantic Anchor,
Zsem ) Offers strong alignment guidance but violates trajectory constraints. TRF
bridges this gap by fusing the implicit noise predictions pointing to these two
anchors into a unified target.

Given the current state x;, we first compute the implicit noise vectors (via
standard DDIM reparameterization) directly pointing to the respective anchors:
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€geo = €(Tgeo) ANd €gem = €(Tsem). We then construct the rectified target noise
eTrr by projecting the semantic guidance of €g., onto the geometric frame of
€geo- 10 TEspect the spherical geometry of the noise space, we employ Spherical
Linear Interpolation (SLERP):

sin(~vO) sin((1 —+)0)

€TRF = SLERP(egem €sem > 7) = Sno €geo Sno €sem

(16)

-
€geoFsem

where © = arccos is the angle between the noise anchors, and

llegeo leseml]
v € [0,1] is a rectification coefficient. This geometric design is theoretically
grounded: due to the Concentration of Measure phenomenon, noise vectors in
high-dimensional Gaussian spaces inherently concentrate on the surface of a
hypersphere. SLERP ensures that the interpolated noises strictly traverse this
spherical manifold, fundamentally avoiding the off-manifold norm collapse to-
ward the origin caused by naive linear interpolation (proof in Section B of the
supplementary material). Ultimately, (16) constructs a supervision noise vector
eTrr that points towards the semantic endpoint but is explicitly pulled back
towards the inverted trajectory. This fused noise implicitly defines our recti-
fied target state yTrr, ensuring the model successfully learns human preferences
without compromising its intrinsic geometric consistency.

4.3 Optimization Objective

TCPO optimizes the policy 7y using a preference dataset D = {z*, 2!}, consist-
ing of winner and loser images. For each pair, we perform inversion to obtain
their respective trajectories, identify their anchors, and compute the fused target
noises €/ R¥ and e;rRF using Eq. (16). These target noises implicitly correspond
to the rectified target states yLRF and leRF.

The optimization objective follows the DPO formulation adapted for diffusion
models:
mo(yu o | 7})
et (Y, | 7)

T | o)
- ﬁ IOg —nTT < y
T )

Wref(yl

Lrcpo = —Ew o1)~D t~U0,1] [10g0<ﬂ log
(17)

Here, my(y | x+) represents the likelihood of transitioning to state y given z;. In
the context of diffusion models trained with Mean Squared Error (MSE), the
log-likelihood ratio can be approximated by the difference in L2 reconstruction
errors:

) x 1
log LI o = (leo (1) = omss 017 = (1) = g 1) (1)
where €garget(y) is the implicit noise vector pointing to the target y. By substi-
tuting Eq. (18) into Eq. (17), TCPO effectively reweights the standard denoising

objective based on the preference margin.
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The TCPO objective is formulated as:

Lrcpo = —Ew gyup tnu0,1] {bgff( - B
lea (i) — |1 = [lea(xy) — & 7| (19)

~Nentat) = PP + et - 711 ).

In this formulation, TCPO effectively reweights the standard denoising objective
based on the preference margin, while the target noises €, and ¢; are rectified
by our TRF mechanism to ensure trajectory consistency.

5 Experiments

5.1 Implementation Details

Our experiments are built on Stable Diffusion XL-base-1.0 (SDXL) [22]. Follow-
ing the setting of [17,35], we conduct all training on the Pick-a-Pic v2 dataset [12]
after filtering out approximately 12% of the draw samples, which leaves 851293
image-text pairs and 58960 unique text prompts. For fair comparison, the major-
ity of hyperparameters are inherited from [17,35]. We employ Adafactor [29] as
the optimizer for training. All experiments are conducted on eight NVIDIA A100
GPUs. Unless otherwise specified, we set a = 2.0, and v = 0.2. DDIM Inversion
is done with the classifier-free guidance scale set to 1 and the inversion step num-
ber set to 5. Training uses a batch size of 1 image pair per step, with gradient
accumulation over 128 steps, resulting in an effective batch size of 1024 pairs.
The hyperparameter £ is set to 5000. The learning rate is set to 29922048108,
with a linear warmup phase of 200 steps and a total of 400 training steps. All
experiments use a fixed random seed of 42 to ensure reproducibility.

5.2 Evaluation Details

We compare TCPO with existing baselines using user studies and automatic pref-
erence metrics. Specifically, we compare our method with Diffusion-DPO [35],
InPO [17], and MaPO [10].

Image quality is assessed through four evaluators: the LAION aesthetic classi-
fier [28] for overall visual appeal, MPS [41] for comprehensive multi-dimensional
evaluation, together with PickScore [12] and HPS [37] for overall human prefer-
ence prediction on image-text pairs. To validate the effectiveness of our approach,
we generated images using both the baseline and our model on DrawBench (200
prompts) [26], Parti-Prompts (1632 prompts) [39], HPDv2 (3200 prompts) [37]
and the Pick-a-Pic v2 [12] test set (500 prompts). We present the mean and
median for all metrics in each individual dataset.

Additionally, we conduct a user study (20 participants) to compare TCPO
with the baselines. We design three questions as in [35]: (1) Which image is your
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Fig. 4: Qualitative Comparisons. Visual comparison between SDXL, DPO, MaPO,
InPO, and our TCPO. Across multiple evaluation dimensions, our method demon-
strates superior capability in understanding human intentions, yielding high-quality
images with accurate text-image alignment.

overall preferred choice? (2) Which image is more visually attractive? (3) Which
image better matches the text description?

We also compare the training GPU hours (on A100) with baselines. In this
work, we adopt the following baselines: base model (SDXL), Diffusion-DPO, and
Diffusion-InPO.

5.3 Main Results

Qualitative Results. As illustrated in Fig. 4, our TCPO demonstrates su-
perior text-image alignment and visual fidelity over state-of-the-art baselines.
Regarding attribute binding (first two columns), baselines often suffer from se-
vere subject hijacking—generating a cat rather than “a gorgeous queen with
cat-like eyes”. In contrast, TCPO accurately renders a human queen with feline
traits and seamlessly integrates a “burger with wheels”. For spatial reasoning and
numeracy (third and fourth columns), TCPO correctly synthesizes an airborne
child and a single soccer ball, avoiding the object duplication seen in other mod-
els. Furthermore, TCPO successfully disentangles interacting characters (Hulk
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Table 1: We conduct a comprehensive evaluation of TCPO against baseline methods
using prompts from DrawBench, Parti-Prompts, HPDv2, and Pick-a-Pic v2 test set.
Performance is reported using both mean and median scores across multiple evaluators,
with the highest score in each metric bolded and the second highest underlined.

Datasets Models Aesthetic PickScore HPS MPS
Mean Median Mean Median Mean Median Mean Median
SDXL 5.5886 5.6442 22.4952 22.6703 28.5959 28.9023 11.4993 12.2265
DPO 5.6428 5.7216 22.8330 22.9842 29.0824 29.4022 12.1187 13.1680
DrawBench InPO 5.6435 5.6725 22.9671 23.0606 29.1010 29.3284 12.0145 12.7148
MaPO 5.7401 5.7255 22.5230 22.6339 28.8760 29.0263 11.6293 12.6562
TCPO(Ours) 5.7302 5.7858 23.0146 23.1029 29.2670 29.6212 12.1738 13.0117
SDXL 5.7693 5.7571 22.6274 22.6496 28.4241 28.4723 11.2538 11.6718
DPO 5.7946 5.8097 22.9307 22.9264 28.9085 28.8873 11.8097 12.1055
PartiPrompts InPO 5.8332 5.8150 22.9952 22.9889 28.8443 28.8621 11.6527 11.9453
MaPO 5.8979 5.9017 22.5946 22.5412 28.5551 28.4649 11.2751 11.6328
TCPO(Ours) 5.9001 5.8871 23.1618 23.1608 29.1819 29.1982 11.8487 12.1602
SDXL 6.1338 6.1192 22.7835 22.7657 28.6278 28.6167 14.2736 14.4258
DPO 6.1124 6.1310 23.1330 23.1520 29.1650 29.1740 14.6354 14.7891
HPD InPO 6.1797 6.1666 23.2761 23.2338 29.2413 29.2557 14.6645 14.8242
MaPO 6.2416 6.2453 22.8488 22.8169 28.9939 29.0085 14.3608 14.4453
TCPO(Ours) 6.1917 6.1906 23.3950 23.3790 29.5000 29.4886 14.8954 15.1094
SDXL 6.0040 5.9788 22.1655 22.2426 27.9776 28.0080 11.5371 11.8398
DPO 6.0127 6.0168 22.6397 22.6137 28.5933 28.5017 11.9866 12.1719
Pick-a-Pic InPO 6.0416 6.0167 22.5820 22.5573 28.5171 28.6445 11.9247 12.1992
MaPO 6.2037 6.2294 22.3179 22.3404 28.5381 28.6262 11.6570 11.8242

TCPO(Ours) 6.0744 6.0883 22.8045 22.8264 28.8740 28.9950 12.2160 12.4141

and Juggernaut) without feature bleeding, while authentically capturing intri-
cate textures (red yarn wheel) and complex structures (kinetic bird). Overall,
TCPO excels in translating complex human intentions into high-fidelity, strictly
aligned visual outputs.

Quantitative Results. We conduct a comprehensive quantitative comparison
(see Tab. 1) between our proposed TCPO method and current state-of-the-art
human preference baselines. As summarized in Tab. 1, after fine-tuning with our
TCPO approach, SDXL consistently outperforms all baseline models on nearly
all evaluation metrics across four diverse test datasets, clearly validating the ro-
bustness and effectiveness of our proposed method. Specifically, results on the
Pick-a-Pic test set show that TCPO achieves notable improvements, such as a
0.2807 increase in HPS over DPO and a 0.2225 boost in PickScore compared to
InPO. Notably, on the PartiPrompts dataset, TCPO demonstrates comprehen-
sive superiority by achieving the highest mean scores across all four evaluated
metrics, including a remarkable HPS of 29.1819 and an MPS of 11.8487.

5.4 Ablation Study

We conduct comprehensive ablation studies on Pick-a-Pic v2 test set to evaluate
the key components of TCPO, with all quantitative results summarized in Tab. 2
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Table 2: Ablation studies of our TCPO on fine-tuning SDXL. In each column of
preference evaluators, the highest value is highlighted in bold. For detailed analysis,
refer to Sec. 5.4

Aesthetic PickScore HPS MPS
Mean Median Mean Median Mean Median Mean Median

Base-SDXL  6.0040 5.9788 22.1655 22.2426 27.9776 28.0080 11.5371 11.8398
InPO-SDXL 6.0416 6.0167 22.5820 22.5573 28.5171 28.6445 11.9247 12.1992

v=20.0 6.0107 6.0071 22.7554 22.7432 28.6238 28.6176 10.2044 10.3554
v=04 6.0071 5.9989 22.5730 22.5137 28.5480 28.5672 11.9249 12.0937
w/o SLERP 6.0942 6.0855 22.7661 22.8022 28.8214 28.8684 12.2125 12.3359

TCPO-SDXL 6.0744 6.0883 22.8045 22.8264 28.8740 28.9950 12.2160 12.4141

Table 3: Performance of our method with different hyperparameter choices («). Re-
sults show consistent improvement over Base-SDXL and InPO in all metrics, demon-
strating robustness to parameter variation, the highest value is highlighted in bold. For
detailed analysis, refer to Sec. 5.4

Aesthetic PickScore HPS MPS
Mean Median Mean Median Mean Median Mean Median

Base-SDXL  6.0040 5.9788 22.1655 22.2426 27.9776 28.0080 11.5371 11.8398
InPO-SDXL 6.0416 6.0167 22.5820 22.5573 28.5171 28.6445 11.9247 12.1992

a =143 6.0654 6.0748 22.8019 22.8399 28.8297 28.8868 12.1869 12.1484
a=3.33 6.0742 6.0961 22.7939 22.7803 28.7977 28.8081 12.2424 12.4218
TCPO-SDXL 6.0744 6.0883 22.8045 22.8264 28.8740 28.9950 12.2160 12.4141

and Tab. 3. It is important to note that setting the TRF fusion weight v = 0
(which nullifies the geometric anchor) or setting the anchor position o« = 1 (which
aligns the anchor with the endpoint) mathematically degrades our method to the
standard DPO baseline.

Impact of Anchor Position («). We evaluate the stability of our Curvature
Adaptive Sampling (CAS) by varying a € {1.43,2.0,3.33} (corresponding to
1/0.7,1/0.5, and 1/0.3, respectively). As shown in Table 3, TCPO demonstrates
robust performance across different o values, consistently outperforming the
baseline (o = 1). This confirms that targeting an intermediate geometric anchor
is fundamentally superior to endpoint-directed optimization.

Impact of TRF Fusion Weight (v). To assess the trade-off between geometric
preservation and preference injection, we test v € {0,0.2,0.4}, as shown in the
third and fourth rows of Tab. 2. The results indicate that an appropriate fusion
weight (7 = 0.2) optimally respects the model’s naive generative dynamics while
effectively learning human preferences. Conversely, an excessively large weight
(v = 0.4) makes the optimization overly conservative, leading to insufficient
semantic learning, which perfectly aligns with our theoretical expectations.
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Table 4: Quantitative comparison ok :'D:)
of training efficiency and genera- Fhe ous (rcroy

tion quality. We report the training
GPU hours (measured on NVIDIA A100
GPUs) and HPS scores of TCPO along- ,
side baseline methods. The best results for : {
each metric are highlighted in bold.

HPS Median

A
Methods DPO InPO TCPO L N
HPStT 28.5017 28.6445 28.995 ’
GPU Hours| ~776 ~221 ~180 Fig. 5: Comparative evaluation of image

quality and training efficiency.

Effectiveness of SLERP. Finally, we ablate the interpolation function in TRF
by comparing Spherical Linear Interpolation (SLERP) against standard Linear
Interpolation (LERP). As demonstrated in the fifth row of Tab. 2, SLERP yields
consistently better alignment scores. This empirical result validates our geomet-
ric hypothesis: SLERP successfully avoids the off-manifold norm collapse toward
the origin caused by naive linear interpolation, thereby maintaining the struc-
tural integrity of the generated images.

5.5 Training Efficiency Analysis

In Fig. 5 and Tab. 4, we compare our proposed TCPO against baselines in terms
of image quality and training efficiency. As shown in Fig. 5, TCPO significantly
accelerates convergence, achieving training speeds 4.31x and 1.23x faster than
Diffusion-DPO and Diffusion-InPO, respectively. Furthermore, Tab. 4 confirms
that this reduced computational overhead does not compromise performance;
instead, TCPO consistently generates higher-quality images, demonstrating a
superior balance between efficiency and effectiveness.

6 Conclusion

In this paper, we uncover a critical issue in diffusion preference alignment: the
Linear Shortcut Fallacy inherent in standard objectives (e.g., DPO). This lin-
ear assumption ignores the intrinsically curved generative trajectory, pushing
models off the data manifold and degrading generation quality. To address this,
we propose TCPO. First, CAS provides an on-manifold target to maintain geo-
metric consistency. Then, TRF integrates this geometric anchor with a semantic
anchor, rectifying the prediction direction to prevent semantic deviation. Exten-
sive experiments demonstrate that TCPO effectively mitigates off-manifold drift
by strictly aligning with intrinsic trajectories. Ultimately, incorporating such
geometric priors provides a new perspective for advancing diffusion alignment.
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