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Abstract001

Text-to-Image In-Context Learning (T2I-ICL)002
enables customized image synthesis via inter-003
leaved text-image examples but faces two mutu-004
ally reinforcing bottlenecks, compliance failure005
and prior-dominated hallucination, that form a006
vicious cycle degrading generation quality. Ex-007
isting methods rely on tailored training, which008
limits flexibility and raises deployment costs.009
To address these challenges effectively, we pro-010
pose TBDN, a training-free framework inte-011
grating two complementary closed-loop mech-012
anisms: Hint Instruction (HI) and Query Con-013
trastive Decoding (QCD). HI injects task-aware014
inductive bias via lightweight prompt engi-015
neering to anchor models on contextual map-016
ping rules, thereby mitigating compliance fail-017
ure. QCD adjusts the decoding distributions018
of language models by contrasting full-input019
and query-omitted distributions, suppressing020
prior-dominated hallucination. TBDN achieves021
State-of-the-Art performance on CoBSAT and022
Text-to-Image Fast Mini-ImageNet, with ro-023
bust generalization across model backbones,024
prompt designs, and hyperparameters. It also025
maintains promising performance in concept026
preservation and prompt following on Dream-027
bench++. By breaking the two bottlenecks,028
TBDN establishes a simple yet effective frame-029
work for efficient and reliable T2I-ICL.030

1 Introduction031

Diffusion models have emerged as the mainstream032

paradigm in image generation, with numerous re-033

lated methods proposed and widely deployed in ed-034

ucational and industrial settings (Yang et al., 2023).035

These methods generate corresponding visual out-036

puts from either a single textual prompt or a text-037

image pair. Yet certain concepts requiring visu-038

alization are difficult to articulate adequately via039

these inputs. For example, a designer may need to040

generate a “desert-themed cow” (combining two041

unrelated concepts) for a marketing campaign, or a042

teacher may want to visualize a “purple watercolor 043

apple” (modifying attributes and style) to explain 044

color theory. To convey such concepts, humans 045

often rely on a series of interleaved text-image ex- 046

amples (referred to as contexts (Baldassini et al., 047

2024) or demonstrations (Mi et al., 2025)). Ad- 048

dressing this visualization need requires methods 049

to adapt to such complex input patterns and per- 050

form semantic reasoning over the input content 051

to produce coherent results, a research challenge 052

formally defined as the Text-to-Image In-Context 053

Learning (T2I-ICL) task (Zeng et al., 2024). 054

Existing unified multimodal large language mod- 055

els (unified MLLMs) exhibit in-context learning 056

(ICL) capabilities comparable to those of large lan- 057

guage models (LLMs) (Sun et al., 2024b; Ge et al., 058

2024a), while extending such abilities to multi- 059

modal understanding and generation within a uni- 060

fied architectural framework (Sun et al., 2024a). 061

However, recent studies (Zeng et al., 2024; Zong 062

et al., 2025) have revealed that unified MLLMs 063

struggle to effectively leverage their reasoning ca- 064

pabilities in T2I-ICL without tuning. To achieve 065

robust reasoning and higher-fidelity generation re- 066

sults, another line of work (Mi et al., 2025) adopts 067

an intuitively effective paradigm: integrating large 068

vision-language models (LVLMs) with diffusion 069

models. This paradigm aims to harness the strong 070

reasoning capabilities of LVLMs alongside the su- 071

perior fidelity and semantic controllability of diffu- 072

sion models to attain desired T2I-ICL performance. 073

Specifically, LVLMs first process the interleaved 074

contexts to extract semantic rules, and their output 075

y is then fed into diffusion models for image gener- 076

ation. Methods under this paradigm fall into two 077

categories: (1) injecting the latent representations 078

of y into visual decoder for decoding (Sun et al., 079

2024b; Mi et al., 2025); (2) feeding the textual out- 080

puts (or tokens in y) into the image generator to 081

complete encoding and decoding (Liao et al., 2025). 082

The former achieves unified input processing but 083
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Figure 1: Overview of the TBDN framework for T2I-ICL. Given an instruction (enclosed in ‘[ ]’), context examples,
and queries (enclosed in ‘( )’), TBDN first injects task-aware inductive bias via Hint Instruction, then refines outputs
via Query Contrastive Decoding to suppress priors, and finally generates images with a diffusion model.

often suffers from representation drift, requiring084

further training and incurs substantial alignment085

costs. By contrast, the latter is more direct and in-086

terpretable, yet relevant explorations remain scarce087

and lack systematic design principles.088

Recalling that the core requirement of T2I-ICL089

is that, given a few demonstrations, the method090

should infer underlying mapping rules, generate091

corresponding descriptive guidance, and perform092

visualization accordingly. However, both litera-093

ture and our empirical analysis reveal two key bot-094

tlenecks that degrade performance: (†) Compli-095

ance failure; (††) Prior-dominated hallucination.096

These bottlenecks form a vicious cycle. When a097

method fails to discern mapping rules, it relies more098

on prior knowledge to satisfy generation demands.099

In turn, prior-dominated generation consumes at-100

tentional resources (Marinescu et al., 2025), further101

hindering the method from mining contextual map-102

ping rules and exacerbating compliance failures.103

To break this cycle and address two bottlenecks104

effectively, we propose TBDN (Fig. 1), a textual-105

output-driven framework integrating two comple-106

mentary, mutually reinforcing mechanisms that107

form a Möbius Band-like closed-loop constraint:108

• Hint Instruction (HI): A prompt engineering109

strategy that injects task-aware inductive bias110

to resolve compliance failure (Fig. 4).111

• Query Contrastive Decoding (QCD): A112

decoding approach that imposes posterior113

instruction-following constraints to eliminate114

prior-dominated hallucination (Fig. 6).115

HI appends a priori guidance to the input instruc-116

tion, directing the LVLM to prioritize the input117

query. It anchors the model’s focus on mapping118

rules rather than superficial mimicry, addressing119

compliance failure at the root via targeted inductive120

bias. Complementing HI, QCD refines generation 121

distributions to suppress prior over-reliance and 122

amplify query-aligned knowledge, neutralizing hal- 123

lucination by aligning output with contextual rules. 124

To validate the effectiveness of TBDN, we con- 125

duct comprehensive experiments across bench- 126

marks and shot settings, where it achieves state- 127

of-the-art performance in most cases. It further 128

demonstrates strong generalization across LVLM 129

backbones, with pronounced performance gains 130

from the synergistic integration of HI and QCD. 131

Most notably, TBDN is training-free, outperform- 132

ing existing methods relying on cumbersome train- 133

ing while maintaining superior performance. 134

Our contributions in T2I-ICL are as follows: 135

• We identify two mutually exacerbating bot- 136

tlenecks (compliance failure, prior-dominated 137

hallucination) and their vicious cycle, clarify- 138

ing a principled method design direction. 139

• We propose TBDN1, a training-free frame- 140

work with two complementary, closed-loop 141

mechanisms (HI / QCD) that resolve these 142

two bottlenecks respectively. 143

• TBDN achieves strong cross-benchmark per- 144

formance: it reaches State-of-the-Art on CoB- 145

SAT and Text-to-Image Fast Mini-ImageNet, 146

with robust generalization across LVLM back- 147

bones, prompt designs and hyperparameters. 148

On Dreambench++, it further demonstrates 149

promising prompt-following capability. 150

2 Related Work 151

2.1 Diffused Image Generation 152

Multimodal image generation aims to generate im- 153

ages conditioned on textual descriptions and, op- 154

1https://github.com/Calendula597/TBDN
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tionally, reference images. As promising meth-155

ods in this field, diffusion models excel at recon-156

struction fidelity. Representative methods such as157

DALL-E (Ramesh et al., 2021) and Stable Diffu-158

sion (Rombach et al., 2022; Podell et al., 2023)159

leverage language models to process textual inputs,160

laying the semantic foundation for downstream gen-161

eration. To control the structural and stylistic at-162

tributes, approaches such as ControlNet (Zhang163

et al., 2023), T2I-Adapter (Mou et al., 2024), and164

FLUX (Labs, 2024) incorporate multimodal en-165

coders to capture semantic information from in-166

puts. Beyond text-only or image-text pair inputs,167

interleaved inputs, which contain multiple images168

and text, offer richer and more faithful represen-169

tations of user intention. Recent approaches have170

attempted to interpret and leverage them for image171

generation (Yang et al., 2024; Hsiao et al., 2025).172

2.2 Text-to-Image In-Context Learning173

LLMs (Brown et al., 2020; Wei et al., 2023),174

LVLMs (Liu et al., 2023a; Alayrac et al., 2022;175

Wang et al., 2024a), and MLLMs (Koh et al., 2023;176

Sun et al., 2024b) have exhibited remarkable ICL177

performance (Dong et al., 2024). To unify image178

generation with ICL, CoBSAT (Zeng et al., 2024)179

formalizes the T2I-ICL task. This work not only180

provides a valuable benchmark but also demon-181

strates that fine-tuning and prompt engineering are182

effective strategies for language models in this task.183

Building on the fine-tuning paradigm, ThinkD-184

iff (Mi et al., 2025) trains an aligner network to185

transfer multimodal in-context reasoning capabil-186

ities from VLMs to diffusion models. It conducts187

a captioning training task to align the represen-188

tation space of two foundational modules (VLM189

and diffusion decoder). Integrating these insights,190

researchers (Liao et al., 2025) introduce a chain-191

of-thought dataset (ImageGen-CoT) and fine-tune192

SEED-X (Ge et al., 2024b) and SEED-LLaMA (Ge193

et al., 2024a) on it, encouraging language models194

to generate textual analysis prior to image gener-195

ation. Despite their effectiveness, these methods196

typically rely on significant data and computational197

resources, which restricts their deployment.198

3 Two Bottlenecks in T2I-ICL199

Our empirical practice shows many T2I-ICL meth-200

ods fail to recognize mapping rules in contexts and201

instead capture superficial features, which mani-202

fests as context parroting, a mechanical repetition203

Figure 2: Two critical bottlenecks in T2I-ICL (evaluated
on CoBSAT). Compliance failure (left): methods parrot
input context (e.g., “hat”, “cup”) instead of reasoning
query semantics. Prior-dominated hallucination (right)
methods generate prior-aligned outputs (e.g., “red/green
apples”) that violate input requirements.

of input context (Zhang and Gilpin, 2025). We 204

term this phenomenon Compliance failure. For 205

methods equipped with language models, strong 206

linguistic and visual priors from pre-trained data 207

carry excessive weight during generation (Shi et al., 208

2024), suppressing input requirements and induc- 209

ing prior-aligned yet context-violating outputs. We 210

term this Prior-dominated hallucination. 211

Fig. 2 illustrates representative cases of these two 212

bottlenecks. As shown on the left, methods repeat 213

concepts in the input context (e.g., parroting “hat”, 214

“cup”, and “wood”) rather than reasoning according 215

to the input query. On the right, methods exhibit 216

obvious prior-dominated hallucination: concepts 217

like “hat” and “space” are associated with “human”, 218

while “apple” (or other objects of similar shape) 219

is associated with the “red” and “green” attributes. 220

Such issues can be further exemplified, and we 221

present more illustrative cases in the appendix. 222

Prior-dominated hallucination is intuitive and 223

prevalent, while compliance failure is relatively ob- 224

scure. To clarify this concept and formally measure 225

it, we draw on the framework of CoBSAT, which 226

evaluates model responses along two dimensions 227

(object and attribute) and define an error count met- 228

ric. This metric counts the number of samples that 229

satisfy at least one of the following conditions: (1) 230

the predicted attribute matches the ground-truth at- 231

tribute, while the predicted object appears in the 232

input context; (2) the predicted object matches the 233

ground-truth object, while the predicted details ap- 234
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pear in the input context. Using this metric, we235

quantify the error counts of different methods over236

10k samples on CoBSAT, revealing consistent fail-237

ure patterns (Fig. 3).

Figure 3: Compliance failure error counts across meth-
ods on CoBSAT.

238

4 Method239

4.1 Overview240

TBDN is a simple yet effective training-free T2I-241

ICL framework unifying LVLMs and diffusion242

models, addressing two core bottlenecks: com-243

pliance failure and prior-dominated hallucination.244

Following the “Think Bright, Diffuse Nice" philos-245

ophy, it employs two non-redundant mechanisms,246

Hint Instruction and Query Contrastive Decoding,247

to form a closed loop for rule alignment and prior248

suppression. The workflow of TBDN has five249

stages: (1) Pre-processing: instruction Xins, inter-250

leaved text-image context Xcon, and query Xque are251

concatenated as a unified multimodal sequence; (2)252

Injection: hint prompt is added at the end of Xins253

to anchor contextual mapping rules (Fig. 4); (3)254

Reasoning: the injected input is fed into the LVLM255

and produce corresponding distribution; (4) Decod-256

ing: two distinct distributions Psub (conditioned on257

instruction and contexts) and Pfull (conditioned on258

full input) are used to perform weighted contrastive259

adjustment (Fig. 6); (5) Diffusion: the LVLM’s260

rule-aligned textual output is passed to the diffu-261

sion model for high-fidelity generation.262

4.2 Hint Instruction263

Prior works (Zeng et al., 2024; Zong et al., 2025)264

have observed that LVLMs struggle to reliably com-265

prehend input semantics and might respond irrel-266

evantly in T2I-ICL. In our empirical observations,267

we further find that LVLMs tend to disregard input268

Figure 4: Overview of Hint Instruction, a mechanism
guiding LVLMs to prioritize context-aware query rea-
soning, thereby mitigating compliance failure.

queries and instead recapitulate or even exhibit con- 269

text parroting (Zhang and Gilpin, 2025). We term 270

such issues collectively as compliance failure. To 271

address compliance failure, tailored training might 272

be effective but incurs prohibitive computational 273

and data costs (Liao et al., 2025). By contrast, 274

prompt engineering (Liu et al., 2023b; Zhou et al., 275

2022) offers another route by injecting external in- 276

ductive bias. Previous works (Zeng et al., 2024; Mi 277

et al., 2025) have explored this direction but have 278

failed to achieve satisfactory performance. For in- 279

stance, Chain-of-Thought (CoT) (Wei et al., 2022) 280

delivers marginal improvements but increases in- 281

ference cost and risks exceeding length limits. 282

For effectiveness and efficiency, we propose Hint 283

Instruction (HI), a prompt-based strategy illustrated 284

in Fig. 4. Unlike related works (Zeng et al., 2024; 285

Mi et al., 2025; Liao et al., 2025) that focus on 286

context expansion, HI injects a task-aware induc- 287

tive bias to directly align the model’s reasoning 288

with query semantics. Specifically, based on prior 289

findings (Li et al., 2025) and empirical evaluation, 290

LVLMs tend to ignore or misunderstand the input 291

query, which is typically positioned at the end of 292

the input sequence. This oversight leads to subop- 293

timal performance in T2I-ICL, as the model fails 294

to prioritize the query’s guiding role. To counter 295

this issue, we reverse the flaw into a targeted in- 296

ductive bias: the query is a vital cue and should 297

take precedence. Guided by this core bias, we 298

define two design principles for HI’s prompt con- 299

struction: (‡) The query provides key guidance for 300

subsequent generation; (‡‡) The query semantics 301

take precedence even when there is semantic con- 302

flict between the query and context. We implement 303
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HI by suffixing an instruction adopted from (Mi304

et al., 2025) with the following sequence:305

“The last text I provide contains the most306

important clue about the next picture. Fo-307

cus mainly on understanding and follow-308

ing the meaning of the final text when309

creating your description.”310

This specific prompt is selected via extensive ab-311

lation experiments, which verify its superiority312

over alternative designs. Overall, HI augments313

the LVLM with minimal input overhead by instan-314

tiating the aforementioned inductive bias, yielding315

substantial gains without additional training cost.316

Figure 5: An illustrative example of prior-dominated
hallucination in LVLMs for T2I-ICL. Given text-image
pairs and the final query, the LVLM exhibits reliance on
its prior association (apple ↔ red) to generate an incor-
rect description, leading the diffusion model to render a
red apple that mismatches the semantics of the ground
truth answer. This failure motivates our Query Con-
trastive Decoding (QCD) method, which mitigates such
hallucination by adjusting LVM output distributions.

Figure 6: Overview of QCD which adjusts decoding
distributions to mitigate prior-dominated hallucinations.

4.3 Query Contrastive Decoding317

Apart from the compliance failure, LVLMs are also318

usually affected by the prior-dominated halluci-319

nation (Niu et al., 2021; Li et al., 2023). Fig. 5320

presents a concrete case of prior-dominated hallu-321

cination, where the LVLM incorrectly associates322

“apple” with “red” instead of analyzing the target323

query “purple”. To mitigate such problem, we pro-324

pose Query Contrastive Decoding (QCD) inspired325

by (Leng et al., 2024; Wang et al., 2024b) that 326

adjust the output distributions of LVLMs (Fig. 6). 327

Given an input instruction Xins, context Xcon, 328

and query Xque, the input of T2I-ICL can be for- 329

mally denoted as X = [Xins;Xcon;Xque]. The 330

LVLM (parameterized by θ) is expected to autore- 331

gressively generate a description Y of the target 332

image, which is a token sequence length with L: 333

Y = [y1; y2; · · · ; yL]. Conventionally, each token 334

yt (where 1≤ t≤ L) in Y is sampled from a proba- 335

bility distribution Pfull during decoding, which is 336

mathematically formulated as: 337

Pfull =
∏
t

pθ(yt | Xins, Xcon, Xque, y<t), (1) 338

where y<t denotes tokens generated up to time 339

step (t − 1). To implement QCD, we compute a 340

secondary distribution Psub from the same input 341

with the query omitted, which is given by: 342

Psub =
∏
t

pθ(yt | Xins, Xcon, y<t). (2) 343

Leveraging Psub and Pfull, QCD generates the re- 344

sponse Y by sampling from the query contrastive 345

distribution Pqcd, which amplifies differences be- 346

tween the two distributions via hyperparameter α: 347

Pqcd = softmax((1+α) ·Pfull−α ·Psub). (3) 348

A larger α strengthens this amplification, and α = 349

0 reverts to regular decoding strategy. 350

5 Experiments 351

5.1 Implementation details 352

Datasets & Evaluation. Three representative 353

T2I-ICL benchmarks serve as our testbeds: CoB- 354

SAT (Zeng et al., 2024), Text-to-Image Fast Mini- 355

ImageNet (T2IFMIT) (Tsimpoukelli et al., 2021), 356

and Dreambench++ (Peng et al., 2025). We fol- 357

low their evaluation protocols, where prediction 358

accuracy is reported for all methods on CoBSAT 359

and T2IFMIT, while the normalized scores for con- 360

cept preservation and prompt following judged 361

by LLMs are reported for all methods on Dream- 362

bench++. Specifically, on CoBSAT, methods re- 363

ceive a task instruction followed by 2 or 4 input 364

image–text pairs (corresponding to the 2-shot and 4- 365

shot settings in our experimental results) and a tex- 366

tual query. Similarly, on T2IFMIT, the 1-shot and 367

2-shot settings refer to the number of image–text 368

pairs provided per class. Following (Zong et al., 369
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Method Object-Inference Task Attribute-Inference Task Avg. acc.↑
Color-I Bkg.-I Style-I Action-I Texture-I Color-II Bkg.-II Style-II Action-II Texture-II

GILL .171 .054 .069 .063 .074 .010 .043 .024 .022 .040 .057
Emu1 .065 .051 .057 .052 .078 .062 .109 .081 .092 .074 .072

SL .616 .216 .272 .592 .112 .088 .168 .192 .220 .056 .254
SL-IGC .620 .368 .384 .424 .060 .192 .288 .208 .216 .148 .291

SX .796 .412 .316 .596 .240 .176 .344 .260 .252 .104 .349
ThinkDiff .622 .349 .237 .459 .290 .511 .534 .340 .534 .292 .417
SX-IGC .884 .692 .928 .936 .420 .504 .612 .660 .524 .424 .658

Base (Q2) .766 .719 .299 .498 .426 .501 .769 .338 .686 .366 .536
TBDN (Q2) .909 .879 .500 .760 .556 .724 .905 .487 .683 .531 .693(↑29.2%)
Base (Q2.5) .354 .407 .127 .392 .223 .231 .442 .213 .522 .217 .312

TBDN (Q2.5) .843 .594 .347 .624 .459 .534 .794 .409 .589 .441 .563(↑80.1%)
Base (I3) .826 .760 .317 .711 .432 .385 .866 .442 .701 .429 .586

TBDN (I3) .927 .808 .383 .808 .520 .587 .956 .486 .789 .568 .683(↑16.4%)

Table 1: Comparison of 2-shot accuracy on CoBSAT. “Bkg.” denotes background, and “Avg. Acc.” is the average
accuracy over 10 tasks. Red and blue highlight the best and second-best results per task.

Method Object-Inference Task Attribute-Inference Task Avg. acc.↑
Color-I Bkg.-I Style-I Action-I Texture-I Color-II Bkg.-II Style-II Action-II Texture-II

GILL .106 .044 .041 .073 .087 .022 .059 .044 .032 .067 .058
Emu .063 .018 .045 .048 .097 .037 .122 .109 .077 .088 .070
SL .482 .211 .141 .053 .122 .252 .076 .268 .207 .105 .192

ThinkDiff .638 .362 .254 .434 .317 .610 .590 .432 .664 .332 .463
Base (Q2) .815 .730 .346 .466 .504 .652 .920 .443 .812 .449 .614

TBDN (Q2) .920 .948 .582 .822 .633 .851 .980 .550 .788 .593 .767(↑24.9%)
Base (Q2.5) .498 .558 .149 .446 .255 .369 .493 .265 .620 .296 .395

TBDN (Q2.5) .868 .832 .392 .752 .531 .675 .960 .457 .740 .517 .672(↑70.1%)
Base (I3) .881 .908 .401 .824 .573 .659 .936 .522 .837 .588 .713

TBDN (I3) .927 .951 .490 .875 .627 .783 .983 .547 .868 .636 .769(↑7.8%)

Table 2: Comparison of 4-shot accuracy on CoBSAT. “Bkg.” denotes background, and “Avg. Acc.” is the average
accuracy over 10 tasks. Orange and green highlight the best and second-best results per task.

2025), all experiments on T2IFMIT use three inde-370

pendent random seeds, and we report the mean and371

standard deviation of performance across all meth-372

ods. For Dreambench++, only a text-image pair is373

provided. For consistency across experiments, we374

use the instruction template from (Mi et al., 2025)375

and prefix HI’s prompt token with “Note:”.376

Baselines. SEED-LLaMA (SL) (Ge et al., 2024a),377

SEED-X (SX) (Ge et al., 2024b), Emu (Sun et al.,378

2024b,a), GILL (Koh et al., 2023), Anole (Chern379

et al., 2024), and ThinkDiff (Mi et al., 2025) are380

adopted as baselines. SL-IGC and SX-IGC are381

the abbreviations for SL and SX fine-tuned on382

the ImageGen-CoT dataset (Liao et al., 2025),383

respectively. In addition, we define a pipeline384

(denoted as Base) that combines LVLM with385

FLUX.1-dev (Labs, 2024), the same visual gen-386

erator adopted in TBDN. To investigate perfor-387

mance variance introduced by LVLMs, Qwen2-VL-388

7B-Instruct (Q2) (Wang et al., 2024a), Qwen2.5-389

VL-7B-Instruct (Q2.5) (Bai et al., 2025), and390

InternVL3-8B (I3) (Zhu et al., 2025) are evaluated.391

Resources & Hyperparameters. Since our pro-392

posed methods are training-free, they require lim-393

ited computational resources and are easy to re- 394

produce. Specifically, the peak memory usage of 395

our methods is under 60 GB, which can be sup- 396

ported by either two consumer-grade GPUs (e.g., 397

RTX 5090) or one professional GPU (e.g., A100). 398

We set the sampling temperature in LVLM to 0.7, 399

top-p to 0.9, and the number of inference steps in 400

FLUX to 28. For α in QCD, we set 0.5 as default. 401

Additional results and analysis on the effect of α 402

are provided the Appendix. 403

5.2 Main results 404

Results on CoBSAT. We evaluate the performance 405

of TBDN and other baselines on 10 tasks in CoB- 406

SAT. Tables 1 and 2 report the results for the 2-shot 407

and 4-shot settings. These results across all settings 408

demonstrate that: (i) the simple pipeline, which is 409

denoted as the Base, surprisingly outperforms most 410

unified MLLMs; (ii) Base (Q2) and Base (I3) out- 411

perform ThinkDiff, which shares an analogous ar- 412

chitecture with the Base, without further modality 413

alignment; (iii) TBDN achieves the best or second- 414

best performance in most cases across different 415

settings. These results highlight that the paradigm 416
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which incorporates the multimodal reasoning capa-417

bilities of LVLMs with diffusion models for T2I-418

ICL is competitive and efficient. Besides, the effec-419

tiveness of TBDN is also demonstrated.420

Results on Text-to-Image Fast Mini-ImageNet.421

The main experimental results on Text-to-Image422

Fast Mini-ImageNet are shown in Table 3, where423

the I3 identifier is omitted for the Base and TBDN.424

Notably, the Base consistently outperforms other425

baselines across two settings, indicating a strong426

advantage in the fast binding T2I-ICL task. Be-427

sides, augmented by our two proposed mechanisms,428

the mean performance has shown varying degrees429

of improvement (34.50 → 39.00, 38.17 → 39.67)430

while the standard deviation has decreased accord-431

ingly (7.29 → 2.25, 5.48 → 2.47). Comprehensive432

results of the Base and the TBDN equipped with433

various LVLMs are provided in Appendix.434

Method 1-shot 2-shot
GILL 16.00 ± 2.27 15.17 ± 2.72
SL-8B 15.00 ± 3.27 12.67 ± 1.18
SL-14B 17.25 ± 2.75 16.75 ± 1.75
Emu1 31.50 ± 1.87 22.83 ± 2.72
Emu2 24.33 ± 3.30 30.67 ± 1.31

Anole-7B 11.00 ± 2.86 7.00 ± 0.71
Base 34.50 ± 7.29 38.17 ± 5.48
+ HI 36.50 ± 1.53 38.00 ± 2.18

TBDN 39.00 ± 2.25 39.67 ± 2.47

Table 3: Comparison of accuracy on T2IFMIT.

Results on Dreambench++. Table 4 shows the435

brief comparison results on Dreambench++. Com-436

pared to the two aforementioned benchmarks,437

Dreambench++ tends to measure the ability of438

methods to capture and processing the visual de-439

tail, where TBDN achieve promising scores in440

prompt following (PF) but underperforms in con-441

cept preservation (CP). This result is expected be-442

cause the ability for CP is inherent in TBDN’s vi-443

sual generator, which is fixed, and the essence of PF444

aligns with the design of HI and QCD, indicating445

directions for future improvements. More com-446

prehensive results are provided in the Appendix.447

448

Ablation of HI and QCD. Our ablation results449

across LVLMs are summarized in Tables 5, 8, and 9.450

Across settings, HI and QCD consistently enhance451

the Base method, securing the best and second-best452

performances in most cases, which demonstrates a453

direct outcome of their complementary strengths.454

Dream
bench++

Concept
Preservation

Prompt
Following CP·PF ↑

SL .358 .218 .078
SL-IGC .325 .310 .101

SX .559 .337 .188
SX-IGC .458 .881 .403

TBDN (Q2) .442 .778 .344

Table 4: Comparison of two LLM-judged scores.

For Qwen2-VL and InternVL3, HI and QCD ex- 455

hibit distinct non-overlapping advantages. HI ex- 456

cels in Bkg.-I and Action-II tasks while QCD dom- 457

inates other subtasks. This division of strengths 458

aligns with the complementary concept we intro- 459

duced earlier. HI and QCD mirror two halves of a 460

Möbius Band-like closed-loop constraint in that nei- 461

ther is complete on its own while their integration 462

delivers a continuous and comprehensive solution. 463

Instruction comparison. As noted in Sec. 4.3, for 464

a given dataset, input differences across methods 465

stem from Xins variations, which induce distinct 466

costs in memory footprint and API call quotas. To 467

evaluate the effectiveness and efficiency of HI, we 468

compare it with 4 instructions: (1) CB-Ins; (2) CoT- 469

Ins; (3) TD-Ins; (4) TD-Ins++. CB-Ins and CoT-Ins 470

are from (Zeng et al., 2024), and TD-Ins from (Mi 471

et al., 2025). TD-Ins++ is TD-Ins suffixed with 472

“Let’s think it step by step”. We report average ac- 473

curacy, performance improvement (δ), and average 474

instruction token length across two settings. 475

Table 6 shows CoT-Ins, TD-Ins, TD-Ins++, and 476

HI all yield performance gains relative to CB-Ins, 477

with HI achieving the most substantial improve- 478

ment. Notably, CB-Ins, TD-Ins, TD-Ins++, and 479

HI have comparable token lengths, while CoT-Ins 480

exhibits an extremely large token count. This is 481

because CoT-Ins requires inserting in-context sam- 482

ples to construct reasoning chains, drastically rais- 483

ing token usage. As the number of shots increases, 484

this token overhead escalates further and may even 485

exceed the context window limit of some LVLMs 486

(e.g., InternVL3), rendering CoT-Ins impractical 487

for large-shot scenarios. CB-Ins is a prompt vari- 488

ant that explicitly states the object–attribute rela- 489

tionship in the instruction. For instance, for the 490

Color-I task in CoBSAT, CB-Ins must be modified 491

to incorporate the “color signal": “Please identify 492

the main common object in the images, and gener- 493

ate another image of this object in the requested 494

color." While CB-Ins is shorter than HI, it suffers 495

from poor generalization due to the need for task- 496
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Method Shot Object-Inference Task Attribute-Inference Task Avg. acc.↑
Color-I Bkg.-I Style-I Action-I Texture-I Color-II Bkg.-II Style-II Action-II Texture-II

Base (I3)
2 .826 .760 .317 .711 .432 .385 .866 .442 .701 .429 .586
4 .881 .908 .401 .824 .573 .659 .936 .522 .837 .588 .712

+ HI
2 .813 .739 .225 .627 .385 .285 .878 .334 .808 .362 .545(↓7.0%)
4 .846 .924 .291 .741 .499 .397 .964 .403 .882 .497 .644(↓9.6%)

+ QCD
2 .913 .711 .421 .850 .513 .540 .924 .522 .637 .518 .654(↑11.6%)
4 .908 .921 .554 .907 .638 .726 .981 .566 .807 .624 .763(↑7.2%)

+ QCD & HI
2 .927 .808 .383 .808 .520 .587 .956 .486 .789 .568 .683(↑16.6%)
4 .927 .951 .490 .875 .627 .783 .983 .547 .868 .636 .768(↑7.9%)

Table 5: Ablation of HI and QCD with InternVL3 on CoBSAT benchmark. Red and blue highlight the best and
second-best 2-shot results per task, while Orange and green highlight the best and second-best 4-shot results.

Qwen2-VL Shot Acc. δ Len.

CB-Ins
2 .447 –

42
4 .353 –

CoT-Ins
2 .533 .086 2850
4 .642 .289 5521

TD-Ins
2 .537 .090

48
4 .614 .261

TD-Ins++
2 .561 .114

55
4 – –

HI
2 .601 .154

82
4 .673 .320

Table 6: The average of accuracy and token length about
different instructions in CoBSAT.

specific rewriting. Moreover, LVLMs often fail497

to correctly interpret CB-Ins and even produce ir-498

relevant responses in our empirical practice. In499

contrast, HI eliminates the need for task-specific500

redesign across sub-tasks, simultaneously deliver-501

ing superior performance efficiently and striking a502

balance between effectiveness and generalizability.503

Additionally, as mentioned in Sec. 5.1, HI adopts504

the instruction template from TD-Ins. Compared505

with TD-Ins and TD-Ins++, HI achieves substantial506

improvement with minimal extra token cost.507

HI Variant Comparison. A natural concern in HI508

design is whether prompt variations could lead to509

performance inconsistency. To address this, we pro-510

pose and validate a reproducible recipe that incor-511

porates a canonical prompt and a semantic similar-512

ity threshold to facilitate reliable prompt adaptation.513

To instantiate this recipe, we conduct a three-stage514

implementation as follows. We manually construct515

an initial prompt following the aforementioned two516

principles (see Sec. 4.2). We then feed this ini-517

tial prompt into GPT-4o (OpenAI, 2024) to gener-518

ate prompt variants, which we subsequently eval-519

uate on CoBSAT to select the candidate with best520

performing as the canonical prompt of HI. Using521

Figure 7: Average accuracy on CoBSAT and sentences
similarity between canonical HI prompt and its variants.

sentence-level embeddings generated from BGE- 522

M3 (Chen et al., 2024), we compute dot product 523

similarities between each variant and the canonical 524

prompt. As illustrated in Fig. 7, variants with a 525

similarity ≥ 0.80 consistently achieve an accuracy 526

≥ 0.54, outperforming the TD-Ins (see Table 6). 527

We report the list of prompt variants and their cor- 528

responding accuracies in Table 7 (Appendix). 529

6 Conclusion 530

In this paper, we propose TBDN, a training free 531

framework that integrates two complementary en- 532

hancement mechanisms in T2I-ICL. By explicitly 533

addressing two recurrent failure patterns identi- 534

fied in our study, compliance failure and prior 535

dominated hallucination, TBDN improves rule fol- 536

lowing and reduces prior override during in con- 537

text generation. Across CoBSAT, T2I Fast Mini- 538

ImageNet, and Dreambench++, TBDN consistently 539

achieves strong performance and generalization un- 540

der diverse settings. Extensive ablation studies fur- 541

ther confirm its robustness across model backbones 542

and hyperparameter choices. 543
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7 Limitations544

Despite the effectiveness of TBDN, it has several545

limitations. First, since LVLMs cannot generate im-546

ages directly, TBDN relies on instructions to guide547

LVLMs in producing textual descriptions for the548

T2I generator. This indirect design risks semantic549

gaps between text and images, unlike MLLMs that550

enable end-to-end multimodal-to-image generation.551

Besides, TBDN is less suitable for multimodal im-552

age composing tasks (e.g., (Peng et al., 2025)),553

as our design prioritizes context-aware query rea-554

soning over modeling of fine-grained visual details555

in reference images. Finally, the generalization556

of our designs for HI and QCD to MLLMs re-557

mains under-explored. Future work will address558

these gaps by exploring end-to-end multimodal gen-559

eration paradigms, enhancing fine-grained visual560

alignment, and extending our designs to MLLMs.561
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A Implementation Details758

Fig. 8 illustrates the details of the HI Variant Com-759

parison. The list of prompt variants and their corre-760

sponding accuracies is summarized in Table 7.761

In Table 6, we compare the performance of dif-762

ferent instruction variants on the CoBSAT. CB-Ins763

and CoT-Ins are from the CoBSAT paper, while764

TD-Ins is adopted from the ThinkDiff paper. Both765

HI and TD-Ins++ are derived from TD-Ins: HI766

uses TD-Ins as the basic instruction, and TD-Ins++767

further augments TD-Ins by adding a naive CoT768

prompt. Below is the list of detailed instructions:769

• CB-Ins (For Color-I task): Please identify770

the common main object in the images, and771

describe the next image to be generated based772

on the sequence below. Your description of773

image should contain the description of the774

common main object and the requested color.775

• CoT-Ins: We provide a few examples, each of776

which is an input-output pair where the output777

is a description of the image associated with778

the input.779

(Multimodal context)780

Based on the examples, the task is to predict781

the next image description. Before predicting782

the next image, let’s think step by step and783

analyze what the relationship between the text784

input and image output in each example is785

first.786

(Model’s response)787

Based on the analysis, please describe what788

the next image should be look like given the789

request.790

• TD-Ins: I give you several words and pictures.791

First, please analyse what the next picture is.792

Then give me a detailed diffusion prompt to793

describe the next picture. Please only provide794

me the detailed prompt and start the answer795

with ‘Create an image’.796

• TD-Ins++: I give you several words and pic-797

tures. First, please analyse what the next798

picture is. Then give me a detailed diffusion799

prompt to describe the next picture. Please800

only provide me the detailed prompt and start801

the answer with ‘Create an image’. Let’s802

think step by step.803

• HI: I give you several words and pictures. 804

First, please analyse what the next picture is. 805

Then give me a detailed diffusion prompt to 806

describe the next picture. Please only provide 807

me the detailed prompt and start the answer 808

with ‘Create an image’. Note: The last text 809

I provide contains the most important clue 810

about the next picture. Focus mainly on un- 811

derstanding and following the meaning of 812

the final text when creating your description. 813

B More quantitative results 814

B.1 More ablation studies of HI and QCD 815

across different LVLMs 816

Table 8 and 9 present the ablation evaluation 817

of HI and QCD associated with Qwen2-VL and 818

Qwen2.5VL. Taking the result of 2-shot setting 819

as an example, HI increases the performance of 820

Qwen2-VL from 0.537 to 0.601 (+11.9%) and that 821

of Qwen2.5-VL from 0.312 to 0.357 (+14.4%). 822

It suggests that, beyond explicit instructions and 823

prompt-based methods such as chain-of-thought 824

(CoT), incorporating prior knowledge as a hint con- 825

dition can further enhance the model’s adherence 826

to contextual queries, reduce subject-related errors, 827

and thereby improve text-to-image generation ac- 828

curacy. Generally, compared with HI, QCD yields 829

even larger performance gains. For Qwen2-VL, it 830

achieves 0.638 (+18.8%) and 0.745 (+21.3%) un- 831

der the 2-shot and 4-shot settings, respectively. For 832

Qwen2.5-VL, the improvements are even more sub- 833

stantial, with scores increasing from 0.312 to 0.554 834

(+77.6%) in the 2-shot setting and from 0.394 to 835

0.634 (+60.9%) in the 4-shot setting. These re- 836

sults indicate that QCD can mitigate the language 837

bias of LVLMs induced by in-context information, 838

enabling them to describe the target image more 839

accurately and thus generate more faithful images. 840

B.2 Effect of α in QCD. 841

Table 10 summarizes the performance of LVLMs 842

enhanced by QCD with different α values on CoB- 843

SAT. Qwen2-VL shows a performance drop when 844

α increases from 0.5 to 1.0, while Qwen2.5-VL 845

achieves peak accuracy at α = 0.75. InternVL3 846

exhibits minimal performance fluctuation over 4 847

α settings. The optimal performance across three 848

LVLMs is consistently attained at intermediate α 849

values. Based on these observations, we adopt 850

α = 0.5 as the default setting for TBDN. 851
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Figure 8: Overview of the pipeline for selecting the canonical Hint Instruction and measuring semantic similarity.

Hint Instructions Similarity Avg. Acc.
The last text I provide contains the most important clue about the next picture.

Focus mainly on understanding and following the meaning of the final text when creating your description.
1.000 0.601

Consider the last text the most decisive guidance;
your description should mainly reflect its intent.

0.688 0.548

The concluding text is the key signal—base your description chiefly
on it, giving it precedence over the rest of the context.

0.684 0.525

Treat the last text as the decisive guide, and make sure your description
is driven mainly by its intent.

0.681 0.536

Treat the last text I provide as your primary guide for the next picture.
Base your description mainly on this final text, even if earlier words or images suggest something different.

0.788 0.587

Table 7: Detail hint instructions and corresponding sentences similarity and average accuracy.

Method Shot Object-Inference Task Attribute-Inference Task Avg. acc.↑
Color-I Bkg.-I Style-I Action-I Texture-I Color-II Bkg.-II Style-II Action-II Texture-II

Base (Q2)
2 .766 .719 .299 .498 .426 .501 .769 .338 .686 .366 .537
4 .815 .730 .346 .466 .504 .652 .920 .443 .812 .449 .614

+ HI
2 .811 .797 .323 .512 .487 .664 .847 .416 .722 .433 .601(↑11.9%)
4 .824 .766 .385 .555 .554 .832 .958 .506 .850 .497 .673(↑9.6%)

+ QCD
2 .866 .743 .442 .721 .529 .621 .875 .455 .642 .489 .638(↑18.8%)
4 .946 .904 .561 .786 .616 .800 .963 .552 .791 .533 .745(↑21.3%)

TBDN
2 .909 .879 .500 .760 .556 .724 .905 .487 .683 .531 .693(↑29.1%)
4 .920 .948 .582 .822 .633 .832 .980 .550 .788 .593 .767(↑24.9%)

Table 8: Ablation of HI and QCD on Qwen2-VL on CoBSAT benchmark. Red and blue highlight the best and
second-best 2-shot results per task, while Orange and green highlight the best and second-best 4-shot results.

12



Method Shot Object-Inference Task Attribute-Inference Task Avg. acc.↑
Color-I Bkg.-I Style-I Action-I Texture-I Color-II Bkg.-II Style-II Action-II Texture-II

Base (Q2.5)
2 .354 .407 .127 .392 .223 .231 .442 .213 .522 .217 .312
4 .498 .558 .149 .446 .255 .369 .493 .265 .620 .296 .394

+ HI
2 .426 .481 .153 .439 .237 .294 .509 .236 .526 .278 .357(↑14.4%)
4 .619 .590 .201 .521 .327 .536 .628 .345 .686 .393 .484(↑22.8%)

+ QCD
2 .770 .526 .295 .650 .424 .555 .840 .399 .664 .425 .554(↑77.6%)
4 .811 .816 .322 .679 .452 .647 .945 .436 .745 .496 .634(↑60.9%)

+ QCD & HI
2 .843 .594 .347 .624 .459 .534 .794 .409 .589 .441 .563(↑80.4%)
4 .868 .832 .392 .752 .531 .675 .960 .457 .740 .517 .672(↑70.6%)

Table 9: Ablation of HI and QCD with Qwen2.5-VL on CoBSAT benchmark. Red and blue highlight the best and
second-best 2-shot results per task, while Orange and green highlight the best and second-best 4-shot results.

α Base (Q2) Base (Q2.5) Base (I3)
0.25 .632 .478 .643
0.5 .638 .555 .655
0.75 .614 .575 .653
1.0 .552 .571 .647

Table 10: Average accuracy of LVLMs with different α.

B.3 Text version results on CoBSAT852

We present a text-version results on the CoBSAT853

benchmark, as shown in Table 11. Similar to the854

image-generation setting defined in CoBSAT, our855

method delivers consistent improvements across856

three different LVLMs under both 2-shot and 4-shot857

configurations in the text-only setting. Meanwhile,858

our method achieves the best and second-best re-859

sults, outperforming the strong baseline SX-IGC860

as well as the proprietary model Gemini (Team,861

2025). These results suggest that the high accuracy862

observed in image-generation mode is grounded in863

accurate textual descriptions.864

In addition, compared with ThinkDiff and sev-865

eral MLLMs, our method offers stronger inter-866

pretability. Consistent with the findings in (Liao867

et al., 2025), however, accuracy in the image-868

generation mode remains lower than that in text-869

generation mode, indicating that reliably translat-870

ing precise textual descriptions into equally accu-871

rate images remains a non-trivial challenge.872

B.4 Comprehensive results on the873

Text-to-Image Fast Mini-ImageNet and874

Dreambench++875

Table 12 and Table 13 summarize more compre-876

hensive results on Text-to-Image Fast and Dream-877

bench++ benchmark.878

In Text-to-Image Fast Mini-ImageNet, we evalu-879

ate the Base and TBDN with three different LVLMs880

and ablate the HI and QCD. Besides, the results881

of MLLMs are also compared, demonstrating that882

our method achieves outstanding performance with 883

different given samples (shot). 884

In Dreambench++, Animal, Human, Object and 885

Style denote the types of the personalized refer- 886

ence concept for concepts preservation. At the 887

same time, Realistic, Style and Imaginative denote 888

prompt categories with increasing abstraction for 889

prompt following. Each value is the score averaged 890

over prompts in the corresponding subset. 891

C Qualitative results 892

C.1 Qualitative ablation on CoBSAT samples 893

Figure 9, 10, 11, 12 show the qualitative ablation re- 894

sults on four samples in CoBSAT dataset. In these 895

cases, the Base method (see Sec. 5.2 ) exhibits 896

prior-dominated hallucinations, such as generating 897

"blue sky", "yellow banana", "a cow in the forest", 898

and "a bird in the forest and eating fruits". Such 899

text answers violate the multimodal inputs causing 900

wrong image generation. By explicitly injecting 901

inductive bias, HI encourages the model to attend 902

to the query, thereby producing correct textual out- 903

puts. Meanwhile, QCD mitigates the influence of 904

priors by adjusting the output distribution. TBDN 905

combines the strengths of both components and 906

yields correct results. These results justify our ob- 907

servation and further justify the soundness and ef- 908

fectiveness of our method design. 909

C.2 2-shot evaluation on CoBSAT 910

Figure 13 and Figure 14 show qualitative results 911

for 2-shot evaluation on the CoBSAT benchmark. 912

For each ground-truth answer, the information that 913

must be inferred from the multimodal inputs is 914

highlighted in blue, while the information explicitly 915

provided is highlighted in brown. As shown in Fig- 916

ure 14, TBDN accurately infers both the target style 917

and subject from the multimodal context across di- 918

verse subtasks, thereby generating correct images. 919

We further compare TBDN with GILL (Koh et al., 920
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Method Shot Object-Inference Task Attribute-Inference Task Avg. acc.↑
Color-I Bkg.-I Style-I Action-I Texture-I Color-II Bkg.-II Style-II Action-II Texture-II

Qwen2-VL

Base
2 .810 .757 .357 .561 .606 .517 .762 .440 .737 .474 .602
4 .850 .764 .447 .540 .711 .683 .919 .578 .848 .635 .698

+ HI
2 .848 .851 .430 .618 .668 .697 .834 .541 .778 .550 .682(↑13.3%)
4 .862 .812 .512 .657 .779 .871 .961 .630 .885 .748 .772(↑10.6%)

+ QCD
2 .910 .764 .583 .829 .739 .655 .872 .587 .699 .637 .728(↑20.9%)
4 .970 .916 .725 .888 .885 .844 .972 .684 .833 .747 .846(↑21.2%)

+ QCD & HI
2 .933 .898 .674 .862 .789 .784 .896 .640 .725 .706 .791(↑31.4%)
4 .949 .965 .754 .922 .891 .922 .980 .719 .866 .815 .878(↑25.8%)

Qwen2.5-VL

Base
2 .363 .439 .215 .483 .316 .239 .440 .270 .543 .275 .358
4 .517 .586 .222 .532 .346 .386 .494 .332 .650 .396 .446

+ HI
2 .440 .517 .272 .524 .323 .315 .502 .294 .555 .365 .411(↑14.8%)
4 .647 .628 .289 .626 .473 .558 .630 .431 .702 .508 .549(↑23.1%)

+ QCD
2 .801 .531 .430 .785 .624 .550 .841 .496 .684 .558 .630(↑76.0%)
4 .834 .832 .452 .812 .666 .670 .951 .559 .813 .650 .724(↑62.3%)

+ QCD & HI
2 .878 .615 .530 .774 .628 .577 .806 .507 .620 .603 .654(↑82.7%)
4 .915 .862 .605 .892 .752 .703 .960 .576 .785 .688 .774(↑73.5%)

InternVL3

Base
2 .867 .775 .418 .832 .601 .401 .869 .543 .750 .536 .659
4 .917 .930 .510 .944 .810 .682 .947 .644 .866 .770 .802

+ HI
2 .857 .780 .343 .751 .544 .309 .884 .449 .848 .473 .624(↓5.3%)
4 .870 .945 .408 .859 .720 .427 .966 .525 .923 .679 .732(↓8.7%)

+ QCD
2 .949 .723 .617 .956 .709 .587 .927 .662 .665 .674 .747(↑13.4%)
4 .947 .940 .748 .985 .875 .757 .984 .726 .849 .814 .863(↑7.6%)

+ QCD & HI
2 .968 .814 .571 .938 .730 .705 .960 .665 .843 .729 .792(↑20.2%)
4 .967 .977 .664 .981 .859 .852 .988 .715 .932 .863 .880(↑9.7%)

Others

Gemini
2 .865 .794 .315 .517 .704 .555 .583 .360 .725 .340 .576
4 .904 .908 .540 .737 .861 .709 .773 .484 .818 .553 .729

SX
2 .440 .388 .096 .080 .060 .116 .080 .180 .164 .132 .174
4 - - - - - - - - - - -

SX-IGC
2 .984 .568 .968 1.00 .640 .516 .984 .592 .712 .628 .760
4 - - - - - - - - - - -

Table 11: Text version results on CoBSAT.
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Method 1-shot 2-shot
MLLMs

GILL 16.00 ± 2.27 15.17 ± 2.72
SL-8B 15.00 ± 3.27 12.67 ± 1.18
SL-14B 17.25 ± 2.75 16.75 ± 1.75
Emu1 31.50 ± 1.87 22.83 ± 2.72
Emu2 24.33 ± 3.30 30.67 ± 1.31

Anole-7B 11.00 ± 2.86 7.00 ± 0.71
LVLM-FLUX

Base (Q2) 34.67 ± 4.48 44.83 ± 5.25
+ HI 34.33 ± 7.29 48.17 ± 3.21

+ QCD 35.83 ± 5.77 45.00 ± 3.12
+ HI & QCD 33.17 ± 2.29 47.50 ± 9.53
Base (Q2.5) 30.50 ± 1.80 34.67 ± 2.47

+ HI 31.17 ± 1.04 34.33 ± 5.75
+ QCD 33.00 ± 3.06 35.83 ± 1.15

+ HI & QCD 32.33 ± 2.78 35.67 ± 2.57
Base (I3) 34.50 ± 7.29 38.17 ± 5.48

+ HI 36.50 ± 1.53 38.00 ± 2.18
+ QCD 35.83 ± 0.76 34.00 ± 2.50

+ HI & QCD 39.00 ± 2.25 39.67 ± 2.47

Table 12: Results of different models on Text-to-Image
Fast Mini-ImageNet (Accuracy %)

2023), SL (Ge et al., 2024a), and Emu1 (Sun et al.,921

2024b) in Figure 14. These MLLMs, to varying922

degrees, exhibit compliance failures (e.g., the pa-923

per box case) and prior-dominated hallucinations924

(e.g., the denim leaf case), whereas TBDN miti-925

gates these issues and produces images consistent926

with the ground-truth answers. Moreover, lever-927

aging FLUX’s (Labs, 2024) strong T2I capability,928

FLUX can faithfully render the text produced by929

TBDN and generate higher-quality images than the930

compared MLLMs.931

C.3 Qualitative results on Text-to-Image Fast932

Mini-ImageNet933

Figure 15 present the qualitative results of TBDN934

on 1-shot evaluation in T2IFMI benchmark. TBDN935

can well capture the mapping between different im-936

age categories and the synthetic category name.937

TBDN can then infer and generate images that938

closely match the queried category, yielding out-939

puts with highly consistent subjects and styles.940
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Method Concept Preservation Prompt Following CP·PF↑
Animal Human Object Style Overall Photorealistic Style Imaginative Overall

SL .436 .315 .288 .381 .358 .306 .202 .154 .218 .078
SL-IGC .399 .290 .271 .318 .325 .348 .355 .210 .310 .101

SX .647 .420 .526 .571 .559 .346 .342 .303 .337 .188
SX-IGC .549 .410 .403 .432 .458 .922 .851 .846 .881 .403

TBDN(Q2) .550 .221 .447 .407 .442 .801 .799 .698 .778 .344

Table 13: Comprehensive results on the Dreambench++ benchmark.

Figure 9: Qualitative results for Base (Q2), HI, QCD, and TBDN in CoBSAT (Sample 1).
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Figure 10: Qualitative results for Base (Q2), HI, QCD, and TBDN in CoBSAT (Sample 2).
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Figure 11: Qualitative results for Base (Q2), HI, QCD, and TBDN in CoBSAT (Sample 3).
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Figure 12: Qualitative results for Base (Q2), HI, QCD, and TBDN in CoBSAT (Sample 4).
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Figure 13: 2-shot image generation results of TBDN and other methods on the CoBSAT benchmark.
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Figure 14: More 2-shot image generation results of TBDN on the CoBSAT benchmark.
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Figure 15: Image generation results on Fast Mini-ImageNet dataset.
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