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Figure 1. Qualitative comparison on subject-driven image generation. Results are shown on the DreamBooth [6] test set under a three-
panel protocol. For each subject, two reference images sampled from a four-shot support set occupy the first two panels, and the third panel
is synthesized from a fully masked target canvas. We compare LoRA-only fine-tuning of ICEdit [11] with the same model modulated by
OPRO.

This supplementary material provides additional empir-
ical results, analyses, and implementation details that com-
plement the main manuscript. Section A evaluates OPRO
on subject-driven image generation in a three-panel setting.
Section B presents a RoPE-aligned block-diagonal parame-
terization and its formal derivation, and Section C provides
a detailed analysis of the zero-initialization strategy. Sec-
tion D analyzes the computational overhead of OPRO. Sec-
tion E presents additional qualitative results and examines
inference-time scalability. Section F reports ablation stud-
ies on instructional image editing, and Section G summa-
rizes the complete hyperparameter settings used in the ex-
periments.

A. Subject-Driven Image Generation with
OPRO

To assess the scalability of OPRO beyond the two-panel
setting in the main manuscript, we evaluate subject-driven
image generation in a three-panel layout leveraging the
DreamBooth [6] test dataset. For each subject, we con-
struct a four-shot support set and randomly sample two ref-
erence images to populate the first two panels. The third
panel serves as a fully masked target canvas. We adopt
ICEdit [11] as the base model and integrate OPRO as
a lightweight panel-relative adaptation module. This task
places a stronger emphasis on cross-panel subject consis-
tency because the target panel must be synthesized from
scratch while aggregating subject cues from multiple ref-

Table 1. Quantitative comparison on subject-driven image gen-
eration. Results are reported on a subset of DreamBooth using a
three-panel layout with two reference panels and one fully masked
target panel. OPRO consistently improves ICEdit on both DINO
and CLIP-I. Higher is better in all cases.

Method DINO (↑) CLIP-I (↑)

ICEdit [11] (LoRA-only) 0.5828 0.7376
ICEdit [11] + OPRO 0.6192 0.7724

erence panels. Optimization proceeds for 2,000 steps with
Adam [3] at a learning rate of 1× 10−4.

Table 1 shows that OPRO improves ICEdit on both
DINO and CLIP-I, with absolute gains of 0.0364 and
0.0348, respectively. Figure 1 further illustrates more faith-
ful preservation of subject appearance and more coherent
synthesis of the target panel than the LoRA-only baseline.

B. RoPE-Aligned Block-Diagonal Parameteri-
zation

This section complements Section 3.2 of the main
manuscript by detailing the relationship between OPRO
and orthogonal relative positional encodings [5, 8, 10]. As
briefly discussed in the main text, OPRO admits an addi-
tional compositional interpretation around the frozen po-
sitional operator. We first derive this general orthogonal-
relative form and then present a RoPE-aligned block-



diagonal specialization, which yields the panel-relative
phase-shift interpretation. This specialization is introduced
for analysis and intuition; the trainable parameterization
used in the main experiments is the low-rank Lie exponen-
tial parameterization in Section 3.3 of the main manuscript.

General orthogonal-relative form. For completeness,
the frozen position-aware vectors are expressed in matrix
form. Let qi, kj ∈ Rdh denote the content vectors before
the frozen positional transform, and let the backbone posi-
tional mechanism be represented by an orthogonal operator
R(x) ∈ SO(dh):

q̃i = R(xi)qi, k̃j = R(xj)kj .

Assume that R(x) satisfies the relative-position property

R(xi)
⊤R(xj) = R(xj − xi).

Applying OPRO gives

q̂i = Up(i)q̃i, k̂j = Up(j)k̃j ,

and therefore

⟨q̂i, k̂j⟩ = q⊤i R(xi)
⊤U⊤

p(i)Up(j)R(xj)kj .

This expression shows that OPRO preserves the frozen po-
sitional operator while inserting a learnable panel-relative
orthogonal factor U⊤

p(i)Up(j).

RoPE-aligned block-diagonal specialization. To obtain
a closed-form phase interpretation, we consider a stronger
specialization in which Up is restricted to the same block-
diagonal SO(2) basis as RoPE. Let dh be even and write

R(x) = diag
(
R(1)(θ1(x)), . . . , R

(dh/2)(θdh/2(x))
)
,

where each R(k)(θ) ∈ SO(2) is a 2×2 rotation. We param-
eterize

Up = diag
(
R(1)(ϕp,1), . . . , R

(dh/2)(ϕp,dh/2)
)
.

Because R(x) and Up are block-diagonal rotations acting
on the same two-dimensional channel pairs, they commute:

UpR(x) = R(x)Up.

Hence,

⟨q̂i, k̂j⟩ = q⊤i R(xi)
⊤U⊤

p(i)Up(j)R(xj)kj

= q⊤i R(xi)
⊤R(xj)U

⊤
p(i)Up(j)kj

= q⊤i R(xj − xi)U
⊤
p(i)Up(j)kj .

Moreover,

U⊤
p(i)Up(j) = diag

(
R(1)(ϕp(j),1 − ϕp(i),1), . . . ,

R(dh/2)(ϕp(j),dh/2 − ϕp(i),dh/2)
)
,

so the effective angle of the k-th block is

θk(xj − xi) + ϕp(j),k − ϕp(i),k.

Therefore, in this RoPE-aligned block-diagonal specializa-
tion, OPRO injects a learnable panel-relative phase offset
into each frequency block.

Validation on Compositional Reasoning Task Table 2
summarizes the performance of the block-diagonal param-
eterization implementation (OPRO-BD) applied to the two-
stage compositional reasoning task. With only a minimal
parameter overhead equal to the number of panels (P =
4, 9, 16), OPRO-BD demonstrates improvements for or-
thogonal positional encodings in the 3× 3 and 4× 4 panel
experiments.

C. Detailed Analysis of Zero Initialization
Strategy

In this section, we provide a detailed analysis of the zero-
initialization strategy. We first formally prove that our pa-
rameterization guarantees non-degenerate gradients.

Recall from Section 3.4 in manuscripts that for each
panel p we parameterize the orthogonal operator as

Up = exp(Ap), Ap = LpR
⊤
p −RpL

⊤
p ,

where Lp, Rp ∈ Rdh×r are learnable parameters and exp(·)
denotes the matrix exponential. We initialize

Lp = 0, Rp ∼ N (0, σ2),

so that Ap = 0 and Up = I at step 0. Thus the OPRO oper-
ator has no effect on the pre-trained model at initialization,
while still admitting a non-degenerate gradient, as we show
below.

Notation Let L be a scalar loss and define the Frobenius
inner product ⟨X,Y ⟩ = tr(X⊤Y ). Write

G := ∇UpL and G̃ := D exp∗Ap
[G],

where DexpAp
is the differential of the matrix exponential

at Ap and Dexp∗Ap
is its adjoint with respect to the Frobe-

nius inner product [1].

Proposition. 1 (Zero initialization identity mapping with
non-degenerate gradient). Let Up = exp(Ap) with

Ap = LpR
⊤
p −RpL

⊤
p .



Table 2. Effect of the block-diagonal implementation of OPRO on top of LoRA (r = 8). We report the accuracy (%) of LoRA+OPRO-BD
and the absolute change ∆ (percentage points) compared to the LoRA baseline from Tab. 1 of the main manuscript.

Panel 2× 2 Panel 3× 3 Panel 4× 4

Type +OPRO-BD ∆ +OPRO-BD ∆ +OPRO-BD ∆

APE 37.10 −0.90 23.60 −0.80 19.00 −0.50

RoPE[8] 45.80 −0.60 38.70 +2.50 32.50 +2.20

LieRE[5] 58.70 +0.60 36.20 +2.00 23.30 +0.40

ComRoPE[10] 57.90 −0.60 40.90 +3.10 29.80 +0.60

Then the gradients of L with respect to Lp and Rp are

∇Lp
L = (G̃− G̃⊤)Rp, ∇Rp

L = (G̃⊤ − G̃)Lp.

In particular, at zero initialization (Ap = 0 and Lp = 0),
we have Up = I and G̃ = G, so

∇Lp
L = (G−G⊤)Rp, ∇Rp

L = 0.

Thus, the operator is initially the identity, but optimization
starts immediately through Lp, while Rp remains fixed at
the first step.

Proof. By the chain rule and the expression for the differen-
tial of the matrix exponential [1], for any perturbation E we
have

dL = ⟨G,DexpAp
[dAp]⟩ = ⟨G̃, dAp⟩.

Differentiating Ap = LpR
⊤
p −RpL

⊤
p gives

dAp = dLp R
⊤
p + Lp dR

⊤
p − dRp L

⊤
p −Rp dL

⊤
p .

Substituting this into the inner product and applying the
identity ⟨X,Y Z⊤⟩ = ⟨XZ, Y ⟩, we expand ⟨G̃, dAp⟩:

⟨G̃, dAp⟩ =
〈
G̃, dLp R

⊤
p + Lp dR

⊤
p − dRp L

⊤
p −Rp dL

⊤
p

〉
=

〈
(G̃− G̃⊤)Rp, dLp

〉
+
〈
(G̃⊤ − G̃)Lp, dRp

〉
.

By the definition of the gradient with respect to the Frobe-
nius inner product, this implies

∇Lp
L = (G̃− G̃⊤)Rp, ∇Rp

L = (G̃⊤ − G̃)Lp.

Under zero initialization Ap = 0, the Jacobian of the expo-
nential map is the identity, therefore G̃ = G. With Lp = 0,
the gradients simplify to:

∇Lp
L = (G−G⊤)Rp, ∇Rp

L = 0,

□

D. Computational Cost Analysis

We analyze the computational overhead of OPRO when
integrated with FluxFill [2]. OPRO introduces additional
orthogonal transformations within the attention layers.
Specifically, at each step and layer, OPRO performs two
128×128 matrix-vector rotations, corresponding to queries
and keys, across all tokens. The additional floating-point op-
erations (∆FLOPs) can be approximated as

∆FLOPs ≈ Npanel ·Nhead · d2h ·Ntokens ·Nlayers ·Nsteps, (1)

where Ntokens denotes the number of tokens per panel.
Substituting the configuration parameters detailed in Sec-
tion 4.2 of the main manuscript (Npanel = 2, Nhead = 24,
dh = 128, Ntokens = 4,096, Nlayers = 57, Nsteps = 28),
the total additional computation amounts to approximately
10.3 TFLOPs. Furthermore, the cost of computing the ma-
trix exponential is negligible (approximately 6.7 GFLOPs).
Given the substantial computational budget of diffusion
transformers, this theoretical overhead remains marginal.

E. Qualitative Results and Inference-Time
Scalability

We present additional qualitative results generated by
ICEdit [11] equipped with OPRO. Figure 2 demonstrates
the versatility of OPRO across multiple instructional edit-
ing tasks. The provided examples illustrate the capability of
the model to execute precise modifications, including object
replacement, attribute alteration, text rendering, and global
style transfer, while preserving the content of the original
image.

Furthermore, Figure 3 details the inference-time scala-
bility of OPRO by demonstrating compositional generation
with multi-reference inputs. Specifically, we apply a model
trained on a fixed two-panel layout to a three-panel config-
uration comprising two reference images. We enable this
multi-reference inference by reusing the OPRO learned for
the single-reference panel across both references, while ap-
plying the target operator to the generation panel. By as-
signing images to panels that share identical functional roles



Original Image Edit clothes Modify color Change hair style Render text Transfer style

… edit clothes into
blue cardigan layered

with white shirt.

… modify color of the
knit sweater into blue.

… modify her hairstyle
into glam blonde.

… render text “OPRO”
on her sweater

… transfer the image
into sketch-like photo

… edit clothes into
blue cardigan layered

with white shirt.

… modify color of the
knit sweater into blue.

… modify her hairstyle
into glam blonde.

… render text “OPRO”
on her sweater

… transfer the image
into sketch-like photo

… edit clothes into
blue cardigan layered

with white shirt.

… modify color of the
hoodie into pink.

… modify his hairstyle
into straightened blck.

… render text “OPRO”
on his hoodie

… transfer the image
into sketch-like photo

Figure 2. Qualitative results on diverse instructional editing tasks. We demonstrate the versatility of OPRO across a broad spectrum of
editing categories. The examples illustrate the model’s capability to precisely follow instructions for object replacement, attribute modifi-
cation, text rendering, and global style transfer, all while maintaining high fidelity to the original image content.

Table 3. Ablation Studies on MagicBrush. The table validates the
design principles of OPRO on the ICEdit baseline (r=16). Rela-
tive to OPRO, breaking isometry (APB) or same-panel invariance
(Asym-OPRO) reduces performance. Removing zero initialization
preserves spatial alignment but lowers semantic consistency, as re-
flected by CLIP-I and DINO.

Method Isometry SP-Inv L1 ↓ CLIP-I ↑ DINO ↑
LoRA (Baseline) - - 0.1189 0.8703 0.7706

+ APB No No 0.0966 0.8893 0.8196
+ Asym-OPRO Yes No 0.0988 0.8880 0.8151
+ OPRO (w/o Zero Init) Yes Yes 0.0780 0.8989 0.8510

+ OPRO (Ours) Yes Yes 0.0781 0.9002 0.8531

during inference, we achieve multi-reference compositional
generation without requiring retraining.

F. Ablation Studies on Instructional Image
Editing

Table 3 extends the ablation studies of the main manuscript
to the MagicBrush dataset. Consistent with the results of
the compositional reasoning task, violating isometry (APB)
or same-panel invariance (Asym-OPRO) degrades perfor-
mance across all metrics. Furthermore, omitting zero ini-
tialization (+ OPRO w/o Zero Init) achieves a spatial align-
ment error (L1) comparable to that of the proposed OPRO,
yet yields lower semantic consistency scores (CLIP-I and
DINO) than the proposed method. This semantic degrada-
tion aligns with the accuracy drop observed in the main
manuscript, demonstrating that an identity mapping initial-
ization is essential to preserve the visual priors of the pre-
trained model.

G. Complete Hyperparameter Settings

We provide detailed hyperparameter configurations used in
our experiments. Tab. 4 summarizes the training settings for



High-quality artistic illustration showing the black dog from Panel A 
rendered in the expressive painting style of Panel B (Vincent van Gogh’s 
The Starry Night). Maintain the dog’s facial proportions, ear shape, fur 

silhouette, and overall posture exactly as in Panel A.
Apply Van Gogh’s signature swirling brushstrokes, textured impasto 

patterns, and vibrant blue–yellow nighttime palette consistently across 
the entire scene.

Reconstruct the background using the dynamic sky motifs, circular star 
patterns, and flowing motion cues from Panel B while keeping the dog as 

the central subject with clear definition.
Render the entire query panel with thick painterly strokes, rich color 

layering, rhythmic texture, and stylized highlights, while keeping both 
context panels unchanged.

High-quality 3D-cartoon illustration showing the woman from Panel A 
transformed into the stylized animated aesthetic of Panel B.

Maintain the woman’s body proportions, trench coat silhouette, handbag, 
sunglasses shape, and walking posture.

Translate her facial features into the expressive cartoon style: smooth 
contours, larger stylized eyes, simplified nose and lips, and clean character 

shading, while retaining her recognizable identity.
Reconstruct the urban street environment using the bright, friendly, 

rounded architectural style seen in Panel B, with soft lighting, warm color 
palettes, and simplified background geometry.

Render the entire query panel with smooth gradients, clean outlines, soft 
ambient occlusion, and consistent 3D-animation lighting, while keeping 

both context panels unchanged.

Figure 3. Qualitative examples of multi-reference compositional generation. We demonstrate the capability to integrate attributes from
multiple context panels. The model synthesizes a new image by combining the style from the first panel and the object from the second
panel. Note that this compositional ability emerges without explicit training on multi-reference layouts.

the instructional image editing baselines. Tab. 5 presents the
optimization details for the two-stage compositional reason-
ing task.
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Table 4. Hyperparameters for instructional image editing baselines. All models are trained for 5,000 steps using the AdamW optimizer
(weight decay 0.01, learning rate 1 × 10−4) with a batch size of 8. We use bfloat16 precision and a constant learning rate schedule. Note
that InsertAnything uses FluxPriorRedux for reference-image conditioning, while UNO adopts an in-context approach. We adapt OPRO in
each self-attention layer.

Method Base Model Pos. Encoding LoRA Target Modules LoRA Rank (r) OPRO Rank (ρ)

ICEdit [11] FluxFill Dev Global-canvas Attention (q,k,v,out) 16 32
ACE++ [4] FluxFill Dev Global-canvas Attn + MLP + Modulation 16 32
InsertAnything [7] FluxFill Dev (+Redux) Global-canvas Attention Projections (q,k,v,out) 16 32
UNO [9] Flux Dev Per-panel Attention Projections + MLP 256 32

Table 5. Detailed hyperparameters for two-stage compositional reasoning.

Hyperparameter Stage 1 (Pre-training) Stage 2 (Fine-tuning)

Optimization Adam (β1 = 0.9, β2 = 0.999) Adam (β1 = 0.9, β2 = 0.999)
Batch Size 256 256
Learning Rate 1× 10−3 (Warmup+Cosine) 5× 10−4 (Constant)
Weight Decay 0.05 0.05
Training Steps 50k 2k

Architecture / Adapter
Patch Size 16× 16 16× 16
Positional Encoding Learnable (APE/RoPE etc.) Frozen
Adapter Rank - LoRA r = 8 / OPRO ρ = (2, 4, 8)

context generation in large scale diffusion transformer. arXiv
preprint arXiv:2504.20690, 2025. 1, 3, 6
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