
Appendix

Video Generation Models are Good Latent Reward Models

A.1. Overview.
We provide detailed experimental settings in Sec. A.2, more
experimental analysis about our reward model in Sec. A.3,
and more experiments about our post-training algorithm
in ??.

A.2. More Details in Experimental Settings
A.2.1. Analysis Experiments
We selected the I2V task and the resolution of 720P for our
analysis experiments, with the same dataset of our PAVRM
training. The linear probe layer dimension matches the to-
ken dimension of the VGM (5120 for Wan2.1-I2V-14B).

For Fig. 3(a), we performed standard 40-step inference
on dataset samples, denoise each intermediate timestep
noisy latent to clean latent by one step, and decoding clean
latent of each intermediate timestep to RGB space for stor-
age. We computed the average score of dataset samples
of each timestep using VideoAlign-MQ, a state-of-the-art
VLM-based Video Reward Model. The results reveal sub-
stantial divergence between high-noise regions and clean
videos, demonstrating that RGB-based video reward mod-
els fail to directly generalize as latent reward models.

For Fig. 3(b), we fixed the timestep at t = 0.2 and an-
alyzed the impact of varying DiT block counts on VGM
performance as a reward model. To isolate the influence
of VGM features on video quality assessment, we em-
ployed mean pooling for feature aggregation. The linear
probe was trained identically to our PAVRM using BCE
loss. For accuracy calculation, we applied a threshold of
0 to the linear probe output: predictions pr ≥ 0 were
classified as good videos, otherwise as bad videos. The
VideoAlign test accuracy of 78.83% was obtained by set-
ting a threshold on VideoAlign MQ reward scores—videos
with scores above the threshold were labeled as good, oth-
erwise bad—and computing accuracy against ground-truth
labels. This threshold was selected to maximize test set ac-
curacy.

For Fig. 3(c), “Fixed t (MLP-only)” refers to train-
ing only the linear probe at fixed timesteps (t =
0.2/0.4/0.6/0.8), resulting in four separate models with
test accuracy computed using the same way as (b), based on
8 DiT blocks. “Random t (MLP-only)” involves training a
single model where timesteps are randomly sampled during
training using UniPCMultistepScheduler with 1000 training
steps. “Random t (Full fine-tuning)” fine-tunes both DiT
blocks and the linear probe (excluding text/image encoders
and VAE), with all other settings identical to “Random t
(MLP-only)”.

A.2.2. Open Source Test Set

We incorporated the existing open-source benchmark
VBench [8] and VBench2 [21] to ensure a fair compari-
son with state-of-the-art methods. In this paper, we validate
the effectiveness of our method in terms of motion quality,
which requires the video generation process to be free of
distortions, exhibit smooth motion, and comply with phys-
ical laws. For the text-to-video (T2V) task, we selected
the subject consistency subset from VBench, a total of 72
prompts. Additionally, we employed the human anatomy
subset from VBench2, which includes the human anatomy
metric with 120 prompts specifically enhanced for the Wan
model. For the image-to-video (I2V) task, we selected I2V
Subject subset from VBench-I2V (in VBench++ [9]), a total
of 246 prompts.

A.2.3. Inner Data Collection and Annotations

Data Generation Pipeline. Our inner dataset construc-
tion begins with an internal collection of 31000 high-quality
human portrait videos. Using the first frame and corre-
sponding text prompt from each video, we generated syn-
thetic videos using the Wan2.1-14B-I2V model. Due to
computational constraints, we generated one 720P video per
input condition, with each video requiring approximately 30
minutes of inference time on a single GPU.
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Annotation Protocol. The annotation process consists of
two stages: automatic filtering and manual quality assess-
ment. Stage 1: Coarse Filtering. We first removed videos
exhibiting obvious defects, including black screens, or visi-
ble watermarks. Stage 2: Manual Quality Assessment. The
remaining videos were manually annotated by professional
annotators across two key dimensions: Physical Plausibil-
ity and Subject Deformity. Each dimension was rated us-
ing a three-level scale: qualified, partially qualified, and un-
qualified. The specific criteria for each rating level are de-
tailed in Table A1. For Physical Plausibility:

• Qualified: Motion appears smooth and natural, follow-
ing real-world physics with realistic acceleration, decel-
eration, and interactions.

• Partially Qualified: Minor physical inconsistencies ex-
ist but do not severely impact overall believability.

• Unqualified: Significant violations of physical laws,
such as objects defying gravity, unnatural motion tra-
jectories, or implausible interactions.

For Subject Deformity:

• Qualified: Subjects maintain consistent structure and
identity throughout the video with no visible artifacts.

• Partially Qualified: Minor temporal inconsistencies or
subtle structural artifacts that do not fundamentally dis-
tort the subject.

• Unqualified: Severe anatomical distortions, identity
shifts, or temporal artifacts such as melting, flickering,
or morphing.

Label Construction. To enhance data distinctiveness and
reduce annotation ambiguity, we applied the following la-
beling strategy: videos rated as qualified on both dimen-
sions were labeled as good videos, while those rated as un-
qualified on both dimensions were labeled as bad videos.
Videos with mixed ratings (e.g., qualified on one dimen-
sion but unqualified on another) or those marked as partially
qualified on either dimension were excluded from the final
dataset to ensure clear decision boundaries.

Validation and Test Set Construction. We randomly
sampled 500 videos for evaluation purposes: 100 for val-
idation and 400 for testing. To ensure annotation reliability,
each sample in both the validation and test sets was inde-
pendently annotated by at least three professional annota-
tors, with final labels determined by majority voting.

Final Dataset Statistics. After filtering and annotation,
our final dataset comprises 24000 video pairs (real and gen-
erated), with the generated videos used for reward model
training and the real videos used as supervised fine-tuning
(SFT) data for video generation. The dataset distribution is

as follows: approximately 23500 samples for training, 100
for validation, and 400 for testing the reward model.

A.2.4. Baseline Settings
For reward models, we select VideoAlign-MQ [13] and
VideoPhy-PC [1], two state-of-the-art VLM-based reward
models that excel particularly in assessing motion quality.
Both models are employed in a zero-shot manner. The ac-
curacy (Acc) metric is computed by establishing a thresh-
old on the reward scores: videos with scores at or above the
threshold are classified as “good”, while those below are
classified as “bad”. The accuracy is then calculated against
ground-truth labels, where the reported threshold is selected
to maximize accuracy on the test set.

For post-training, we utilize approximately the same
number of training samples across all methods, performing
one epoch over the text-video pairs with a sequence parallel
size of 4, with same learning rate of 5e-6 and a global batch
size of 30 (i.e. batch size of 6 with gradient accumulation
number of 5).

Supervised Fine-Tuning (SFT). SFT [14] is a widely
adopted and effective post-training technique that offers
high computational efficiency. From a reinforcement learn-
ing perspective, it can be viewed as an offline, off-policy
algorithm, optimizing the loss function defined in Equa-
tion ??.

Reward Weighted Regression (RWR). Reward
weighted regression (RWR) [13] is a prevalent and
effective offline, off-policy RL method that has demon-
strated success across traditional RL tasks [16], image
generation [6], and video generation [13]. RWR directly
learns from pre-sampled training data treated as experience
samples, where a reward model scores each sample to
determine its weight in the training loss. The loss function
is given by:

LRWR(θ) = Et∼U(0,1), x0∼q(x0), x1∼p(x1)

[
exp(rϕ(video, y))∥vθ(xt, t)− v∥2

]
,

(A.2.1)

Following the VideoAlign framework, we utilize
VideoAlign-MQ to provide reward signals with vary-
ing weight configurations.

RGB ReFL. For RGB ReFL, we adopt the implementa-
tion from ContentV [12], which performs VAE decoding
only on the first frame and employs the image reward model
PickScore [10]. The loss function is as follows:

LRGB ReFL = −λEx0∼VGMθ
[rϕ(D(x′

0))] + LFM(θ),
(A.2.2)

where x′
0 denotes the latent feature corresponding to the

first frame.
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Table A1. Definitions of evaluation dimensions and assessment criteria used in our human annotation framework.

Evaluation Dimension Definition and Assessment Criteria

Physical Plausibility

Evaluates whether video dynamics adhere to real-world physical principles.
- Motion Dynamics: Assesses whether object motion exhibits realistic acceleration,

deceleration, and inertia consistent with natural physics.
- Interaction Realism: Evaluates the plausibility of physical interactions, including

gravitational effects (e.g., falling objects), collision dynamics, and force propagation
(e.g., splashing water).

- Material Behavior: Examines the realistic deformation and dynamics of complex
materials, including fluid motion (water, smoke) and soft body dynamics (cloth,
skin).

Subject Deformity

Assesses structural integrity and temporal consistency of subjects (humans, animals,
objects).

- Structural Integrity: Evaluates anatomical correctness and structural coherence,
penalizing severe distortions, unnatural proportions, or implausible body parts (e.g.,
malformed faces, extra limbs).

- Temporal Consistency: Measures the stability of subject identity and form across
frames, penalizing artifacts such as shape morphing, flickering, melting effects, or
sudden appearance changes.

A.2.5. Evaluation
Experimental Configuration. Following the standard-
ized protocol recommended by Wan2.1, we generate evalu-
ation videos at 720P/480P resolution. During the inference
phase of video generation models, we maintain a classifier-
free guidance (CFG) weight of 5.5. The sampling process
employs the UniPCMultistepScheduler [20] over 40 itera-
tive steps. The early, middle, and late stages of the denois-
ing process correspond to steps 1-13, 14-26, and 27-40, re-
spectively.

Automatic Evaluation Metrics. To assess the perfor-
mance of our reward model, we implement a stratified
sampling approach across the temporal dimension. The
timestep t is partitioned into five uniform intervals: [0, 0.2],
(0.2, 0.4], (0.4, 0.6], (0.6, 0.8], and (0.8, 1.0]. Within
each interval, test samples undergo random sampling ex-
actly once, and the reward accuracy metric is derived by
averaging the accuracy across all intervals.

For text-to-video generation tasks, we adopt multiple
evaluation dimensions inspired by the VBench framework,
encompassing dynamic degree, motion smoothness, subject
consistency, and human anatomy accuracy. In image-to-
video generation scenarios, we additionally incorporate the
image-video subject consistency metric. Furthermore, we
utilize the PAVRM score to quantify the proportion of qual-
ified samples across the entire test set.
Motion Smoothness. Following VBench, we evaluate mo-
tion fluidity using frame interpolation priors. Given a video

sequence [f0, f1, . . . , f2n], we remove odd-indexed frames
to create [f0, f2, . . . , f2n], then reconstruct the missing
frames [f̂1, f̂3, . . . , f̂2n−1] via interpolation. The normal-
ized MAE between reconstructed and original frames yields
a score in [0, 1], with higher values indicating smoother mo-
tion.
Dynamic Degree. To measure generation dynamism, we
adopt VBench’s approach using RAFT [17] to estimate
inter-frame optical flow. We compute the mean of the top
5% flow magnitudes as a static/dynamic threshold, with the
final score representing the proportion of non-static videos
generated.
Subject Consistency. We adopt VBench’s DINO-based [3]
metric to assess subject identity preservation across frames.
The consistency score is:

Ssubject =
1

T − 1

T∑
t=2

1

2
(⟨d1, dt⟩+ ⟨dt−1, dt⟩) , (A.2.3)

where di is the normalized DINO feature of frame i, and
⟨·, ·⟩ computes cosine similarity. This jointly measures con-
sistency with the first frame and temporal continuity.
Human Anatomy. We use the VBench metric that they
train three ViT-based [18] anomaly detectors for human
torso, hands, and faces. Training data includes ∼1K real
videos (YOLO-World [4] extracted patches as positives)
and ∼1K synthetic videos from CogVideo [7, 19] and Hun-
yuanVideo [11], plus HumanRefiner [5] negatives, totaling
∼150K annotated frames. The score is the percentage of
frames without detected anomalies.
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I2V Subject Consistency. We use the VBench++ [9] metric
to evaluate input image-to-video subject correspondence.
DINOv1 [3] features are extracted from the input image and
video frames. The final score combines weighted similari-
ties between the input image and each frame, plus inter-
frame similarities, addressing variations in how models han-
dle input images. PAVRM Score. To estimate the qualified
sample ratio across the test set, we adopt a randomized eval-
uation protocol. For each test sample, we randomly sam-
ple a timestep t from the interval [0, 1.0] and feed it to the
PAVRM model, which produces a binary prediction: 0 for
unqualified and 1 for qualified. The overall qualified ratio
serves as the PAVRM score metric.

Complete Prompt in Fig.?? Case 1. A woman in a flow-
ing white dress is dancing gracefully in a modern dance stu-
dio. Her movements are fluid and expressive, with arms
sweeping widely and legs moving in elegant, rhythmic pat-
terns. She has long wavy hair that flows freely with each
movement, catching the soft lighting from above. The back-
ground is a minimalist setup with black walls and a few ab-
stract paintings hanging on them. The camera follows her
from a medium shot, capturing her full body as she dances,
then moves to a close-up of her face, highlighting her joy-
ful expression and the sparkle in her eyes. The video has
smooth transitions and dynamic camera movements, includ-
ing tracking shots and slow-motion sequences to emphasize
her graceful movements.
Case 2. Four people are seated on an ornate rug in a room
with exposed brick walls. One man holds an acoustic gui-
tar. Instruments including a saxophone and harmonica rest
on the floor near them. The individuals have varying hair
colors and styles; one woman has long dreadlocks. They
wear casual clothing like t-shirts, jeans, and sneakers.

Table A2. Ablation study on training objectives. The models are
trained on Wan2.1 generated videos and evaluated on the held-out
test set. The metric is classification accuracy (%). Bold indicates
the best performance.

Loss [0, 0.2] (0.2, 0.4] (0.4, 0.6] (0.6, 0.8] (0.8, 1.0] Avg

BT 73.50 77.25 78.25 82.50 87.75 79.85
BCE 77.00 78.50 79.75 82.00 83.00 80.05

User Study. We ask each evaluator: For each question,
two options represent videos generated from the title text
using two different models. Select the option with the

Figure A1. A case of user study page.

higher overall quality (greater text-video consistency, more
natural motion, and no human deformities or physically im-
plausible elements). There are 100 questions in total.
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Table A3. Ablation study on the number of trainable DiT blocks.
The metric is classification accuracy (%). Bold indicates the best
performance.

Layer [0, 0.2] (0.2, 0.4] (0.4, 0.6] (0.6, 0.8] (0.8, 1.0] Avg

8 83.42 84.95 84.69 84.44 83.42 84.18
16 84.95 85.46 85.71 86.73 84.69 85.51
24 83.93 85.20 85.71 86.22 85.20 85.25
32 80.36 83.67 84.95 85.97 85.20 84.03
40 (Full) 79.85 81.12 84.95 85.46 84.95 83.27

The page is shown in Fig. A1.

A.3. More Experiments on Process-Aware
Video Reward Models

A.3.1. The Influence of Training Loss

To assess the robustness of our proposed method against
different optimization objectives, we compare the standard
binary cross-entropy (BCE) loss with the pairwise Bradley-
Terry (BT) loss [2]. Specifically, we construct preference
pairs (xwin, xlose) by randomly sampling a positive sample
(label 1) as xwin and a negative sample (label 0) as xlose.
As shown in Table A2, the average accuracy gap between
the two objectives is marginal (0.2%). Interestingly, we ob-
serve a trade-off across timesteps: BT loss performs bet-
ter in high-noise regions (t > 0.6), while BCE demon-
strates superior precision in the structure-forming and de-
tailing stages (t ≤ 0.6). Given that BCE achieves a slightly
higher overall average accuracy and eliminates the compu-
tational overhead of pair construction, we adopt BCE as our
default training objective.

A.3.2. The Influence of the Number of DiT Blocks

In our feasibility analysis, we observed that fixed DiT fea-
tures are effective. Here, we investigate the impact of model
depth when the DiT blocks are fully fine-tuned. We vary the
number of trainable DiT blocks (from the first 8 to the full
40 blocks) to determine the optimal capacity for the reward
task. The results in Table A3 reveal a non-monotonic trend,
contradicting a simple scaling law. The performance peaks
at 16 blocks (85.51%) and subsequently degrades as more
layers are added, with the full 40-block model performing
worse than the 8-block baseline. This suggests that the crit-
ical semantic information for assessing motion quality is
concentrated in the early-to-middle layers of the network.
Using the full generation backbone for the reward task is not
only computationally expensive but potentially leads to op-
timization difficulties or overfitting to high-frequency gen-
eration details rather than high-level quality. Consequently,
using the first 8 or 16 blocks offers the best trade-off be-
tween efficiency and accuracy.

A.3.3. Cross-Model Generalization

To evaluate the generalization capability of PAVRM, we ex-
tend our evaluation beyond the source domain. While our
reward model is initialized and trained solely on data gen-
erated by Wan2.1, we test its performance on samples from
two other state-of-the-art video generation models: Hun-
yuanVideo [11] and Veo3. The test sets for these models
share the same annotation format but specifically focus on
human structural deformities (e.g., limb distortions), a com-
mon challenge in video generation.

The results in Tab. A4 reveal two key insights regarding
transferability and timestep sensitivity:

Feasibility of Cross-Model Evaluation. First, PAVRM
demonstrates strong zero-shot transferability. Despite being
trained exclusively on Wan2.1 latents, it effectively identi-
fies quality degradation in HunyuanVideo and Veo3. This
suggests that the spatiotemporal features learned by the
backbone VGM are not strictly model-specific but encode
universal representations of motion and structure validity.

Inverted Generalization across Timesteps. We observe
a distinct behavior in performance distribution across dif-
fusion timesteps (t) between in-domain and out-of-domain
(OOD) settings:

• In-Domain (Wan2.1): The model achieves higher per-
formance in the middle and last trajectory (t ∈ [0.2, 1]).
This aligns with the intuition that intermediate states bal-
ance signal and noise, containing the most critical infor-
mation for motion formation.

• Out-of-Domain (Hunyuan/Veo3): Surprisingly, gener-
alization is stronger in high-noise regions (t → 1) com-
pared to the near-data regions (t → 0).

Analysis. We attribute this phenomenon to the nature of the
denoising process. In the late stages of generation (t → 0),
the latents are dominated by model-specific high-frequency
details and “fingerprints” (unique texture patterns or arti-
fact types inherent to the specific generator architecture). A
reward model trained on Wan2.1 overfits to these specific
patterns, leading to poor transfer when evaluating clean la-
tents from other models. Conversely, at high noise levels
(t → 1), the latent representation is dominated by Gaussian
noise and low-frequency structural layouts. The “finger-
prints” of the specific generative model are less pronounced,
while fundamental structural errors (such as severe human
deformities) remain detectable as gross geometric inconsis-
tencies. Consequently, the reward model relies on these uni-
versal structural cues rather than model-specific textures,
resulting in superior generalization in high-noise regimes.

5



Table A4. Dataset analysis on PAVRMs, the model is based on Wan2.1. The metric is average accuracy. Task is I2V and resoluition is
720P.

Train Set Test Set [0, 0.2] (0.2, 0.4] (0.4, 0.6] (0.6, 0.8] (0.8, 1.0] Avg

Veo3&HunyuanVideo Veo3&HunyuanVideo 77.00% 86.00% 89.00% 89.00% 87.00% 85.60%
Wan2.1 Veo3&HunyuanVideo 70.00% 72.00% 73.00% 76.00% 81.00% 74.40%

Table A5. Full VBench evaluation results (480P T2V).

Models Background Temporal Aesthetic Imaging Object Multiple Color
Consistency Flickering Quality Quality Class Objects

Wan2.1 97.79 98.85 68.95 64.87 80.38 63.19 76.93
+PRFL 97.64 99.01 68.60 64.55 97.15 84.38 91.32

Models Spatial Human Scene Appearance Temporal Overall Temporal
Relationship Action Style Style Consistency Style

Wan2.1 61.28 93.00 32.78 21.83 22.20 25.47 22.20
+PRFL 82.53 96.00 50.36 21.21 23.32 25.77 23.32

A.3.4. Comprehensive Evaluation on VBench and
VBench 2.0

Tables A5 and A6 present full per-dimension results on
VBench and VBench 2.0 respectively. Beyond motion and
artifact improvements, PRFL achieves notable gains in se-
mantic understanding (Scene +17.58) and spatial reason-
ing (Spatial Relationship +21.25) with minimal aesthetic
degradation.

A closer inspection reveals a consistent pattern: im-
provements are most pronounced in dimensions that require
high-level semantic or relational understanding, while low-
level perceptual metrics remain largely stable. On VBench,
PRFL yields substantial gains in Object Class (+16.77),
Multiple Objects (+21.19), Color (+14.39), and Human
Action (+3.00), whereas Background Consistency (−0.15)
and Aesthetic Quality (−0.35) show only marginal changes,
indicating that the reward signal steers the model toward se-
mantic fidelity without sacrificing visual naturalness.

On VBench 2.0, the gains are even more pronounced in
motion-related and compositional dimensions. Camera Mo-
tion improves by +38.89, Motion Rationality by +25.86,
and Motion Order Understanding by +27.27, demonstrat-
ing that process-level supervision effectively enhances the
model’s ability to reason about physical plausibility and
temporal causality. Composition (+17.08), Human Interac-
tion (+20.00), and Complex Plot (+9.28) further confirm
that PRFL strengthens the model’s understanding of struc-
tured, multi-element scenarios. Human Clothes achieves a
perfect score of 100.00. The only dimension that exhibits
a notable decline is Multi-view Consistency (−3.28), sug-
gesting a mild trade-off between dynamic expressiveness
and cross-view geometric coherence, which we leave for
future investigation.

A.3.5. Generalization to a Different Backbone:
Wan2.2

To verify that PRFL is not limited to a single architecture,
we apply it to Wan2.2, which adopts a Mixture-of-Experts
(MoE) design different from Wan2.1. As shown in Ta-
ble A7, PRFL consistently improves performance across
all evaluated dimensions, demonstrating the backbone-
agnostic nature of our framework.

Concretely, the average score increases from 85.34 to
90.96 (+5.62). The most significant gains are observed
in Dynamic Degree, which improves from 39.00 to 64.00
(+25.00) on the inner test set and from 76.39 to 84.72
(+8.33) on VBench, echoing the trend observed on Wan2.1.
Human Action similarly benefits, improving from 90.36 to
96.47 (+6.11) on the inner test set and from 76.13 to 89.81
(+13.68) on VBench 2.0. These results indicate that the
process reward signal captures generalizable quality crite-
ria that transfer across fundamentally different architectural
designs, and that the benefits of PRFL are not an artifact of
any specific model inductive bias.

A.3.6. Combination with Inference-Time Methods
We further examine whether PRFL is complementary to
inference-time alignment methods. Table A8 shows results
when combining PRFL with Diffusion Latent Beam Search
(DLBS) [15]. The two approaches improve different as-
pects: PRFL primarily boosts dynamic degree and subject
consistency during training, while DLBS contributes fur-
ther subject consistency gains at inference time, and their
combination achieves competitive overall performance.

Looking at the numbers more closely, PRFL alone
achieves the highest average score (92.52), outperforming
both DLBS alone (89.50) and the combined setting (91.44).
Notably, DLBS alone reduces Dynamic Degree below the
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Table A6. Full VBench 2.0 evaluation results (480P T2V).

Models Human Human Composition Diversity Mechanics Material Thermotics Multi-view Dynamic Spatial
Clothes Identity Consistency Relationship

Wan2.1 98.44 66.82 43.74 48.27 60.98 68.75 55.00 32.90 23.19
+PRFL 100.00 66.65 60.82 48.23 74.47 73.81 60.82 29.62 39.13

Models Dynamic Motion Order Human Complex Complex Camera Motion Instance
Attribute Understanding Interaction Landscape Plot Motion Rationality Preservation

Wan2.1 37.36 18.18 68.00 12.00 8.00 19.44 29.31 80.70
+PRFL 43.96 45.45 88.00 23.33 17.28 58.33 55.17 89.47

Table A7. Comparison based on Wan2.2 (480P T2V).

Method Inner Test Set VBench VBench2 Avg
MS DD SC HA PAVRM MS DD SC PAVRM HA PAVRM

Wan2.2 98.81 39.00 96.08 90.36 99.00 96.74 76.39 88.69 100.00 76.13 77.50 85.34
+PRFL 98.91 64.00 96.87 96.47 99.00 97.47 84.72 92.43 100.00 89.81 80.83 90.96

Table A8. Combined with DLBS [15] based on Wan2.1 (subset of
VBench, 480P T2V).

Method Motion Smoothness Dynamic Degree Subject Consistency Average

Wan2.1 98.31 80.00 93.37 90.56
+PRFL 98.37 85.00 94.19 92.52
+DLBS 98.36 75.00 95.13 89.50
+PRFL+DLBS 98.46 80.00 95.87 91.44

baseline (75.00 vs. 80.00), whereas PRFL alone pushes it to
85.00; when the two methods are combined, Dynamic De-
gree returns to the baseline level (80.00), suggesting a de-
gree of tension between DLBS’s beam search objective and
the dynamic diversity encouraged by PRFL. On the other
hand, Subject Consistency benefits from complementary
optimization: PRFL+DLBS attains the best score (95.87),
surpassing either method alone. These findings suggest that
PRFL and DLBS occupy partially overlapping but distinct
regions of the quality landscape, and that their combination
is most beneficial when the deployment priority is consis-
tency over dynamism.
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