
Supplementary Material for
Semantic Context Matters: Improving Conditioning for Autoregressive Models

1. More Discussion
Decoding-stage Injection vs. Prefilling-stage condition.
Conditioning strategies for autoregressive (AR) models fall
into two categories: decoding-stage injection and prefilling-
stage conditioning. We argue that the latter provides a more
suitable conditioning mechanism for instruction editing and
controllable generation, while remaining naturally compat-
ible with both next-token and next-set AR paradigms.

For controllable generation, decoding-stage methods [5,
8, 19, 21] like ControlAR [5] and CAR [21] inject con-
trol signals into intermediate layers, enabling fine-grained
spatial alignment. However, this tight coupling often leads
to training instability and overfitting to local structures, re-
sulting in blurry textures and reduced realism. In con-
trast, prefilling-based methods such as EditAR [10] and
our SCAR prepend control features as conditioning to-
kens before decoding. Though offering slightly weaker
pixel-level control, this design leads to sharper, more nat-
ural outputs and better generalization across control types.
More importantly, for instruction editing, decoding-stage
injection fails to align generation with high-level seman-
tics, often producing overconstrained or inconsistent re-
sults. It also conflicts with unified multimodal models
(UMM) [1, 2, 6, 7, 9, 12, 15, 18], as spatial injection dis-
rupts the shared AR generation. Prefilling-stage condition-
ing avoids this issue, integrates cleanly with UMM, and bet-
ter preserves semantic intent during generation.
Semantic Prefix vs. VQ Prefix. Table 7 reports the quan-
titative comparison between semantically aligned DINO to-
kens and standard VQ tokens under two compression set-
tings (k2=1× and 4×) on MultiGen-20M [14]. Across both
settings, DINO tokens consistently outperform VQ tokens,
underscoring the effectiveness of our semantic prefix for
autoregressive editing. Without the compression (1× com-
pression) setting, DINO tokens improve SSIM by +1.96 and
reduce FID by 0.91, indicating better perceptual quality and
semantic coherence. Under the 4× compression setting, the
improvement becomes even more pronounced: SSIM in-
creases by +3.21, and FID drops by 2.83. These results
demonstrate that our method not only improves generation
quality in standard setups but also maintains strong perfor-
mance under token compression.

Table 7. Comparison between the semantical DINO token and
the VQ token under different compression ratios. All models are
trained for 1 epoch. Values in parentheses indicate relative im-
provement over VQ tokens.

Prefix Condition Compress
Ratio k2

HED
FID↓ SSIM↑

VQ token 1× 10.20 79.99
DINO token 1× 9.29 (-0.91) 81.95 (+1.96)

VQ token 4× 12.26 78.55
DINO token 4× 9.43 (-2.83) 81.76 (+3.21)

Discussion on Semantic Alignment. Recent work in-
creasingly suggests that enforcing semantic representation
alignment can lead to more effective learning in genera-
tive models. In diffusion models, REPA [22] aligns in-
ternal features with pretrained semantic encoders to sta-
bilize training and improve generation. REG [17] takes
a different path by injecting discriminative semantics di-
rectly via spatial concatenation with a class token, improv-
ing quality and convergence with minimal overhead. VA-
VAE [20] enhances latent interpretability via representa-
tion alignment in VAEs. MaskDiT [23] enforces seman-
tic consistency through masked reconstruction or auxiliary
decoders. Multi-stage methods [4, 13] leverage pretrained
representations as intermediate maps, while USP [3] aligns
masked latents in a shared VAE space to unify generation
and understanding.

While these strategies have shown strong results in
diffusion-based models, extending semantic alignment to
autoregressive (AR) frameworks for editing presents unique
challenges. EditAR [10] attempts this by distilling supervi-
sion from DINO features onto the hidden states of generated
VQ tokens. However, as this supervision is applied post-
generation, it lacks explicit semantic flow during decoding.

In contrast, SCAR aligns semantic features at the pre-
filling stage, by matching conditional representations from
the source image with a pretrained visual space (e.g.,
DINO [11]) before decoding begins. This design fits nat-
urally with the AR model’s causal structure, introduc-
ing dense supervision without interfering with token-level
predictions. As a result, the model internalizes the se-
mantic correspondence early and propagates it consistently
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Figure 8. Additional visualizations on Semantic Alignment Guid-
ance Lalign in Equation (8).

throughout generation. Compared to global alignment
strategies in diffusion or post-hoc distillation in EditAR,
SCAR provides a more direct and effective mechanism for
integrating conditional guidance, especially in instruction-
based editing where semantic consistency across text, con-
dition, and output is critical.

2. More Visualization

2.1. About Semantic Alignment Guidance

As shown in Figure 8, without Semantic Alignment Guid-
ance, the model may sometimes produce incomplete or am-
biguous edits. Semantic Alignment Guidance mitigates this
by strengthening the correspondence between input condi-
tions and target semantics. In the apple relocation example
(top row), both the w/o Lalign and δ=0.3 results retain ta-
ble textures, indicating insufficient background change. In
contrast, δ=0.5 successfully introduces grass while preserv-
ing the foreground. However, δ=1.0 causes a global green
tint, suggesting semantic leakage. In the background edit-
ing task (middle row), δ=1.0 enhances the rainy effect but
removes fine details such as leaves, while δ=0.5 better bal-
ances visual accuracy and structure. For stylization (bot-
tom row), larger δ values improve the watercolor effect, but
δ=1.0 leads to facial distortion and oversaturation.

Overall, moderate alignment strength improves consis-
tency and visual quality, whereas excessive supervision may
cause artifacts or semantic drift.

2.2. Instruction Editing

As shown in Figure 9, we present additional visualizations
for instruction editing, further demonstrating the effective-
ness of our proposed SCAR.

2.3. Controllable Generation
C2I Controllable Generation by SCAR-Uni. In C2I Con-
trollable Generation, we focus on the results of SCAR-Uni,
a unified method that supports diverse control conditions
using the same model. As shown in Figure 10, SCAR-
Uni generates high-quality images while maintaining strong
controllability across diverse input types.
T2I Controllable Generation. Figure 11 presents addi-
tional visualizations for T2I controllable generation. The
results further demonstrate the strong performance and gen-
eralization ability of our proposed SCAR.
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Figure 9. Additional visualizations of instruction editing results. SCAR (Ours) produces more faithful and semantically consistent edits
than ControlAR [5] and EditAR [10], with all methods using the same LlamaGen-XL [16]. All visualizations are generated at a resolution
of 512×512.
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Figure 10. Additional visualizations of C2I Controllable Generation by SCAR-Uni based on LlamaGen-L. We adopt five different control
conditions: Canny, Depth, HED, Normal, and Sketch. All visualizations are generated at a resolution of 256×256.
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Figure 11. Additional visualizations of T2I Controllable Generation by SCAR based on LlamaGen-XL. To demonstrate the controllability
and generalization ability of our SCAR, we present results under four control conditions: Canny, Depth, HED, and Lineart. All images are
generated at a resolution of 512×512.
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