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Supplementary Material

1. Analysis of Proxy-Tuning

To further understand the underlying mechanisms driving
the “weak-to-strong” generalization [I] phenomenon ob-
served in our Proxy-Tuning framework, we conduct a com-
prehensive feature-level analysis. Specifically, we hypoth-
esize that the phenomenon stems from the autoregressive
(AR) model’s inherent capacity to act as a statistical noise
filter during the next-token prediction process [6, 10].

Mechanistic Insights. In the proxy dataset generated by
the diffusion supervisor, the feature of the target subject
represents a consistent, high-frequency signal. Conversely,
the generative artifacts, distortions, or background incon-
sistencies introduced by the diffusion model are inherently
stochastic and exhibit high variance [5, 7]. When training
the AR model on this proxy data, these random artifacts
manifest as low-probability outliers within the discrete to-
ken space [2, 11]. Driven by the cross-entropy objective,
the AR model exhibits strong mode-seeking behavior [3, 9].
Instead of perfectly memorizing the noisy distribution, the
AR model assigns negligibly low probabilities to these in-
frequent artifact tokens, effectively truncating the distribu-
tion to favor the dominant mode, which corresponds to the
consistent subject identity [4].

Empirical Validation. To empirically validate this mecha-
nism, we perform a large-scale feature distribution analysis.
We generate 100 samples per subject using both the diffu-
sion supervisor and the fine-tuned AR student, subsequently
extracting and analyzing their feature deviations (as shown
in Figure 1). Our results reveal two critical findings:

* Variance Reduction: The feature representations of the
images generated by the proxy-tuned AR model exhibit
significantly lower variance compared to those from the
diffusion supervisor, demonstrating the AR model’s ef-
fectiveness in filtering stochastic noise [9, 13].

* Distribution Truncation: Histogram analysis of the fea-
ture deviations explicitly shows that the AR model suc-
cessfully truncates the “long-tail” outliers [4] that are
prevalently generated by the diffusion supervisor. By cut-
ting off these noisy tails, the AR model converges on a
much more consistent and faithful representation of the
subject’s identity.

These analytical results firmly validate that AR mod-
els leverage their structural priors [12] and discrete token
spaces [2] to actively filter the supervisor’s stochastic noise
rather than passively overfitting to it.

2. Generalization of Proxy-Tuning

Generalization to complex scenarios. While our primary
evaluations demonstrate the efficacy of Proxy-Tuning un-
der standard subject-driven generation protocols, real-world
applications often demand high fidelity under complex and
highly compositional textual conditions. To rigorously eval-
uate the robustness and generalization capabilities of our
method, we design an additional set of qualitative exper-
iments utilizing intricately detailed, open-ended prompts.
These prompts are specifically crafted to test the model’s
ability to maintain subject identity while simultaneously ad-
hering to complex attribute bindings, such as specific at-
tire, nuanced lighting, and detailed background contexts.
As illustrated in Figure 2, the AR student (Proxy-Tuning)
consistently synthesizes images that exhibit superior visual
alignment and fidelity compared to the diffusion supervi-
sor. Notably, the AR student achieves impressive prompt
adherence—accurately rendering dense environmental re-
quests while faithfully preserving the unique characteristics
of the customized subject. In contrast, the diffusion supervi-
sor frequently struggles with concept bleeding or loses pre-
cise subject identity when overwhelmed by dense textual
conditions.

Generalization to Superior Customization Methods. A
natural question arises regarding whether the Proxy-Tuning
framework can generalize to and benefit from superior
subject-driven customization methods specifically designed
for diffusion models. To investigate whether the weak-to-
strong generalization phenomenon persists when the super-
visor is already highly optimized, we employ AttnDream-
Booth [8] which is a leading attention-optimization method
to act the diffusion supervisor within our pipeline. As de-
tailed in Table 1, even when guided by a highly performant
teacher, the AR student continues to show significant im-
provements in subject fidelity. This consistent performance
gain, which mirrors our findings with large-scale models
like FLUX.1, confirms that the weak-to-strong generaliza-
tion phenomenon is a fundamental characteristic of the AR
proxy-tuning paradigm, robust even against powerful su-
pervisors. By operating as a black-box, model-agnostic
pipeline, our AR proxy-tuning paradigm strictly requires
only the synthesized image outputs from the supervisor. It
does not depend on shared attention mechanisms, gradient
matching, or architectural similarities between the teacher
and the student. This unique property not only facilitates the
current results but also ensures that AR models can seam-
lessly inherit and amplify future advancements in diffusion-
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(b) The histogram reveals that the AR model (Blue) successfully truncates the "long-tail" of
outliers and artifacts present in the Diffusion supervisor's distribution (Red), empirically
validating our hypothesis that AR models filter out stochastic noise via mode-seeking.

Figure 1. Empirical validation of the weak-to-strong generalization phenomenon via feature distribution analysis. (a) Feature
Consistency Comparison: The proxy-tuned AR student exhibits a significantly lower total feature variance (239.14) compared to the
diffusion supervisor (336.53), demonstrating superior subject consistency and effective filtering of generative noise. (b) Distribution of
Feature Deviations: A histogram of the L2 distances to the subject centroid reveals that the AR model actively truncates the “long-tail” of
outliers and stochastic artifacts prevalent in the supervisor’s distribution. This mode-seeking behavior enables the AR model to converge
on a more faithful and consistent representation of the target subject identity.
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Figure 2. Qualitative evaluation under complex, open-ended scenarios.

Table 1. Compatibility and performance with superior cus-
tomization supervisors.

CLIP-I CLIP-T DINO
AttnDreamBooth [8] 0.7938 0.32 0.6996
Ours 0.8267 0.29 0.7744

based customization without requiring architecture-specific
redesigns.

3. Details of User Study

To complement our quantitative metrics and provide a rig-
orous human perception-based evaluation, we conduct a

user study comparing four customization approaches: direct
subject tuning of the diffusion model (SDXL), direct subject
tuning of the AR model (Lumina-mGPT), Proxy-Tuning of
the diffusion model, and our proposed Proxy-Tuning of the
AR model. The study involves 27 participants, and the
evaluation protocol is systematically structured as follows.
Each participant is tasked with assessing images generated
by all four aforementioned methods. Within the evaluation
of each method, the assessment covers 3 distinct subjects.
Furthermore, each subject is evaluated under 3 different text
prompts, with 2 synthesized images presented per prompt.
During the survey, participants are provided with the refer-
ence image of the target subject and the specific text prompt,
alongside the corresponding generated images. They are



asked to grade the synthesized results on a standard 1-to-5
Likert scale (with 5 being the highest) based on three core
criteria: image quality (visual appeal and absence of arti-
facts), subject fidelity (how well the images preserve the
reference subject’s identity and characteristics), and prompt
fidelity (how well the images align with the given text con-
dition).
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