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Figure 1. Illustration of our proposed TF-TI2I, designed to leverage multiple image references for generation and editing without additional
training. The importance of image references is illustrated in the middle part, where excluding any reference significantly alters the output.

Abstract

Text-and-Image-To-Image (TI2I), an extension of Text-To-
Image (T2I), integrates image inputs with textual instruc-
tions to enhance image generation. Existing methods of-
ten partially utilize image inputs, focusing on specific ele-
ments like objects or styles, or they experience a decline in
generation quality with complex, multi-image instructions.
To overcome these challenges, we introduce Training-Free
Text-and-Image-to-Image (TF-TI2I), which adapts cutting-
edge T2I models such as SD3 without the need for addi-
tional training. Our method capitalizes on the MM-DiT
architecture, in which we point out that textual tokens can
implicitly learn visual information from vision tokens. We

enhance this interaction by extracting a condensed visual
representation from reference images, facilitating selective
information sharing through Reference Contextual Mask-
ing—this technique confines the usage of contextual tokens
to instruction-relevant visual information. Additionally, our
Winner-Takes-All module mitigates distribution shifts by
prioritizing the most pertinent references for each vision to-
ken. Addressing the gap in TI2I evaluation, we also intro-
duce the FG-TI2I Bench, a comprehensive benchmark tai-
lored for TI2I and compatible with existing T2I methods.
Our approach shows robust performance across various
benchmarks, confirming its effectiveness in handling com-
plex image-generation tasks. Our project page: https :
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1. Introduction

“Don’t tell me the moon is shining; show me the glint of
light on broken glass.”
— Anton Chekhov (1860-1904)

Recent advances in text-to-image (T2I) generation em-
power users to produce compelling visual artwork using
only textual prompts [27, 36, 42, 44, 58]. However,
text descriptions alone are insufficient for conveying the
nuanced spatial relationships, specific object characteris-
tics, and stylistic details necessary to fulfill users’ inten-
tions. To address this, various approaches have integrated
additional visual guidance into T2I pipelines, leveraging
conditional-control methods [32, 62, 64], inpainting tech-
niques [24, 25, 59, 65], style transfer [13, 15, 19, 23], and
customized image synthesis [11, 18, 46, 55, 61].

Despite their effectiveness, current methods are typ-
ically constrained to a single functionality. For exam-
ple, conditional-control, inpainting, and style-transfer ap-
proaches focus on one aspect of visual guidance. Similarly,
customization methods excel at object-based references but
struggle with other factors e.g., texture or background.
One solution is the use of multimodal large language mod-
els (MLLMs) in image generation [40, 50], which can han-
dle both visual and textual inputs. However, MLLM-based
generation still lags behind specialized T2I models in terms
of output quality and resolution, largely due to the limited
availability of text-and-image-to-image training data. For
instance, KOSMOS-G [40], utilizing BLIP2 [29] and CLIP-
Seg [29] to autonomously identify objects as image inputs,
remains restricted to object-level conditioning without pro-
viding finer control over texture or background details.

To enhance performance without larger training data, we
explore MM-DiT—a fully transformer-based multimodal
architecture used in state-of-the-art T2I models such as
SD3 [17] and FLUX [27]. We contend that MM-DiT’s mul-
timodal attention demonstrates cross-modal understand-
ing [16, 20, 51], which allows textual tokens to naturally
integrate implicit visual information from image latent
during inference. Unlike methods that require additional
training to establish image-reference correlations, we pro-
pose Training-Free Text-and-Image-to-Image (TF-TI2I)
by (1) harnessing the inherent ability of MM-DiT to infuse
textual tokens with implicit visual context during genera-
tion, and (2) enabling these tokens to be shared across dif-
ferent inputs as contextual tokens. As our approach relies
only on the model’s intrinsic properties, we can extend T2I
models with TI2I capabilities without fine-tuning.

However, challenges arise as the number of image refer-
ences increases. Firstly, mutual interference between differ-
ent references can lead to unintended visual blending. For

instance, as shown in Fig. |, when generating a background
following reference 4 (Starry Night), elements from the
backgrounds of references 1, 2, and 3 might inadvertently
be incorporated due to insufficient differentiation among the
references. To address the mutual interference among mul-
tiple references, we propose References Contextual Mask-
ing (RCM). This technique limits the visual information
learned from contextual tokens by focusing exclusively on
vision tokens that are more related to the given instructions.
This ensures that only the relevant visual information of a
specified reference is utilized in the image generation pro-
cess. By doing so, RCM effectively reduces the undesired
blending of visual features from different references, main-
taining clarity and fidelity to the original input conditions.

Secondly, as a training-free approach, TF-TI2I is also
susceptible to distribution shifts that can degrade generation
quality, a challenge noted in related techniques [13, 15, 35].
To counteract this, we introduce the Winner-Takes-All
(WTA) module. This module assigns each vision token ex-
clusively to one reference at a time, ensuring that each to-
ken robustly represents the visual characteristics of its as-
signed references. Concurrently, the WTA module facili-
tates the incorporation of visual information from other ref-
erences through attention between the visual tokens. This
dual mechanism not only maintains each reference’s in-
tegrity within the output but also enriches the visual details,
resulting in high-quality images that adhere to both intended
references and textual instruction.

Finally, recognizing the need for a comprehensive eval-
uation framework for both TI2I models [40, 50] and visu-
ally guided T2I models [3, 8, 22, 57, 62], we introduce the
Fine-Grained TI2I Benchmark (FG-TI2I Bench) tailored
for general image generation scenarios. Drawing inspira-
tion from EditBench [54], which assesses detailed object
attributes like material, color, and shape, our benchmark
structures prompt instructions around four key components
and encompass 6 fundamental TI2I sub-tasks. These com-
ponents are described using either text or images, making
our framework compatible with visually guided T2I meth-
ods. Our approach achieves state-of-the-art performance
on 12 out of 18 evaluation metrics across general-purpose
TI2I tasks and remains highly competitive in task-specific
benchmarks such as DreamBench [46] for customization
and Wild-TI2I [53] for editing scenarios.

Our contributions are summarized as follows:

* We discover the implicit-context learning capability of
MM-DiT and design TF-TI2I, a training-free approach, to
generate images from different visual references and text
prompts. This further augments the existing T2I model
with TI2I capability.

* We develop Reference Contextual Masking and Winner
Takes All modules to mitigate multi-reference problems,
leading to more visually satisfactory results.
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* We introduce FG-TI2I Bench, a comprehensive bench-
mark designed to evaluate a variety of visually guided
T2I application e.g. customization and style transfer. Our
approach achieves state-of-the-art results in 12 out of 18
evaluation metrics across FG-TI2I and also remains com-
petitive in DreamBench [46] and Wild-TI2I [53].

2. Related Work

2.1. TI2I with single aspect of reference

To expand the creativity of pretrained T2I models with TI2I
capability, finetuning-based approaches [12, 18, 19, 41, 46,
61], such as DreamBooth [46], encode reference informa-
tion into model weights through a finetuning process. While
effective, these methods are often limited by computational
costs and the need for a substantial number of training refer-
ences. In contrast, training-free methods [8, 13, 15, 23, 34]
provide efficiency but concentrate on a single aspect of
reference images, such as style in StyleID [13] and ZS-
TAR [15], or objects in TF-ICON [34] and TF-GPH [23].
Our approach, which integrates the Reference Context Con-
trol and Winner-Takes-All modules, efficiently combines
various aspects of references—including objects, textures,
actions, and backgrounds—enabling a more comprehensive
and flexible generation capability.

2.2. T12I with multiple aspects of references

Models trained from scratch with both text and image in-
puts can better utilize diverse image references for TI2I
tasks. These models can be broadly categorized into
retrieval-based [1, 9, 48] and auto-regressive-based ap-
proaches [40, 50, 57]. Retrieval-based methods, such as
KNN-Diffusion [48] and RDM [1], follow the concept of
RAG [28] by retrieving relevant images from a database to
provide visual prior for generation. However, their capa-
bility is dependent on the retrieved references, which limits
the model’s ability to synthesize novel content beyond what
is provided. In contrast, auto-regressive-based methods like
Emu2 [50] and Kosmos-G [40] face constraints in genera-
tion resolution and quality due to the limited availability of
multimodal training pairs. Our proposed TF-TI2I leverages
a pretrained T2I model, enhancing it with reference support
for controllability, and achieves superior performance over
existing methods without additional training costs.

3. Preliminary

Our work leverages the Multimodal Attention (MMA)
blocks inherent in MM-DiT-based T2I models [17, 27].
Given a textual prompt P and a reference image I, the
prompt and image are first encoded into latent features, de-
noted as 7% = Ep(P) € R™»*d and 70 = &£;(I) € R™1*4,
where £p and &; represent the text and image encoders,
respectively. For the latent features within the MM-DiT

backbone, we use the superscript [ € 0,1,..., L to indi-
cate the layer, e.g., 7% and 5. For simplicity, we omit the
time step notation, as it remains unchanged in all equations,
i.e., 7 = 71(¢). The multimodal attention mechanism, after

disregarding the head dimension, is expressed as follows:

Q1. K1, Vi} = rjw @5V, (1)
{Qp, Kp,Vp} = pW &Y, o)
A(rh, 7L, M) = softmax ((QK ™ + M)/\/E)V, 3)

where Q = [Qr; Qp], K = [K1; Kp], and V' = [V}; Vp],
with [-; -] denoting concatenation along the first dimension.
Here, W represents the projection matrix, and M denotes
the attention mask. A key distinction of MM-DiT from pre-
vious self- and cross-attention [42, 44] is that it updates not
only the visual tokens 7/ but also refines the textual tokens
7L, This dual-update process is formulated as:

T = TRl 4 AGL TR M), ()

Throughout this paper, we use SD3.5-large [17] as our de-
fault backbone, which consists of 38 MM-DiT layers, with
ny = 4096 and np = 333. Additionally, to facilitate dis-
cussions on the diffusion process in subsequent sections, we
incorporate the noise-adding process, defined as

() =77 + €(t), (5)

where e represents either standard Gaussian noise or
inversion-based noise predictors [33, 45, 47, 49].

4. Method

In this section, we first examine the implicit-learning ca-
pability of textual tokens. Next, we demonstrate that shar-
ing these textual tokens enables the manipulation of visual
content through textual representations. Finally, we pro-
pose References Contextual Masking and Winner Takes All
module to extract and assign instruction-relevant informa-
tion from excessively rich visual content. The overall archi-
tecture can be found in Fig. 2.

4.1. Implicit-Context Learning from MM-DiT

The key distinction between MM-DiT and conventional T2I
models [5-7, 30, 42, 44], lies in how textual information is
treated. While traditional models use textual instruction as
a fixed condition, MM-DiT updates the textual conditions
7L, at each layer. This characteristic motivates us to inves-
tigate the problem—Is visual context learned implicitly by
the textual tokens 75 in the MM-DiT? We use the term
“implicit” to emphasize that textual tokens gradually aggre-
gate visual context from visual tokens through multi-modal
attention. Consequently, these textual tokens can implicitly
represent the visual reference.
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Figure 2. Illustration of the TF-TI2I pipeline. TF-TI2I leverages contextual visual information learned from textual tokens. Through sharing
the contextual token by concatenating 75 to the upper block (Sec. 4.3.1), we achieve prompt-following while maintaining reference-aligned
results. Additionally, we incorporate Reference Contextual Masking (Sec. 4.3.2) to mitigate mutual interference between references and
employ the Winner-Takes-All module (Sec. 4.3.3) to minimize distribution shifts in multi-reference scenarios.

t=0.8T

t=0.5T

(b) I

Figure 3. The t-SNE visualization of {7}, | Py € P} and {7/, |
P, € P} at different timesteps and layers indices. The clusters
form in deeper layers and later timesteps.

To empirically test whether textual tokens from different
prompts encode similar features when conditioned on the
same image, we sample 50 prompts structured as “{Object}
with the texture of Texture doing {Action} in the background
of {Background}.” We denote these prompts as [P and con-
sider two different images, I; (Fig. 3a) and I» (Fig. 3b).
We then forward these prompt tokens, 73, = Ep(P;) and
75, = Ep(Py) for all P, P, € P, along with the vision
tokens 77, and 7} . Subsequently, we extract 7p, and T},
from the T2I model to perform clustering visualization for
different layer index /. Our hypothesis is that if textual to-
kens learn from vision tokens during the forward pro-
cess, the features distributions, {r, | P, € P} and

{rh, | P» € P}, should form distinct clusters due to the
different input visual tokens. As illustrated in the t-SNE
visualization in Fig. 3, we observe that 75, exhibits stronger
clustering effects in deeper layers and at later stages of gen-
eration, where visual features become more distinct from
random noise. These findings highlight the implicit context-
learning capability of the textual tokens 7p.

(b) I2 from seed 2

(a) I7 from seed 1

(¢) Replacing 7p,

Figure 4. The illustration of replacing contextual tokens between
different images. As shown in the Fig. 4c, we can successfully
transfer the visual information of Fig. 4b to Fig. 4a.

In the following, we refer to these textual tokens with
implicit-context visual information as contextual tokens to
distinguish them from the so-called textual tokens, which
only contain textual information as described in prior
work [17, 42, 44]. Our next question is: Can the contex-
tual tokens utilized by different set of vision tokens? To
test this possibility, we create a toy example where we use
a single prompt, “a princess in the dress”, with two differ-
ent seeds. Due to the difference in the initial noise of the
vision tokens, the generated images are different in both de-
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tails and layout, as shown in Fig. 4a and Fig. 4b. We then
replace their contextual token by replacing 75, with 75, in
each layer for all timesteps. The result is shown in Fig. 4c,
where the image structure still resembles /;, but features
like dress color shift toward I>. This example supports our
hypothesis that visual information in contextual tokens can
be utilized by other set of vision tokens.

4.2. Training-Free Text-and-Image-to-Image

Building upon the previous findings that contextual tokens
not only encapsulate visual information but can also be
leveraged by other vision tokens, we propose TF-TI2I, a
Training-Free Text-and-Image-to-Image pipeline, as shown
in Fig. 2. By modifying pre-trained T2I models [17, 27], we
enable the utilization of multiple images as reference inputs
while maintaining high-quality generation results.

4.3. TF-TI2I Overview

The objective of TF-TI2I is to generate an image I, based
on the prompt instruction P, and given visual references
T :={hL,Is,...,Ig}. Ateach timestep ¢, we start with an
initial vision token 77 , which can be either a random noise
for image generation or a noisy image for editing. Along
with this, we incorporate the textual token 7‘20 derived from
the input prompt P,. We then introduce reference vision
tokens {77, 7¢,, ..., 77, }, where 70 (t) = 77 + €(t), with
T?T = &;(I,) and I, € Z. Additionally, TF-TI2I requires
reference prompts P := {Py, P, ..., Pg}, which are used
toO initialize the textual tokens {73 , 73 ,...,7p,}, where
7p. = Ep(P;) and P, € P.

4.3.1. Contextual Tokens Sharing (CTS)

Extending from the findings that contextual tokens can
be utilized by other vision tokens, we design a contex-
tual token-sharing module to replace the original MMA
layer and leverage the contextual information from im-
age references. The idea of CTS is akin to the share-
attention module [3, 13, 22, 23], which concatenates the
vision tokens from different images together. By con-
trast, we concatenate the key and value of 7} with con-
textual tokens Tllgr to obtain the new input prompt tokens
Th = [Tllgo; T}lpl;ﬁl;z; o ;T};R]. With 75, the CTS Atten-
tion replace Eq. (3) as follow:

AS(r) b 7h, M) = softmax ((QK™T + M)/vVd)V, (6)

where Q = [Qr,;Qp,], K = [K;,;Kp,; Kp] and V' =
[Vi-; Vp,; Vp|. By concatenating contextual tokens instead
of vision tokens, we solve the main restriction of the share
attention module — the computational overheads, R ref-
erences require (2R — 1) times computation and memory
sources for attention operation, while concatenating contex-
tual tokens only require ((R — 1) + (np/ny)R) nearly half
times of sources (np/n; = 0.08 for SD3 [17]), allowing us
to incorporate more references efficiently.

4.3.2. Reference Contextual Masking (RCM)

Along with the increase of references, the conflict of refer-
ences grows severe. For instance, in Fig. |, we aim to gen-
erate the background of a starry night instead of the jungle
background from the “dinosaur” reference or the dark night
background from the “breathing fire” reference. Thus, we
design References Contextual Masking (RCM) to select
only the vision tokens we need from the given reference in-
stead of the whole image.

Inspired by prior works [2, 4, 14] that show cross-
attention maps can already play a similar function as se-
mantic matching, we extract the semantic connection be-
tween the instruction and each visual token. For the visual
tokens 7} from the given reference I,., we utilize 7}, to
measure the corresponding semantic connection of each to-
ken by computing the attention score. We then compare the
summation of the attention scores between the query of T}T
and the key of Tllgo on each visual token and retain only the
salient tokens via a binarization operation. The resulting
contextual mask for 7* vision token of 7" reference is:

MEM = BI( il softmax (Q' [K] ; K},O]T)Z,’mﬂ_l) , (D

where “BI” denotes the binarize algorithm. Specifically, we
utilized Otsu Algorithm [39] to detach the foreground from
the background. We gather MM for each vision token to
form the reference contextual mask MRXM as an attention
mask during the forward process of 7/ and 7}, :

[ rb ) = (7] srh ]+ A(r L 7h  MEM), (8)

as shown in Fig. 2. By summing and binarizing the atten-
tion score into a mask, we can restrict the contextual tokens
to only learn contextual information from specific vision to-
kens, reducing redundant information from reference.

4.3.3. Winner Takes All (WTA)

As a training-free modification applied to a pre-trained
model, our approach inevitably faces distribution shifts,
leading to unsatisfactory generation results, as suggested in
[13, 15, 35]. A similar phenomenon is also observed in CTS
as discussed in Appendix C.1. These issues become more
pronounced as the number of reference images increases.
To address this, we propose a novel Winner Takes All
(WTA) strategy to mitigate conflicts between multiple ref-
erences. We assume that, for each vision token, only one
or two references are needed at a time. For instance, back-
ground references are not necessary at every step and layer
when generating an object. Leveraging the semantic cor-
relation capability of our T2I model, we first measure the
attention score of references to a given vision token and se-
lectively keep only the contextual tokens with highest at-
tention score to minimize distribution disturbances. This is

18381



formulated as:

np
Sip = Z softmax(QIOKﬁ)m. 9)

Jj=1

To perform the winner-takes-all criteria, we set r; =
arg max, s; . As such, the WTA mask is applied as:

—o0o, (nr+mnp)<j<nr+np-r}
M%TA: —00, nrt+np+np-r; <j ,  (10)

0, otherwise

where i denotes the i*" vision token. We then incorporate
WTA mask MW into contextual sharing Eq. (6):

[T}jl;ﬁl{l] =[rl s7h |+ AT (7L 7k rh, MWTA). (11)

The illustration can be found in the upper part of Fig. 2.
The WTA module may assign different contextual tokens
to vision tokens across different layers, effectively mixing
multiple references.

5. Experiment

As a unified TI2I framework, our proposed TF-TI2I shares
similarities with the well-known Emu2 [50] and supports
various downstream tasks, including object customiza-
tion [9, 10, 18, 40, 46, 57], consistent synthesis [3, 22],
style transfer [13, 15, 19, 23] and image editing [14, 21,
31, 37, 53]. To evaluate its customization and editing capa-
bilities, we use DreamBench [46] (750 instances) and Wild-
TI2I [53] (148 instances). Additionally, we introduce FG-
TI2I for fine-grained evaluation of the TI2I task. Since our
evaluation involves both textual and visual inputs, we adopt
a diverse set of metrics for a comprehensive assessment:

e Prompt following: CLIP-Text [43] (CP), CLIP-
Directional Score [26] (CDS), Image Reward [60] (IR),
Human Preference Score [56] (HPS)

* Reference alignment: CLIP-Image [43] (CP-I), DINO
Similarity [38] (DI), LPIPS [63] (LP)

¢ Generation quality: Aesthetic Score [44] (AS), Image
Reward [60] (IR), Human Preference Score [56] (HPS)

More experimental results are provided in Appendix B.

5.1. Fine-Grained TI2I Benchmark

Although benchmarks [21, 23, 25, 34, 46, 54] exist for eval-
uating single aspect of image input, such as conditioning
on object, background, and style, the evaluation of unified
TI2I—where a single instruction incorporates multiple as-
pects of image references—remains relatively unexplored.
To address this gap, we propose the Fine-Grained TI2I (FG-
TI2I) benchmark, the first image generation benchmark that
integrates multiple reference aspects within a single instruc-
tion. FG-TI2I adopts a unified representation for common

Single-reference sub-tasks

Dual-references sub-tasks
Trio-references sub-tasks

Quad-references sub-tasks

Figure 5. Illustration of sub-tasks in FG-TI2I, where we abbrevi-
ate Object, Texture, Action, and Background into O, T, A, and B,
respectively. The text-only input is denoted with red, and image-
support input is denoted with . The input sub-tasks are cate-
gorized by the number of image references.

image generation tasks, utilizing a single instruction tem-
plate with four aspects of reference: “{Object} with the
texture of {Texture} doing {Action} in the background of
{Background}”. As illustrated in Fig. 5, we categorize the
sub-tasks based on the number of image references. For
each sub-task, we generate 100 prompts using ChatGPT-40
and create the corresponding image references using Flux
1.0 dev [27]. By introducing image references at different
aspects, we can systematically evaluate a model’s capability
in various downstream tasks.

5.2. Qualitative Results

For multiple-reference test cases in Fig. 6, TF-TI2I achieves
better compliance with all given references and higher
image quality compared to the previous TI2I method,
Emu2 [50]. For instance, in row 1, although Emu2 pro-
duces a reference-like background, the other input compo-
nents, i.e., the given object, texture, and action, are missing
in the output. Similarly, while Emu?2 successfully generates
the given object reference in cases 2, 3, and 4, the texture,
action, and background are not preserved in the generated
results. These findings confirm a key limitation of Emu2:
constrained by its training design, Emu2 excels in object
customization but struggles to generalize well to the more
creative and complicated TI2I instructions introduced in our
proposed FG-TI2I benchmark.

Notably, even when compared to OmniGen [57],
StyleAlign [22], and MasaCtrl [3], which are designed
for single-reference generation, our proposed method still
demonstrates superior performance, especially in texture-
related and action-related prompts. This is achieved through
our proposed contextual token-sharing mechanism, which
enables TF-TI2I to achieve a better balance between textual
instructions and image references by leveraging image ref-
erences as textual tokens. As a result, TF-TI2I generates
more texture-aligned outputs, as shown in rows 1 and 4 on
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X

X

X

X X X

CP DI IR CP DI IR CP DI IR cP DI IR CP DI IR CP DI IR

MasaCtrl [3] 268 964 026 254 965 -092 266 957 031 265 917 010 270 887 009 269 973 0.4
StyleAlign [22] 273 943 0.0 283 929 028 283 899 056 277 889 033 293 877 088 295 89.6 082
OmniGen [57] 282 848 036 286 827 062 292 812 109 284 758 040 287 761 085 292 855 LI2
Emu2 [50] 282 712 010 275 755 034 282 720 066 285 638 0.0 276 629 036 282 757 0.68
Ours 293 875 070 303 871 121 293 841 114 301 728 0.67 307 758 130 301 844 126

Table 1. Quantitative comparison over FG-TI2I single-entry, where we respectively abbreviate Object, Texture, Action, and Background
into OBJ, TEX, ACT, and BG. Bold highlights the best result, and underlines mark the second-best.

References

Ours

Emu2

Reference

Ours Emu2 OmniGen StyleAlign MasaCtrl

Figure 6. Qualitative comparison of Quad-references sub-tasks (left) and Single-reference sub-tasks (right) in FG-TI2I. The input Object,
Texture, Action, and Background—are denoted as O, T, A, and B. We use for text-only input and for reference-supported input.

CP CP-1 Cp CDS

Tex-Inv [18] 25.5 78.0 SDEdit [37] 27.5  0.122
DB [46] 30.5 80.3 DiffEdit [14] 263 0.088
Relmagen [9] 27.0 740 P2P [21] 284  0.193
SuTI [10] 30.4 81.9 PnP [53] 285  0.202
Kosmos-G [40] 28.7 84.7 MasaCtrl [3] 29.3 0.209
OmniGen [57] 31.5 80.1 TIS [31] 29.0  0.210
Ours 33.1 79.1 Ours 304 0.115

Table 2. Quantitative compari- Table 3. Quantitative compari-

son on DreamBench.

son on Wild-TI2I

the right side of Fig. 6, successfully synthesizing the cloud
vapor hourglass based on textual instructions and the candy
castle based on visual references. Additionally, in rows 2
and 5, TF-TI2I better aligns with action-related instructions,
effectively following both textual and visual guidance.

Furthermore, TF-TI2I is readily compatible with cus-
tomization and editing tasks without requiring any modi-
fications, as shown in Fig. 7. It seamlessly enables object
modifications (i.e., changing the color and outfit of a cat)
and object transfer to different backgrounds.
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(a) DreamBench [46] (b) Wild-TI2I [53]

Figure 7. Qualitative results of TF-TI2I on Customization [46] and
Editing [53]. For Wild-TI2I, we first generate a reference for each
sample to support text-only editing instructions.

5.3. Quantitative Results

Our quantitative comparison in Tab. | primarily focuses on
single-reference evaluations, as most baseline methods are
designed for such settings. Our proposed TF-TI2I frame-
work demonstrates superior performance in both prompt-
following and image quality metrics. This advantage stems
from our proposed CTS strategy, which integrates addi-
tional contextual tokens into the generation pipeline. These
contextual tokens, functionally similar to textual tokens but
enriched with visual information, introduce minimal distur-
bance to the original T2I model. Consequently, TF-TI2I
achieves higher prompt alignment and better image quality.

However, as a trade-off, our method exhibits slightly
lower performance in DINO Similarity (DI) compared
to training-based approaches like OmniGen [57] and
inversion-based methods such as StyleAlign [22] and Mas-
aCtrl [3]. This limitation arises because TF-TI2I is not de-
signed for direct reference copying but instead encodes ref-
erences into high-level semantics, thereby sacrificing low-
level details but ensuring instruction compliance.

A similar trend can be observed in the reported perfor-
mance in Tab. 2 and Tab. 3 with TF-TI2I achieves state-
of-the-art (SOTA) results in CLIP-Text (CP) but does not
surpass all the existing methods in terms of CLIP-Image
(CP-I) and CLIP-Directional Score (CDS) as our approach
might alter the reference to make the output compatible
with the new scene. Besides, TF-TI2I maintains compet-
itive reference-alignment performance—outperforming the
TI2I model EMU?2 across all FG-TI2I sub-tasks, surpassing
Textual Inversion [18] by 1%, and trailing the SOTA cus-
tomization method OmniGen by only 7%.

5.4. Ablation study

a dinosaur
crystal
H e breathing fire
A . Starry Night
‘ [} ]

(b) MRM (c) M)A

s

® FWTA

(d) +RCM+WTA (e) +RCM

Figure 8. Ablation study of TF-TI2I, using Fig. 1 as example.

RCM. By restricting the learning of contextual tokens to
only instruction-related vision tokens using MXM, we can
ease mutual interference between different references, as
shown in Fig. 8b, where MR is the contextual mask for
the dinosaur. Comparing Fig. 8e to Fig. 8a, both the gen-
erated background Starry Night and the generated object a
dinosaur exhibit greater similarity to their respective input
references, demonstrating the effectiveness of RCM in re-
ducing mutual disturbance between references.

WTA. Designed to mitigate distribution shifts caused by ad-
ditional reference inputs, it achieves this by measuring the
saliency score of each reference and generating correspond-
ing reference assignments for each vision token, as shown
in Fig. 8c. This strategy ensures both reference adherence
and visually satisfactory results. As demonstrated in Fig. 8d
and Fig. 8f, the generated images exhibit richer details and
colors compared to Fig. 8a and Fig. 8e.

6. Conclusion

In this paper, we investigate the implcit-context learning ca-
pability of MM-DiT and leverage this insight to develop
TF-TI2I, a training-free text-and-image-to-image genera-
tion pipeline. Our approach surpasses previous methods in
effectively integrating multiple types of image references.
To overcome the limitations of existing benchmarks, we in-
troduce FG-TI2I, a more comprehensive evaluation frame-
work for TI2I tasks. Experimental results across various
benchmarks demonstrate the effectiveness of our method.
However, mutual interference between image references re-
mains significant due to the limited precision of RCM, as
MM-DiT is not explicitly optimized for semantic segmen-
tation. In future work, we aim to mitigate this interference
to achieve finer control over generation.
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