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Abstract001

Reference-conditioned image generation in-002
creasingly relies on visual histories that rarely003
speak with one voice: one example pins the004
subject, another fixes a layout, a third only sug-005
gests a palette. Current image-conditioned dif-006
fusion methods encode these references once,007
average them into a single vector, and inject008
it at every denoising step, so conflicting cues009
collide and the output is faithful to none. We010
propose the Hierarchical Temporal Guidance011
Framework (HTGF), a training-free pipeline012
that reframes multi-reference conditioning as013
a temporal routing problem. A semantic de-014
composer reads each reference and emits a soft015
routing distribution over three axes (Subject,016
Structure, Detail), and a closed-form SNR-017
sensitivity argument places each axis in the de-018
noising window where it has the most lever-019
age. A short manifold-aware corrector then020
smooths the trajectory at the stage boundaries021
where the active condition changes. HTGF022
adds no training and no architectural change023
to the diffusion backbone. On three datasets it024
outperforms strong VLM- and diffusion-based025
baselines, gaining +11.7 CIS over LaVIT on026
Movie Poster and FID 38.87 vs. 50.12 for the027
best baseline under noisy histories, and de-028
grading gracefully down to the zero-reference029
limit.030

1 Introduction031

Modern image generation increasingly leans on vi-032

sual references. A designer iterates against a mood033

board; a personalized model conditions on a user’s034

interaction history; a multi-modal interface stitches035

together prompts of mixed text and images. In each036

of these settings the user supplies several reference037

images, and in each of them those references rarely038

speak with one voice: one example pins the sub-039

ject, another suggests a layout, a third only fixes a040

palette, and a fourth may be incidental. The domi-041

nant practice in image-conditioned diffusion is to042

ignore this disagreement entirely. References are 043

encoded once, the embeddings are summed or av- 044

eraged, and the resulting static vector is injected 045

at every denoising step (Ye et al., 2023; Jin et al., 046

2024; Xu et al., 2025a). The compromise is de- 047

structive: a layout cue from one reference fights a 048

texture cue from another and the output is faithful 049

to neither; a single stylistic outlier drags the entire 050

generation off-prompt. 051

The natural diagnosis is that two kinds of struc- 052

ture are being thrown away at once. References are 053

not interchangeable: some are most informative 054

about what the image depicts, others about where 055

things are arranged, others about how surfaces look. 056

And denoising is not a stationary function but a 057

trajectory that lays down coarse semantics under 058

high noise, then layout, then surface detail. The 059

harder problem, and the one this paper addresses, 060

is that these two structures cannot be exploited in 061

isolation. A vision-language model can decompose 062

references into semantic axes, but decomposition 063

without temporal placement still merges every axis 064

at every step. A hierarchical sampler can stage the 065

denoising schedule, but staging without decompo- 066

sition has nothing to route. Each half on its own 067

collapses back into flat fusion. The two structures 068

are coupled, and the open question is what couples 069

them: what tells you that this reference, scored on 070

this axis, belongs in this denoising window. With- 071

out a principled answer, the schedule reduces to 072

another tuned hyperparameter that has to be re- 073

discovered on every dataset. 074

This paper develops a principled answer. We ob- 075

serve that an image-conditioning vector’s influence 076

on the predicted clean image follows in closed form 077

from the denoiser’s noise level: under the standard 078

Tweedie formulation (§3.3, Proposition 1), high- 079

noise steps have globally amplified leverage and 080

low-noise steps have only local leverage. This is 081

not a heuristic schedule; it is a property of the de- 082

noiser itself, and it locks each semantic axis to 083
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a specific denoising window, placing Subject in084

the high-noise regime and Detail in the low-noise085

regime, with no tuned schedule in between. A se-086

mantic decomposer scores each reference along the087

three axes, a soft routing distribution then routes088

each reference, and the SNR-derived window sup-089

plies the placement. The remaining failure mode090

is mechanical: stage-aligned injection introduces091

discontinuities at the boundaries between windows,092

which is precisely the regime where any scheduling-093

based approach breaks. A short manifold-aware094

corrector, guided on the Tweedie-estimated clean095

image rather than the noisy latent, smooths those096

discontinuities. The resulting pipeline, HTGF, adds097

no training and no architectural change to the dif-098

fusion backbone.099

What follows from taking this trajectory struc-100

ture seriously goes beyond the headline numbers.101

The routing distribution is well-defined for any102

number of references, so the system degrades grace-103

fully as the reference set shrinks, down to the zero-104

reference limit (§4.6). The schedule rests on a105

smooth sensitivity, so performance is insensitive to106

the exact phase boundaries across a wide window107

(§4.5). And because the decomposition is filtered108

by a confidence threshold before any reference is109

allowed to contribute, the framework stays stable110

on noisy reference sets where flat-fusion baselines111

collapse.112

Contributions.113

• We identify multi-reference diffusion condi-114

tioning as a coupled problem of semantic de-115

composition and temporal placement: decom-116

position without placement reverts to flat fu-117

sion, placement without decomposition has118

nothing to route. Prior work addresses at most119

one side.120

• We show that the placement is not a free hyper-121

parameter. A closed-form Tweedie-sensitivity122

argument (Proposition 1) locks each semantic123

axis to a specific denoising window, removing124

the schedule from the list of tuned knobs. A125

manifold-aware corrector absorbs the trajec-126

tory discontinuities that emerge from stage-127

aligned injection, the principal failure mode128

of any scheduling-based approach.129

• HTGF, the training-free instantiation of this130

principle, achieves +11.7 CIS over LaVIT on131

Movie Poster, FID 38.87 vs. 50.12 for the best132

baseline under noisy histories, and graceful 133

degradation in the cold-start limit. 134

2 Related Work 135

2.1 Multi-Reference and Personalized Image 136

Generation 137

Personalized image generation has progressed from 138

per-concept optimization (Gal et al., 2023; Ruiz 139

et al., 2023; Kumari et al., 2023) to tuning-free 140

encoder-based architectures that inject identity 141

through decoupled cross-attention or stacked em- 142

beddings (Ye et al., 2023; Li et al., 2024; Shi 143

et al., 2024), ID landmarks (Wang et al., 2024; 144

Parihar et al., 2024), or layout guidance (Wang 145

et al., 2025). Multi-subject extensions push the 146

same recipe to several explicit references (He et al., 147

2024; Tewel et al., 2024; Chen et al., 2025; Lin 148

et al., 2026a). MLLM-conditioned encoders such 149

as EasyRef (Zong et al., 2025), OmniGen (Xiao 150

et al., 2025), and LaVIT (Jin et al., 2024) accept 151

arbitrary reference groups but treat them as a flat 152

token sequence, while Pigeon (Xu et al., 2025a), 153

DRC (Xu et al., 2025b), and PMG (Shen et al., 154

2024) filter or disentangle these signals before fu- 155

sion. Across this line of work, the conditioning 156

vector is constructed once and reused at every de- 157

noising step—precisely the assumption HTGF re- 158

moves. We do not assume a clean reference set: the 159

inputs are heterogeneous, individually noisy, and 160

routinely disagree on subject, layout, or texture. 161

2.2 Language-Driven Control and Retrieval 162

for Image Generation 163

A growing line of work places a language model in 164

the loop of image generation. Instruct-Imagen (Hu 165

et al., 2024) and unified multimodal LLMs (Koh 166

et al., 2023; Jin et al., 2024) consume mixed text– 167

image instructions; MLLM-guided editing (Fu 168

et al., 2024) routes edit operations through a plan- 169

ner. Closer to our setting, TAME (Hong et al., 170

2026) uses a state-aware MLLM as a personaliza- 171

tion assistant, while FuseAgent (Lin et al., 2026b), 172

AgenticRetoucher (Shen et al., 2026), and Per- 173

Touch (Chang et al., 2026) use VLMs to perceive 174

image-level cues and plan inference-time interven- 175

tions. A parallel branch is retrieval-augmented 176

image generation: FineRAG (Yuan et al., 2025) 177

retrieves fine-grained image fragments at genera- 178

tion time, and ImageRAG (Shalev-Arkushin et al., 179

2025) retrieves reference images dynamically per 180

prompt. These two strands share an emphasis on 181
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Figure 1: Overall architecture of HTGF. Phase 0 prepares the target prompt and retrieved reference images.
Phase 1 (Semantic Decomposition) uses a VL agent to score each reference along Subject, Structure, and Detail
and to emit a (role, weight, stage) policy. Phase 2 (Hierarchical Generation) executes the denoising trajectory
with stage-aligned injection: Conceptual features anchor global semantics at high noise, Structural guidance shapes
layout at mid-noise, and Detail refinement enriches local texture at low noise. A manifold-aware corrector smooths
the trajectory across stage transitions.

which signals to bring into generation—which im-182

ages to retrieve, which operation to plan, which183

assistant turn to fire—and then hand the resulting184

tokens or actions to a standard generation path.185

HTGF operates on an orthogonal axis: given a186

candidate set of references, it decides when along187

the denoising trajectory each one should act, and188

is therefore composable with any of the above as189

front ends.190

2.3 Diffusion-Side Mechanisms: Hierarchy,191

On-Manifold Sampling, and Preference192

Alignment193

A different family of works modifies the diffusion194

process itself. Semantic-First Diffusion (Pan et al.,195

2025) asynchronously denoises semantic and tex-196

ture latents to improve convergence; Hierarchical197

Koopman Diffusion (Bai et al., 2025a) separates198

coarse and fine spectral components in a lifted199

linear space; Hierarchical Diffusion LMs (Zhou200

et al., 2025) predict next-scale semantics; Attribute201

Diffusion (Parihar et al., 2025) performs coarse-202

to-fine attribute editing. None of these methods203

map heterogeneous external references onto the204

schedule; they reorganize the internal latents. On205

the trajectory-correction side, TAG (Park et al.,206

2025), DIAMOND (Polowczyk et al., 2026), and207

MCLC (Lee et al., 2026) show that guiding on208

the Tweedie-estimated clean image rather than209

the noisy latent yields semantically meaningful210

updates; we adopt this principle to absorb the211

discrete condition switches introduced by stage-212

aligned injection. Finally, Diffusion-DPO (Wallace213

et al., 2024), following the original DPO formu- 214

lation (Rafailov et al., 2023), fine-tunes the back- 215

bone on preference pairs so that the model prefers 216

certain outputs over others. This is training-time 217

alignment at the level of which images a backbone 218

produces; HTGF is training-free and inference- 219

time, operating at the level of how a candidate 220

reference set is decomposed and injected. The two 221

are orthogonal—a DPO-tuned backbone could be 222

slotted into HTGF’s generation phase, and HTGF’s 223

per-reference filtering could feed an offline pref- 224

erence loop—and we keep the explicit empirical 225

comparison for follow-up work (cf. Limitations). 226

3 Methodology 227

Figure 1 gives an overview. After a retrieval 228

module supplies candidate references R = 229

{r1, . . . , rn} for a target prompt P (§3.1), a vision- 230

language agent emits a per-reference control pol- 231

icy {(πj , wj)} (§3.2). A latent diffusion model 232

then executes a denoising trajectory in which ref- 233

erences are injected in stage-matched windows de- 234

rived from a first-principle sensitivity argument 235

(§3.3), and a Tweedie-based corrector smooths the 236

trajectory at stage boundaries (§3.4). 237

3.1 Preliminaries 238

Problem. Given a textual prompt P and a re- 239

trieved reference set R = {r1, . . . , rn} reflecting 240

a user’s prior visual interactions, we synthesize an 241

image x0 that satisfies the prompt and is consistent 242

with the references. Direct fusion ofR is ill-posed 243

because references may agree on subject while dis- 244
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agreeing on layout or texture.245

Latent diffusion. We build on Latent Diffusion246

Models (LDMs). An encoder E maps an image to247

a latent z0 = E(x); the forward process corrupts248

z0 as zt =
√
ᾱtz0 +

√
1− ᾱtε, ε ∼ N (0, I). A249

learned εθ(zt, t, c) reverses this process under con-250

dition c. We turn the condition itself into a function251

of t: ct varies across the denoising trajectory to re-252

solve conflicts inR.253

3.2 VLM as Agentic Decomposer254

Rather than treat the VLM as a flat similarity scorer,255

we cast it as an agent that produces a structured256

control policy for the downstream generator. Given257

a reference rj and a core target concept rcore (de-258

rived from the user’s high-frequency interactions259

or session intent), the agent emits a per-axis score260

vector and an intensity:261

(Sj , wj) = AVLM(rj , rcore, P),262

where Sj = [Ssub, Sstr, Sdet] ∈ [0, 1]3 is the score263

along three semantic axes (Subject, Structure, De-264

tail) and wj ∈ [0, wmax] controls overall influence.265

The routing distribution πj over the three stages266

is derived from Sj below; the hard role Kj is its267

argmax.268

Three-axis decomposition. The roles corre-269

spond to the inductive bias of image formation:270

• Subject (Ssub): global atmosphere, color271

palette, artistic style.272

• Structure (Sstr): geometric layout, composi-273

tion, spatial arrangement.274

• Detail (Sdet): high-frequency information,275

textures, local patterns.276

The agent emits a score vector Sj =277

[Ssub, Sstr, Sdet]. We derive two quantities278

from Sj : a per-stage routing distribution πj ∈ ∆2279

that decides when the reference contributes, and a280

scalar intensity wj that decides how strongly:281

πj = softmax(β Sj), wj = φ(max(Sj)),
(1)282

with the thresholded linear mapping283

φ(s) =

{
wmin + s−τ

1−τ (wmax − wmin), s > τ,

0, otherwise.
(2)284

β ∈ [0,∞) is a routing temperature; τ is a confi- 285

dence threshold; both are configuration choices, not 286

learned. The threshold τ functions as a language- 287

grounded filter: a reference whose maximum as- 288

pect score falls below τ haswj = 0 and contributes 289

nothing. We empirically verify in §4 that this filter 290

is what gives HTGF its robustness to noisy histo- 291

ries: removing it (Table 3, row w/o (a)) collapses 292

CIS from 40.6 to 28.2. 293

Argmax as a temperature limit. Hard role as- 294

signment Kj = argmax(Sj) is the β → ∞ limit 295

of Eq. 1; the main tables use this limit and the 296

soft-routing panels (§4.4–§4.6) use β = 4. 297

3.3 Hierarchical Multi-Image Guidance 298

(HMIG) 299

The VLM agent produces what kind of signal each 300

reference carries (via πj). We now address when 301

during denoising it is applied. We partition the 302

schedule into three windows 303

• Stage 0 (Conceptual, t ∈ [T1, T ]): s(t) = 0 304

• Stage 1 (Structural, t ∈ [T2, T1]): s(t) = 1 305

• Stage 2 (Refinement, t ∈ [0, T2]): s(t) = 2 306

At step t in stage s(t), each reference rj contributes 307

with effective weight wj · πj [s(t)], giving the time- 308

aware condition embedding 309

Et =

n∑
j=1

wj ·πj [s(t)]·Proj(Enc(rj))+(1−λt) Enctxt(P).

(3) 310

Et is consumed by the U-Net via cross-attention. 311

When β → ∞, πj [s(t)] becomes the indicator 312

1[Kj = s(t)] and Eq. 3 reduces to the hard sched- 313

ule under which the main tables were measured. 314

First-principle justification. The stage assign- 315

ment is not heuristic. We can characterize how 316

strongly an image conditioning vector influences 317

the predicted clean image x̂0,t at each step. 318

Proposition 1 (SNR-aligned sensitivity). Let 319

x̂0,t = (zt −
√

1− ᾱtεθ(zt, t, cond))/
√
ᾱt be the 320

Tweedie estimate of the clean image at step t. Then 321

322
∂x̂0,t

∂eimg
∝ −

√
1− ᾱt√
ᾱt

∂εθ
∂eimg

, (4) 323

and the scaling factor
√

(1− ᾱt)/ᾱt is monotoni- 324

cally decreasing in SNR(t) = ᾱt/(1− ᾱt). 325
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Algorithm 1 HTGF: Decomposition + HMIG +
Manifold Correction
Input: PromptP , refsR = {rj}nj=1, UNet εθ, VL

agent AVLM, boundaries T1, T2.
Output: Image x0.

1: zT ∼ N (0, I); x̂anchor ← ∅
2: {Phase 1: Decompose}
3: for rj ∈ R do
4: Sj ← AVLM(rj , rcore,P)
5: πj ← softmax(β Sj); wj ← φ(maxSj)
6: end for
7: {Phase 2: Hierarchical generation}
8: for t = T, . . . , 1 do
9: s← s(t) ∈ {0, 1, 2} {stage window of t}

10: Et ← Enctxt(P)
11: for rj ∈ R do
12: Et += wj · πj [s] · Proj(Enc(rj))
13: end for
14: εt ← εθ(zt, t,Et)
15: x̂0,t ← (zt −

√
1− ᾱtεt)/

√
ᾱt

16: if x̂anchor 6= ∅ then
17: Lcons ← ‖Φ(x̂0,t)− Φ(x̂anchor)‖22
18: zt ← zt − ηt∇ztLcons
19: recompute εt from corrected zt
20: end if
21: x̂anchor ← SG[x̂0,t]
22: zt−1 ← Scheduler(zt, εt, t)
23: end for
24: return D(z0)

The proof is a direct application of Tweedie’s for-326

mula; we record it in Appendix A. The proposition327

says that an image embedding injected at high-328

noise steps (low SNR) has globally amplified influ-329

ence on x̂0,t, and is therefore the natural place to330

inject Subject-level signals; conversely, injection at331

low-noise steps (high SNR) can only nudge local332

high-frequency content, the right slot for Detail-333

level signals. This produces the schedule (Subject334

→ Structure→ Detail) we use in HMIG. The ar-335

gument does not depend on the routing being hard:336

under soft routing (Eq. 1), the per-stage weight337

wjπj [s(t)] acts as a smooth analogue of the in-338

dicator 1[Kj = s(t)], and the same SNR-scaled339

sensitivity applies.340

3.4 Manifold-Aware Trajectory Correction341

Switching Et at boundaries T1, T2 can push the342

trajectory off the data manifold, producing visible343

artifacts (Table 3, row w/o (c)). Conventional guid-344

ance minimizes a loss on the noisy latent zt, whose345

high-variance noise destabilizes gradient direction. 346

We instead guide on the Tweedie-estimated clean 347

image: 348

Lcons = ‖Φ(x̂0,t)− Φ(SG[x̂0,t+1])‖22, (5) 349

where Φ extracts high-level semantic features. The 350

update 351

zcorr
t = zt − ηt∇ztLcons

(
x̂0,t(zt)

)
(6) 352

backpropagates through the denoiser. Because x̂0,t 353

lives on (or near) the clean manifold, the gradient 354

direction is semantically meaningful and the cor- 355

rection smooths trajectories across stage transitions 356

without sacrificing prompt adherence. 357

4 Experiments 358

4.1 Experimental Setup 359

We implement HTGF in PyTorch. The main three- 360

dataset tables (Tables 1, 2, 3, and 8) were measured 361

on 4×NVIDIA A100 (40 GB) GPUs; the efficiency, 362

sensitivity, cold-start, and automated PF/TA panels 363

(§4.4–§4.6) were measured on a single NVIDIA 364

RTX A6000 (48 GB) following a compute-resource 365

change.1 Generation uses SDXL (Podell et al., 366

2024) (fp16) at 1024× 1024 with the DDIM sam- 367

pler, 50 inference steps, CFG scale 7.5, and N = 4 368

retrieved references per prompt. The VL agent is 369

Qwen3-VL-8B (Bai et al., 2025b). 370

Datasets. We evaluate on three datasets spanning 371

different domains and noise conditions: (1) Movie 372

Poster: high-quality movie advertisements requir- 373

ing strong semantic grounding. (2) Sticker: styl- 374

ized character generation with diverse artistic at- 375

tributes. (3) Mixed (Noisy): constructed by mixing 376

primary user preferences with irrelevant or con- 377

flicting noise images to simulate sparse interaction. 378

Construction details in Appendix. 379

Baselines. We compare against three categories: 380

(1) DM-based: Textual Inversion (TI); (2) LLM- 381

based: PMG; (3) LMM-based: LLaVA and LaVIT; 382

and the standard SDXL-IPAdapter as a general 383

image-conditioned diffusion baseline. 384

Evaluation Metrics. We use CLIP Score (CS), 385

CLIP Image Similarity (CIS), LPIPS, MS-SSIM, 386

FID, and a weighted Overall score. Hyperparame- 387

ter settings in Appendix B. 388

1The two cards are same-generation Ampere; the change
does not affect the architectural or algorithmic choices re-
ported below, only the absolute wall-clock numbers in Table 4.
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4.2 Quantitative Results389

Performance on Movie Poster and Sticker.390

HTGF consistently outperforms baselines in per-391

sonalization metrics (Table 1 for Sticker; Movie392

Poster full table in Appendix M). On Sticker CIS393

70.25 vs. Pigeon 67.65, with competitive MS-394

SSIM (0.1504) and LPIPS (0.7252) confirming that395

hierarchical injection preserves structural integrity.396

On Movie Poster CIS 42.20 vs. LaVIT 30.49.397

Robustness to Noisy Inputs. Table 2 demon-398

strates superior robustness on Mixed (Noisy).399

While baselines suffer severe degradation (SDXL-400

IPAdapter FID 92.87, TI FID 99.13), HTGF main-401

tains FID 38.87 and the highest CIS 40.62, con-402

firming that VL-driven scoring effectively filters403

irrelevant noise.404

Comparison with LMM-based Methods.405

LMM-based baselines like LLaVA and LaVIT of-406

ten struggle with fine-grained semantic alignment.407

HTGF achieves Semantic CIS of 52.35 on Movie408

Poster (Appendix M) vs. LaVIT 46.02 and LLaVA409

48.50. By decoupling theme, structure, and detail,410

the model avoids “semantic vanishing” common in411

long-sequence multimodal tokens.412

DRC (Xu et al., 2025b) reports on the same413

SER30K and ML-Latest data; their published num-414

bers (Table 1 for Sticker; Table 8 in Appendix M415

for Movie Poster) trail HTGF by 5.2 Personal-416

ization CIS on Sticker and 4.7 on Movie Poster.417

DRC also disentangles user history but injects uni-418

formly across steps; the gap is consistent with419

Eq. 3+Proposition 1.420

4.3 Ablation Study421

We ablate the three core components on the Mixed422

(Noisy) dataset (Table 3).423

Impact of VL-Driven Scoring (w/o VL). Re-424

placing the VL scorer with Uniform Weighting425

drops CIS from 40.62 to 28.15 and inflates FID to426

76.42. Without explicit VL-derived attention, the427

model cannot suppress irrelevant signals.428

Efficacy of Hierarchical Injection (w/o Hierar-429

chy). Replacing temporal alignment with Flat In-430

jection produces “semantic collision”: MS-SSIM431

degrades from 0.739 to 0.655 and LPIPS rises from432

0.0911 to 0.1028.433

Efficacy of Manifold Correction (w/o Manifold).434

Disabling the gradient-based manifold corrector435

(row w/o (c)) degrades every metric: FID rises from436

38.87 to 42.15 (+8.5%), CIS drops from 40.62 to 437

39.85, MS-SSIM from 0.739 to 0.728, and LPIPS 438

from 0.0911 to 0.0974. The effect is smaller than 439

the VL-filter ablation (a) or the hierarchy abla- 440

tion (b)—which is expected, since the corrector 441

is a refinement on top of an already-decomposed 442

schedule—but it is non-negligible and concentrated 443

at the stage boundaries T1, T2. We inspected the 444

predicted clean image x̂0,t across the trajectory 445

and found that without the correction, condition 446

switching at t ∈ {T1, T2} produces visible “jitter” 447

(high-frequency reorganization of layout or texture 448

between consecutive steps); with the correction, 449

Φ(x̂0,t) varies smoothly across boundaries. This is 450

consistent with the design argument in §3.4: the 451

gradient∇ztLcons taken on the clean-manifold esti- 452

mate gives a semantically meaningful update direc- 453

tion, whereas the same loss measured on the noisy 454

latent would be dominated by sampling noise. 455

4.4 Efficiency Analysis 456

Table 4 reports per-component cost on a single 457

NVIDIA RTX A6000 (48 GB). Three observations 458

follow. 459

HMIG is essentially free. Stage-aligned injec- 460

tion only changes which pre-encoded reference em- 461

bedding is added to the conditioning vector at each 462

step; the UNet forward cost is identical to plain 463

DDIM-50 (9.37 s vs. 9.22 s, within measurement 464

noise). VRAM is unchanged. 465

Manifold correction is a controllable cost. 466

Each correction step requires one UNet forward 467

and one backward pass to evaluate∇ztLcons, tak- 468

ing 0.23 s per step and peaking at 11.6 GB VRAM. 469

Activating the corrector on 10 steps (typical for 470

our schedule) adds roughly 2.3 s to the diffusion 471

phase—a 25% overhead for the quality gain re- 472

ported in Table 3 (row w/o (c)). When latency dom- 473

inates, the corrector can be disabled or restricted to 474

stage-transition steps only. 475

VLM scoring dominates the per-image budget. 476

The Qwen3-VL-8B scoring pass over N=4 refer- 477

ences is the single largest contributor (4.59 s) and 478

pushes peak VRAM to 16.6 GB. Batching across 479

many target prompts amortizes this cost; in a serv- 480

ing pipeline with persistent VLM context, the per- 481

prompt cost drops to roughly the rate of producing 482

the new (role, weight) tuples. 483
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Table 1: Quantitative comparison on Sticker. DRC†: transcribed from Xu et al. (2025b) Table 2 (different test
split; see Limitations).

Sticker Personalization Semantic Alignment Fidelity
Methods Overall↓ CS↑ CIS↑ DIS↑ LPIPS↓ MS-SSIM↑ CS↑ CIS↑ DIS↑ FID↓

SDXL-IPAdapter 5.22 15.35 40.87 19.62 0.7280 0.0432 28.14 43.58 39.87 71.87

DM-based TI 4.33 18.67 40.90 36.58 0.7654 0.0887 32.91 53.67 48.50 105.48

LLM-based PMG 5.00 19.16 47.34 39.15 0.7383 0.0827 18.31 45.45 37.80 84.91

LLaVA 5.22 18.72 37.44 33.19 0.7552 0.0851 27.02 49.15 43.88 95.19
LMM-based LaVIT 3.78 16.39 40.56 40.84 0.7377 0.1128 25.74 70.80 69.93 83.39

Pigeon 3.00 23.69 67.65 62.23 0.6814 0.1568 21.10 47.44 45.44 89.43
DRC† – 23.19 65.10 60.00 0.6770 – 21.88 48.30 45.79 92.31

Ours 1.44 19.42 70.25 72.61 0.7252 0.1504 29.11 77.10 70.85 64.81

Table 2: Quantitative comparison on Mixed (Noisy).

Mixed (Noisy) Personalization Semantic Alignment Fidelity
Methods Overall↓ CS↑ CIS↑ DIS↑ LPIPS↓ MS-SSIM↑ CS↑ CIS↑ DIS↑ FID↓

SDXL-IPAdapter 5.00 11.92 32.67 16.43 0.8127 0.0487 21.62 33.43 31.28 92.87

DM-based TI 5.44 10.23 24.12 15.34 0.8362 0.0763 27.18 35.23 32.87 99.13

LLM-based PMG 5.67 11.12 21.34 18.23 0.8173 0.0808 12.43 22.87 20.32 98.86

LLaVA 4.22 11.08 26.18 16.62 0.8134 0.0898 25.23 39.12 34.12 75.43
LMM-based LaVIT 2.22 12.18 26.67 17.43 0.7843 0.0918 27.62 40.23 48.34 50.12

Pigeon 3.78 13.44 22.57 15.20 0.8086 0.1022 26.91 33.64 38.21 63.75

Ours 1.67 15.23 40.62 21.18 0.7392 0.0911 28.32 49.62 45.43 38.87

Figure 2: Qualitative cases generated by HTGF on the Mixed (Noisy) split. Each block shows the target prompt,
four retrieved references (with off-topic distractors), and the HTGF output. Identity, structure, and stylistic detail
track the on-topic references while distractors are filtered.

4.5 Sensitivity to Stage Boundaries484

Stage boundaries T1, T2 are set empirically (Ap-485

pendix B). To check whether HTGF is frag-486

ile to the exact choice we sweep each bound- 487

ary in raw DDPM-1000 timestep units around 488

the operating point (T1=800, T2=500): T1 ∈ 489
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Table 3: Ablation of key components on Mixed (Noisy).
(a) VL Scorer; (b) Hierarchical Injection; (c) Manifold
Correction.

Method Personalization Structure & Percept. Fidelity
CIS ↑ CS ↑ MS-SSIM ↑ LPIPS ↓ FID ↓

HTGF 40.62 15.23 0.739 0.0911 38.87

w/o (a) 28.15 12.04 0.612 0.1205 76.42
w/o (b) 36.40 14.10 0.655 0.1028 49.30
w/o (c) 39.85 15.01 0.728 0.0974 42.15

Table 4: Efficiency on a single NVIDIA RTX A6000
(48 GB). Latencies are medians over 3 measured runs
after 1 warmup. Manifold correction is the per-step
cost of one UNet forward + backward pass to com-
pute ∇ztLcons; the end-to-end row assumes 10 ac-
tive correction steps. HMIG overhead is negligible be-
cause stage-aligned injection only changes which pre-
encoded reference embedding is added to the condition-
ing at each step.

Component Latency (s) VRAM (GB) Throughput (img/min)

VLM scoring (Qwen3-VL-8B, N=4) 4.59 16.6 13.1

SDXL DDIM-50 (text-only baseline) 9.22 6.9 6.5
SDXL DDIM-50 + HMIG 9.37 6.9 6.4

Manifold correction (per step) 0.23 11.6 –

End-to-end HTGF (10 corr. steps) 16.11 16.6 3.7

{600, 700, 800, 900, 1000} with T2=500 fixed,490

and T2 ∈ {300, 400, 500, 600, 700} with T1=800491

fixed. For each setting we run a held-out set of 3492

prompts under the soft-routing instantiation (β=4,493

see Appendix H) and report CIS. Across the ±200-494

step window CIS varies between 0.762 and 0.795495

(a ∼ 4% band), with a mild trend toward higher496

CIS for shorter Stage-0 windows (smaller T1). Full497

numbers are in Appendix N; the schedule is sta-498

ble across the swept range and does not require499

fine-grained boundary tuning.500

4.6 Cold-Start Behavior501

We measure HTGF under shrinking history. Hold-502

ing the prompt and reference set fixed, we run with503

N ∈ {4, 2, 1, 0} active references under the soft-504

routing instantiation (β=4) and report CIS against505

the same 4-image reference set. CIS degrades506

monotonically with shrinking history—0.706 →507

0.679 → 0.645 → 0.595—with the N=0 row re-508

ducing to text-only SDXL (IP-Adapter scales force-509

zeroed). The framework degrades smoothly: no510

artifacts, no special-casing, just a gradual loss of511

personalization signal. Full numbers and the setup512

are in Appendix X.513

Table 5: User study results. Human Mean Opinion
Scores (1–5) on Mixed (Noisy), 50 cases. PF: Person-
alization Fidelity; TA: Text-Image Alignment; VQ: Vi-
sual Quality.

Method PF TA VQ Avg

SDXL-IPAdapter 2.62 2.44 1.98 2.35
TI 2.55 3.67 2.30 2.84
PMG 2.30 3.10 2.56 2.65
LaVIT 3.02 3.37 2.81 3.07

Ours 3.81 3.92 3.37 3.70

4.7 User Study 514

We complement the metrics with a perceptual study 515

on 50 cases sampled from Mixed (Noisy). Evalua- 516

tors saw the interaction history, the target prompt, 517

and anonymized outputs from HTGF and four 518

strong baselines under a double-blind randomized 519

protocol, and rated PF, TA, VQ on a 5-point Likert 520

scale. HTGF achieves the highest scores across 521

all dimensions, with PF 3.81 vs LaVIT 3.02 and 522

IPAdapter 2.62 (Table 5). A blind side-by-side 523

preference test on the same pool selects HTGF as 524

the preferred output in 58%/42%/72% of cases for 525

PF/TA/VQ (donut breakdown in Appendix AC); a 526

CLIP-based two-axis automated panel (PF/TA) is 527

reported in Appendix AB. 528

4.8 Qualitative Analysis 529

Figure 2 shows HTGF outputs on the Mixed 530

(Noisy) split across heterogeneous reference histo- 531

ries (posters, stickers, anime portraits). Each row 532

typically contains 1–2 on-topic references and 2–3 533

off-topic distractors; the VL soft router suppresses 534

the latter, and the SNR-keyed schedule routes the 535

surviving references through the stage that matches 536

their semantic level (Subject, Structure, Detail). 537

The result is a stable identity lock without leakage 538

of palette or style fragments from off-topic refs. A 539

single-case zoom-in is in Appendix AD. 540

5 Conclusion 541

HTGF couples semantic decomposition with an 542

SNR-derived temporal schedule (Proposition 1) 543

and a stage-boundary corrector. The training-free 544

pipeline beats strong baselines on three datasets 545

and degrades gracefully in the cold-start limit. 546
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Limitations547

HTGF has known boundaries. (i) At the ex-548

tremes of reference disagreement—conflicting sub-549

jects, contradictory poses, or aggressive detail550

collisions—the stage-aligned schedule degrades in551

principled but visible ways (Appendix AE). (ii)552

The (πj , wj) policy is only as expressive as the553

VLM that emits it; abstract semantic dimensions554

(tone, narrative, cultural cues) can be misread, and555

a stronger VL agent would directly improve the556

pipeline. (iii) The framework assumes a retrieval557

module supplies a meaningful candidate set; the558

Mixed (Noisy) experiments probe partial robust-559

ness but adversarial reference injection is untested.560

Extended discussion—including the rationale for561

the DRC-transcription protocol, design choices in562

the routing block, multilingual coverage, and the563

cost/quality trade-off of trajectory correction—is564

in Appendix AF.565

Ethics Statement566

Data. The Movie Poster and Sticker datasets are567

aggregated from publicly available web sources for568

research purposes. The Mixed (Noisy) dataset is569

synthetically constructed by mixing primary pref-570

erences with irrelevant references. No personally571

identifiable user data is collected, and no demo-572

graphic information about the user-study evaluators573

is recorded beyond informed consent. Construction574

protocols are documented in Appendix C.575

User study. Human evaluators in the perceptual576

study (§4) participated voluntarily under a double-577

blind protocol. Image order was randomized per578

query to eliminate position bias; no compensation579

was tied to specific judgments. The LMM-as-judge580

protocol (Appendix AA) replaces the bulk of hu-581

man effort with an automated judge, and we report582

inter-rater agreement with the human study to vali-583

date it.584

Compute. The main three-dataset experiments585

were conducted on 4 NVIDIA A100 (40 GB)586

GPUs; the efficiency, sensitivity, cold-start, and587

automated PF/TA panels were measured on a sin-588

gle NVIDIA RTX A6000 (48 GB) after a compute-589

resource change. Per-component latency and peak590

VRAM measurements are reported in §4.4 and Ap-591

pendix Z.592

Models. HTGF relies on the pre-trained SDXL593

backbone (Podell et al., 2024) and Qwen3-VL-594

8B (Bai et al., 2025b), both publicly released under 595

their respective licenses. We do not fine-tune either 596

model. Any deployment must respect the licenses 597

of these upstream artifacts. 598

Risks and mitigations. Personalized image gen- 599

eration can be misused to impersonate identities or 600

to reproduce copyrighted styles. We release this 601

work only for research use. For downstream de- 602

ployment we recommend provenance signals (e.g., 603

C2PA-style watermarks), explicit consent for any 604

identity references, and refusal-by-construction for 605

prompts that name living individuals. 606

Reproducibility. All hyperparameters are listed 607

in Appendix B. Dataset construction protocols are 608

in Appendix C. The HTGF inference code, dataset 609

manifests, and reference VL prompt templates will 610

be released publicly upon acceptance. 611
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A Proof of Proposition 1 and the HMIG848

Schedule849

A.1 Setup850

We work with the standard DDPM/DDIM forward851

process zt =
√
ᾱtz0 +

√
1− ᾱtε, ε ∼ N (0, I),852

with αt = 1 − βt and ᾱt =
∏t
i=1 αi. The signal-853

to-noise ratio at step t is SNR(t) = ᾱt/(1− ᾱt).854

A.2 Proof of Proposition 1855

By Tweedie’s formula, the optimal estimate of856

the clean latent given zt and the predicted noise857

εθ(zt, t, cond) is858

x̂0,t =
zt −

√
1− ᾱt εθ(zt, t, cond)√

ᾱt
. (7)859

Differentiating equation (7) with respect to an860

image-conditioning embedding eimg (which enters861

the prediction only through εθ):862

∂x̂0,t

∂eimg
= −

√
1− ᾱt√
ᾱt

∂εθ
∂eimg

. (8)863

The scalar prefactor in (8) is
√

(1− ᾱt)/ᾱt =864

SNR(t)−1/2, which is monotonically decreasing865

in SNR(t) and (since ᾱt is non-decreasing in the866

reverse direction of t) monotonically increasing in867

t. Hence the operator norm
∥∥∂x̂0,t/∂eimg

∥∥ is large868

at high t (early denoising) and shrinks as t → 0,869

holding ∂εθ/∂eimg fixed. �870

A.3 Why this implies the HMIG schedule871

Proposition 1 says that any image-conditioning vec-872

tor has globally amplified influence on x̂0,t at high-873

noise steps and locally bounded influence at low-874

noise steps. Two corollaries follow.875

Corollary 1 (Subject signal→ early stage). A876

reference whose meaningful contribution is at the877

level of subject / global semantic is best injected878

at high t where it can reshape the rough silhouette879

of the predicted clean image. Injecting it at low880

t would only nudge texture, dissipating its global881

signal.882

Corollary 2 (Detail signal→ late stage). Con-883

versely, a reference whose contribution is at the884

level of detail / texture should be injected at low t885

where the prefactor in (8) is small and the update886

is confined to high-frequency content. Injecting it887

at high t would risk overwriting the global subject888

already being formed.889

Structure-level signals occupy the middle window.890

Together these corollaries justify the three-stage891

schedule used in HMIG (§3.3).892

A.4 Decoupled scale and hierarchical 893

injection 894

We construct the total condition embedding at step 895

t as 896

Et =
N⊕
j=1

At(Kj) scalej eimg,j , (9) 897

with the activation At(Kj) = 1[t ≥ TKj ]. This 898

decouples timing (Kj , set by the VL agent) from 899

intensity (scalej = wj , also from the VL agent) for 900

each reference, and combined with Proposition 1 901

it implements a maximally effective use of each 902

reference’s semantic axis. 903

A.5 Formal Restatement under Explicit 904

Assumptions 905

The proof of Proposition 1 in Appendix A is short 906

because it loads its content into the choice of which 907

derivative is taken and which quantities are held 908

fixed. We make those choices explicit here. 909

Assumptions. Throughout this section we as- 910

sume: 911

(A1) Smoothness of the denoiser in the condition- 912

ing input. The map e 7→ εθ(zt, t, e) is C1 913

for almost every (zt, t), with locally bounded 914

Jacobian. This holds for any U-Net whose 915

cross-attention applies a fixed linear projec- 916

tion to the conditioning followed by softmax 917

over keys and continuous activations. 918

(A2) Conditioning enters only via cross-attention. 919

The image-conditioning vector eimg does 920

not modulate the time embedding, group- 921

normalization affine parameters, or the latent 922

input. Consequently ∂zt/∂eimg = 0 and 923

∂t/∂eimg = 0. 924

(A3) Frozen latent at differentiation. We hold 925

zt fixed when differentiating x̂0,t in equa- 926

tion (8). The pathwise derivative through the 927

recursion zt−1← Scheduler(zt, εt, t) is sup- 928

pressed; this isolates the per-step sensitivity 929

rather than the accumulated trajectory sensitiv- 930

ity, which is bounded separately in Corollary 3 931

below. 932

(A4) Bounded, monotone noise schedule. The 933

DDPM/DDIM schedule satisfies ᾱt ∈ (0, 1) 934

for t ∈ (0, T ] with ᾱt continuous and non- 935

increasing in t (equivalently, SNR(t) continu- 936

ous and non-increasing in t). 937
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Restated proposition. Under (A1)–(A4), the938

per-step sensitivity of the Tweedie estimate x̂0,t939

with respect to an image-conditioning vector satis-940

fies941

∂x̂0,t

∂eimg
= −SNR(t)−1/2 ∂εθ(zt, t, e)

∂e

∣∣∣
e=eimg

,

(10)942

and the prefactor SNR(t)−1/2 is non-increasing943

in t−1, i.e., monotonically decreasing in SNR(t).944

The proof is line-for-line that of Appendix A, now945

justified at each step by (A1)–(A4): differentiation946

under the chain rule is valid by (A1); the explicit947

form of equation (7) is the entire dependence of948

x̂0,t on eimg by (A2)–(A3); monotonicity of the949

prefactor is a property of the schedule (A4).950

Mildness of the assumptions. (A1) and (A2) are951

properties of the standard U-Net architecture used952

by SDXL, IP-Adapter, and the families of prior953

work cited in the Related Work section; they are954

not idealizations. (A4) is satisfied by every cosine,955

linear, and scaled-cosine schedule in production956

diffusion stacks. (A3) is the consequential one:957

it is the assumption under which the proposition958

speaks about per-step influence. We bound the ac-959

cumulated influence under the same per-step result960

in Corollary 3.961

A.6 Corollary: Continuous-Time Limit962

In Song et al.’s continuous-time SDE formu-963

lation, the forward process dz = f(t)z dt +964

g(t) dw admits a transition kernel p(zt|z0) =965

N (zt; µ(t)z0, σ(t)2I) with µ(t)2 + σ(t)2 ≤ 1 in966

the variance-preserving (VP) case. Tweedie’s for-967

mula in this parametrization reads968

x̂0,t =
zt − σ(t) εθ(zt, t, e)

µ(t)
. (11)969

Corollary 2 (Continuous-time gain). Under as-970

sumptions (A1)–(A3) and the VP-SDE schedule971

with µ(t) =
√

1− σ(t)2,972

∂x̂0,t

∂eimg
= − σ(t)√

1− σ(t)2

∂εθ
∂eimg

, (12)973

and the gain factor G(t) := σ(t)/
√

1− σ(t)2 is a974

strictly increasing function of σ(t) with G(0) = 0975

and G→∞ as σ → 1−.976

The discrete-time prefactor
√

(1− ᾱt)/ᾱt of equa-977

tion (8) is exactly G(t) under the identification978

σ(t)2 = 1− ᾱt. Hence the SNR-aligned schedule979

of HMIG (§3.3) is not an artifact of the discrete980

DDIM grid: it is the natural ordering induced by 981

G(t) on any VP diffusion, with the three windows 982

of HMIG corresponding to a partition of [0, T ] into 983

intervals of large, moderate, and small G. The 984

monotonicity of G in σ(t) is what makes Subject 985

(large-G window) the right placement for any ref- 986

erence whose meaningful influence must propa- 987

gate globally, and Detail (small-G window) the 988

right placement for any reference whose influence 989

should be confined to high-frequency content. 990

A.7 Corollary: Per-Stage Cumulative 991

Sensitivity Bound 992

The per-step result is local. The quantity that ac- 993

tually determines whether a reference shapes the 994

output is its accumulated influence over the window 995

in which it is injected. We bound this next. 996

Corollary 3 (Per-stage cumulative sensitivity). Fix 997

a stage window [Ta, Tb] ⊂ [0, T ] with Ta < Tb. 998

Assume (A1)–(A4) and, in addition, a uniform Ja- 999

cobian bound ‖∂εθ/∂eimg‖op ≤ L over the win- 1000

dow. Then the cumulative sensitivity of the per-step 1001

Tweedie estimate to a reference injected with con- 1002

stant weight over [Ta, Tb] satisfies 1003∑
t∈[Ta,Tb]

∥∥∥ ∂x̂0,t

∂eimg

∥∥∥
op
≤ L

∑
t∈[Ta,Tb]

SNR(t)−1/2 =: L·I[Ta, Tb].

(13) 1004

In the continuous-time limit, I[Ta, Tb] = 1005∫ Tb
Ta
G(t) dt. 1006

The integrated SNR factor I[Ta, Tb] is the right 1007

scalar summary of a stage window: it is the maxi- 1008

mum total influence that any single reference can 1009

deposit in that window, up to the local Jacobian 1010

bound L. 1011

Monotonicity over the three HMIG windows. 1012

With the boundaries of §3.3 (t ∈ [T1, T ] for Stage 0, 1013

[T2, T1] for Stage 1, [0, T2] for Stage 2) and any 1014

monotone schedule (A4), 1015

I[T1, T ] ≥ I[T2, T1] ≥ I[0, T2], (14) 1016

since the integrand G(t) is non-increasing in t−1 1017

(equivalently, non-decreasing in σ(t)). The three 1018

HMIG windows therefore carry monotonically de- 1019

creasing total influence budgets, which is the for- 1020

mal version of the informal statement that Subject 1021

signals must be placed at high noise: only the high- 1022

noise window has the integrated capacity to glob- 1023

ally shape the predicted clean image. Conversely, 1024

the low-noise window is incapable of doing so, 1025
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regardless of how strongly an injected reference1026

is weighted, and is therefore the correct slot for1027

references whose influence should be local.1028

A.8 Connection to Classifier-Free Guidance1029

(CFG)1030

Classifier-free guidance forms ε̃t = (1 +1031

s) εθ(zt, t, c) − s εθ(zt, t, ∅) with a single scalar1032

guidance scale s that does not vary with t or with1033

the identity of the conditioning. HMIG generalizes1034

this in two directions: the guidance scale varies1035

with t via the stage indicator s(t), and conditioning1036

is decomposed across reference-specific channels1037

rather than collapsed onto a single c.1038

Equivalence in a collapse limit. Consider the1039

β → ∞ limit of Eq. 1, so that each reference1040

routes onto a single stage Kj = arg max(Sj).1041

Suppose further that all references collapse onto1042

a single axis, Kj = k? for all j, and that the1043

per-reference image encoders share a single pro-1044

jection to the U-Net key/value space, so that1045 ∑
j wj Proj(Enc(rj)) = W ē with W =

∑
j wj1046

and ē the weighted-mean image embedding. Then1047

Eq. 3 reduces to1048

Et = 1[s(t) = k?]W ē + (1− λt) Enctxt(P),
(15)1049

and the resulting noise prediction agrees with stage-1050

modulated CFG of the form1051

ε̃t = εθ(zt, t,Enctxt(P)) + 1[s(t) = k?]W ∆ē(zt, t),
(16)1052

where ∆ē(zt, t) := ∂εθ/∂e
∣∣
e=0

ē is the first-order1053

CFG-style residual along the image-embedding di-1054

rection. Standard CFG is recovered as the further1055

special case in which the stage indicator is constant1056

(s(t) = k? for all t) and the routing is over text1057

rather than image embeddings. HMIG is therefore1058

a strict generalization that retains CFG’s first-order1059

form while adding two degrees of freedom: a time-1060

varying gate 1[s(t) = k?] tied to the SNR-aligned1061

schedule, and a per-reference factorization of ē1062

across axes.1063

A.9 Why the Schedule is Approximately1064

Optimal1065

The cumulative bound (Corollary 3) admits a clean1066

informal optimality argument. Treat each reference1067

as carrying a per-axis signal vector sj ∈ R3 (Sub-1068

ject, Structure, Detail components) of unit norm.1069

Define the residual interference of a schedule as 1070

R =
∑
j

∥∥sj −ΠKj (sj)
∥∥2

2
, (17) 1071

where Πk projects onto the k-th axis. Holding {sj} 1072

fixed, R is minimized by Kj = arg maxk |sj [k]| 1073

for each j, which is exactly the hard-argmax as- 1074

signment of §3.2. Holding the assignment {Kj} 1075

fixed, the realized influence of axis-k references on 1076

the output is proportional to I[T
(k)
a , T

(k)
b ] by Corol- 1077

lary 3. The schedule that minimizes residual axis 1078

interference at the output is therefore the one that 1079

matches the axis with the largest required global 1080

shaping to the window with the largest integrated 1081

SNR. By monotonicity (14) this means assigning 1082

Subject to Stage 0, Structure to Stage 1, and Detail 1083

to Stage 2, which is precisely the HMIG schedule. 1084

The argument is informal because it treats per- 1085

axis signal vectors as unit-norm and per-stage influ- 1086

ence as linear, but its content is robust: any sched- 1087

ule that swaps Subject into the low-I window has 1088

bounded total capacity to shape the predicted clean 1089

image along the Subject axis, and the resulting 1090

residual interference is bounded below by the gap 1091

I[T1, T ]− I[0, T2], which is large by Corollary 3. 1092

A.10 When the Analysis Breaks 1093

The proposition and its corollaries rest on assump- 1094

tions (A1)–(A4) and the smoothness of the inte- 1095

grand G(t). We list the regimes in which one or 1096

more of these assumptions is violated, with conse- 1097

quences for the schedule. 1098

High-curvature regions of εθ near stage bound- 1099

aries. Assumption (A1) gives only C1 smooth- 1100

ness with locally bounded Jacobian. Near a stage 1101

boundary t ∈ {T1, T2} the active conditioning 1102

switches discretely (in the β → ∞ limit) and the 1103

cross-attention input has a step discontinuity. The 1104

Jacobian bound L in Corollary 3 can spike at the 1105

boundary, and the first-order bound is loose: the 1106

actual change in x̂0,t across the boundary can be 1107

larger than the integrated-G prediction would sug- 1108

gest. This is the regime in which manifold-aware 1109

correction (§3.4) is most necessary; ablating it (Ta- 1110

ble 3, row w/o (c)) exposes exactly this failure 1111

mode. 1112

Mutually contradictory references at a single 1113

axis. Corollary 3 bounds the sensitivity to a sin- 1114

gle reference. When several references in the same 1115

stage carry contradictory image embeddings (e.g., 1116

14



two Subject references that disagree on identity),1117

their contributions partially cancel in ē, and the1118

realized influence is well below the bound. The1119

decomposer’s confidence threshold τ (Eq. 1) zeros1120

out the lowest-quality contradictory contributions,1121

but does not remove residual conflict among ref-1122

erences that all clear τ . This is the failure mode1123

tabulated as Identity Ambiguity in Appendix AE.1124

Non-monotonic SNR schedules. Assumption1125

(A4) demands SNR(t) monotone in t. Truncated-1126

cosine schedules, schedules with explicit re-noising1127

steps (some samplers in flow-matching variants),1128

and any pipeline that interleaves a low-noise re-1129

finement pass after a high-noise pass violate (A4).1130

In those settings the monotonicity (14) of the per-1131

window integrated SNR fails, and the assignment1132

Subject → earliest window, Detail → latest win-1133

dow is no longer optimal; the right partition would1134

be by level sets ofG(t) rather than by raw t. HTGF1135

in its present form does not handle this; we flag it1136

as a limitation in the Limitations section.1137

Pathwise sensitivity. Assumption (A3) freezes1138

zt at differentiation. The accumulated trajectory1139

derivative, which includes the recursion zt−1 =1140

Scheduler(zt, εt, t), multiplies the per-step bound1141

by a product of Jacobians of the scheduler in εt. For1142

DDIM with a fixed η = 0 deterministic scheduler1143

this product is bounded, but for stochastic (η > 0)1144

or higher-order solvers the product can grow expo-1145

nentially over a long stage window, and the linear-1146

in-window-length bound of Corollary 3 becomes1147

pessimistic.1148

These failure modes do not undermine the sched-1149

ule for the regimes in which HTGF is deployed1150

(cosine VP schedules, deterministic DDIM, IP-1151

Adapter-style cross-attention), and the manifold-1152

aware corrector (§3.4) is the structural answer to1153

the most consequential of them (boundary curva-1154

ture). They do circumscribe the analysis: the propo-1155

sition is a principle, not an oracle.1156

B Hyperparameter Settings1157

We set the stage transition timesteps as T1 = 471158

and T2 = 41 (DDIM-50 step indices); equiva-1159

lently, (T1, T2) ≈ (800, 500) in raw DDPM-10001160

timestep units used by the soft-routing panels. Con-1161

ceptual injection (Stage 0) is active for t ∈ [T1, T ];1162

Structural (Stage 1) for t ∈ [T2, T1]; Detail (Stage1163

2) for t ∈ [0, T2]. The manifold-correction step1164

size is η = 1 × 10−5. The VL-agent confi-1165

dence threshold is τ = 0.6 with guidance weights 1166

bounded to [wmin, wmax] = [0.5, 1.2]. The routing 1167

temperature is β →∞ (hard argmax) for the main- 1168

table runs and β = 4 for the soft-routing panels 1169

(§4.4–§4.6); we discuss the trade-off in §3.2. 1170

C Datasets 1171

Movie Poster. Public movie advertisement im- 1172

ages covering English-language theatrical releases. 1173

Each example pairs a target poster image with 1174

N=4 retrieved references from the same genre 1175

cluster, reflecting prior interactions in that cluster. 1176

Sticker. Public sticker packs across multiple 1177

style families (flat illustration, kawaii, line art). Ref- 1178

erences per target reflect the same artist or visual 1179

family. 1180

Mixed (Noisy). Synthetically constructed by 1181

combining a primary preference (3 references from 1182

the same cluster as the target) with one “noise” ref- 1183

erence drawn from a different cluster, simulating 1184

the realistic sparse-history regime where retrieval 1185

cannot perfectly isolate relevant prior interactions. 1186

D Extended Dataset Documentation 1187

This section expands the brief overview in Ap- 1188

pendix C with the exact construction protocol, re- 1189

trieval procedure, and bookkeeping for each of the 1190

three evaluation datasets. All three are built around 1191

the same task template: given N=4 retrieved ref- 1192

erence images and a target text prompt, the model 1193

must produce an image that (i) is faithful to the tar- 1194

get text, (ii) preserves visual identity drawn from 1195

the references, and (iii) maintains generic image fi- 1196

delity. Where existing public resources are reused, 1197

we cite them; where we re-aggregated public data 1198

ourselves we list the aggregation step. 1199

Movie Poster. Source: public web aggrega- 1200

tion of English-language theatrical-release posters 1201

from the ML-Latest poster pool and freely- 1202

redistributable promotional material crawled from 1203

public studio mirrors. The aggregated set tar- 1204

gets ≈ 5,000 poster images. Posters are clus- 1205

tered into 12 genre clusters (action, adventure, 1206

animation, comedy, crime, drama, family, fan- 1207

tasy, horror, romance, sci-fi, thriller) by metadata- 1208

driven assignment; ambiguous multi-genre items 1209

are routed to their lexicographically first genre to 1210

keep clusters disjoint. Average per-cluster size is 1211

≈ 250 posters. Retrieval of the N=4 references 1212

per target is cluster-restricted k-nearest-neighbour 1213
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in CLIP-ViT-L/14 (Radford et al., 2021) image-1214

embedding space (cosine distance, the target itself1215

is excluded from its own candidate pool). Dupli-1216

cate posters across the corpus are filtered with a1217

64-bit perceptual-hash threshold of Hamming dis-1218

tance ≤ 6 before clustering. The train/test split is1219

fixed at 8:2 at the target level; the entire reference1220

pool for a test target is drawn only from the train1221

side of its cluster, so no test target ever appears as1222

another target’s reference. License note: posters1223

are used only in research-only redistribution; no1224

commercial mirror is included.1225

Sticker. Source: built on top of the SER30K1226

sticker dataset and community-curated sticker1227

packs released under permissive licenses. We or-1228

ganize the union into 8 style families—flat illustra-1229

tion, kawaii, line art, pixel, watercolor, 3D-render,1230

sketch, isometric—assigned by a combination of1231

pack-level metadata tags and a manual audit of 501232

random stickers per pack. Per-family target counts1233

are balanced at ≈ 500 stickers each (4,000 total).1234

Retrieval is family-restricted k-NN with CLIP-ViT-1235

B/32 (Radford et al., 2021) image embeddings; the1236

smaller backbone is intentional because Sticker1237

images are low-resolution and visual style domi-1238

nates the embedding far more than fine semantics.1239

Same 8:2 train/test split and same target-excluded1240

retrieval pool as the Movie Poster dataset. License1241

note: SER30K is redistributed under its original1242

research-only terms; community packs are limited1243

to those released under CC-BY or CC0.1244

Mixed (Noisy). Construction: for each target1245

sampled uniformly from the union of Movie Poster1246

and Sticker, the reference list is formed by draw-1247

ing 3 references via the cluster-restricted retrieval1248

procedure of the parent dataset and 1 extra “noise”1249

reference drawn uniformly at random from a differ-1250

ent cluster (genre or style family). The rationale:1251

real recommender / retrieval systems are imperfect1252

and routinely return one irrelevant item per four;1253

Mixed (Noisy) is designed to be the cleanest pos-1254

sible probe of how each baseline degrades under1255

that exact failure mode. The statistical noise rate is1256

therefore 25% by construction. We hold the noise1257

index out of the prompt and out of the VL agent’s1258

metadata, so no model has a free signal that “slot 41259

is the noise.”1260

E Baseline Implementations 1261

This section pins down the exact configuration of 1262

each baseline so that the numbers in Tables 8, 1, 1263

and 2 can be reproduced. We re-run all baselines on 1264

our own datasets except where explicitly indicated. 1265

Textual Inversion (TI) (Gal et al., 2023). We 1266

optimize a single 768-dimensional token embed- 1267

ding per target with the original TI objective on 1268

the N=4 retrieved references (treated as the per- 1269

sonalization set), running 3,000 optimization steps 1270

at learning rate 5×10−4 with AdamW, batch size 1271

1 on 512×512 crops. At inference the learned to- 1272

ken is plugged into SDXL-base-1.0 (Podell et al., 1273

2024) (fp16, DDIM-50, CFG 7.5) at the position 1274

indicated by the target prompt. No additional fine- 1275

tuning of the U-Net is performed. The per-target 1276

compute is roughly 15 minutes on an A100, which 1277

is the most expensive baseline. 1278

PMG (Shen et al., 2024). The LLM summarizer 1279

is LLaMA-2-7B-Chat (fp16). For each target the 1280

N=4 references are first captioned with the same 1281

Qwen3-VL-8B model used by HTGF, and the cap- 1282

tions plus the target prompt are passed into PMG’s 1283

default summarization template to produce a soft 1284

preference prompt. The soft prompt is concate- 1285

nated with the literal target prompt at the front 1286

of the SDXL text encoder, exactly as released in 1287

the authors’ repository. No images are passed to 1288

the U-Net beyond the text conditioning—PMG is 1289

image-blind at generation time. 1290

LLaVA (Liu et al., 2023). We use the pub- 1291

lic 7B-chat variant of LLaVA-1.5. Given the 1292

N=4 references concatenated horizontally into a 1293

single contact-sheet image, the model is asked: 1294

“Describe the shared style, subject, and visual 1295

motifs that should be carried over to a new 1296

image about <target prompt>.” Decoding 1297

uses temperature T = 0.7, top-p 0.9, and 1298

max_new_tokens= 128. The returned descrip- 1299

tion is fed to SDXL as the text prompt, again with 1300

no image conditioning. LLaVA is image-aware 1301

only on the reading side; on the generation side it 1302

is identical to PMG. 1303

LaVIT (Jin et al., 2024). We use the native mul- 1304

timodal pretrained checkpoint, with references to- 1305

kenized through LaVIT’s visual tokenizer at the 1306

model’s default 256×256 pixel resolution. The tar- 1307

get prompt and the four reference token streams are 1308

concatenated into a single multimodal input; gener- 1309
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Table 6: Per-dataset statistics. The reference count is per target. Cluster size is the average number of items per
genre cluster (Movie Poster) or style family (Sticker). For Mixed (Noisy), cluster size is reported as the average of
the parent dataset’s clusters since noise comes from a different cluster.

Dataset #Targets #Refs/target Avg cluster size Source

Movie Poster ≈5,000 4 ≈250 ML-Latest + public studio mirrors
Sticker ≈4,000 4 ≈500 SER30K + community sticker packs
Mixed (Noisy) ≈2,000 4 (3+1 noise) ≈250–500 Resampled from the two above

ation uses LaVIT’s default decoding hyperparame-1310

ters. Because LaVIT’s native output is 256×256,1311

we up-sample to 1024×1024 via the SDXL refiner1312

pass for resolution-fair comparison with the other1313

baselines.1314

SDXL-IPAdapter (Ye et al., 2023).1315

SDXL-base-1.0 with the offi-1316

cial h94/IP-Adapter weights1317

(ip-adapter_sdxl.safetensors). The1318

N=4 references are passed through CLIP-1319

ViT-H/14, the four image embeddings are1320

mean-averaged into one vector, and that vector1321

is injected at IP-Adapter scale 0.6. Sampling1322

matches the HTGF main-table setup: DDIM-50,1323

CFG 7.5, 1024×1024. This is the closest possible1324

image-conditioned diffusion baseline.1325

Re-run vs. transcribed. The TI, PMG, LLaVA,1326

LaVIT, and SDXL-IPAdapter columns in Tables 8,1327

1, and 2 are all re-run on our own splits with the con-1328

figurations above. The DRC and Pigeon (Xu et al.,1329

2025a,b) numbers on the overlapping SER30K and1330

ML-Latest subsets are transcribed from the authors’1331

published tables, as noted in the table captions1332

and Limitations. All re-run baselines see the same1333

N=4 reference set as HTGF; no baseline is given1334

hidden information about which reference is the1335

noise reference in the Mixed (Noisy) condition.1336

F Evaluation Metrics in Detail1337

CLIP Score (CS). CS is the mean cosine simi-1338

larity between the CLIP-ViT-L/14 (Radford et al.,1339

2021) image embedding of the generated output1340

and the CLIP text embedding of the target text1341

prompt. We use the original openai/CLIP1342

weights and the tokenize + encode_text /1343

encode_image pair from that implementation.1344

Higher is better. CS captures text alignment but is1345

insensitive to identity preservation.1346

CLIP Image Similarity (CIS). CIS is the mean1347

of the four pairwise CLIP-ViT-L/14 image-image1348

cosine similarities between the output and each of 1349

the N=4 references. This is the primary person- 1350

alization metric: it measures whether the output’s 1351

visual content lies in the same neighbourhood of 1352

CLIP space as the reference history. Higher is 1353

better. CIS is computed per target then averaged 1354

across the test split. 1355

LPIPS (Zhang et al., 2018). We use the 1356

AlexNet-based perceptual distance from the 1357

original LPIPS reference implementation 1358

(lpips==0.1.4, net=’alex’, linear 1359

weights). LPIPS is computed between the output 1360

and a per-target pseudo-target image (see “Sample 1361

sizes” below). Lower is better; LPIPS captures 1362

whether the model has preserved the perceptual 1363

structure expected by the cluster. 1364

MS-SSIM (Wang et al., 2003). We use the 5- 1365

scale multiscale SSIM from pytorch-msssim 1366

with the default Gaussian window of σ=1.5 and 1367

a window size of 11. Computed at 1024×1024 1368

output resolution between the output and the per- 1369

target pseudo-target image. Higher is better. 1370

FID. Inception-v3 pool3 features (dim 2048), 1371

computed with pytorch-fid==0.3.0. The 1372

reference distribution for FID is the full real-image 1373

test split of the dataset under evaluation; the gener- 1374

ated distribution is our model’s outputs at matched 1375

count. FID is a dataset-level metric, computed on 1376

≥1000 samples per condition; it captures distribu- 1377

tional realism rather than per-image identity. Lower 1378

is better. 1379

Overall. The composite Overall score in Ta- 1380

bles 8, 1, and 2 is the rank-aggregated indicator 1381

described in the table captions; for the user-facing 1382

numerical aggregation discussed in §4 we addition- 1383
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ally compute1384

Overallnum = 0.4 · CIS + 0.3 · (1−LPIPS)

+ 0.15 ·MS-SSIM

+ 0.15 · (1−FID/100),
(18)1385

all terms normalised so higher is better. The1386

weights are fixed pre-experimentally on the ba-1387

sis of the personalization-task framing: CIS dom-1388

inates because the task is, by definition, history-1389

conditioned generation; LPIPS captures perceptual1390

preservation against a pseudo-target; MS-SSIM1391

and FID jointly capture structural and distributional1392

quality. We deliberately do not retune weights from1393

the headline numbers.1394

Sample sizes. CS and CIS are computed per1395

target and averaged across the entire test split1396

(Movie Poster: ≈ 1000 targets; Sticker: ≈ 8001397

targets; Mixed (Noisy): ≈ 400 targets). FID is1398

computed at the dataset level on ≥ 1000 samples1399

per condition—when a condition has fewer than1400

1000 outputs available we resample with replace-1401

ment up to 1000 before computing FID, and ex-1402

plicitly disclose any such case in the table cap-1403

tion. LPIPS and MS-SSIM are averaged per image1404

against a pseudo-target: for Movie Poster, the offi-1405

cial release-version poster of the same target film1406

(when available; otherwise the highest-ranked ref-1407

erence); for Sticker and Mixed (Noisy), the primary1408

cluster reference (the first of the four retrieved ref-1409

erences).1410

Confidence intervals. For each metric we boot-1411

strap 1,000 resamples on the per-target metric1412

stream and report the resulting 95% CI as the half-1413

width ±δ around the reported mean. The main1414

tables in the body of the paper report mean values1415

for compactness; the corresponding±δ half-widths1416

are available in the released results/ directory1417

alongside the script that produced them. Across1418

the main tables, typical ±δ values are ≤ 0.5 on1419

CIS, ≤ 0.003 on MS-SSIM, ≤ 0.005 on LPIPS,1420

and ≤1.2 on FID, which puts the HTGF–vs–best-1421

baseline gap well outside the 95% CI on every1422

personalization metric on every dataset.1423

G User Study Protocol1424

Recruitment. We recruited 10 evaluators: 5 with1425

formal design or illustration background (current1426

or recently graduated practitioners) and 5 gen-1427

eral users with no design training. All evaluators1428

are ≥ 18 years old and self-reported normal or 1429

corrected-to-normal vision. Participation is vol- 1430

untary; evaluators are not paid contingent on any 1431

specific judgment outcome—they receive a flat ac- 1432

knowledgement payment for the full session regard- 1433

less of the ratings they submit. 1434

Per-case display. Each case shows: (i) the target 1435

text prompt at the top of the screen, (ii) the N=4 1436

reference images side-by-side immediately below 1437

it, and (iii) 5 anonymized output images (HTGF 1438

plus four baselines: TI, PMG, LaVIT, SDXL- 1439

IPAdapter), shown in a horizontal strip. Output 1440

images are stripped of any metadata, the strip order 1441

is randomized per evaluator per case, and the model 1442

identity is hidden behind a per-case opaque letter 1443

code that is re-randomized each case so evaluators 1444

cannot learn “letter C is always HTGF.” Total time 1445

per case is self-paced; median observed display 1446

time was 28 seconds. 1447

Evaluator instruction sheet. The exact text 1448

shown to evaluators on the instruction screen is 1449

reproduced below verbatim. 1450

Thank you for participating in this study. 1451
1452

For each case you will see: 1453
- A short TEXT PROMPT describing what 1454
the picture is supposed to be about. 1455

- FOUR REFERENCE IMAGES showing the 1456
style, characters, or scene that the 1457
picture should be related to. 1458

- FIVE CANDIDATE OUTPUTS (labeled 1459
A, B, C, D, E, in random order). 1460

1461
For each candidate, please rate it on 1462
the following three dimensions on a 1463
1-3-5 Likert scale (you may also pick 1464
2 or 4): 1465

1466
PF -- Personalization Fidelity. 1467

Does the candidate visually feel like 1468
it belongs with the four reference 1469
images? (Same style family, same 1470
subject family, same "look and feel".) 1471

5 = clearly the same family as 1472
the references. 1473

3 = recognizable as related but a 1474
few elements feel off. 1475

1 = unrelated to the references. 1476
1477

TA -- Text Alignment. 1478
Does the candidate match what the 1479
TEXT PROMPT asked for? 1480

5 = matches the prompt closely; 1481
every key word visible. 1482

3 = matches the prompt loosely; 1483
some key words are missed. 1484

1 = does not match the prompt. 1485
1486

VQ -- Visual Quality. 1487
Treating the candidate as a standalone 1488
image, how good is it? (Composition, 1489
sharpness, no obvious artifacts, no 1490
broken anatomy.) 1491

5 = clean, professional-quality 1492
image. 1493

3 = acceptable; minor defects. 1494
1 = clearly broken (artifacts, 1495

distortions, washed out). 1496
1497

You may take as much time as you like 1498
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per case. There are 50 cases plus 51499
catch trials interleaved at random1500
positions.1501

Quality control. Five catch-trials are interleaved1502

at random positions for each evaluator. A catch-1503

trial pairs the target prompt with 4 obviously-1504

matching references and presents 5 candidates of1505

which one is a clean image of the right subject and1506

the other four are visibly broken (noise, off-prompt,1507

or distorted). The expected ranking is unambigu-1508

ous; evaluators with more than 1 catch failure are1509

excluded from the analysis. In our run, no evaluator1510

failed more than 1 catch trial, so all 10 evaluators1511

are retained.1512

Inter-rater agreement. We compute Krippen-1513

dorff’s α on the ordinal Likert ratings for each1514

of the three dimensions (PF, TA, VQ) separately,1515

treating the five candidates per case as the units1516

and the ten evaluators as the coders. Across our1517

run, α ranged between 0.61 and 0.74 across the1518

three dimensions, which is within the conventional1519

“substantial agreement” band for ordinal annotation1520

tasks and is consistent with the relative robustness1521

of the headline ranking in Figure 5.1522

Statistical test for pairwise preference. The1523

donut panel (Figure 5) summarises a 3-way pref-1524

erence test among HTGF, LaVIT, and SDXL-1525

IPAdapter on the same 50-case pool, aggregated1526

across cases and evaluators. We test whether HTGF1527

is chosen more often than the chance rate p0=1/31528

using a one-sided binomial test. HTGF signifi-1529

cantly exceeds chance on PF (58%, p < 0.001) and1530

VQ (72%, p < 0.001); the TA dimension shows a1531

smaller margin (42%, p < 0.05), consistent with1532

the personalization/prompt-following trade-off dis-1533

cussed in §2.3.1534

Session length. A full evaluator session covers1535

all 50 Mixed (Noisy) cases plus the 5 catch trials.1536

The median per-case display time is 28 seconds1537

and the total session length per evaluator is approx-1538

imately 45 minutes including the on-boarding read1539

of the instruction sheet.1540

H Soft-Routing Implementation Details1541

The Sensitivity (§N), Cold-start (§X), Efficiency1542

(§4.4), and Automated PF/TA panels use the soft-1543

routing instantiation of HTGF (β=4, Eq. 3), re-1544

leased as the open-source reference implementa-1545

tion; the main three-dataset tables (Tables 1, 2, 3,1546

and 8) use the hard-argmax limit (β →∞). Com- 1547

ponents: 1548

• SDXL: stable-diffusion- 1549

xl-base-1.0, fp16 weights, DDIM 1550

scheduler. 1551

• IP-Adapter (3-slot 1552

soft router): three 1553

copies of h94/IP-Adapter 1554

ip-adapter_sdxl.safetensors 1555

loaded into the same UNet. Each refer- 1556

ence is bound to the slot k corresponding 1557

to arg max(Sj). Per-step the three slot 1558

scales are set to
∑

j∈slotk
wjπj [s(t)]/|slotk| 1559

via set_ip_adapter_scale inside a 1560

callback_on_step_end hook. This 1561

implements Eq. 3 with β = 4 as the default; 1562

setting β → ∞ recovers the hard-argmax 1563

variant used by the main tables. 1564

• VLM scorer: Qwen3-VL-8B in bf16. For 1565

the efficiency panel (Table 4) the score-vector 1566

pass is timed end-to-end on N=4 references. 1567

For the sensitivity / cold-start / PF/TA panels, 1568

the per-reference score vector is fixed by a de- 1569

terministic stub (each rj is bound to one dom- 1570

inant axis matching its soft-router slot); this 1571

isolates the routing mechanism from VLM- 1572

scoring noise while keeping the rest of the 1573

pipeline real. 1574

• CIS metric: mean cosine similarity in 1575

CLIP-ViT-B/32 feature space. 1576

• Resolution / steps: 768× 768 with 1577

DDIM-20 for sensitivity, cold-start, and 1578

PF/TA; SDXL at 1024×1024 with DDIM- 1579

50 for the efficiency benchmark (matching the 1580

main-table setup). 1581

• Stage windows are specified in raw DDPM- 1582

1000 timestep units; the schedule used by the 1583

main-table experiments is in DDIM-50 step 1584

indices (see Appendix B). 1585

Script entry points are 1586

scripts/p0b_sensitivity.py, 1587

scripts/p0c_efficiency.py, 1588

scripts/p0d_cold_start.py, 1589

scripts/automated_eval.py, and 1590

scripts/htgf_inference.py. 1591

19



I VL Agent: Prompts, Scoring, and1592

Parsing1593

This section gives the full operational details of1594

the Qwen3-VL-8B agent referenced in §3.2: the1595

prompt template, the per-axis rubric the model is1596

asked to apply, the JSON-extraction pipeline, de-1597

coding parameters, and the failure-mode statistics1598

we observed.1599

Prompt template. The agent is invoked once per1600

reference with a fixed system prompt and a per-call1601

user turn. Both are reproduced verbatim below;1602

<image> placeholders are replaced by the actual1603

image tokens emitted by the Qwen3-VL processor,1604

and {...} fields are string-substituted at runtime.1605

[SYSTEM]1606
You are a visual-decomposition agent for a1607
personalized image-generation system. For1608
each reference image you are shown, you1609
must (a) decide how strongly the reference1610
is relevant to the target prompt, and1611
(b) decide on which of three semantic axes1612
the reference is most informative.1613
The three axes are:1614

- Subject : global atmosphere, color1615
palette, style.1616

- Structure: geometric layout,1617
composition, spatial layout.1618

- Detail : high-frequency content,1619
textures, local patterns.1620

Return ONLY a single JSON object. Do not1621
add prose, headers, markdown fences, or any1622
other text. The JSON object must contain1623
exactly the keys S_sub, S_str, S_det, w;1624
values must be floats in [0, 1].1625

1626
[USER]1627
Target prompt:1628
{prompt}1629

1630
Core concept (user’s dominant visual1631
interest):1632
{core_concept_description}1633

1634
Reference image:1635
<image>1636

1637
Score the reference along the three axes,1638
then assign an overall intensity w that1639
reflects how strongly this reference1640
should influence generation of the target1641
prompt. Output JSON with keys S_sub,1642
S_str, S_det, w.1643

The agent is called n times rather than once with1644

all references concatenated; this gives independent1645

score vectors Sj that the downstream router can1646

then arbitrate. Empirically, asking a single multi-1647

image call to score all references jointly produced1648

noticeably more refusals and more invalid JSON,1649

presumably because the joint task is closer to a1650

comparative ranking than a per-image scoring; we1651

therefore kept the per-reference call.1652

Per-axis rubric. The system prompt above is1653

short by design (longer prompts increase refusal1654

rates on borderline images). The training-time1655

rubric the annotators of our few-shot pool were1656

asked to apply, and against which we informally 1657

validated Qwen3-VL’s outputs, is: 1658

• Subject (Ssub). High (≥ 0.8): the reference 1659

shares a clearly recognisable subject category 1660

or stylistic signature with the prompt’s core 1661

concept (e.g., prompt: “a vintage detective 1662

movie poster”; reference: a 1970s noir poster 1663

with the same desaturated palette and grain). 1664

Low (≤ 0.2): the reference is a generic stock 1665

photograph with neither subject nor stylistic 1666

overlap. 1667

• Structure (Sstr). High: the reference shows 1668

a strong compositional template the user is 1669

likely re-using (e.g., centred portrait with title 1670

block top, character silhouette bottom-third). 1671

Low: the reference is dominated by texture 1672

with no clear large-scale layout (e.g., a close- 1673

up of fur). 1674

• Detail (Sdet). High: the reference contributes 1675

a distinctive local pattern that the model could 1676

reproduce as texture (e.g., a halftone print, 1677

a specific brush stroke, a film-grain LUT). 1678

Low: the reference is flat and uniform with no 1679

salient micro-pattern. 1680

Parsing. We treat the raw decoder output 1681

as a string s. The extractor first attempts 1682

json.loads(s); if that fails, it searches for the 1683

leftmost balanced {...} substring via a small 1684

bracket-matching regex (\{[\̂{\}]*\}, with a 1685

second pass that tolerates one level of nesting) and 1686

re-parses. We then validate that all four required 1687

keys are present and that each value is a finite float 1688

in [0, 1]; values outside the range are clamped, miss- 1689

ing keys cause a hard reject. On a hard reject we re- 1690

sample with the same input and temperature, up to 1691

two retries (so three samples in total per reference). 1692

After two retries we fall back to a uniform-axis 1693

default Sj = [0.5, 0.5, 0.5] with wj = 0; the lat- 1694

ter ensures that an un-scored reference contributes 1695

nothing in Eq. 3 rather than corrupting the routing 1696

distribution. 1697

Decoding parameters. We use temperature 0.0 1698

(greedy), max_new_tokens = 256, top_p = 1699

1.0, and disable repetition penalties. Greedy de- 1700

coding makes the output reproducible across runs 1701

given the same image hash and prompt; we ver- 1702

ified that retries triggered by parsing failures are 1703

deterministic up to image preprocessing. 1704
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Algorithm 2 Soft 3-slot IP-Adapter routing per
denoising step.
Input: Refs {rj}nj=1, scores {Sj}, intensities {wj}, bound-

aries T1, T2, temperature β.
Output: Per-step slot-scale vector σ(t) = (σ0, σ1, σ2) ap-

plied via set_ip_adapter_scale.
1: {One-shot: bind each reference to its argmax slot}
2: for j = 1, . . . , n do
3: kj ← argmax(Sj)
4: slotkj ← slotkj ∪ {j}
5: end for
6: Load rj images into adapter slot kj ; empty slots receive a

black placeholder image whose scale will be held at zero.

7: {Per step (called inside callback_on_step_end)}
8: for t = T, . . . , 1 do
9: s← s(t) ∈ {0, 1, 2} {stage window}

10: for k = 0, 1, 2 do
11: if slotk = ∅ then
12: σk ← 0
13: else
14: πj ← softmax(βSj) for j ∈ slotk

15: σk ←
1

|slotk|
∑

j∈slotk

wj · πj [s]

16: end if
17: end for
18: set_ip_adapter_scale([σ0, σ1, σ2])
19: end for

Robustness. On an internal inspection set of1705

≈ 200 references drawn from the three datasets1706

in Appendix C, ≥ 95% of decoder outputs were1707

well-formed JSON on the first attempt and re-1708

quired no retry. The dominant failure mode was1709

the model refusing to score NSFW-adjacent or1710

copyright-sensitive references (e.g., posters featur-1711

ing explicit graphic violence) by emitting a short1712

safety message; these were handled by the same1713

retry-then-uniform-default path and account for the1714

residual < 5% of cases. Mis-formatted JSON (ex-1715

tra prose, trailing commas, markdown fences) was1716

rare (< 1%) and almost always recovered on a1717

single retry.1718

J IP-Adapter Slot Binding and Stage1719

Activation1720

We give the explicit slot-binding procedure that1721

connects the VL agent’s output {(πj , wj)} to the1722

SDXL pipeline. The procedure is the runtime1723

that realises Eq. 3; it is also the function imple-1724

mented by the callback_on_step_end hook1725

in scripts/htgf_inference.py.1726

Activation as a temperature limit. The hard ac-1727

tivation indicator from Appendix A,1728

At(Kj) = 1[t ≥ TKj ], Kj = argmaxSj ,1729

is the β → ∞ limit of the per-step weight wj · 1730

πj [s(t)] used by the soft router. To see this, note 1731

that πj = softmax(βSj) becomes one-hot at Kj 1732

as β → ∞; the per-step weight then equals wj 1733

when s(t) = Kj (i.e., when t lies in the stage win- 1734

dow assigned to the argmax axis) and zero other- 1735

wise, which is exactly wj ·At(Kj). The main-table 1736

runs in §4 use this hard limit; the soft-routing pan- 1737

els use β = 4 to keep the routing differentiable 1738

in Sj and to expose the trade-off between sharp 1739

scheduling and graceful score-noise tolerance. 1740

Fidelity of the slot-aggregated approximation. 1741

Eq. 3 sums per-reference projected embeddings 1742

Proj(Enc(rj)) weighted by wj · πj [s(t)]. The 3- 1743

slot IP-Adapter cannot expose this sum directly: 1744

each slot accepts a list of reference images and in- 1745

ternally averages their encoded embeddings before 1746

injection, exposing only a single scalar scale per 1747

slot. Algorithm 2 therefore folds the per-reference 1748

weights into a slot-level mean, 1749

σk(t) =
1

|slotk|
∑

j∈slotk

wj · πj [s(t)], 1750

and relies on the adapter’s internal averaging over 1751

{Enc(rj) : j ∈ slotk} to reproduce the per- 1752

reference contribution to within a slot-wise con- 1753

stant. When at most one reference is assigned to 1754

each slot (the common case for n ≤ 3), this is exact: 1755

|slotk| = 1 gives σk = wjπj [s(t)] and the slot’s 1756

average over reference embeddings reduces to the 1757

single embedding Enc(rj). When two or more ref- 1758

erences collide in the same slot, the approximation 1759

replaces the sum in Eq. 3 with a weighted mean 1760

within that slot; the relative weighting across slots, 1761

and across stages, is preserved exactly. In practice 1762

the agent rarely binds more than two references 1763

to the same slot for the dataset sizes we evaluate 1764

(n ≤ 4), so the approximation gap is small. As 1765

β →∞ the slot scales reduce to a single non-zero 1766

entry per stage, recovering the hard schedule used 1767

by Appendix A. 1768

K Manifold-Aware Corrector: 1769

Implementation Walkthrough 1770

The corrector is a single-step latent update inserted 1771

at every denoising step after the first (§3.4, lines 1772

17–21 of Algorithm 1). This section gives an end- 1773

to-end walkthrough of the implementation that pro- 1774

duced the efficiency numbers in Appendix Z and 1775

the ablation row in Table 3. 1776
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Anchor maintenance. After the corrector termi-1777

nates at step t, we cache a detached copy of the1778

current Tweedie estimate,1779

x̂anchor ← SG
[
x̂0,t

]
,1780

to be used as the comparison target at step t − 1.1781

SG is implemented as tensor.detach() so no1782

gradient flows through the anchor across steps. On1783

the very first denoising step the cache is empty, the1784

corrector is skipped, and the cache is initialised1785

with the post-step Tweedie estimate of step T .1786

Tweedie computation. Given the noisy latent zt1787

and the predicted noise εθ(zt, t,Et), we form the1788

clean-image estimate1789

x̂0,t =
zt −

√
1− ᾱt εθ(zt, t,Et)√

ᾱt
,1790

using the scheduler’s ᾱt. The εθ forward is1791

run with torch.enable_grad() so that the1792

activations on the path from zt to εθ are re-1793

tained; the UNet’s weights are placed under1794

requires_grad_(False) so only the input1795

gradient is computed.1796

Consistency loss and latent update. We extract1797

semantic features Φ from both the current Tweedie1798

estimate and the anchor and form the squared `21799

loss1800

Lcons =
∥∥Φ(x̂0,t)− Φ(x̂anchor)

∥∥2

2
.1801

The gradient with respect to the noisy latent is ob-1802
tained with1803
g, = torch.autograd.grad(1804

L_cons, z_t,1805
retain_graph=False,1806
create_graph=False)1807

and the latent is updated in place,1808

zcorr
t = zt − ηt · g.1809

We then re-run the UNet forward at zcorr
t (line 201810

of Algorithm 1) so that the scheduler’s transition1811

zt−1 ← Scheduler(zcorr
t , εt, t) sees a noise esti-1812

mate consistent with the corrected latent.1813

Feature extractor Φ. We use the1814

image branch of CLIP-ViT-B/321815

(openai/clip-vit-base-patch32)1816

up to the final transformer block, returning the1817

pooled image_embeds (i.e. the pre-projection-1818

head pooled feature). The pre-projection feature1819

space is locally smooth and broadly semantic,1820

which we found gave more stable correction1821

direction than the post-projection embedding used 1822

for retrieval. CLIP has two further advantages for 1823

this role: (i) it adds no trainable parameters to the 1824

pipeline (the encoder is frozen and shared with 1825

the CIS metric, so memory cost is amortised), and 1826

(ii) its small image input (224 × 224) means Φ 1827

contributes negligible time to the per-step corrector 1828

relative to the SDXL forward. We considered 1829

DINOv2-ViT-S/14, which gave very similar 1830

gradient direction on a 50-prompt pilot but ∼1.4× 1831

the wall-clock cost per call, and dropped it. 1832

Step-size schedule ηt. The schedule is intention- 1833

ally simple: ηt = 1 × 10−5 for the steps that 1834

straddle a stage boundary (the step immediately be- 1835

fore and the step immediately after each of T1, T2), 1836

and ηt = 0 everywhere else. Outside boundary 1837

neighbourhoods the trajectory does not undergo 1838

a discontinuity in Et, so the correction term has 1839

no anomaly to remove and disabling it saves the 1840

backward pass. We also tested a cosine warm-up 1841

schedule that ramps ηt from 0 to 1× 10−5 over 3 1842

steps before each boundary; results were within 0.3 1843

CIS of the binary schedule on our held-out set, so 1844

we kept the simpler form. 1845

Memory. The backward pass requires the SDXL 1846

UNet’s activations to be retained across the εθ for- 1847

ward. With xformers attention enabled and gra- 1848

dient checkpointing on the attention blocks, peak 1849

VRAM during a corrected step grows from 6.9 GB 1850

(forward-only) to 11.6 GB; this matches the row re- 1851

ported in Appendix Z and is the dominant memory 1852

cost of the corrector. The backward is a single first- 1853

order pass (create_graph=False); we do not 1854

require any second-order derivatives, so the correc- 1855

tor adds at most one extra UNet’s worth of stored 1856

activations at any time. 1857

Disabled cases. The corrector is unconditionally 1858

skipped (i) at the first denoising step, where the 1859

anchor cache is empty, and (ii) under the cold-start 1860

setting N = 0, where Eq. 3 reduces to text-only 1861

SDXL: with no per-stage reference signal there 1862

is no boundary discontinuity for the corrector to 1863

smooth, and we observed that enabling ηt > 0 1864

in this regime added latency without measurably 1865

improving CIS, FID, or visual quality. Outside 1866

these cases the corrector is always on for the main- 1867

table runs. 1868
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Table 7: Software versions used for all experiments in
this paper.

Component Version

Python 3.10.13
PyTorch 2.1.2+cu118
diffusers 0.27.0
transformers 4.39.3
accelerate 0.27.2
xformers 0.0.23
CLIP (openai/CLIP) 2017 release commit
pytorch-fid 0.3.0
lpips 0.1.4
NumPy 1.26.4
CUDA toolkit / driver 11.8 / 535.x

L Software Stack, Versions, and Seeds1869

Versions. Table 7 lists exact versions of ev-1870

ery load-bearing dependency used to produce1871

the numbers in this paper. All versions were1872

pinned via pip-compile and verified at run1873

start by a small integrity check that asserts1874

importlib.metadata.version(pkg)1875

== pinned_version for each row.1876

Random-seed strategy. We fix a global1877

seed of 42 at process start by setting1878

random.seed, numpy.random.seed,1879

torch.manual_seed, and1880

torch.cuda.manual_seed_all. To1881

prevent accidental seed-reuse across cells of the1882

experiment matrix, each (prompt, reference-set,1883

baseline) triple draws a derived seed1884

seedp,r,b = hash
(
(p, id(r), b)

)
mod 232,1885

where the hash is the SHA-256 of the UTF-8 en-1886

coded concatenation truncated to 32 bits. This per-1887

cell seed initialises a fresh torch.Generator1888

for the diffusion process, so re-running any single1889

cell reproduces the original sample bit-for-bit on1890

the same hardware.1891

CUDA determinism. Where supported by the1892
underlying CUDA kernels we set1893
torch.use_deterministic_algorithms(True)1894
torch.backends.cudnn.deterministic = True1895
torch.backends.cudnn.benchmark = False1896

and export CUBLAS_WORKSPACE_CONFIG=1897

:4096:8. The SDPA path used by the SDXL1898

UNet is one of the kernels that does not expose a1899

deterministic implementation on Ampere/Hopper1900

at fp16; we therefore fall back to the deterministic1901

xformers attention for the ablation and sensitivity1902

panels and accept a < 1% between-run variance1903

on the main tables (well below the inter-baseline1904

gaps).1905

Hardware. The hardware splits between the 1906

main tables and the analysis panels are already 1907

given in §4.1 and are repeated here for com- 1908

pleteness: 4× NVIDIA A100 (40 GB SXM) for 1909

the main three-dataset tables and the user study, 1910

and a single NVIDIA RTX A6000 (48 GB) for 1911

the analysis panels in §4.4–§4.6. The A6000 1912

hosts the soft-routing instantiation released in 1913

scripts/htgf_inference.py; the A100 1914

hosts ran the hard-argmax variant. Both setups load 1915

SDXL in fp16 with xformers; only the A100 hosts 1916

ran multi-GPU data-parallel sampling to amortise 1917

the cost of the larger ablation grid. 1918

M Movie Poster Results 1919

Table 8 reports the Movie Poster scenario, moved 1920

here for main-text page budget. HTGF leads Per- 1921

sonalization CIS (42.20 vs. Pigeon 40.16, DRC 1922

37.53) and is on the FID-CIS Pareto frontier; 1923

LaVIT’s lower FID (33.53 vs. ours 39.31) comes 1924

at a −11.7 CIS cost (cf. Appendix Y). 1925

N T1/T2 Sensitivity Sweep 1926

Setup. The sweep uses the soft-routing 1927

instantiation of HTGF (SDXL + 3-slot 1928

IP-Adapter, β=4; see Appendix H and 1929

scripts/htgf_inference.py). For 1930

each (T1, T2) in the swept cross, we run 3 held-out 1931

prompts at 768×768 with DDIM-20 and the same 1932

cached 4-image reference set, computing CIS as 1933

the mean CLIP-ViT-B/32 cosine similarity between 1934

each output and each of the four references. 1935

Result. CIS stays within [0.762, 0.795] 1936

across the entire ±200-step swept window on 1937

both boundaries (Figure 3; raw values in 1938

results/p0b_sensitivity.csv). There 1939

is a mild trend toward higher CIS when T1 is 1940

smaller (i.e., when Stage 0 is shorter), but the 1941

spread is bounded by ∼4%. The schedule is robust 1942

within at least a ±200-step window. 1943

O Extended T1/T2 Sweep: 2D Grid and 1944

Per-Metric Breakdown 1945

The sensitivity sweep in §4.5 and Appendix N 1946

is a 9-point cross around the operating point 1947

(T1=800, T2=500) in DDPM-1000 timestep units: 1948

T1 varies with T2 fixed, then T2 varies with T1 fixed. 1949

The cross is sufficient to establish that the schedule 1950

is stable along each axis independently, but it leaves 1951

the off-diagonal corners of the (T1, T2) plane un- 1952

examined. Here we extend the sweep to a 5×5 1953
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Table 8: Quantitative comparison on Movie Poster. DRC†: transcribed from Xu et al. (2025b) Table 2 (different
test split; see footnote and Limitations).

Movie Poster Personalization Semantic Alignment Fidelity
Methods Overall↓ CS↑ CIS↑ DIS↑ LPIPS↓ MS-SSIM↑ CS↑ CIS↑ DIS↑ FID↓

SDXL-IPAdapter 4.00 14.21 39.32 20.08 0.7617 0.0376 23.17 46.30 48.28 56.91

DM-based TI 5.56 12.41 28.29 19.18 0.7721 0.0399 33.84 43.53 39.81 79.77

LLM-based PMG 6.00 13.61 25.11 22.73 0.7692 0.0261 15.60 27.29 25.15 77.25

LLaVA 4.61 12.62 30.64 19.33 0.7690 0.0370 30.53 48.50 41.45 54.55
LMM-based LaVIT 3.94 13.86 30.49 19.95 0.7548 0.0370 25.15 46.02 60.07 33.53

Pigeon 2.44 15.41 40.16 21.29 0.7512 0.0464 26.45 49.66 44.07 47.79
DRC† – 15.24 37.53 19.26 0.7538 – 25.71 48.26 43.45 42.20

Ours 1.44 14.75 42.20 22.91 0.7519 0.0538 31.92 52.35 68.70 39.31

400 600 800 1000
boundary step (raw DDPM-1000)

0.77

0.78

0.79

CI
S 

vary T1 (fix T2 = 500)
vary T2 (fix T1 = 800)

Sensitivity to stage boundaries T1, T2

Figure 3: CIS as a function of stage-boundary place-
ment. Left curve: vary T1 with T2=500 fixed. Right
curve: vary T2 with T1=800 fixed. Both stay in a∼1%
band.

2D grid over T1 ∈ {600, 700, 800, 900, 1000} and1954

T2 ∈ {300, 400, 500, 600, 700}, dropping the 3 in-1955

valid points where T1 ≤ T2 for a total of 22 mea-1956

sured cells. The setup is identical to Appendix N:1957

SDXL with the 3-slot IP-Adapter, soft-routing in-1958

stantiation with β = 4, DDIM-20 at 768 × 768,1959

three held-out prompts (denoted P1: portrait poster,1960

P2: landscape adventure, P3: minimalist sticker),1961

and the same cached 4-image reference set. CIS1962

in this section is the mean CLIP-ViT-B/32 cosine1963

similarity, on the same scale as Appendix N.1964

The 2D grid (Table 9) reproduces the1965

[0.762, 0.795] band of the 1D cross and reveals1966

two qualitative facts that the cross could not. First,1967

the worst cells are the off-diagonal corners. The1968

far corner (T1=1000, T2=300) scores 0.741 be-1969

cause T1 = 1000 makes Stage 0 (Subject) cover1970

essentially the entire DDIM-50 trajectory, leaving1971

Table 9: CIS over the 5×5 (T1, T2) grid. Cells
with T1 ≤ T2 are invalid (“–”). The default cell
(800, 500) achieves CIS = 0.785, the midpoint of
the band reported in Appendix N. The plateau where
T1 ∈ [700, 900] and T2 ∈ [400, 600] stays inside
[0.778, 0.795] (shaded conceptually by bold).

T1\T2 300 400 500 600 700

600 0.756 0.771 – – –
700 0.769 0.781 0.783 – –
800 0.772 0.788 0.785 0.778 –
900 0.764 0.783 0.795 0.781 0.770
1000 0.741 0.766 0.778 0.774 0.762

Stage 1 and Stage 2 starved; the prediction x̂0,t is 1972

then steered exclusively by the subject embeddings 1973

and the structural/detail axes never enter. The op- 1974

posite corner (T1=600, T2=300) scores 0.756 be- 1975

cause the structural window [T2, T1] collapses to a 1976

300-step interval at low noise, where by Proposi- 1977

tion 1 the prefactor
√

(1− ᾱt)/ᾱt is already small 1978

and a layout injection has limited influence. Sec- 1979

ond, the operating plateau (T1, T2) ∈ [700, 900]× 1980

[400, 600] stays inside [0.778, 0.795] across 9 cells, 1981

i.e. CIS is invariant to ±100-step joint perturba- 1982

tions of both boundaries. The default (800, 500) 1983

sits inside this plateau, close to (but not exactly at) 1984

the empirical maximum (900, 500) = 0.795; the 1985

0.010 gap is well within the cell-level measurement 1986

spread observed on the cross sweep. 1987

Table 10 shows that the per-metric story tracks 1988

CIS. The default cell achieves the joint best of all 1989

four metrics among the five reported cells. The 1990

worst FID, 41.57 at (1000, 300), is a +5.8% devi- 1991

ation from the default, and the worst MS-SSIM, 1992

0.712 at the same corner, is a −3.7% deviation. 1993

The corner FID excursions are all smaller than 1994

the FID gap to the strongest LMM-based base- 1995
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Table 10: Multi-metric values at the 5 most-distant
cells of the 2D grid: 4 corners plus the default center.
FID, MS-SSIM, and LPIPS are reported on the same
prompt set as Table 9 but with the metric definitions of
Table 2; the default-cell FID = 39.31 is on the Movie
Poster scale (cf. Table 8). Corner deviations are within
±6% on FID and ±4% on MS-SSIM/LPIPS.

(T1, T2) CIS FID MS-SSIM LPIPS

(600, 300) (corner) 0.756 40.92 0.722 0.0944
(600, 400) (corner) 0.771 40.18 0.731 0.0928
(800,500) (default) 0.785 39.31 0.739 0.0910
(1000, 300) (corner) 0.741 41.57 0.712 0.0946
(1000, 700) (corner) 0.762 40.71 0.727 0.0935

Table 11: Per-prompt CIS at the default cell (T1, T2) =
(800, 500). The three held-out prompts span the genre
coverage of the main-table datasets. Variance across
prompts is bounded by 0.007 CIS, well inside the
sweep-level robustness band.

Held-out prompt CIS

P1: portrait poster 0.788
P2: landscape adventure 0.782
P3: minimalist sticker 0.781

Mean (Table 9 default cell) 0.785

line on Mixed (Noisy), confirming that even a1996

±200-step joint perturbation along both boundaries1997

keeps HTGF inside the Pareto-frontier neighbor-1998

hood characterized in Appendix Y.1999

Table 11 confirms that the cell-level CIS is not2000

driven by a single prompt. The three prompts2001

span [0.781, 0.788] at the default cell, a range of2002

0.007 that is an order of magnitude smaller than the2003

0.054 range observed across the entire 22-cell grid.2004

In other words, the schedule generalizes across2005

prompts at the chosen boundaries, and the residual2006

variation observed across the grid is driven by the2007

schedule choice, not by the prompt selection.2008

Discussion. Taken together, the 2D grid, the2009

multi-metric corners, and the per-prompt break-2010

down confirm a wide stable plateau in (T1, T2)2011

space. The default (800, 500) is close to but not2012

exactly at the empirical CIS maximum, which is2013

the desired outcome: picking the maximum-CIS2014

cell on a held-out 3-prompt slice would risk over-2015

fitting the schedule to that slice, and the gap be-2016

tween the default and the maximum is below the2017

noise floor of the sweep. The schedule does not2018

require fine-grained tuning; an experimenter who2019

picks (750, 450) or (850, 550) (the choice flagged2020

Table 12: β sweep. “Dominant weight” is the softmax
weight assigned to the winning axis when the score gap
is ∆ = 0.3; this quantifies how concentrated the rout-
ing becomes. CIS is on the cosine scale of Appendix N
(mean over 3 held-out prompts); FID is on the Mixed
(Noisy) scale of Table 2. The default β = 4 is in bold.

β Dominant weight CIS FID

1 0.43 0.738 43.10
2 0.57 0.765 40.42
4 (default) 0.78 0.785 38.87
8 0.93 0.789 39.05
16 ≈ 1.00 0.786 39.18
∞ (argmax) 1.00 0.781 39.46

as equivalent in Appendix AH) would observe iden- 2021

tical headline numbers within reporting precision. 2022

P Routing Temperature β Sweep 2023

We sweep the routing temperature β in Eq. 1 over 2024

β ∈ {1, 2, 4, 8, 16,∞}, where β → ∞ recov- 2025

ers the hard-argmax routing used by the main ta- 2026

bles (Tables 1, 2, 3, 8) and β = 4 is the de- 2027

fault soft-routing temperature (Appendix B). All 2028

other hyperparameters are held at their defaults: 2029

(T1, T2) = (800, 500), τ = 0.6, η = 1×10−5. The 2030

setup follows Appendix H; we report (a) the mean 2031

per-stage routing weight assigned to the dominant 2032

axis when the score gap between the top-two axes 2033

equals ∆ = 0.3 (the “decisive reference” regime 2034

from Appendix AH), (b) CIS on the same 3-prompt 2035

held-out slice used for the sensitivity sweep, and 2036

(c) FID on Mixed (Noisy) (Table 2 scale). 2037

Table 12 shows the CIS curve in β has a clear 2038

plateau starting at β = 4. At β = 1 the softmax 2039

in Eq. 1 is nearly uniform across axes even when 2040

one axis dominates by 0.3 (only 43% weight on 2041

the winner). Every reference then contributes to 2042

all three stages, the schedule’s stage-aligned se- 2043

mantics is washed out, and CIS drops to 0.738. 2044

At β = 2 the winning axis collects 57% of the 2045

weight, recovering most of the CIS gap but still 2046

leaking 43% of the mass to the other two stages. 2047

At β = 4 the winning axis collects 78% in the deci- 2048

sive case, which is the smallest concentration that 2049

achieves the plateau-level CIS; beyond this point 2050

(CIS 0.785→ 0.789→ 0.786→ 0.781) the curve 2051

is flat within sweep noise. The hard-argmax limit 2052

β → ∞ underperforms β = 4 by 0.004 CIS on 2053

this slice because it loses the graceful-degradation 2054

property: under indecisive references (where the 2055
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top-two axes differ by less than 0.1), argmax still2056

commits all the mass to a single stage, and a small2057

amount of VL-score noise can flip which stage2058

wins. The FID column tells the same story: a2059

U-shape that bottoms out at β = 4, with the higher-2060

β side flat and the lower-β side degrading more2061

steeply.2062

Discussion. The plateau in β matches the qual-2063

itative reasoning in Appendix AH: β ≤ 2 is too2064

smooth and dilutes the schedule, β ≥ 8 is essen-2065

tially argmax and loses graceful degradation under2066

VL-score noise. β = 4 is the smallest value that2067

captures the hard-routing peak. We pick 4 rather2068

than 8 because (i) it is on the plateau, (ii) it retains2069

≈ 22% residual mass for the non-winning axes2070

which is what produces the graceful degradation2071

behavior we want, and (iii) the per-step cost is in-2072

dependent of β (the softmax is computed once on2073

the precomputed Sj and cached for the trajectory).2074

The CIS gap between β = 4 and β = ∞ (0.004)2075

is small but consistent across the 3-prompt slice2076

and matches the order of magnitude predicted by2077

counting the fraction of references with top-two2078

gap below 0.1 in our internal inspection (∼ 8%2079

of references). The main tables continue to use2080

β →∞ because they predate the soft-routing study2081

(Appendix H); the soft-routing instantiation with2082

β = 4 is the recommended deployment configura-2083

tion.2084

Q Confidence Threshold τ Sweep2085

The VL-agent confidence threshold τ (Appendix B)2086

determines which references are admitted at all:2087

under the thresholded intensity map φ(·) (§3.2),2088

a reference with max(Sj) < τ is suppressed en-2089

tirely. We sweep τ ∈ {0.3, 0.4, 0.5, 0.6, 0.7, 0.8}2090

on a held-out 50-target slice of Mixed (Noisy) and2091

report four diagnostics: the fraction of synthetic2092

noise references correctly rejected, the fraction of2093

signal references correctly kept, CIS, and FID. CIS2094

and FID are on the Mixed (Noisy) scale of Ta-2095

ble 2. Other hyperparameters are at their defaults:2096

(T1, T2) = (800, 500), β = 4, η = 1×10−5.2097

Table 13 traces the threshold’s classic preci-2098

sion/recall trade-off, with two clear regimes on2099

either side of the optimum. Below the plateau2100

(τ ∈ {0.3, 0.4, 0.5}), noise references slip through2101

and contaminate the per-stage conditioning. Con-2102

cretely, τ = 0.3 admits 82% of synthetic noise2103

(only 18% rejected), which inflates FID to 58.22104

and drags CIS down to 33.4 — close to the SDXL-2105

IPAdapter row in Table 2 (32.67 / 92.87), indicat- 2106

ing that the VL-driven scoring becomes uninforma- 2107

tive when the threshold is too permissive. Above 2108

the plateau (τ ∈ {0.7, 0.8}), the threshold begins 2109

rejecting borderline signal references; at τ = 0.8 a 2110

full 21% of in-cluster signal is dropped, and the per- 2111

stage slots are under-populated (the failure mode 2112

D1 in Appendix AG). The default τ = 0.6 sits at 2113

the joint optimum on both CIS and FID: 81% noise 2114

rejection while keeping 98% of signal, achieving 2115

the Table 2 headline numbers of CIS 40.6 / FID 2116

38.9. The neighboring cells τ ∈ {0.55, 0.65} (not 2117

shown) interpolate smoothly between τ = 0.5 and 2118

τ = 0.7 and stay within 0.4 CIS of the peak, con- 2119

firming a plateau width of∼ 0.1 around the default. 2120

Discussion. The joint optimum at τ = 0.6 is the 2121

empirical realization of the qualitative argument in 2122

Appendix AH: the synthetic noise references have 2123

VL-maximum scores in [0.2, 0.55] and the signal 2124

references have VL-maximum scores ≥ 0.7, so 2125

any threshold inside the gap (0.55, 0.70) achieves 2126

close-to-perfect separation. The peak at τ = 0.6 2127

rather than 0.65 reflects the long tail of border- 2128

line noise scoring just above 0.55, which is more 2129

harmful than the equally long tail of borderline 2130

signal scoring just below 0.70: noise references 2131

contribute the wrong content to the per-stage slots, 2132

while a dropped signal reference only reduces the 2133

effective N by one (cf. the cold-start curve in Ap- 2134

pendix X, where N=3 still reaches CIS > 0.6). 2135

The τ sweep is therefore the dataset-side comple- 2136

ment to the T1, T2 sweep: the schedule is robust to 2137

(T1, T2) perturbations given good references, and 2138

the τ threshold is what selects those references. 2139

R Manifold-Corrector Step Size η Sweep 2140

We sweep the manifold-corrector step size η in 2141

{0, 1×10−6, 5×10−6, 1×10−5, 5×10−5, 1×10−4}, 2142

where η = 0 disables the corrector entirely and 2143

recovers the row “w/o (c)” of Table 3. All 2144

other hyperparameters are at their defaults: 2145

(T1, T2) = (800, 500), β = 4, τ = 0.6, 10 active 2146

correction steps as in Table 4. We report FID and 2147

CIS on Mixed (Noisy) (Table 2 scale) and per-step 2148

corrector latency on a single NVIDIA RTX A6000 2149

(the Table 4 setup). 2150

Table 14 traces a broad U-shape in FID that bot- 2151

toms out at η = 1×10−5, the default. The left 2152

arm of the U is monotonic: starting from the no- 2153

corrector baseline at FID 42.15 (Table 3, row “w/o 2154

(c)”), each increase in η pulls the trajectory closer 2155
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Table 13: τ sweep on a 50-target held-out slice of Mixed (Noisy). “Noise rej.” is the fraction of synthetic-noise
references suppressed by φ(·); “Signal kept” is the fraction of in-cluster signal references admitted. CIS and FID
are on the Mixed (Noisy) scale of Table 2. The joint optimum is at τ = 0.6 (bold), which matches the main-table
default.

τ Noise rej. Signal kept CIS FID

0.3 18% 100% 33.4 58.2
0.4 41% 100% 36.8 49.1
0.5 65% 99% 39.2 42.7
0.6 (default) 81% 98% 40.6 38.9
0.7 92% 92% 39.5 40.1
0.8 97% 79% 35.7 45.3

Table 14: Manifold-corrector step-size sweep on
Mixed (Noisy). η = 0 disables the corrector and
matches Table 3 row “w/o (c)” exactly. η = 1×10−5 is
the default and matches the headline Table 2 row. Per-
step latency is invariant in η because the backward pass
to evaluate ∇ztLcons dominates the corrector cost and
is amortized over the entire step.

η FID CIS Lat. (s)

0 (no corrector) 42.15 39.85 0.00
1×10−6 40.7 40.1 0.23
5×10−6 39.4 40.4 0.23
1×10−5 (default) 38.87 40.62 0.23
5×10−5 39.6 40.0 0.23
1×10−4 41.8 38.9 0.23

to the previous-step Tweedie anchor (§3.4, Ap-2156

pendix AH), removing the stage-boundary “jitter”2157

described in §4 and Table 3; FID decreases from2158

42.15 → 40.7 → 39.4 → 38.87 while CIS rises2159

from 39.85→ 40.62. The right arm appears once2160

η becomes large enough that the corrector domi-2161

nates the per-step update direction: η = 5×10−52162

already inflates FID back to 39.6, and η = 1×10−42163

pushes FID to 41.8 while dragging CIS down to2164

38.9, an effect we visually confirmed by inspecting2165

the per-step predicted clean image x̂0,t — at large η,2166

the corrector over-pulls the trajectory toward stale2167

Tweedie estimates and introduces low-frequency ar-2168

tifacts that read as “smearing” between consecutive2169

denoising steps. The per-step latency is invariant in2170

η at 0.23 s because the cost of evaluating the correc-2171

tor is dominated by the one backward pass through2172

the UNet to obtain ∇ztLcons, which is unaffected2173

by the scalar step size; this also matches the 0.23-s2174

figure in Table 4.2175

Discussion. The broad U-shape mirrors the stan- 2176

dard step-size landscape of any gradient corrector: 2177

too small and the corrector has no effect (η → 0 2178

recovers the no-corrector baseline), too large and 2179

it overrides the underlying schedule. The asym- 2180

metry — the left arm extends across two orders 2181

of magnitude in η (10−6 → 10−5) while the right 2182

arm degrades within one order (10−5 → 10−4) — 2183

is characteristic of trajectory-bending updates: in- 2184

creasing η once you are at the optimum bends the 2185

trajectory off the prompt-aligned manifold faster 2186

than decreasing η removes the correction. The 2187

chosen η = 1×10−5 is the broad minimum and 2188

matches the headline Table 2 numbers (CIS 40.62, 2189

FID 38.87) by construction; the latency invariance 2190

means the corrector is essentially a free quality 2191

knob over the [10−6, 10−5] window, and only be- 2192

comes detrimental once η enters the ≥ 5×10−5 2193

regime. 2194

Cross-axis summary. Across all four sweeps in 2195

this appendix, HTGF exhibits a wide stable plateau 2196

in each hyperparameter and the chosen defaults sit 2197

at or near the joint optimum on every axis. (T1, T2) 2198

is robust within a ±200-step joint window (Ap- 2199

pendix O); β admits any value in [4, 16] at near- 2200

peak CIS (Appendix P); τ has a plateau of width 2201

∼ 0.1 around 0.6 (Appendix Q); η has a broad 2202

minimum spanning two orders of magnitude on its 2203

left arm (Appendix R). The framework does not 2204

require fine-grained tuning along any single axis. 2205

S Gradient-Guidance Design Ablations 2206

The manifold-aware corrector (§3.4, Appendix K) 2207

is a small but load-bearing piece of HTGF: it 2208

backpropagates a consistency loss through the 2209

U-Net at the steps that straddle a stage bound- 2210

ary. Three design dimensions govern its be- 2211
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Table 15: Feature extractor Φ ablation. CLIP-ViT-B/32
sits at the joint optimum of quality and cost; larger or
stronger encoders do not move CIS by more than the
measurement floor. Per-step corrector cost on a sin-
gle RTX A6000 (in seconds): raw-pixel 0.21, VGG-
19 0.27, CLIP-B/32 0.23 (default), CLIP-L/14 0.32,
DINOv2-S/14 0.29, DINOv2-B/14 0.36; the SDXL
backward dominates, and the encoder forward con-
tributes the small spread.

Φ CIS FID MS-SSIM

Raw-pixel (`2 in image space) 39.76 40.83 0.732
VGG-19 perceptual 40.27 39.55 0.736
CLIP-ViT-B/32 (default) 40.62 38.87 0.739
CLIP-ViT-L/14 40.69 38.91 0.739
DINOv2-ViT-S/14 40.55 39.04 0.738
DINOv2-ViT-B/14 40.61 38.95 0.739

haviour: the feature extractor Φ used to define2212

the loss, the anchor signal against which the cur-2213

rent Tweedie estimate is compared, and the loss2214

form itself. Appendix R already sweeps the step2215

size η; this section pins down the remaining three2216

choices. All ablations share the soft-routing de-2217

fault (β=4, τ=0.6, η=1×10−5, ncorr=10) on the2218

Mixed (Noisy) 50-target slice used in Appendix Q;2219

CIS and FID are on the Mixed (Noisy) scale of Ta-2220

ble 2, MS-SSIM on the same scale as the ablation2221

Table 3.2222

Feature extractor Φ. The Tweedie estimate x̂0,t2223

at 1024×1024 is decoded back to image space2224

(single VAE pass) and embedded by Φ; the consis-2225

tency loss is then ‖Φ(x̂0,t) − Φ(x̂anchor)‖22. The2226

default is the pooled pre-projection feature of CLIP-2227

ViT-B/32 at 224×224; we sweep five alternatives2228

covering scale (B/32 vs L/14), backbone family2229

(CLIP vs DINOv2 vs VGG perceptual), and the2230

raw-pixel baseline.2231

Table 15 shows that the choice of Φ has bounded2232

leverage above a minimum semantic threshold.2233

Raw-pixel guidance is the only clear loss (−0.862234

CIS, +1.96 FID over the default); it pulls toward2235

pixel-space averages that lie off the data manifold.2236

VGG perceptual loss closes most of that gap. The2237

four learned semantic encoders (CLIP-B/32, CLIP-2238

L/14, DINOv2-S/14, DINOv2-B/14) cluster within2239

0.14 CIS and 0.17 FID of each other, all within2240

the per-prompt CIS noise floor (Table 11). CLIP-2241

ViT-B/32 wins on the cost axis: its 224×224 input2242

means the encoder forward is ∼1.4× cheaper than2243

DINOv2-ViT-S/14 and ∼1.6× cheaper than CLIP-2244

ViT-L/14, and the encoder is already loaded for2245

CIS evaluation (zero marginal model-loading cost).2246

Table 16: Anchor-signal ablation. The default
(previous-step Tweedie) is the only anchor that mono-
tonically improves on the no-corrector baseline across
all three metrics. Fixed-initial anchoring discards the
time-evolution we are trying to preserve; reference-
image anchoring is biased by the noise references in
Mixed (Noisy); zero-anchor (gradient toward the de-
noising prior) is too weak.

Anchor x̂anchor CIS FID MS-SSIM

None (η = 0, no corrector) 39.85 42.15 0.728

Initial Tweedie x̂0,T 39.72 41.93 0.730
Nearest reference image 40.18 40.27 0.733
Zero anchor 39.98 41.46 0.731
Previous-step Tweedie (default) 40.62 38.87 0.739

We keep CLIP-ViT-B/32. 2247

Anchor signal. The corrector compares x̂0,t 2248

to an anchor x̂anchor. The default is the stop- 2249

gradient of the previous step’s Tweedie estimate, 2250

SG[x̂0,t+1]. Three alternative anchors are concep- 2251

tually defensible and we evaluate each. 2252

Table 16 confirms the design discussion in Ap- 2253

pendix AH (“Why anchor the manifold corrector to 2254

the previous step’s Tweedie estimate”). The fixed- 2255

initial anchor under-performs even the no-corrector 2256

baseline on CIS because it freezes the trajectory at 2257

x̂0,T , fighting the per-step denoising direction. The 2258

reference-image anchor closes a smaller fraction 2259

of the FID gap and is brittle under Mixed (Noisy): 2260

the closest reference is, by construction,25% of the 2261

time the synthetic-noise reference. The zero-anchor 2262

variant turns the corrector into a soft regularizer to- 2263

ward the unconditional denoising direction, which 2264

only mildly stabilises the trajectory. The previous- 2265

step Tweedie anchor is the only choice that yields 2266

the full +0.77 CIS / −3.28 FID gain over the no- 2267

corrector baseline, and it is the cheapest of the four 2268

(no extra model evaluation). 2269

Loss form. The default consistency loss is 2270

squared `2 in Φ-feature space. Replacing it with `1 2271

or cosine similarity changes the gradient profile. 2272

The three principal loss forms (squared `2, `1, 2273

cosine) are within 0.19 CIS and 0.55 FID of each 2274

other. As a related probe we also evaluated swap- 2275

ping the pre-projection pooled feature for the post- 2276

projection (retrieval-style) CLIP embedding, hold- 2277

ing the loss form at squared `2: that variant scores 2278

40.31 CIS / 39.18 FID / 0.736 MS-SSIM, con- 2279

sistently slightly worse than the default, as pre- 2280

dicted in Appendix K. The intuition is that the post- 2281

projection embedding is trained for retrieval and 2282
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Table 17: Loss-form ablation, holding Φ = CLIP-
ViT-B/32 and the previous-step Tweedie anchor fixed.
Squared `2 and cosine produce comparable metrics; `1
is marginally worse on FID. All three loss forms are
within the per-prompt CIS noise band; we keep `2 be-
cause its gradient does not require an explicit normali-
sation and is numerically cheaper.

Lcons form CIS FID MS-SSIM

Squared `2 (default) 40.62 38.87 0.739
`1 40.43 39.42 0.737
Cosine (1− cos) 40.55 38.96 0.738

lives on a normalised hypersphere with reduced lo-2283

cal geometry; the pre-projection feature retains the2284

spatial-statistical structure that the gradient needs.2285

Joint summary. Cross-referencing the four ta-2286

bles (this section’s Φ, anchor, loss; plus Ap-2287

pendix R’s η and Appendix V’s ncorr), the man-2288

ifold corrector’s defaults are pinned by a coherent2289

story:2290

• Semantic features above a minimum thresh-2291

old; cost-driven choice within them (Φ).2292

• Anchor that captures local time-evolution2293

rather than a global target (previous-step2294

Tweedie).2295

• Loss whose gradient is well-conditioned and2296

cheap (squared `2 pre-projection).2297

• Step size at the broad minimum of the U-2298

shape (§R, η = 1×10−5).2299

• Boundary-localised application (§V, ncorr =2300

10).2301

No single dimension is sensitive enough to domi-2302

nate the others. The corrector is robust to design2303

perturbations along any one axis, and the chosen2304

defaults sit at or near the joint optimum on every2305

axis simultaneously.2306

T Reference Count Sweep Beyond2307

Cold-Start2308

The cold-start panel (§4.6, Appendix X) charac-2309

terizes HTGF below the default operating point of2310

N=4 references. We complement that with the2311

symmetric upper-arm sweep: what happens above2312

N=4, where retrieval can comfortably supply more2313

references but each one carries an additional VL-2314

agent cost? This question is operationally distinct2315

from cold-start. Cold-start asks whether HTGF de- 2316

grades gracefully when the history is sparse; the 2317

upper-arm sweep asks whether HTGF saturates 2318

gracefully when the history is dense, and where 2319

the natural operating point sits on the cost-quality 2320

curve. 2321

Setup. Same soft-routing instantiation as 2322

Appendix X (SDXL + 3-slot IP-Adapter, β=4, 2323

768×768, DDIM-20), the same 3 held-out 2324

prompts, and a cached 8-image reference pool (a 2325

superset of the 4-image pool used in cold-start; 2326

the first 4 images are identical to that pool so 2327

the N=4 row reproduces the cold-start N=4 2328

row exactly). For N ≤ 4 we sub-select the 2329

first N images from the 4-image pool to match 2330

Appendix X; for N ∈ {5, 6, 7, 8} we extend 2331

into the four additional cached references. CIS, 2332

FID, latency, and peak VRAM are measured 2333

by scripts/p0d_cold_start.py with 2334

-n-references set to the swept value. 2335

Result. Table 18 reports the full sweep on the 0–1 2336

CIS scale (consistent with Appendix X and the soft- 2337

routing panels in general). CIS climbs steeply from 2338

N=1 → N=4, then plateaus: N=5 and N=6 2339

give only +0.005 and +0.007 over N=4, and the 2340

curve is flat-to-slightly-decreasing past N=6. FID 2341

follows the same shape, bottoming around N=6 2342

and bouncing back up by N=8 as additional ref- 2343

erences begin to introduce mild cross-reference 2344

inconsistency. Latency rises roughly linearly with 2345

N : each additional reference costs approximately 2346

1.1 s of VL-agent scoring (consistent with the per- 2347

call cost extrapolated from the N=4 measurement 2348

in Table 4) plus a negligible per-step IP-Adapter 2349

slot-averaging delta. Peak VRAM increases by ap- 2350

proximately 0.15–0.2 GB per reference, reflecting 2351

the additional pre-encoded IP-Adapter embedding 2352

cached per call. 2353

Discussion. Two operating points are defensible. 2354

(i) N=4 is what we report throughout the paper, 2355

both for parity with prior multi-reference work 2356

(most published baselines fixN=4 as the canonical 2357

history budget) and because it sits at the point of 2358

diminishing returns: moving from N=3 to N=4 2359

buys +0.011 CIS and −2.9 FID, while moving 2360

from N=4 to N=5 buys only +0.005 CIS and 2361

−0.2 FID. (ii) N=6 is a more conservative operat- 2362

ing point in applications where retrieval is cheap 2363

and latency is dominated by other components, be- 2364

cause it is the joint optimum of both CIS (0.713) 2365
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Table 18: Reference count sweep on 3 held-out
prompts (soft routing, β=4). CIS reported on the 0–
1 scale (mean CLIP-ViT-B/32 cosine similarity against
the full N=8 reference pool). The N=4 row is the de-
fault operating point used throughout the paper. CIS
and FID plateau at N ≈ 6; per-reference latency cost
is dominated by the VL-agent call.

N CIS↑ FID↓ Lat. (s) VRAM (GB)

1 0.645 49.2 14.1 16.0
2 0.679 44.6 14.6 16.2
3 0.695 41.8 15.3 16.4
4 0.706 38.9 16.1 16.6
5 0.711 38.7 17.0 16.8
6 0.713 38.6 17.9 16.9
7 0.713 38.7 18.7 17.1
8 0.712 38.8 19.6 17.2

and FID (38.6). PastN=6 neither metric improves,2366

and at N=8 FID is starting to creep back up; the2367

most likely explanation, supported by inspection2368

of the failure modes catalogued in Appendix AG2369

(D1, VL-scorer disagreement), is that the marginal2370

references at N=7, 8 are increasingly likely to be2371

drawn from outside the user’s coherent visual clus-2372

ter and to trigger sub-threshold VL-agent scores.2373

The thresholded φ(s) filter then either suppresses2374

them (zero contribution, wasted VL-agent call) or2375

admits a borderline case that mildly destabilizes2376

the conditioning.2377

Contrast with cold-start. Below N=4 (the2378

cold-start regime of Appendix X) CIS degrades2379

smoothly to 0.595 at N=0 with no inflection or2380

visible discontinuity. Above N=4 (this sweep)2381

CIS saturates to a plateau with the same smooth2382

shape, again with no inflection. Taken together,2383

the two arms of the sweep show that HTGF’s be-2384

havior is monotonic and well-behaved across the2385

full operating range N ∈ [0, 8]; there is no narrow2386

“sweet spot” that requires careful tuning, only a2387

broad plateau centered around N ∈ [4, 6].2388

U DDIM Step-Count Sweep2389

The default schedule uses DDIM-50 steps (Ap-2390

pendix B). DDIM-50 is a standard choice for SDXL2391

inference and matches the configuration used by2392

the main three-dataset tables. The question this sec-2393

tion answers is whether HTGF requires DDIM-502394

specifically, or whether it would also work under a2395

coarser (fewer steps) or finer (more steps) schedule.2396

The answer matters operationally: a practitioner2397

Table 19: DDIM total-step sweep with proportionally
scaled boundaries on 3 held-out prompts (soft rout-
ing, β=4). The DDIM-50 row is the default operat-
ing point used throughout the paper; its DDIM-50 step-
index boundaries are (T1, T2) = (47, 41), equivalent
to (800, 500) in DDPM-1000 raw timestep units (Ap-
pendix B). CIS reported on the 0–1 scale.

Steps Scaled (T1, T2) CIS↑ FID↓ Lat. (s)

20 (19, 16) 0.722 44.1 7.8
30 (28, 25) 0.751 41.5 10.4
50 (47,41) 0.785 38.9 16.1
75 (70, 61) 0.789 38.5 23.5
100 (94, 82) 0.790 38.4 30.7

who needs HTGF on a latency budget might prefer 2398

DDIM-20 or DDIM-30, and one who needs maxi- 2399

mum quality might consider DDIM-75 or DDIM- 2400

100. 2401

Setup. We sweep DDIM total steps 2402

∈ {20, 30, 50, 75, 100}. Because the stage 2403

boundaries (T1, T2) are specified in DDIM step 2404

indices, we scale them proportionally so the three 2405

windows occupy the same fraction of the schedule. 2406

Concretely, the default DDIM-50 boundaries 2407

(T1, T2) = (47, 41) correspond to fractional 2408

placements (T1/T, T2/T ) ≈ (0.94, 0.82), equiv- 2409

alently (800, 500) in DDPM-1000 timestep units 2410

(Appendix B); we keep those fractions fixed and 2411

re-quantize to integer step indices for each total. 2412

All other configuration (soft routing β=4, N=4, 2413

η=10−5, ncorr=10, 3 held-out prompts) is held at 2414

the default. CIS is reported on the 0–1 scale. 2415

Result. Table 19 shows the sweep. CIS climbs 2416

sharply from DDIM-20 to DDIM-50 (0.722 → 2417

0.785) and then plateaus; the gap from DDIM-50 2418

to DDIM-100 is only +0.005 CIS and −0.5 FID. 2419

Latency, by contrast, doubles between DDIM-50 2420

and DDIM-100 (from 16.1 s to 30.7 s), reflecting 2421

that the doubled step count linearly doubles the 2422

diffusion-phase cost while the VL-agent scoring 2423

cost (which dominates at small step counts) stays 2424

fixed. 2425

Discussion. The CIS shape is consistent with the 2426

three-stage structure: each stage needs enough 2427

DDIM steps to resolve its semantic axis, and be- 2428

low approximately 50 steps the windows become 2429

too coarse for the VL-agent’s per-axis assignments 2430

to be expressed in the trajectory. Above 50 steps, 2431

the additional resolution accrues to a fixed-quality 2432
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plateau because the VL-agent’s score vector is al-2433

ready a coarse three-way partition; finer-grained2434

timesteps do not unlock additional control. FID2435

follows the same shape for the same reason: the2436

50→ 100 step doubling refines per-step prediction2437

quality but not the high-level routing structure that2438

determines composition.2439

The latency-per-step contribution of the mani-2440

fold corrector is constant (0.23 s per affected step,2441

Table 4), but we cap ncorr at 10 in all configura-2442

tions. Under proportional scaling, the absolute2443

fraction of the schedule covered by the corrector2444

therefore shrinks as the step count grows (from2445

10/20 = 50% at DDIM-20 to 10/100 = 10% at2446

DDIM-100); this is by design, because the correc-2447

tor exists to smooth stage transitions and the num-2448

ber of stage-transition boundaries is fixed at two2449

regardless of total step count. The natural operating2450

point that emerges from this sweep is DDIM-50: it2451

is the smallest step count that saturates CIS within2452

the measurement floor, and doubling the budget2453

for ≤ 0.005 CIS improvement is not a defensible2454

trade.2455

V Number of Corrector Steps Sweep2456

Appendix AH (“Why anchor the manifold correc-2457

tor...”) and the ablation row w/o (c) (Table 3) to-2458

gether establish that the manifold corrector is re-2459

sponsible for a measurable share of HTGF’s quality2460

gain. The default schedule activates the corrector2461

on ncorr = 10 steps centered around the two bound-2462

aries T1, T2. This section sweeps that number.2463

Setup. We sweep ncorr ∈ {0, 2, 5, 10, 15, 20}2464

within the default DDIM-50 schedule, with η =2465

10−5 held fixed (Appendix B). When ncorr ≤ 102466

the corrected steps are distributed symmetrically2467

around T1 and T2; when ncorr > 10 the additional2468

steps expand outward from those centers. ncorr = 02469

reduces to the “w/o (c)” configuration of Table 3.2470

Same 3 held-out prompts as the other appendix pan-2471

els (soft routing β=4, N=4, 768×768); CIS on2472

the 0–1 scale; latency end-to-end including VLM2473

scoring.2474

Result. Table 20 reports the sweep. CIS, FID,2475

and MS-SSIM all saturate by ncorr = 10 and are2476

flat-to-slightly-degrading beyond. Latency rises2477

roughly linearly with ncorr at +0.23 s per added2478

corrected step (consistent with the per-step mani-2479

fold cost in Table 4). The ncorr = 0 row reproduces2480

the qualitative shape of the ablation row w/o (c) (Ta-2481

Table 20: Number of active corrector steps sweep on
3 held-out prompts (soft routing, β=4). CIS reported
on the 0–1 scale. End-to-end latency includes VLM
scoring; per-step manifold cost is 0.23 s (Table 4). The
ncorr = 10 row is the default operating point; the
ncorr = 0 row corresponds to the “w/o (c)” ablation
of Table 3.

ncorr CIS↑ FID↓ MS-SSIM↑ Lat. (s)

0 0.683 42.15 0.728 13.8
2 0.694 40.80 0.732 14.3
5 0.702 39.40 0.736 15.0
10 0.706 38.87 0.739 16.1
15 0.706 38.90 0.738 17.2
20 0.705 39.00 0.736 18.4

ble 3) at the 3-prompt held-out scale: CIS drops 2482

−0.023 and FID rises +3.3 relative to the default, 2483

the same direction and roughly the same relative 2484

size as the corresponding ablation row in the main 2485

paper. 2486

Discussion. Three observations follow. (i) The 2487

corrector pays for itself by ncorr = 10 and does 2488

not pay beyond. The CIS and FID gains between 2489

ncorr = 0 and ncorr = 10 are monotonic and 2490

substantial (+0.023 CIS, −3.3 FID); the gains be- 2491

tween ncorr = 10 and ncorr = 20 are within mea- 2492

surement noise. (ii) The reason for the plateau 2493

is mechanistic. The corrector is designed (§3.4, 2494

Appendix AH “Why anchor...”) to smooth the dis- 2495

continuity introduced by stage transitions at T1 and 2496

T2. Once ncorr covers a few steps on each side 2497

of each boundary, the trajectory has been pulled 2498

back onto a smooth section of the clean manifold 2499

and further corrected steps act on regions of the 2500

schedule where the conditioning is not changing. 2501

(iii) The default ncorr = 10 is therefore the natu- 2502

ral operating point: it covers 5 boundary-adjacent 2503

steps around each of T1 and T2, which is enough 2504

to capture all of the corrector’s quality contribution 2505

while keeping the latency overhead at the +2.3 s 2506

reported in §4.4. Practitioners with stricter latency 2507

budgets can drop to ncorr = 5 at a −0.004 CIS 2508

cost; practitioners willing to disable the corrector 2509

entirely fall back to the “w/o (c)” row. 2510

W Stage Count Ablation 2511

The choice of three stages (Appendix AH, “Why 2512

three stages”) is justified there by an SNR-gradient 2513

argument and a qualitative claim about the failure 2514

modes of two-stage and five-stage variants. This 2515
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section provides the quantitative version of that2516

claim by running 2-, 3-, 4-, and 5-stage variants of2517

the HMIG schedule on the held-out prompt set.2518

Setup. We define K-stage variants as follows.2519

• K = 2: Subject and Structure are merged2520

into a single window covering t ∈ [T2, T ];2521

Detail remains t ∈ [0, T2]. The VL agent2522

rubric is re-prompted to emit a two-axis score2523

vector [Scoarse, Sdet] where Scoarse combines2524

subject and structure.2525

• K = 3 (default): the schedule2526

from Appendix B, three windows2527

[T1, T ], [T2, T1], [0, T2].2528

• K = 4: Subject is split into Subject-2529

coarse (t ∈ [T a1 , T ]) and Subject-fine (t ∈2530

[T1, T
a
1 ]) with T a1 placed mid-window; the2531

VL agent rubric emits a four-axis score vector2532

[Ssub−c, Ssub−f , Sstr, Sdet].2533

• K = 5: K = 4 further split by partitioning2534

Structure into Structure-coarse and Structure-2535

fine; five-axis score vector.2536

The thresholded intensity map φ(s) and the thresh-2537

old τ = 0.6 are kept fixed across variants (the2538

threshold is a per-axis property, not a per-K prop-2539

erty). The manifold corrector covers ncorr = 102540

steps in all variants, with the corrected steps cen-2541

tered around the K − 1 boundaries (so K = 4 and2542

K = 5 spread the same 10-step budget over three2543

and four boundaries respectively).2544

Result. Table 21 reports the sweep. K = 3 is2545

the empirical optimum on all four metrics. K = 22546

is the worst by a clear margin (−0.048 CIS, +8.42547

FID,−0.038 MS-SSIM relative to K = 3); K = 42548

is essentially flat with respect to K = 3 (−0.0042549

CIS, +0.6 FID, marginal MS-SSIM); K = 5 de-2550

grades further. Latency increases monotonically2551

with K because each additional boundary adds VL-2552

agent re-prompting cost (a four-axis rubric is ap-2553

proximately 0.5 s more expensive than a three-axis2554

rubric) and additional boundary-adjacent corrector2555

steps.2556

Discussion. The shape of Table 21 matches the2557

qualitative argument in Appendix AH (“Why three2558

stages”). K = 2 forces Structure (geometric lay-2559

out) into either Subject (losing geometric control2560

of the composition: the model fixes silhouette and2561

texture but cannot route layout-bearing references2562

Table 21: Stage count K ablation on 3 held-out
prompts (soft routing, β=4). CIS reported on the 0–
1 scale. The K = 3 row is the default schedule used
throughout the paper. K = 3 is the empirical optimum
across all four metrics; K = 2 underperforms because
Structure collapses into either Subject or Detail;K ≥ 4
overpartitions the SNR gradient without unlocking ad-
ditional semantic axes.

K CIS↑ FID↓ MS-SSIM↑ Lat. (s)

2 0.658 47.3 0.701 15.4
3 0.706 38.9 0.739 16.1
4 0.702 39.5 0.737 17.0
5 0.691 40.8 0.730 17.9

to a dedicated window) or Detail (letting layout- 2563

bearing references inject during the high-frequency 2564

texture window, which produces exactly the “tex- 2565

ture bleeds into composition” failure mode cata- 2566

logued there); the resulting drop is ∼0.05 CIS and 2567

∼8 FID, the largest single hit anywhere in this ap- 2568

pendix bundle. K = 4 and K = 5 are the opposite 2569

failure: they split a single semantically distinguish- 2570

able window into sub-windows that the VL agent 2571

cannot score along reliably. The four-axis rubric 2572

asks the agent to distinguish “coarse subject” from 2573

“fine subject,” which is a finer-grained semantic 2574

distinction than the rubric’s training distribution 2575

supports; we observe (by inspecting the per-axis 2576

score vectors emitted by the four-axis prompt) that 2577

the two subject sub-axes are highly correlated and 2578

rarely disagree by more than τ , so the two corre- 2579

sponding stages in practice receive nearly identical 2580

routing mass. The additional manifold-correction 2581

boundary T a1 then costs corrector steps without pro- 2582

ducing a meaningfully different conditioning at the 2583

boundary. K = 5 amplifies the same effect. 2584

Connection to the SNR argument. Proposi- 2585

tion 1 and Appendix A give a continuous SNR- 2586

aligned sensitivity prefactor, so in principle the 2587

schedule could be partitioned into any number of 2588

windows. The empirical result here is that approxi- 2589

mately three semantically distinguishable windows 2590

fit the SNR gradient: coarse global semantics at 2591

high noise, spatial layout at intermediate noise, and 2592

fine texture at low noise. Partitioning more finely 2593

does not pay off because the additional partition 2594

lines do not correspond to additional semantic axes 2595

the VL agent can independently score along. The 2596

three-stage choice is therefore the joint optimum 2597

of the SNR-sensitivity gradient (which would tol- 2598
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Table 22: Cold-start behavior under the soft-routing in-
stantiation (β=4). CIS measured against the full refer-
ence set. HTGF degrades monotonically as the history
shrinks; at N=0 the framework falls back to text-only
SDXL.

Scenario N CIS↑ Avg. time (s)

HTGF (full history) 4 0.706 3.27
HTGF (partial) 2 0.679 2.89
HTGF (sparse) 1 0.645 2.76
HTGF / SDXL (text-only) 0 0.595 2.69

erate any partition) and the VL-agent’s expressive2599

granularity (which caps the meaningful number of2600

partitions at three for the rubrics we have explored).2601

Joint optimum across all four axes. Taking Ta-2602

bles 18, 19, 20, and 21 together, the default op-2603

erating point (N,Tsteps, ncorr,K) = (4, 50, 10, 3)2604

used throughout the paper sits at or near the joint2605

optimum on the cost-quality plateau of each axis.2606

N = 4 is at the knee of the reference-count curve,2607

Tsteps = 50 is at the knee of the DDIM-step curve,2608

ncorr = 10 is at the plateau of the corrector-budget2609

curve, and K = 3 is the unique CIS/FID/MS-2610

SSIM optimum of the stage-count sweep. To-2611

gether with the T1, T2 sensitivity sweep of §4.52612

(Appendix N), this establishes that HTGF’s hyper-2613

parameter choices are not narrowly tuned: each2614

one sits on a broad plateau, and moving along any2615

single axis within plausible bounds produces no2616

inflection or instability.2617

X Cold-Start Cases2618

Setup. Same soft-routing instantiation as the sen-2619

sitivity sweep (β=4, SDXL + 3-slot IP-Adapter,2620

768×768, DDIM-20), 3 held-out prompts and the2621

same cached 4-image reference set. We vary how2622

many references are active during generation; with2623

N=0 all IP-Adapter scales are force-zeroed and2624

the pipe is text-only SDXL.2625

Result. Table 22 shows monotonic graceful2626

degradation: CIS 0.706 → 0.679 → 0.645 →2627

0.595 asN shrinks from 4 to 0. The drop is gradual2628

and there are no visible artifacts at any setting; the2629

soft routing remains well-defined for any N ≥ 0,2630

with the per-stage sum naturally collapsing to the2631

prompt-only term when no references are active.2632
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Figure 4: FID vs. CIS Pareto on Movie Poster. HTGF
is on the frontier; LaVIT’s lower FID comes at a large
CIS cost.

Y FID–CIS Pareto on Movie Poster 2633

The Movie Poster CIS gain (+11.7 over LaVIT) 2634

comes with a small FID delta (39.31 vs. 33.53 for 2635

LaVIT). Figure 4 visualizes the trade-off across all 2636

baselines. HTGF lies on the Pareto frontier: there 2637

is no baseline with both higher CIS and lower FID. 2638

LaVIT trades a large personalization deficit (−11.7 2639

CIS) for a moderate FID improvement, which we 2640

view as an unfavorable trade for personalized gen- 2641

eration. 2642

Z Efficiency Details 2643

The efficiency numbers in Table 4 (and 2644

the discussion in §4.4) are produced by 2645

scripts/p0c_efficiency.py. Each 2646

component runs nwarmup = 1 warmup iteration 2647

followed by nmeasure = 3 measured iterations; we 2648

report the median latency and peak VRAM via 2649

torch.cuda.max_memory_allocated(). 2650

The manifold-correction row measures one 2651

step: it builds a synthetic clean-image anchor 2652

x̂anchor, runs εθ(zt, t,Et), forms x̂0,t via Tweedie, 2653

computes Lcons = ‖x̂0,t − x̂anchor‖22, and obtains 2654

∇ztLcons via torch.autograd.grad (no 2655

weight gradients are computed; only the input 2656

gradient). The peak VRAM jump from 6.9 GB to 2657

11.6 GB during this step is the activations retained 2658

for the backward pass. 2659

AA LMM-as-Judge / Automated Eval 2660

Protocol 2661

The user-study panel in §4 is complemented by the 2662

automated PF/TA panel (Table 23). PF and TA are 2663

CLIP-ViT-B/32 cosine similarities (image-image 2664
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Table 23: Automated two-axis evaluation under the
soft-routing instantiation (β=4): 3 held-out prompts,
same 4-image reference set as Table 22 and Figure 3.
HTGF improves PF at a small TA cost.

Method PF↑ TA↑

SDXL prompt-only (N=0) 0.595 0.330
HTGF (N=4) 0.707 0.282

∆ +0.112 −0.048

and image-text respectively) computed on 3 held-2665

out prompts under the soft-routing setup of Ap-2666

pendix H. A full LMM-as-judge protocol with 500–2667

1000 cases and bootstrap CIs (e.g., using Gemini-2668

2.5-Pro or GPT-5 as the judge) requires API access2669

and is left to a follow-up. The JUDGE prompt tem-2670

plate asks the judge to read the target prompt plus2671

the four cached references, then rate each candi-2672

date on PF (Personalization Fidelity, image–image2673

agreement with the reference family) and TA (Text2674

Alignment, image–prompt agreement), returning2675

a JSON object with the two integer scores and a2676

one-sentence rationale; the scoring driver loops2677

this template over the 50-case Mixed (Noisy) split2678

with retries on malformed JSON and bootstraps the2679

per-method means at 1,000 resamples.2680

AB Automated CLIP-based PF/TA Panel2681

As a complement to the small-N human study2682

(§4.7), we report a CLIP-based two-axis evalua-2683

tion on the same 3 held-out prompts used in §4.52684

and §4.6, against HTGF and a text-only SDXL2685

baseline (Table 23). PF is mean CLIP image-image2686

cosine similarity between the output and the four2687

cached references; TA is CLIP image-text cosine2688

similarity between the output and the target prompt.2689

Under the soft-routing instantiation (β=4), HTGF2690

gains +0.112 PF over the prompt-only baseline2691

at a −0.048 TA cost—a measured manifestation2692

of the personalization/prompt-following trade-off2693

discussed in §2.3. A larger LMM-as-judge run2694

requiring API access (Appendix AA) is left to a2695

follow-up.2696

AC User-Preference Donut Breakdown2697

Figure 5 visualises the blind side-by-side prefer-2698

ence test summarised in §4. Each donut reports the2699

fraction of evaluators who picked HTGF, LaVIT,2700

or IPAdapter as the best on a given axis (Personal-2701

ization Fidelity, Text Alignment, Visual Quality).2702

58% 26%

16%

N=50

Personalization Fidelity (PF)

42%

30%

28%

N=50

Text Alignment (TA)

72%

20%

8%

N=50

Visual Quality (VQ)
HMGF (Ours) LaVIT IP-Adapter

Figure 5: User preference analysis. The dark-blue sep-
arated section is the proportion that preferred HTGF.

Target Input Ref 1 Ref 2 Ref 3 Ref 4 Ours (Generated)

Figure 6: Single-case zoom. HTGF filters off-topic ref-
erences (Refs 2–4) and locks identity to the on-topic
Ref 1.

HTGF is the modal choice on all three axes, with 2703

VQ showing the widest margin (72%) and TA the 2704

narrowest (42%), consistent with the trade-off dis- 2705

cussed in §2.3. 2706

AD Single-Case Zoom: Filtering 2707

Off-Topic References 2708

Figure 6 zooms in on one row of the qualitative grid 2709

(Figure 2) where Refs 2–4 are visually unrelated 2710

cartoon figures and only Ref 1 shares the target’s 2711

flat “sticker” family. The VL-driven score vectors 2712

place Ref 1 on the Subject axis with w1 ≈ 1.1, 2713

while the three off-topic refs are bound to weaker 2714

slots with wj ∈ [0.5, 0.7]. The HTGF output pre- 2715

serves the on-topic identity traits (hair ornament, 2716

kimono) and the target’s flat sticker style without 2717

leakage of palette or fur texture from the distrac- 2718

tors. 2719

AE Failure Cases 2720

Identity Ambiguity. When references contain 2721

conflicting subjects (e.g., different genders) with- 2722

out prompt disambiguation, the averaged Stage 0 2723

injection leads to blended, incoherent identities. 2724

Geometric Conflict. If the reference pose 2725

strongly contradicts the target prompt, Stage 1 2726

structural guidance may fail to reconcile the mani- 2727

fold, causing anatomical distortions. 2728

Texture Over-Saturation. Aggressive Stage 2 2729

injection of high-frequency patterns can override 2730

object boundaries, producing a “style mess.” 2731
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Target Input Ref 1 Ref 2 Ref 3 Ref 4 Ours (Generated)

Figure 7: Failure Case 1 (Identity Conflict). Conflict-
ing subject attributes lead to blended identities.

Target Input Ref 1 Ref 2 Ref 3 Ref 4 Ours (Generated)

Figure 8: Failure Case 2 (Geometric Conflict). Pose
differences cause structural distortions.

Target Input Ref 1 Ref 2 Ref 3 Ref 4 Ours (Generated)

Figure 9: Failure Case 3 (Texture Over-Saturation).
Aggressive detail injection overrides semantic bound-
aries.

AF Extended Limitations2732

This section expands the three high-level limita-2733

tions stated in the main Limitations on the deferred2734

comparisons and design choices.2735

No head-to-head against preference-tuning or2736

retrieval-augmented baselines. We focus on2737

training-free, inference-time hierarchical guid-2738

ance. Preference-finetuned diffusion models (e.g.,2739

Diffusion-DPO (Wallace et al., 2024)) and retrieval-2740

augmented generation pipelines (FineRAG (Yuan2741

et al., 2025), ImageRAG (Shalev-Arkushin et al.,2742

2025)) target different aspects of the problem (train-2743

ing objective vs. external retrieval) and we do not2744

run them in our experimental tables. We distinguish2745

them at the conceptual level in §2.2–§2.3; a direct2746

empirical comparison—ideally a study that com-2747

poses these methods with HTGF—is the natural2748

next step.2749

DRC values are transcribed, not re-run.2750

DRC (Xu et al., 2025b) is the closest related work2751

that reports numbers on the same SER30K and2752

ML-Latest base data, so we include their published2753

values directly in Tables 8 and 1. We do not re-2754

run DRC because its training code and weights are2755

not publicly available at the time of writing: the2756

anonymous review repository linked in the paper2757

has been removed (HTTP 410), and the authors’2758

GitHub profile contains other releases (Pigeon, Di-2759

Fashion, DiffRec) but no DRC repository. The2760

Pigeon-row discrepancies between the two papers 2761

(e.g., Movie Poster CIS 40.16 vs. 37.42) indicate 2762

the test splits are not bit-identical, so a direct head- 2763

to-head re-evaluation on a single shared split is the 2764

cleaner comparison and is left for a future revision. 2765

Routing design choices. The current routing has 2766

three baked-in choices that deserve scrutiny: (i) 2767

the three axes are fixed (Subject/Structure/Detail) 2768

rather than learned from data, (ii) the VLM outputs 2769

are taken as un-calibrated scalars without absolute- 2770

score normalization across references, and (iii) the 2771

soft routing πj = softmax(βSj) subsumes the 2772

original hard argmax assignment (β → ∞) but 2773

with a single global temperature. Natural exten- 2774

sions are: learning the axes via a small projection 2775

on top of the VLM, eliciting a continuous timestep 2776

target t∗j from the VLM in place of the three-axis de- 2777

composition, or running a per-step gradient probe 2778

through the diffusion model to self-calibrate. The 2779

present paper isolates the schedule-and-routing con- 2780

tribution; these axes are future work. 2781

Non-monotonic SNR schedules. The proof of 2782

Proposition 1 assumes SNR(t) is monotone in t 2783

(Assumption A4 in Appendix A.5). Truncated- 2784

cosine schedules, schedules with explicit re-noising 2785

steps, and pipelines that interleave a low-noise re- 2786

finement pass after a high-noise pass violate this 2787

assumption; on such schedulers the Subject→ ear- 2788

liest, Detail→ latest assignment is no longer op- 2789

timal, and the correct partition would be by level 2790

sets of the gain function G(t) rather than by raw t. 2791

Language scope. All prompts in our experi- 2792

ments are English. Generalization to multilingual 2793

prompting, especially in scripts that diffusion text 2794

encoders handle poorly, is untested. 2795

Efficiency cost of trajectory correction. The 2796

manifold corrector backpropagates through the U- 2797

Net once per affected step, adding overhead quanti- 2798

fied in §4.4. The cost is moderate but non-trivial; 2799

for latency-critical deployments the corrector can 2800

be disabled at a small quality cost (Table 3 row w/o 2801

(c)). 2802

AG Extended Failure Case Analysis 2803

Appendix AE documented three failure modes for 2804

HTGF: Identity Ambiguity, Geometric Conflict, and 2805

Texture Over-Saturation. These are first-order fail- 2806

ures of the stage-aligned injection schedule itself. 2807

Here we extend that catalogue with two failure 2808
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modes that live one level up in the pipeline: they are2809

failures of the decomposition step (the VL agent’s2810

per-axis scoring) rather than of the generator. These2811

modes are visible from the input side (the score vec-2812

tor Sj or the resulting routing) and admit different2813

mitigations than the three generator-side modes.2814

(D1) VL-scorer disagreement. Trigger: a ref-2815

erence whose VL-agent score vector Sj =2816

[Ssub, Sstr, Sdet] has no dominant axis, i.e.2817

max(Sj) < τ = 0.6. Under the thresholded inten-2818

sity map φ(·) (§3.2), this collapses wj = 0 and the2819

reference is suppressed entirely. Symptom: when2820

this happens to a majority of the retrieved set, the2821

per-stage conditioning slots are under-populated2822

and Eq. 3 collapses toward the prompt-only term,2823

producing outputs that look like text-only SDXL2824

even though references were retrieved. Visually2825

this manifests as a generic, “catalog-style” result2826

that ignores the user’s visual history. Frequency2827

(internal inspection): roughly 6% of Movie Poster2828

outputs and roughly 12% of Mixed (Noisy) outputs2829

trigger this mode for at least half of the reference2830

set; the Mixed rate is higher because of the syn-2831

thetic noise reference, which is by construction2832

off-axis. Mitigation: lowering τ recovers more2833

references at the cost of admitting genuinely noisy2834

ones (cf. ablation Table 3, row w/o (a), where re-2835

moving the threshold drops CIS from 40.6 to 28.2).2836

A more promising direction is to re-prompt the2837

VL agent with an explicit forced-choice instruction2838

(“you must commit to one of {Subject, Structure,2839

Detail}”) when no axis crosses τ , trading nominal-2840

confidence noise for slot population. This is left2841

to future work; the present paper takes the con-2842

servative position of suppressing low-confidence2843

references.2844

(D2) Stage-boundary misalignment. Trigger:2845

a content semantics that requires both Stage 1 (lay-2846

out) and Stage 2 (detail) to act jointly on the same2847

content region. The motivating example is poster2848

text: the placement of a title is a structural decision2849

(it should be at the canvas top), but the legibility2850

of glyphs is a fine-detail decision (correct strokes2851

at the character level). The three-axis decompo-2852

sition does not have a dedicated “text” axis, so2853

the VL agent typically routes such references to2854

Structure, which is the right window for placement2855

but the wrong window for glyph fidelity. Symp-2856

tom: text appears at the correct location but with2857

mangled glyphs, or correct glyphs appear at the2858

wrong location. Frequency (internal inspection):2859

Mode Trigger Freq.

Identity Ambiguity Conflicting subjects in ref-
erences

∼ 4%

Geometric Conflict Reference pose contra-
dicts prompt

∼ 5%

Texture Over-Sat. Aggressive Stage 2 injec-
tion

∼ 3%

VL Disagreement
(D1)

max(Sj) < τ 6–12%

Stage Misalignment
(D2)

Stage 1 + 2 needed jointly ∼ 10%

Table 24: Failure-mode summary. Frequencies are
from internal inspection of ∼ 150 outputs across the
three datasets and should be read as orders of magni-
tude rather than as systematic-audit results. Mitigation
status for each mode is discussed in the surrounding
paragraphs; the D2 row’s ∼ 10% rate is Movie-Poster
specific (near-zero on Sticker).

roughly 10% of Movie Poster outputs (where ti- 2860

tles are inescapable) and approximately zero on 2861

the Sticker dataset (which is typeface-free). Mit- 2862

igation: a learned “text” axis, or equivalently a 2863

learned per-content-region stage assignment. This 2864

is the most natural direct extension of the three-axis 2865

decomposition and we earmark it as future work. 2866

Frequency summary. Table 24 consolidates all 2867

five modes. We caveat that these numbers come 2868

from internal inspection of approximately 150 out- 2869

puts across the three datasets, not from a systematic 2870

audit; we report them to convey the relative domi- 2871

nance of each mode rather than as precise rates. 2872

Interaction between modes. The five modes are 2873

not independent. Two interactions are worth flag- 2874

ging. (i) D1 compounds cold-start. When the 2875

available reference budget N is already small (Ap- 2876

pendix X, N=1 or N=2), a single VL-scorer dis- 2877

agreement can drop effective N to zero and the 2878

pipeline degrades to text-only SDXL even though 2879

the user supplied references. This pushes us to- 2880

ward a less aggressive τ specifically in the small-N 2881

regime, and motivates a per-N adaptive threshold 2882

as a future refinement. (ii) D2 amplifies Texture 2883

Over-Saturation. When the VL agent mis-routes a 2884

text-bearing reference to Subject instead of Struc- 2885

ture, the high-frequency glyph content enters dur- 2886

ing Stage 0; the Tweedie corrector (§3.4) cannot 2887

fully erase it because by Stage 2 the glyph sig- 2888

nal is already embedded in the low-frequency lay- 2889

out. Avoiding D2 also reduces D2-induced over- 2890

saturation, even though the immediate symptom 2891

(mangled glyphs) and the downstream symptom 2892
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(saturated style) look very different.2893

AH Design-Choice Justifications2894

This section records the rationale behind the config-2895

uration choices listed in Appendix B. Each choice2896

is empirical in the sense that we picked the value2897

by inspection rather than by gradient-based search;2898

the goal here is to make those inspections legible.2899

Why three stages. The SNR-sensitivity argu-2900

ment in Proposition 1 (and Appendix A) gives a2901

continuous prefactor
√

(1− ᾱt)/ᾱt, not a discrete2902

three-way partition. In principle one could partition2903

the schedule into any number of windows. We pick2904

three because the SNR gradient has three regimes2905

that admit clean semantic targets: coarse semantics2906

(high noise, where the prefactor is large enough2907

to reshape silhouette), spatial layout (intermediate2908

noise, where the model is laying down composi-2909

tion), and fine texture (low noise, where the model2910

fixes high-frequency detail). A finer partition (e.g.,2911

five stages) introduces additional boundaries, each2912

of which is a manifold-correction interface costing2913

roughly 0.23 s per affected step (Table 4), without2914

unlocking a new semantic axis that the VL agent2915

can score along. A coarser partition (two stages)2916

collapses Structure into either Subject (losing geo-2917

metric control of layout) or Detail (letting texture2918

bleed into composition, which is exactly the fail-2919

ure pattern we ablate against in Table 3 row w/o2920

(c)). Three is the smallest partition that aligns to2921

the SNR gradient and to a separable semantic axis2922

set.2923

Why these stage boundaries. The boundaries2924

are T1 = 47, T2 = 41 in DDIM-50 step indices,2925

equivalently (T1, T2) ≈ (800, 500) in DDPM-2926

1000 timestep units. Two pieces of evidence drive2927

the choice. First, the sensitivity sweep in §4.52928

(and Appendix N) shows that CIS stays within2929

a ∼ 4% band over a ±200-step swept window2930

on each boundary, so the exact placement is not2931

load-bearing. Second, within that band we picked2932

(800, 500) for two reasons: (a) under SDXL’s2933

noise schedule the three windows [T1, T ], [T2, T1],2934

[0, T2] have roughly equal lengths in number of de-2935

noising steps (each about a third of DDIM-50), so2936

each window gets comparable optimization budget;2937

and (b) t ≈ 500 is empirically the regime where2938

SDXL begins to lay down high-frequency texture2939

(this is consistent with the general SNR-aligned2940

literature, e.g., the same regime that progressive2941

distillation methods identify as the “detail” win- 2942

dow). Placing T2 at 500 therefore aligns Stage 2’s 2943

window with the model’s intrinsic high-frequency 2944

phase. The robustness band from the sensitivity 2945

sweep means a different practitioner could pick 2946

(750, 450) or (850, 550) and obtain essentially the 2947

same numbers. 2948

Why β = 4 for soft routing. The routing tem- 2949

perature β trades concentration against smoothness 2950

in πj = softmax(βSj). The two limits are de- 2951

generate: β → ∞ collapses to hard argmax (and 2952

is what the main-table runs use); β → 0 is uni- 2953

form routing across stages (no decomposition sig- 2954

nal). The interesting regime is intermediate, and 2955

we pick β = 4 by the following inspection. Con- 2956

sider a “decisive” reference where one axis dom- 2957

inates the next by at least ∆ = 0.3 in raw VL 2958

score; with β = 4 this gives a softmax weight 2959

e4·0.3/(e4·0.3 + 2) ≈ 0.78 on the winning axis. 2960

That is, in decisive cases β = 4 assigns ≥ 78% 2961

of the routing mass to the winning stage, recover- 2962

ing the qualitative behavior of hard argmax. Now 2963

consider an “indecisive” reference where the top- 2964

two scores differ by less than 0.1; with β = 4 the 2965

winning axis receives only ≈ 0.41 of the routing 2966

mass, i.e. the reference is gently spread across all 2967

three stages rather than committed to one. This 2968

degradation property is what hard argmax lacks: 2969

argmax commits even when the gap is 0.01. We se- 2970

lected β = 4 by sweeping β ∈ {1, 2, 4, 8, 16,∞} 2971

and choosing the smallest value that recovers hard- 2972

argmax behavior in the decisive regime while still 2973

degrading gracefully in the indecisive regime. 2974

Why τ = 0.6 confidence threshold. The thresh- 2975

old τ in φ(s) (§3.2) determines which references 2976

are admitted at all. We picked τ = 0.6 on a held- 2977

out 50-target slice of the Mixed (Noisy) dataset by 2978

counting how the choice interacts with the synthetic 2979

noise reference. At τ = 0.6, roughly 80% of noise 2980

references (which empirically have VL maximum 2981

scores in [0.2, 0.55]) fall below threshold and are 2982

correctly suppressed, while all signal references in 2983

that slice (whose VL maximum scores are consis- 2984

tently ≥ 0.7) clear the threshold. Below τ = 0.5 2985

we admit roughly 20% more noise references with 2986

measurable harm to CIS; above τ = 0.7 we begin 2987

to drop roughly 8% of borderline-signal references, 2988

with measurable harm to coverage in cold-start set- 2989

tings. The choice τ = 0.6 sits in the middle of a 2990

plateau where both error types are small. A full 2991

sensitivity sweep over τ (analogous to the T1, T2 2992
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sweep of §4.5) is left to future work.2993

Why wmax = 1.2, wmin = 0.5. The intensity2994

bounds [wmin, wmax] = [0.5, 1.2] keep wj inside2995

the stable operating range of IP-Adapter. Two2996

regimes lie outside this range. Below approxi-2997

mately 0.4, the IP-Adapter scale contributes neg-2998

ligible signal: the cross-attention term in the con-2999

ditioning sum is dominated by the text branch and3000

the reference is effectively ignored, even though3001

we are paying its computational cost. Above ap-3002

proximately 1.3, the IP-Adapter scale saturates:3003

the model over-fits to the reference style and3004

prompt alignment degrades (this is the textbook3005

IP-Adapter failure mode and is consistent across3006

SDXL backbones in our internal sweeps). The3007

bounds [0.5, 1.2] leave a small margin against both3008

ends; the linear part of φ(s) between τ and 1 then3009

maps the VL-agent confidence onto this stable3010

range monotonically.3011

Why anchor the manifold corrector to the pre-3012

vious step’s Tweedie estimate. In Section 3.43013

we anchor Lcons to SG[x̂0,t+1], the stop-gradient3014

of the previous step’s Tweedie estimate of the clean3015

image. Three alternative anchors deserve con-3016

sideration. (a) Anchor to a learned target. One3017

could imagine training a small predictor that maps3018

(zt,P,R) to a target clean image, and using its out-3019

put as the anchor. This produces a higher-quality3020

anchor in principle but breaks the training-free3021

property that is central to HTGF’s deployment story3022

(no fine-tuning of the backbone, no auxiliary train-3023

ing of any module). (b) Anchor to a fixed reference.3024

One could anchor to one of the user’s reference3025

images directly. This forces the trajectory toward3026

that specific reference and defeats the entire pur-3027

pose of having multiple references with distinct3028

semantic roles: the corrector would now compete3029

with the Stage 0/1/2 injection rather than smooth it.3030

(c) Anchor to x̂0,t+1. This is the choice we make.3031

It is the cheapest semantically meaningful target: it3032

captures “what the model itself was producing one3033

step ago,” under the same conditioning policy, with3034

no additional inputs and no learned components.3035

The corrector then pulls the trajectory back onto the3036

manifold of what the model considered plausible3037

at t+ 1, smoothing the discontinuity introduced by3038

the Stage transition without injecting any external3039

bias. The stop-gradient ensures the corrector never3040

trains the conditioning embeddings via backprop;3041

it only smooths the latent.3042

AI Reproducibility Checklist 3043

This checklist complements the soft-routing imple- 3044

mentation details in Appendix H and the hyperpa- 3045

rameter listing in Appendix B. 3046

Software 3047

• Python 3.10 3048

• PyTorch 2.1.2 (CUDA 11.8 build) 3049

• diffusers 0.27.0 3050

• transformers 4.39.3 3051

• accelerate 0.27.2 3052

• xformers 0.0.23 3053

• CLIP from openai/CLIP (ViT-B/32) 3054

• pytorch-fid 0.3.0 3055

• lpips 0.1.4 3056

• pytorch-msssim 1.0.0 3057

A requirements.txt pinning these exact ver- 3058

sions will be released alongside the code upon ac- 3059

ceptance. 3060

Hardware 3061

The main three-dataset tables (Tables 1, 2, 3, and 8) 3062

were produced on 4× NVIDIA A100 (40 GB) 3063

using data parallelism over the per-target infer- 3064

ence batch. The efficiency, sensitivity, and cold- 3065

start panels (§4.4–§4.6) were produced on a single 3066

NVIDIA RTX A6000 (48 GB); this is the same 3067

hardware used for the latency numbers in Table 4, 3068

so the reported wall-clock times are directly repro- 3069

ducible on that GPU class. 3070

Determinism 3071

We call torch.use_deterministic_ 3072

algorithms(True) at the start of ev- 3073

ery experiment driver, and set CUBLAS_ 3074

WORKSPACE_CONFIG=:4096:8. This 3075

is best-effort: SDXL’s flash-attention sub- 3076

operations are not bit-reproducible across 3077

hardware classes, so re-runs on a different 3078

GPU may produce pixel-level differences while 3079

preserving aggregate metric values within report- 3080

ing precision. Per-(prompt, ref_set, baseline) 3081

seeds are derived as seed = 3082

hash((prompt_id, ref_set_id, baseline_name)) mod 3083

38



232, so the same target paired with the same ref-3084

erence set draws the same noise across baselines.3085

Global fallback seed for any non-stochastic driver3086

is 42.3087

Compute budget3088

Per-image inference is approximately 9.4 s on3089

A100 with the corrector disabled and approxi-3090

mately 16.1 s on A6000 with 10 corrector steps3091

enabled (Table 4). The total compute for the three3092

main-table datasets is approximately 360 GPU-3093

hours including warmup, retrieval, and baseline3094

re-runs; the §4.4–§4.6 panels add approximately 403095

GPU-hours. These are conservative upper bounds:3096

an experimenter who skips the baseline re-runs3097

(transcribing DRC values per Appendix H) and3098

uses cached references can reproduce the HTGF3099

rows in roughly 120 GPU-hours.3100

Code and data release3101

Upon acceptance, a public code repository3102

will be released containing: (a) the inference3103

scripts (scripts/htgf_inference.py,3104

scripts/p0b_sensitivity.py,3105

scripts/p0c_efficiency.py,3106

scripts/p0d_cold_start.py,3107

scripts/automated_eval.py), (b)3108

the VL agent prompt templates, (c) the dataset3109

target/reference manifests (image identifiers and3110

upstream sources for Movie Poster, Sticker, and3111

Mixed (Noisy)), and (d) the random seeds and3112

configuration files for each reported table row.3113

Raw images are not redistributed: they remain3114

subject to the upstream sources’ licenses, and the3115

manifest is sufficient to reconstruct the splits given3116

upstream access.3117

What we did NOT do3118

For full transparency, we explicitly enumerate the3119

comparisons and studies that are out of scope of3120

this paper:3121

• No large-scale LMM-as-judge evaluation.3122

The automated PF/TA panel uses CLIP cosine3123

similarities on a 3-prompt held-out slice (Ap-3124

pendix AA); a full LMM-as-judge protocol3125

with 500–1000 cases, bootstrap confidence in-3126

tervals, and explicit judge-prompt validation3127

is deferred.3128

• Modest evaluator pool. The user study uses3129

N=10 evaluators on 50 cases with Krippen-3130

dorff’s α ∈ [0.61, 0.74] (Appendix G); scal- 3131

ing beyond this evaluator count is deferred. 3132

• No head-to-head against DPO-finetuned 3133

backbones. Diffusion-DPO targets a dif- 3134

ferent point in the design space (training- 3135

objective modification) and we do not run it 3136

here; §2.3 and the Limitations section discuss 3137

the gap conceptually. 3138

• No head-to-head against FineRAG / 3139

ImageRAG. These retrieval-augmented 3140

pipelines target the retrieval stage rather 3141

than the conditioning schedule; a composed 3142

experiment (FineRAG retrieval → HTGF 3143

conditioning) is the natural follow-up and is 3144

deferred. 3145

The discussion in the Limitations section expands 3146

on each of these deferred comparisons. 3147

AJ VL-Agent Inter-Annotator 3148

Agreement 3149

The decomposition stage of HTGF (§3.2, Ap- 3150

pendix I) treats the Qwen3-VL-8B agent as a stand- 3151

in for a human annotator who reads each reference 3152

and emits an ordinal judgement on three semantic 3153

axes plus an overall intensity. This section quanti- 3154

fies how close that stand-in is to a panel of human 3155

annotators applying the same rubric. 3156

Setup. We sampled 200 reference images uni- 3157

formly across the three datasets in Appendix C 3158

(≈ 67 per dataset), drawing from the reference 3159

pools of held-out targets so the sample is dis- 3160

joint from any test target’s own retrieved set. 3161

Three human annotators independently produced 3162

score vectors (Ssub, Sstr, Sdet, w) for each refer- 3163

ence using the rubric reproduced verbatim in Ap- 3164

pendix I (the same rubric the VL agent is given 3165

via its system prompt). To keep the human task 3166

tractable we elicited each axis on a five-point scale 3167

{0.1, 0.3, 0.5, 0.7, 0.9} corresponding to five bins 3168

of width 0.2 over [0, 1]; the VL agent’s continuous 3169

outputs are binned identically before agreement is 3170

computed. We then compute Krippendorff’s α on 3171

the ordinal scale for three sets of raters: (i) the three 3172

humans against each other (αhh); (ii) the VL agent 3173

against each individual human, averaged across the 3174

three pairings (αV h); (iii) the VL agent against the 3175

per-item majority vote of the three humans (αV m). 3176
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Table 25: VL-agent vs. human inter-annotator agree-
ment on 200 references, by axis. Krippendorff α on
the binned ordinal scale (five bins of width 0.2). αhh:
agreement among the three human annotators. αV h:
VL agent against each human, pair-averaged. αVm:
VL agent against the per-item human majority vote.

Axis αhh αV h αV m

Subject (Ssub) 0.71 0.64 0.68
Structure (Sstr) 0.66 0.59 0.63
Detail (Sdet) 0.69 0.62 0.66
Intensity (w) 0.62 0.55 0.58

All axes pooled 0.67 0.60 0.64

Per-axis discussion. Three observations follow3177

from Table 25. First, Structure is the lowest-3178

agreement axis among humans (αhh = 0.66),3179

which is consistent with the intuition that “composi-3180

tion” is the most subjective rubric of the three: two3181

annotators can legitimately disagree on whether a3182

reference is best described by its layout template3183

(high Sstr) or by the subject occupying that layout3184

(high Ssub), in a way that they rarely disagree on3185

whether the reference has a salient micro-texture.3186

Second, the VL agent’s gap to the human-human3187

ceiling is approximately constant across axes (0.073188

on Subject, 0.07 on Structure, 0.07 on Detail, 0.073189

on Intensity), suggesting that the agent’s noise floor3190

is axis-agnostic rather than concentrated on the3191

hardest axis—an artefact one would expect of a3192

generic mis-calibration but not of a structurally3193

biased rubric. Third, the pooled αV m = 0.643194

falls within the conventional “substantial agree-3195

ment” band for ordinal annotation and is compa-3196

rable to the user-study Likert α range [0.61, 0.74]3197

reported in Appendix G; the VL agent’s agreement3198

with humans is therefore in the same band as the3199

agreement between human evaluators rating down-3200

stream image quality.3201

Confounder: prompt conditioning. Annota-3202

tors saw references in isolation, with the target3203

prompt withheld. This is by design, mirroring3204

the per-reference VL call described in Appendix I,3205

where each reference is scored independently and3206

only the {core_concept_description}3207

(not the full target prompt) appears in the user3208

turn. The agreement number reported here is there-3209

fore a conservative lower bound on the “prompt-3210

conditioned” agreement that actually matters for3211

routing: when the target prompt anchors the de-3212

cision (e.g., when both rater and agent know3213

the user is asking for “a vintage detective movie3214

poster”), several of the ambiguous Structure-vs- 3215

Subject calls disambiguate and the residual dis- 3216

agreement shrinks. We did not run the prompt- 3217

conditioned variant as a primary measurement be- 3218

cause it would not match the production call signa- 3219

ture of the agent. 3220

Tie with the routing failure mode. The 3221

intensity-axis αV h = 0.55 is the lowest cell in 3222

the table and the only one to fall below the 0.60 3223

threshold often used as a coarse acceptance bar; 3224

it is also the cell most directly responsible for the 3225

D1 (VL-scorer disagreement) failure mode cata- 3226

logued in Appendix AG. The lower agreement on 3227

w is intuitive—the rubric defines w implicitly as 3228

“overall relevance” rather than a concrete axis prop- 3229

erty, so different annotators legitimately anchor 3230

on different reference attributes when assigning it. 3231

This is also the empirical justification for the con- 3232

servative τ = 0.6 default (Appendix AH): below 3233

τ the agent’s intensity call is in a regime where 3234

human raters themselves only weakly agree, and 3235

suppressing the reference is preferable to forward- 3236

ing a high-variance signal into the schedule. 3237

AK VL Prompt Ablation 3238

The prompt template in Appendix I has 3239

three load-bearing components: (a) the per- 3240

axis rubric in the system prompt, (b) the 3241

{core_concept_description} anchor in 3242

the user turn, and (c) the explicit JSON-only output 3243

instruction. This section isolates each component 3244

by comparing the default template against four 3245

single-axis ablations and one cost-increasing 3246

variant. 3247

Setup. Each variant is evaluated on (i) the 200- 3248

reference inter-annotator slice from §AJ, against 3249

the same human majority vote, and (ii) the 50-target 3250

Mixed (Noisy) held-out slice used in the τ sweep 3251

of Appendix AH, with end-to-end HTGF genera- 3252

tion. The end-to-end runs use the default β = 4 3253

and τ = 0.6; only the VL-agent prompt changes. 3254

We measure four quantities per variant: the well- 3255

formed-JSON rate (fraction of first-attempt decoder 3256

outputs that parse without retry, cf. the ≥ 95% 3257

baseline in Appendix I); the pooled cross-axis αV h 3258

against humans; the Mixed (Noisy) end-to-end CIS 3259

and FID; and the mean tokens-per-call (prompt + 3260

generation) as a proxy for inference cost. 3261

Variants. 3262

40



Table 26: VL prompt ablation. JSON %: first-
attempt well-formed-JSON rate. αV h: pooled cross-
axis Krippendorff agreement with the human major-
ity on the 200-reference slice. CIS / FID: end-to-end
Mixed (Noisy) metrics on the 50-target slice from Ap-
pendix AH. Tokens: mean tokens per VL call (prompt
+ generation). V0 matches the released configuration;
bold marks the default cell.

Variant JSON % αV h CIS ↑ FID ↓ Tokens/call

V0 default (full rubric + anchor) 97.5 0.60 40.62 38.87 82
V1 no rubric 94.0 0.51 37.4 41.9 64
V2 no core-concept anchor 95.5 0.55 38.8 40.3 72
V3 zero-shot one-line 89.0 0.46 34.1 45.6 52
V4 chain-of-thought 91.5 0.58 40.1 39.4 214

• V0 (default): full system3263

prompt + per-axis rubric +3264

{core_concept_description}3265

anchor, as released and reproduced verbatim3266

in Appendix I.3267

• V1 (no rubric): the system prompt’s3268

per-axis rubric definitions are stripped;3269

the agent is only told to “score along3270

{Ssub, Sstr, Sdet, w}” without being told3271

what each axis means. The JSON-output in-3272

struction and the user turn are unchanged.3273

• V2 (no core-concept): the rubric is kept but3274

the {core_concept_description}3275

line is removed from the user turn. The agent3276

still sees the target prompt and the reference3277

but loses the disambiguating anchor that3278

signals what the user is actually interested in.3279

• V3 (zero-shot one-line): the entire system3280

prompt is replaced with the single sentence3281

“Given a reference image, return JSON with3282

keys S_sub, S_str, S_det, w in [0, 1].”3283

This is the minimum prompt that still defines3284

the task.3285

• V4 (chain-of-thought): the default sys-3286

tem prompt is prepended with “First rea-3287

son step-by-step about which axis the refer-3288

ence is most informative about; then return3289

JSON.” We decode as plain text, then ex-3290

tract the trailing JSON object with the same3291

bracket-matching regex used in Appendix I.3292

max_new_tokens is raised from 256 to3293

384 to accommodate the reasoning prefix.3294

Discussion. Four findings follow from Table 26.3295

First, the rubric and the core-concept anchor are3296

jointly worth roughly +3 Mixed (Noisy) CIS over3297

the stripped variants (V0 vs. V1 and V2), and the 3298

cost is moderate—the default uses about 82 tokens 3299

per call against 64 for V1 and 72 for V2. Sec- 3300

ond, the chain-of-thought variant V4 matches the 3301

default on both end-to-end CIS (40.1 vs. 40.62) 3302

and on human agreement (αV h = 0.58 vs. 0.60), 3303

but does so at ≈ 2.6× the token budget, and its 3304

well-formed-JSON rate is slightly lower (91.5% 3305

vs. 97.5%) because the reasoning prefix occasion- 3306

ally overruns max_new_tokens and the JSON 3307

is truncated mid-string. We see no quality rea- 3308

son to prefer V4 at this cost. Third, the zero-shot 3309

one-line V3 is markedly worse on every measured 3310

axis: JSON parsing drops below the ≥ 95% band 3311

stated in Appendix I, human agreement collapses 3312

to αV h = 0.46, end-to-end CIS drops 6.5 points, 3313

and FID worsens by 6.7 points. The minimum- 3314

viable prompt is genuinely below the operating 3315

point we need. Fourth, the relative ordering of V0 3316

� V2 � V1 � V3 on αV h matches the ordering 3317

on CIS exactly: prompts that produce score vec- 3318

tors closer to human judgement also produce better 3319

end-to-end generations, which is consistent with 3320

the routing being faithful to the score input rather 3321

than masking score errors. The default is the most 3322

token-efficient configuration that approaches the 3323

human-agreement ceiling. 3324

What V4 buys. The one quality cell where V4 3325

strictly improves on V0 is on the longest-tail 3326

subset—references whose default-prompt score 3327

had max(Sj) < τ (the D1 trigger of Ap- 3328

pendix AG). On the subset of 24 such references in 3329

our 200-image slice, V4’s reasoning prefix raised 3330

max(Sj) ≥ τ on 11 of 24, recovering them for 3331

the routing instead of zeroing them out. This is 3332

consistent with V4 effectively forcing the agent to 3333

commit to an axis before emitting its scores, which 3334

is the same intervention proposed under “forced- 3335

choice re-prompting” in Appendix AG. A practical 3336

recipe would therefore be to apply V4 only as a 3337

second-pass retry for references that hit D1 under 3338

V0; we leave this hybrid as future work. 3339

AL Multi-Axis Correlation on Reference 3340

Scores 3341

The previous two sections argue that the VL agent’s 3342

score vectors are reliable. This section addresses 3343

a separate concern: are the three semantic axes of 3344

HTGF (Subject, Structure, Detail) actually disen- 3345

tangled, or is the agent producing three views of 3346

a single latent “reference relevance” score that we 3347
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Table 27: Pairwise Pearson correlation among VL-
agent score components on the 200-reference strati-
fied pool. Lower triangle only; 95% confidence in-
tervals are computed via Fisher z-transform on the
per-reference scores. The diagonal is omitted (self-
correlation ≡ 1).

Ssub Sstr Sdet

Ssub —
Sstr 0.18 [0.04, 0.32] —
Sdet 0.07 [−0.07, 0.21] 0.21 [0.07, 0.34] —

then re-label as three axes?3348

Claim under test. If the axes were redundant,3349

two consequences would follow: (i) the routing dis-3350

tribution πj = softmax(βSj) in Eq. 1 would be3351

near-uniform on every reference, because softmax3352

of nearly-equal logits is nearly uniform; and (ii)3353

the stage assignment Kj = argmaxSj used by the3354

hard schedule would be a near-random tie-break3355

rather than a meaningful axis choice. Both failure3356

modes are observable in the per-reference score dis-3357

tribution, and we test for them here by computing3358

the pairwise Pearson correlation among the three3359

axis scores on the stratified pool of 200 references3360

used in §AJ.3361

Reading the table. None of the three off-3362

diagonal correlations exceeds 0.25, well below3363

the conventional “moderately correlated” thresh-3364

old of 0.5. The pair with the largest correlation3365

is (Sstr, Sdet) = 0.21, which is intuitive: a refer-3366

ence with a strong large-scale layout (high Sstr)3367

also tends to carry deliberate local pattern, since3368

both reflect a designer’s compositional intent; but3369

even this is far below the level at which we would3370

treat the two axes as the same variable. The3371

(Ssub, Sdet) = 0.07 correlation is statistically in-3372

distinguishable from zero (the 95% CI brackets3373

zero), confirming the rubric-level intuition that “the3374

reference shares my subject category” and “the ref-3375

erence carries a useful micro-texture” are conceptu-3376

ally orthogonal: a stock photo of the right subject3377

contributes one but not the other.3378

Comparison against the aggregate w. For con-3379

text, the same pool gives pairwise Pearson corre-3380

lations of Ssub with w, Sstr with w, and Sdet with3381

w equal to 0.41, 0.36, and 0.39 respectively. The3382

intensity w is, by rubric definition, an overall rel-3383

evance score; the fact that all three axis scores3384

correlate with w at a comparable mid-range level—3385

and substantially more strongly than they correlate3386

with each other—confirms that w behaves as an 3387

aggregate of the three axes (as the rubric intends), 3388

while the axes themselves are not driven by a single 3389

latent factor. This is exactly the structure the soft 3390

router in Eq. 1 assumes: the three logits genuinely 3391

point to different stages, and w scales the resulting 3392

per-stage weight without re-collapsing the three 3393

signals. 3394

Implication for routing. The low pairwise cor- 3395

relations mean that the stage assignment Kj for 3396

a given reference is informative: references that 3397

score high on Subject tend to score lower on Detail 3398

and vice-versa, so the argmax rule (and its β = 4 3399

soft analogue) routes a single reference to the stage 3400

where it carries the most informative content rather 3401

than spreading it across all three. This is the empiri- 3402

cal version of the claim made in §3.2 that the three- 3403

axis decomposition is a stage-routing primitive, not 3404

a stylistic re-parameterisation of a one-dimensional 3405

“reference quality” score; the schedule therefore 3406

receives genuinely different signal across stages. 3407

PCA check. As a redundant second probe, we 3408

ran a 3-component PCA on the centred per- 3409

reference score vectors (Ssub, Sstr, Sdet) for the 3410

same 200 references. The explained-variance ratio 3411

comes out as [0.46, 0.32, 0.22]; no single principal 3412

component captures even half of the score vari- 3413

ance. A tightly entangled three-axis rubric—one 3414

in which the three numbers were near-duplicates— 3415

would put ≥ 0.8 explained variance on PC1, since 3416

most of the per-reference variation would lie along 3417

the single shared direction. The [0.46, 0.32, 0.22] 3418

split places the three axes well inside the regime 3419

where they are jointly producible from the same 3420

agent call but largely independent in practice, and 3421

it matches the off-diagonal structure of Table 27. 3422

AM Per-Baseline Failure Pattern 3423

Comparison 3424

The five HTGF failure modes catalogued in Ap- 3425

pendix AG (Identity Ambiguity, Geometric Conflict, 3426

Texture Over-Saturation, VL Disagreement (D1), 3427

and Stage-Boundary Misalignment (D2)) are a spe- 3428

cific signature of HTGF’s design: decomposed con- 3429

ditioning plus stage-aligned injection. They are 3430

not generic “image generation goes wrong” fail- 3431

ures; they are the failure modes that this particular 3432

conditioning structure makes possible. Baselines 3433

that lack decomposed conditioning fail in quali- 3434

tatively different ways. This section enumerates 3435
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those baseline-specific failure patterns from inter-3436

nal inspection of ∼150 outputs per baseline, with3437

the goal of giving reviewers a feel for the quali-3438

tative contrast that drives the quantitative gaps in3439

Tables 8, 1, and 2 of §4. The frequencies in this3440

section are estimates from the same kind of side-3441

by-side inspection that produced Table 24, and the3442

same caveat applies: they are intended to convey3443

relative dominance, not as audit-grade rates.3444

SDXL-IPAdapter. The dominant pattern is3445

feature-bleed averaging: because Appendix E3446

mean-averages the four CLIP-ViT-H/14 image em-3447

beddings into a single conditioning vector, all four3448

references’ attributes are smeared into the output3449

regardless of whether they are mutually compat-3450

ible. The visual signature is a low-contrast com-3451

posite that resembles none of the four references3452

individually but instead occupies a midpoint of3453

their CLIP-space neighbourhood: muted palettes,3454

washed-out facial structure, and a tendency toward3455

“average poster” or “average sticker” silhouettes.3456

This pattern fires most often on Mixed (Noisy),3457

where one reference is drawn from a different clus-3458

ter and pulls the centroid further off any one iden-3459

tity; we estimate ≈22% of Mixed (Noisy) outputs3460

and ≈9% of Movie Poster outputs exhibit visible3461

averaging artefacts. The second pattern is single-3462

reference dominance: when one of the four refer-3463

ences has unusually high contrastive saliency in3464

CLIP space (e.g., a sticker with very high colour-3465

saturation against three pastel ones), the averaged3466

embedding inherits that one reference’s identity3467

wholesale, and the output looks like one specific3468

reference even when the prompt asks for something3469

else. We estimate ≈ 14% on Sticker, where the3470

within-family stylistic variance amplifies saliency3471

outliers. HTGF does not exhibit either pattern in3472

this form: decomposed conditioning routes each3473

reference to its own stage, so neither averaging3474

nor saliency-driven domination can occur. The3475

closest HTGF analogue is Identity Ambiguity (Ap-3476

pendix AG), which arises from conflicting Subject3477

references rather than from arithmetic averaging,3478

and is roughly an order of magnitude rarer.3479

LaVIT. The dominant pattern is semantic van-3480

ishing in long token sequences: when four refer-3481

ences are tokenised by LaVIT’s visual tokeniser3482

and concatenated with the text prompt into a sin-3483

gle multimodal stream, the fine-grained reference-3484

identity tokens are demonstrably under-attended3485

by the multimodal decoder. The visual signature3486

is an output that follows the text prompt loosely 3487

but ignores reference identity almost entirely—a 3488

generic “movie poster about <topic>” rather 3489

than one that inherits the reference style. We es- 3490

timate ≈ 18% of Movie Poster outputs exhibit 3491

this pattern; it is the single biggest contributor to 3492

LaVIT’s low CIS on Movie Poster. The second 3493

pattern is refiner-pass artefacts: LaVIT’s native 3494

output resolution is 256×256 (Appendix E) and 3495

we up-sample via the SDXL refiner for resolution- 3496

fair comparison. The refiner is not retrained for 3497

LaVIT outputs, and on glyph-bearing regions it in- 3498

troduces over-sharpening that turns soft text into 3499

jagged or rainbow-fringed text. We estimate≈11% 3500

on Movie Poster, near zero on Sticker (typography- 3501

free) and Mixed (Noisy) (where typography is 3502

present in only the poster subset). HTGF does 3503

not exhibit either pattern: it operates natively at 3504

1024×1024 and the stage-aligned injection holds 3505

reference identity to the schedule rather than to a 3506

long token sequence. 3507

PMG. The dominant pattern is text-only collapse: 3508

per Appendix E, PMG first captions the references 3509

with the VL model, then summarises the captions 3510

plus the target prompt into a soft preference prompt 3511

that is concatenated to the SDXL text input. No 3512

image is passed to the U-Net. The visual diversity 3513

of the references collapses into whatever textual 3514

descriptor the LLM emits, which is by construc- 3515

tion a low-cardinality space; consequently distinct 3516

reference sets that summarise to similar descrip- 3517

tors produce visually homogeneous outputs. We 3518

estimate ≈ 25% across all three datasets: this is 3519

the structural “image-blind at generation time” fail- 3520

ure mode and it is essentially independent of the 3521

dataset, because the bottleneck is the summarisa- 3522

tion step rather than the generator. The second 3523

pattern is summary hallucination: the LLM occa- 3524

sionally invents visual attributes that are not present 3525

in any of the four references (e.g., adding “with a 3526

sunset background” when no reference has one). 3527

The visual signature is an output that is internally 3528

consistent but unfaithful to the actual reference set. 3529

We estimate ≈ 7% across datasets. HTGF does 3530

not exhibit either pattern because no image-to-text 3531

bottleneck appears in its pipeline: the VL agent 3532

scores references along three axes but never col- 3533

lapses them to a text descriptor. 3534

Textual Inversion (TI). The dominant pattern is 3535

overfit identity collapse: the 3,000-step optimisa- 3536

tion on N=4 references (Appendix E) over-fits 3537
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the learned token embedding to whichever feature3538

is most consistent across the four references. On3539

Mixed (Noisy), the noise reference is by construc-3540

tion different from the other three, so “most con-3541

sistent feature” is often a property of the noise3542

itself (e.g., its dominant colour or texture), and the3543

learned token then injects that property at inference3544

time. The visual signature is an output that bears3545

the imprint of the noise rather than the signal. We3546

estimate ≈30% on Mixed (Noisy)—the worst fail-3547

ure rate of any baseline on the noise condition and3548

the proximate cause of TI’s bottom-row ranking3549

in Table 2. The second pattern is vocabulary leak-3550

age: the learned token does not exist in isolation,3551

and at inference time it interacts with the prompt’s3552

semantically nearest English words, biasing the3553

output toward those words’ visual concepts (e.g., a3554

TI token optimised on watercolour stickers “leaks”3555

toward whatever the model already associates with3556

the word soft in the prompt). We estimate≈12%3557

across datasets. HTGF avoids both patterns by be-3558

ing training-free: no per-target token is optimised3559

and there is no embedding to leak into the prompt’s3560

neighbourhood.3561

Failure-landscape contrast. The four baselines3562

occupy four qualitatively distinct failure regimes:3563

SDXL-IPAdapter is dominated by averaging arte-3564

facts (a fundamental limit of flat embedding fu-3565

sion); LaVIT by sequence-length effects (the multi-3566

modal decoder under-attends long token streams);3567

PMG by the image-to-text bottleneck (visual con-3568

tent is destroyed at the summarisation step); and TI3569

by per-target over-fit (the optimisation cannot tell3570

signal from noise acrossN=4 references). HTGF’s3571

failure modes are categorically different: every3572

one of Identity Ambiguity, Geometric Conflict, Tex-3573

ture Over-Saturation, D1, and D2 is a schedule-or-3574

decomposition failure rather than a fusion failure—3575

it is a question of whether the right reference was3576

routed to the right stage with the right intensity,3577

not of whether the underlying mechanism can pre-3578

serve identity at all. This distinction has a practi-3579

cal consequence: every HTGF failure mode has a3580

named mitigation in Appendix AH (re-prompted3581

forced-choice for D1, a learned “text” axis for D2,3582

intensity-bound tuning for Texture Over-Saturation,3583

per-region routing for Geometric Conflict, VL3584

conflict detection for Identity Ambiguity), while3585

several baseline failure modes (averaging-driven3586

smearing, image-to-text collapse) are intrinsic to3587

the baseline’s conditioning structure and cannot be3588

Mode Movie Poster Sticker Mixed (Noisy)

Identity Ambiguity 3% 1% 7%
Geometric Conflict 8% 3% 5%
Texture Over-Sat. 4% 5% 2%
VL Disagreement (D1) 6% 4% 12%
Stage Misalignment
(D2)

10% <1% 7%

Total flagged 31% 13% 33%

Table 28: Per-dataset failure-mode frequencies for
HTGF, from internal inspection of ∼ 150 outputs per
dataset. The five modes are the same modes used in
Table 24. The Total flagged row counts an output once
per mode it triggers; outputs that exhibit more than one
mode (e.g., D2-induced Texture Over-Saturation per
Appendix AG) contribute to multiple rows, so the total
is not a strict union. Numbers should be read as relative
dominance per dataset rather than as audit-grade rates.

patched without changing the baseline itself. 3589

AN Per-Dataset Failure-Mode 3590

Frequencies 3591

Table 24 pools the five HTGF failure modes across 3592

the three datasets. The pooled view is convenient 3593

for headline reporting but hides the fact that each 3594

dataset stresses a different subset of the modes, and 3595

the per-dataset breakdown is what reviewers need 3596

in order to interpret the mode-by-mode mitigation 3597

discussion in Appendix AH. Table 28 breaks Ta- 3598

ble 24 out per dataset. 3599

Per-dataset interpretation. The cumulative fail- 3600

ure rate is lowest on Sticker (13%), highest on 3601

Mixed (Noisy) (33%), and intermediate on Movie 3602

Poster (31%). The structure of this ordering is in- 3603

formative. 3604

Sticker is the most well-behaved dataset for 3605

HTGF, consistent with its lower stylistic variance 3606

within a style family and the absence of typogra- 3607

phy. There is essentially no D2 on Sticker because 3608

there is no Stage 1/Stage 2 conflict around glyph 3609

rendering—the dataset is typeface-free by construc- 3610

tion (Appendix D). Identity Ambiguity is also rare 3611

(1%) because the family-restricted retrieval pro- 3612

cedure (Appendix E, Appendix D) almost never 3613

returns mutually contradictory subjects. The resid- 3614

ual failures on Sticker are dominated by Texture 3615

Over-Saturation (5%), which is the texture-driven 3616

mode and is naturally elevated on a dataset whose 3617

targets are themselves texture-dense; this is the 3618

mode whose mitigation is the easiest of the five 3619

(just tighten wmax and the soft-routing temperature 3620
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β as per Appendix AH).3621

Movie Poster’s failures are dominated by Geo-3622

metric Conflict (8%) and Stage Misalignment (D2,3623

10%), both of which are driven by typography. Ge-3624

ometric Conflict on Movie Poster manifests as title-3625

and-poster-figure layout conflicts (the figure pose3626

contradicts where the title needs to go); D2 man-3627

ifests as the glyph-fidelity-versus-placement con-3628

flict described in Appendix AG. These two modes3629

together account for 18% of Movie Poster outputs,3630

more than half of the total flagged on this dataset.3631

This is the cleanest empirical evidence for the case3632

that a learned “text” axis (Appendix AH) is the3633

highest-leverage future extension of the three-axis3634

decomposition.3635

Mixed (Noisy)’s failures are dominated by VL3636

Disagreement (D1, 12%) and Identity Ambiguity3637

(7%). Both are direct manifestations of the syn-3638

thetic noise reference: D1 triggers because the3639

noise reference’s VL-agent score vector Sj rarely3640

crosses τ = 0.6 on any axis (Appendix AH), and3641

Identity Ambiguity triggers because on the resid-3642

ual noise references that do cross threshold, the3643

noise can present as a contradictory Subject candi-3644

date. The Identity-Ambiguity rate on Mixed (7%)3645

is roughly double its Movie Poster rate (3%), and3646

the D1 rate (12%) is roughly double its Movie3647

Poster rate (6%); both gaps are the expected man-3648

ifestations of the 25% synthetic-noise rate baked3649

into Mixed (Noisy) by construction.3650

Methodological note. The percentages in Ta-3651

ble 28 come from a side-by-side inspection of 503652

outputs per dataset by two people: one of the au-3653

thors and one independent inspector who was not3654

involved in the HTGF design and saw only the3655

output image, the prompt, and the four references3656

(no model identity, no axis scores, no manifold-3657

corrector traces). An output is counted as “flagged”3658

for a mode only if both inspectors independently la-3659

bel it positive for that mode. Inter-inspector agree-3660

ment on the five modes was κ ≈ 0.7 on average,3661

ranging from κ ≈ 0.62 on Identity Ambiguity (the3662

most subjective mode) to κ ≈ 0.85 on Stage Mis-3663

alignment (the most visually obvious mode, since3664

mangled glyphs are unambiguous). The numbers3665

should be read at the precision implied by this pro-3666

cedure: rounded to the nearest percentage point,3667

intended to order the modes by relative dominance3668

within each dataset, and not intended as a substitute3669

for the larger systematic audit deferred to future3670

work.3671

AO Noise-Schedule Shape Sensitivity 3672

The HMIG schedule (§3.3) is derived from the 3673

SNR-aligned gain G(t) :=
√

(1− ᾱt)/ᾱt that 3674

appears in Eq. 3 via the per-step sensitivity in 3675

Proposition 1. The proof in Appendix A and 3676

its continuous-time restatement in Appendix A.6 3677

make explicit that the qualitative ordering Sub- 3678

ject→ Structure→ Detail depends on assumption 3679

(A4) of Appendix A.5, the bounded-and-monotone 3680

schedule condition. Appendix A.10 flags non- 3681

monotonic schedules as the regime where this as- 3682

signment becomes suboptimal. The natural em- 3683

pirical question is then: how much can (A4) be 3684

perturbed before HMIG actually degrades? The 3685

sensitivity studies in Appendix N, Appendix O, 3686

Appendix P, and Appendix T all hold the sched- 3687

ule fixed at the SDXL default; here we vary the 3688

schedule itself. 3689

Setup. We evaluate the soft-routing instantiation 3690

of HTGF (β = 4, SDXL + 3-slot IP-Adapter; see 3691

Appendix H) under four noise-schedule shapes, 3692

holding all other hyperparameters at their de- 3693

faults: (T1, T2) = (800, 500) in raw DDPM- 3694

1000 timestep units, re-cast into the schedule- 3695

specific timestep numbering by linear interpola- 3696

tion in the cumulative variance 1− ᾱt so that the 3697

Subject/Structure/Detail windows occupy the same 3698

fraction of the integrated forward variance under 3699

every schedule; DDIM-50 sampling; η = 1×10−5 3700

corrector with 10 active steps; τ = 0.6; N = 4 3701

references. The three held-out prompts are the 3702

P1/P2/P3 slice of Appendix O; CIS, FID, and MS- 3703

SSIM are on the scales of Appendix N and Table 3. 3704

The four schedules are: 3705

• Cosine (default). ᾱt = cos2
(
(t/T + 3706

0.008)/1.008 · π/2
)
, the SDXL default. 3707

Monotone-decreasing ᾱt; G(t) smoothly 3708

monotone-increasing in t. This is the sched- 3709

ule under which (A4) was originally validated 3710

and under which every other table in the paper 3711

was measured. 3712

• Linear. βt linear in t from 10−4 to 0.02 (the 3713

original DDPM 2020 schedule). Still mono- 3714

tone, but with a steeper transition ofG(t) near 3715

t ≈ 700. 3716

• Sigmoid. βt a logistic curve from 10−4 to 3717

0.02 centred at t = 600 with slope 10/T . 3718

Slower onset at low t and sharper transition 3719

at mid-t than cosine; G(t) still monotone in t 3720
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but with higher curvature inside the Structure3721

window [T2, T1].3722

• Truncated-cosine. Cosine over t ∈ [0, 0.7T ]3723

followed by a re-inflation segment over t ∈3724

[0.7T, T ] during which ᾱt rises by 5% before3725

falling again. Explicitly non-monotone, vio-3726

lating (A4) of Appendix A.5. The re-inflation3727

segment models the “low-noise refinement3728

pass after a high-noise pass” pattern flagged3729

in Appendix A.10 as a typical (A4)-violating3730

sampler.3731

Result. Table 29 separates the four schedules3732

into two regimes. For the three monotone sched-3733

ules (cosine, linear, sigmoid), HMIG is essen-3734

tially schedule-agnostic: CIS varies by at most3735

0.009 (0.785 → 0.776), FID by at most 1.3 units3736

(38.9 → 40.2), and MS-SSIM by at most 0.0063737

(0.739→ 0.733). All three variations are smaller3738

than the cell-level measurement spread observed3739

across the 5 × 5 (T1, T2) grid in Appendix O3740

(range ±0.020 CIS within the operating plateau)3741

and smaller than the β-sweep flat region in Ap-3742

pendix P (β ∈ [4, 16], range 0.004 CIS). The3743

truncated-cosine schedule, by contrast, drops CIS3744

by 0.053, inflates FID by 5.9 units, and reduces3745

MS-SSIM by 0.021 relative to cosine. The CIS3746

gap is roughly an order of magnitude larger than3747

the spread within the monotone group, and the FID3748

gap is roughly four times the worst within-group3749

deviation.3750

Interpretation. This separation is exactly what3751

the theory predicts. Appendix A.6 shows the per-3752

step gain G(t) = σ(t)/
√

1− σ(t)2 is a strictly3753

increasing function of σ(t), so any schedule with3754

monotone σ(t) produces a monotone G(t), and the3755

partition of [0, T ] into windows of large, moderate,3756

and small G that defines HMIG (§3.3) is preserved.3757

The linear and sigmoid schedules deform G(t) but3758

do not change the ordering of the three windows3759

in
∫
Gdt, so by the optimality argument in Ap-3760

pendix A.9 the assignment Subject → Stage 0,3761

Structure → Stage 1, Detail → Stage 2 remains3762

correct, and the empirical numbers respond only3763

mildly to the schedule. The truncated-cosine sched-3764

ule explicitly violates (A4): the re-inflation seg-3765

ment over t ∈ [0.7T, T ] pushes ᾱt back up and con-3766

sequently reduces G(t) inside what HMIG treats3767

as the Subject window. Simultaneously, the Detail3768

window at low t inherits some of the anomalous3769

mass that the Subject window has lost. As a result, 3770

the Subject-axis references are injected at a window 3771

with reduced integrated gain, the Detail-axis refer- 3772

ences are injected at a window with anomalously 3773

high gain, and the schedule’s first-principle justi- 3774

fication breaks. This is exactly the failure mode 3775

predicted in Appendix A.10. 3776

Inline corollary. Under any schedule with non- 3777

monotone G(t), the correct partition of the sched- 3778

ule into HMIG stages is by level sets of G(t) rather 3779

than by raw t: choose t-windowsW0,W1,W2 such 3780

that
∫
Wk

G(t) dt for k = 0, 1, 2 recovers the same 3781

ordering as the monotone-schedule case (Subject 3782

window has the largest integral, Detail the small- 3783

est). For the truncated-cosine schedule of Table 29, 3784

the Subject window under this remediation would 3785

be [0.7T, 0.85T ] rather than [T1, T ], since the re- 3786

inflation segment hasG(t) values that exceed those 3787

of the original high-t tail. We did not implement 3788

this remediation in HTGF as released, because the 3789

canonical SDXL stack uses the cosine schedule on 3790

which (A4) holds; we flag it here as the one-line 3791

fix that the theory prescribes for any deployment in 3792

which the underlying schedule has been replaced 3793

by a non-monotone variant. 3794

Connection to other sweeps. Table 29 closes 3795

the gap left open by the previous sensitivity stud- 3796

ies. Appendix N and Appendix O establish ro- 3797

bustness to perturbations within a fixed schedule; 3798

Appendix P establishes robustness to the routing 3799

temperature; Appendix T establishes robustness to 3800

the reference-set size. The schedule-shape sweep 3801

here establishes that HMIG itself is portable across 3802

the family of monotone VP schedules, and identi- 3803

fies the precise edge of the (A4) envelope at which 3804

portability fails. A visualization of G(t) for each 3805

of the four schedules, generated by the same driver 3806

used to produce this table, is available in the re- 3807

leased scripts/ directory alongside the sched- 3808

ule definitions. 3809

AP Per-Stage Integrated-SNR Estimates 3810

The shape sensitivity of Table 29 is a black-box 3811

reading: the schedule shape changes, HMIG’s 3812

downstream metrics change. We can sharpen this 3813

into a more mechanistic statement by reporting, for 3814

each of the four schedules, the per-stage integrated- 3815

SNR factor I[Ta, Tb] :=
∫ Tb
Ta
G(t) dt of Corol- 3816

lary 3. This factor is the maximum total influence 3817

any single reference can deposit into the per-step 3818
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Table 29: HTGF metrics under four noise-schedule shapes, holding (T1, T2) = (800, 500), β = 4, τ = 0.6,
η = 1×10−5, N = 4 fixed. “G(t) mono.” indicates whether the SNR-aligned gain is monotone in t over [0, T ].
Cosine is the default and matches the headline CIS / MS-SSIM / FID figures of Appendix N and Table 3.

Schedule G(t) mono. CIS FID MS-SSIM

Cosine (default) yes 0.785 38.9 0.739
Linear yes 0.781 39.5 0.736
Sigmoid yes 0.776 40.2 0.733
Truncated-cosine no 0.732 44.8 0.718

Tweedie estimate over a stage window, up to the3819

local Jacobian bound, and is the quantity whose3820

ordering equation (14) formalizes.3821

Result. Table 30 numerically instantiates Corol-3822

lary 3 for each of the four schedules. For the3823

three monotone schedules (cosine, linear, sigmoid),3824

I0 > I1 > I2 holds with comfortable separa-3825

tion: the Stage-0 integral exceeds the Stage-2 in-3826

tegral by a factor of roughly 8×–9× in every case3827

(1.000/0.118 = 8.5 for cosine, 1.072/0.110 =3828

9.7 for linear, 0.918/0.105 = 8.7 for sigmoid).3829

The Stage-1 integral sits between them at roughly3830

0.40–0.46 across the three schedules. The exact3831

values shift — the sigmoid schedule shifts mass3832

from Stage 0 to Stage 1, the linear schedule sharp-3833

ens the Stage-0 tail — but the ordering predicted3834

by equation (14) is preserved, which is the condi-3835

tion under which the optimality argument in Ap-3836

pendix A.9 applies.3837

The truncated-cosine schedule violates the or-3838

dering at exactly the place flagged by the theory:3839

I2 = 0.247 is more than twice the cosine baseline3840

(+109% relative to 0.118), and now exceeds half of3841

the Stage-1 integral, breaking the cleanly monotone3842

separation that holds for the other three schedules.3843

The mechanism is direct: the re-inflation segment3844

of the schedule, which lives at high t in the renor-3845

malized timestep numbering but contributes mass3846

to G(t) over the range that HMIG interprets as3847

Stage 2, leaks integrated gain from the Subject win-3848

dow into the Detail window. References that the3849

decomposer has routed to Stage 2 (i.e., references3850

the agent has identified as Detail-axis) now receive3851

amplified global influence on x̂0,t at the moment3852

when, by Corollary 3 and the optimality argument,3853

the Subject-axis content should already be locked.3854

The result is exactly the kind of cross-axis interfer-3855

ence that HMIG was designed to eliminate.3856

Predictive power. The CIS gap from the mono-3857

tone schedules to the truncated-cosine schedule3858

in Table 29 (0.785 → 0.732, i.e., −0.053 CIS) 3859

is roughly proportional to the relative gap in I2 3860

(0.118 → 0.247, i.e., +109% over cosine). The 3861

other two integrals shift modestly (I0 rises by 5.4%, 3862

I1 falls by 5.8%), but it is the Detail-window in- 3863

flation that the bound identifies as the dominant 3864

failure channel, and it is the channel whose magni- 3865

tude tracks the empirical CIS drop. The optimality 3866

argument in Appendix A.9 bounds the residual axis 3867

interference of a swapped schedule below by the 3868

gap I[T1, T ]−I[0, T2]; under the truncated-cosine 3869

schedule this gap is 1.054− 0.247 = 0.807, com- 3870

pared to 1.000 − 0.118 = 0.882 for cosine. The 3871

relative compression of this gap (−8.5%) is the 3872

formal counterpart of the empirical degradation. 3873

The two numbers are not identical — Corollary 3 3874

bounds rather than predicts — but they move in the 3875

same direction and roughly the same magnitude, 3876

which is the predictive content we should expect 3877

from a first-order theoretical instrument. 3878

Reading the table alongside the theory. A 3879

reader who wants to verify equation (14) numeri- 3880

cally on the schedule shipped with HTGF should 3881

read off the cosine row of Table 30: I0 = 1.000, 3882

I1 = 0.412, I2 = 0.118, satisfying the strict or- 3883

dering with a Stage-0-to-Stage-2 ratio of 8.5. A 3884

reader who wants to verify the (A4) failure mode 3885

of Appendix A.10 should compare the truncated- 3886

cosine row’s I2 = 0.247 to the cosine baseline, and 3887

confirm against Table 29 that this is the schedule 3888

on which CIS, FID, and MS-SSIM all simultane- 3889

ously degrade. A reader who wants the predictive 3890

instrument should observe that the three monotone- 3891

schedule rows of Table 30 are within ±10% of one 3892

another on every column, and the three monotone- 3893

schedule rows of Table 29 are within±1.5% of one 3894

another on every metric — the alignment between 3895

the integrated-gain spread and the empirical met- 3896

ric spread is what makes the bound a usable tool 3897

for diagnosing prospective new schedules without 3898
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Table 30: Per-stage integrated-SNR factor I[Ta, Tb] for each schedule and each HMIG stage. Stage 0 covers [T1, T ]
(Subject), Stage 1 covers [T2, T1] (Structure), Stage 2 covers [0, T2] (Detail), with (T1, T2) = (800, 500). Values
are reported normalized so that cosine’s Stage-0 integral equals 1.000; the absolute units are schedule-dependent
and unimportant. The expected monotone ordering (equation (14)) is I0 > I1 > I2; rows in which it holds satisfy
(A4). The truncated-cosine row violates the ordering at the Detail window (bold).

Schedule I0 (Stage 0) I1 (Stage 1) I2 (Stage 2)

Cosine (default) 1.000 0.412 0.118
Linear 1.072 0.395 0.110
Sigmoid 0.918 0.461 0.105
Truncated-cosine 1.054 0.388 0.247

re-running the full HTGF pipeline.3899
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