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Abstract

Large Multimodal Models (LMMs) have demonstrated im-
pressive capabilities in multimodal understanding and gen-
eration, pushing forward advancements in text-to-image
generation. However, achieving accurate text-image align-
ment for LMMs, particularly in compositional scenarios,
remains challenging. Existing approaches, such as layout
planning for multi-step generation and learning3 from hu-
man feedback or Al feedback, depend heavily on prompt
engineering, costly human annotations, and continual up-
grading, limiting flexibility and scalability. In this work,
we introduce a model-agnostic iterative self-improvement
framework (SILMM) that can enable LMMs to provide
helpful and scalable self-feedback and optimize text-image
alignment via Direct Preference Optimization (DPO). DPO
can readily applied to LMMs that use discrete visual to-
kens as intermediate image representations; while it is less
suitable for LMMs with continuous visual features, as ob-
taining generation probabilities is challenging. To adapt
SILMM to LMMs with continuous features, we propose a
diversity mechanism to obtain diverse representations and
a kernel-based continuous DPO for alignment. Extensive
experiments on three compositional text-to-image genera-
tion benchmarks validate the effectiveness and superiority
of SILMM, showing improvements exceeding 30% on T2I-
CompBench++ and around 20% on DPG-Bench. The code
is available at https://silmm.github.io/.

1. Introduction

Large Multimodal Models (LMMs) are advancing rapidly,
surpassing Large Language Models (LLMs) by embrac-
ing multimodal capabilities for multimodal content percep-
tion, understanding [34, 35, 48], and generation [19, 64].

*Corresponding author.
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Figure 1. Illustration of (a) text-image misalignment in compo-
sitional prompts and (b) comparison of discrete and continuous
LMMs for T2I. Given a prompt, discrete LMMs can sample di-
verse token sequences from categorical distributions, while contin-
uous LMMs can only produce a single deterministic feature vector.
Note that the input learnable embeddings are optional for some
continuous LMMs [64].

In particular, LMMs demonstrate promising abilities in in-
terpreting user input prompts for text-to-image generation
(T21) [55, 57], producing vivid and photorealistic images.
However, as shown in Fig. 1(a), achieving precise texz-
image alignment between generated images and complex
prompts remains challenging, especially for compositional
prompts involving multiple objects, attributes, counting,
and complex relationships [6, 16, 49].

To enhance text-image alignment, existing work falls
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into two primary research lines. One line focuses on de-
composing the T2I task into multiple stages. For example,
some methods perform layout planning before generating
the image [17, 37, 75]; while some split the image into
sections for multi-step generation via multi-agent collabora-
tion [46, 70]. However, these methods depend on extensive
multi-step prompt engineering, which risks error accumu-
lation. The second research line emphasizes learning from
human feedback (RLHF [43]) to improve text-image align-
ment [15, 31, 33, 67, 73], or using Al feedback (RLAIF)
from strong evaluation approaches or reward models [3, 77].
Nevertheless, it is labor-intensive and costly to obtain ex-
tensive high-quality human feedback, which is also often
required to train external reward models [5]. Additionally,
as LMMs evolve, the external evaluation approaches and
reward models may require continual upgrading [44, 77].

To address the limitations, we consider utilizing LLMs’
inherent discriminative capabilities to self-improve their
generation quality for text-image alignment. This offers a
pathway for LMMs to evolve for T2I independently, with-
out relying on human or external feedback. To pursue self-
improvement, the key steps are: 1) generating diverse im-
ages by LMMs based on a given prompt, ensuring the image
diversity to facilitate subsequent self-assessment and opti-
mization; 2) using LMMs to self-assess text-image align-
ment in the generated images, producing alignment scores
as self-feedback; and 3) adopting the self-feedback to opti-
mize LMMs to generate superior visual tokens, resulting in
images that better align with text prompts.

However, achieving the above objectives faces signifi-
cant challenges. In particular:

1) Asshown in Fig. 1(b), LMMs typically generate interme-
diate visual representations, i.e., discrete visual tokens or
continuous visual features, which are then converted into
images by a decoder (e.g., a diffusion model) [19, 64]. For
LMMs with discrete visual tokens [19, 68, 76], using ex-
isting sampling strategies (e.g., adjusting temperature) in
the autoregressive generation process can obtain diverse
visual tokens. However, it is non-trivial for LMMs with
deterministic continuous visual features, such as Dream-
LLM [13], to sample diverse visual representations’.

2) Compositional prompts require LMMs to inspect object
counts, attributes, and complex relationships in the gener-
ated images. However, existing LMMs still struggle with
compositional cross-modal assessment [7, 56], challeng-
ing the generation of faithful self-feedback.

3) Optimizing LMMs with self-feedback is also intricate.
Supervised Fine-Tuning (SFT) [11] and certain RLAIF
methods [3, 77] require highly accurate self-feedback.
Moreover, another representative method Direct Prefer-

'Sampling diverse images at the decoder stage is inapplicable, as it
can only optimize the decoder yet we aim to optimize LMMs to generate
superior visual representations for text-image alignment in this work.

ence Optimization (DPO) requires modeling generation
distributions, from which we need to sample diverse im-
ages to construct pairwise training data, which is chal-
lenging for LMMs with continuous visual features.

To tackle the above challenges, we propose an Self-
Improving Large Multimodal Models (SILMM) framework
for iterative optimization. As illustrated in Fig. 2, SILMM
operates through five steps: 1) Compositional Prompt Gen-
eration prompts an LMM to imagine compositional sce-
narios and generate compositional prompts. 2) Diverse
Image Generation. For discrete LMMs?, we follow the
sampling decoding strategy commonly used in LLM align-
ment [43, 53]. For continuous LMMs [13, 64, 72], we pro-
pose a diversification strategy named DropDiyv, inspired by
Monte Carlo (MC) Dropout [18], to perform dropout on the
MLP layers of LMMs for diverse visual features, producing
diverse images. 3) Decompositional Self-Questioning. To
reduce the difficulty of compositional cross-modal assess-
ment, LMMs can decompose a compositional prompt into
atomic concepts and relations and generate questions for
multi-step assessment. 4) VQA-based Self-Feedback. For
each image generated in Step 2, LMMs can use the decom-
posed questions to assess text-image alignment, and then
aggregate the results to obtain reasonable self-feedback. 5)
Learning from Self-Feedback. For discrete LMMs, we di-
rectly apply DPO based on pairwise samples from Step 2.
As to continuous LMMs, we propose Kernel-based Contin-
uous DPO (KC-DPO), inducing a quadruplet objective with
kernel functions for pairwise distance regulation over con-
tinuous visual features. The above five steps can iteratively
repeat until self-improvement performance converges.

In summary, our main contributions are threefold:

* To our knowledge, we are the first to focus on the task of
LMMs’ self-improvement for T2I. We propose a model-
agnostic self-improvement framework to enable LMMs
to achieve high-quality self-feedback and learning.

* For continuous LMMs, we introduce a dropout-based
strategy to diversify image representations, along with
a continuous DPO approach, i.e., KC-DPO, to optimize
LMMs with preference representation pairs.

* We conduct extensive experiments on three composi-
tional T2I benchmarks, demonstrating the superiority of
SILMM, e.g., 30% improvements on T2I-CompBench++.

2. Related Work

Compositional Text-to-Image Generation. Diffusion
models [55, 57] have marked a significant advancement in
T2I generation due to their stability and scalability. How-
ever, they still struggle with text-image alignment, such
as attribute binding, counting error, and relation confu-

2For simplicity, we denote LLMs outputting discrete and continuous
visual representations as discrete and continuous LMMs, respectively.
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Step 3: Decompositional Self-Questioning

Figure 2. Schematic illustration of SILMM, comprising five steps: 1) LMMs generate compositional prompts by sampling based on pro-
vided instructions. 2) Diverse representations and images are generated using either discrete nucleus sampling or the proposed continuous
DivDrop. 3) LMM:s divide each compositional prompt into semantic units and generate questions for each unit. 4) VQA is conducted to
answer these questions, with the answers and likelihoods aggregated into alignment scores as self-feedback. 5) For alignment tuning, DPO
is applied for discrete LMMSs, while the proposed KC-DPO is used for continuous LMMs.

sion [16, 51]. To enhance compositional T2I, some ap-
proaches intervene in language structures [16] or cross-
attention mechanisms [6]. Other methods [17, 37, 38, 49]
incorporate layout planning by LLMs or use multi-agent
collaboration [46, 70]. Inspired by alignment successes in
LLMs, recent work [5, 15, 67] applies RLHF [43] to opti-
mize diffusion models. Despite the progress, they rely on
inductive biases, extensive prompt engineering, or labor-
intensive annotations, limiting flexibility and scalability.
Large Multimodal Models. The pioneering LMMs [39,
79] integrate a visual encoder, e.g., CLIP [52], with LLMs
as the foundation, showing impressive multimodal under-
standing capabilities. To extend LMMs to visual genera-
tion, recent approaches align diffusion models [13, 19, 72]
with LLMs or train a single transformer [62, 68, 74, 76].
According to the form of output visual features, they can
be divided into discrete visual tokenization methods [19,
50, 62, 68] and continuous visual representation meth-
ods [13, 64, 72]. While LLM integration enhances language
understanding and supports flexible applications (e.g., inter-
leaved multimodal generation [64]), compositional T2I in
the context of LMMs remains underexplored.

Learning from AI Feedback. The high cost of collect-

ing human preference has spurred research into RLAIF [3].
Benefiting from the convenience and scalability, there have
been a series of studies adopting RLAIF to tackle a range
of NLP tasks [10, 32, 78] and vision-language understand-
ing [69, 77]. Despite the thrilling success, they only fo-
cus on text generation, overlooking the potential of RLAIF
in other modalities. In contrast, we explore self-improving
LMMs by activating multimodal understanding abilities for
T2I. Particularly, we propose continuous strategies meticu-
lously tailored to continuous visual features.

3. Methodology

In this section, we elaborate on the proposed method, in-
cluding the SILMM framework with five steps and the iter-
ation strategy (Sec. 3.1), as illustrated in Fig. 2. Afterward,
we introduce the continuous KC-DPO applied to LMMs
with continuous visual features in Sec. 3.2.

3.1. Self-Improving Large Multimodal Models

Step 1: Compositional Prompt Generation. We first di-
vide compositional scenarios into four categories: Attribute
(color, shape, texture), Layout (counting, spatial relation),
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Semantic Relation, and Complex Composition. Complex
composition includes any possible composition of the first
three. For attribute and layout, we prompt the LMM to sep-
arately generate common objects, attributes, numbers, and
spatial relations, and then use templates to compose these
concepts. For semantic relation and complex composi-
tion, we adopt in-context learning [12] to generate prompts.
More details can be found in App. 6.

Step 2: Diverse Representation and Image generation.
The purpose of this step is to sample diverse intermedi-
ate visual representations from the LLM backbone 7 of an
LMM, given a text prompt =, which would be decoded into
images with different qualities. These representations are
denoted as Z = {z;, ..., zp }, where z; ~ m(z|x). For dis-
crete LMMs [19], z; is a discrete visual sequence. We fol-
low the common practice [43, 53] in language generation
to obtain Z, by sampling with different random seeds dur-
ing auto-regressive decoding. For continuous LMMs [13],
the LLM can only output a fixed continuous visual feature,
without diversity. To tackle this issue, we propose Drop-
Div. First, we insert the dropout operations in the last few
MLP layers of LLMs, which introduces randomness and en-
ables LLMs for sampling. During inference, we activate
these dropout operations to output diverse representations
by sampling: z; ~ 7’'(z|x), where z; denotes a continu-
ous visual feature and 7’ represents the LLM with activated
dropout operations. Afterward, these diverse visual repre-
sentations Z are decoded into images as ) = {y1, ..., yn }-

Discussion. Unlike prior work [5, 15] focused on tuning
diffusion models, our approach resorts to LLM backbones
in LLMs to control image decoders (e.g., diffusion models)
for better text-image alignment, centering on LLM back-
bone optimization. Our approach offers three key advan-
tages: 1) LLMs demonstrate superior proficiency in prompt
comprehension over text encoders [52, 54] commonly em-
ployed in diffusion models. Tuning LLM backbones may
unlock their enormous potential for compositional T2I, es-
pecially in complex scenarios. 2) Tuning diffusion models
is often constrained by efficiency challenges inherent to it-
erative likelihood estimation, whereas there have been well-
established technologies [1, 40, 53] for LLM alignment. 3)
Our method is orthogonal to existing methods to tune diffu-
sion models, combining them may get further gains.

Step 3: Decompositional Self-Questioning. To provide
helpful feedback to the generated images, the LMM should
first accurately assess text-image alignment, which requires
strong compositional reasoning abilities. However, cur-
rent advanced LMMs still suffer from compositional rea-
soning [42], such as spatial relation understanding [7]
and counting [56]. To improve compositional reasoning,
we introduce a divide-and-conquer strategy [77] for self-
questioning. Specifically, the LMM first divides the given
prompt x into atomic concepts (e.g., “a white harp”) and

relations (e.g., “a pancake is on the left of a pasta”), and
then generates questions @ = {q1,...,qn }, each ¢; corre-
sponding to a concept or relation. For simplicity, the gener-
ated questions are constrained to be yes/no questions (e.g.,
“Is there a while harp?”, “Is the pancake on the left of the
pasta?”’). Refer to App. 7 for more details on prompt tem-
plates of self-questioning.

Step 4: VQA-based Self-Feedback. Taking a generated
image y € ) and all the questions Q as input, the LMM
conducts the VQA task, and the average difference between
the probabilities of answering “yes” and “no” serves as the
text-image alignment score:

1 N
s(@.y) = 5 D_p(“ves™ |y q:) — p(“no”ly. )] (1)
=1

Here we adopt the vision-language understanding abilities
of LMMs via VQA to provide feedback to the images gen-
erated by themselves, thus this step is named VQA-based
self-feedback. We carry out this step through all the sam-
pled images prompted by x and get all the scores S =
{s(z,9;)ly; € V).

Step 5: Learning from Self-Feedback. Based on the self-
feedback alignment scores, we sample representation pairs
(2w, z1) from Q, where z,, and z; denote the chosen and the
rejected representations and their corresponding decoded
images should satisfy s(x, y,,) > s(z,y;). With the prefer-
ence data, we optimize the LLM backbone with DPO [53]:

£DPO = _]E(w,zw,zl)ND
o (2w|T) o (21]2)
logo | flog ——+ — flog———= ||, )
Tref (2w ) et (21])

where D denotes the training set, and my and 7f represent
the policy and reference models, respectively. o is the sig-
moid function, and [ is a hyperparameter controlling the
deviation from the reference model.

Iterative Self-Improvement. After learning from self-
feedback, the updated LMM becomes more likely to gen-
erate preferred representations that are decoded into images
better aligned with the prompt. This improvement in overall
text-image alignment motivates us to iterate the above five
steps with the updated LMM as the new reference model.
The iteration mechanism continues until the alignment per-
formance converges. As the process is independent of hu-
man annotations and external models, it is cost-effective
and scalable. More importantly, it showcases the potential
for self-improvement in LMMs by harmonizing their under-
standing and generation capabilities.

3.2. Continuous Direct Preference Optimization

At the step of learning from self-feedback, LMMs are op-
timized using the DPO objective as shown in Eqn. (2).
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The difference between discrete and continuous LMMs in
this learning process lies in the calculation of the likeli-
hood 7(z|x). For discrete LMMs, 7(z|x) can be straight-
forwardly obtained by the softmax categorical distribution.
However, for continuous LMMs with unknown distribution
modeling, calculating 7(z|z) is intractable.

Predictive Distribution with MC Dropout. MC
Dropout [18] enables predictive distribution estimation via
Monte Carlo simulation to calculate 7(z|z). Specifically,
the dropout layers® in an LMM are activated during infer-
ence and the LMM performs forward propagation multi-
ple times to get multiple outputs. Assuming a Gaussian
distribution, we can estimate its parameters and calculate
the likelihood 7(z|z) based on these outputs. However,
such multi-forward estimation imposes a significant com-
putational burden during training, making this approach in-
sufficient and impractical.

Simplified Kernel-based Continuous DPO. Inspired by
MC Dropout and motivated by its insufficiency issue, we
propose a simplified method to achieve continuous DPO.
Concretely, the intermediate representation z often per-
forms as a feature matrix H € RL*P where L and D de-
note the sequence length and dimension. H can be attained
by a Q-Former [13, 20] or from the last layer of the LMM
in an autoregressive way [63, 64]. To estimate 7(H |z), we
first make a decomposition as:

L
m(H|z) = [ [ w(hilHei, ), 3)

i=1
where h; € RP denotes the i-th feature vector. Based on
the Gaussian assumption, we have:

exp [— 3 (hi — pi) " 27 (hi — i)

(il Hei, @) = 2m) D%

G

where p; and 3; denote the mean vector and the covari-
ance matrix, respectively. Furthermore, we further sim-
plify and approximate this formula: 1) the mean vector
is estimated by the direct output of the continuous LMM,
i.e,, p; =~ LMM(x)[i], and 2) the Gaussian distribution is
isotropic and all dimensions share the same variance value
g, ie., X; ~ diag(oy,...,op) and 0y = ... = op = 7, and
o can be learnable or viewed as a hyperparameter.

We compute the simplified likelihood with Eqn. (4), ob-
tain the joint one with Eqn. (3), and finally derive the con-
tinuous DPO based on Eqn. (2):

Leoro = —Eo,m, ,H)~D {bgff(;;(—llH — H,|%

+||H, — H,||% + |H — Hy||3 — | H, — Hﬁ%)ﬂ , (5)

3In fact, there is no dropout layer in most open-sourced LLMs (e.g.,
LLaMA series [14, 65, 66]), and a compromise solution is to introduce
additional dropout layers.

where || - ||z denotes the Frobenius norm, and H and H,.
represent the continuous feature matrices from the policy
and reference LMMs, respectively. H,, and H; refer to the
chosen and rejected feature matrices, respectively. Com-
pared with the MC dropout method, this objective only re-
quires one forward pass, which is more efficient. We rele-
gate more details of the derivation to App. 8. From Eqn. (5),
we can see that this objective aims to adjust the relative
distances within the quadruple (H, H,., H,,, H;) and the
distance metric is the Euclidean distance between two ma-
trices. To further improve the flexibility, we generalize the
continuous DPO objective to,

Lxcoro = =Ko, m,, H)~D [bgff(v(—k(ﬁﬂ H.)

+ k(H,, H,) + k(H, H}) — k(H,, HZ)))} , (6)

where v = % controls the degree of adherence to the ref-

erence model, k(-,-) denotes a generalized distance mea-
surement function. Considering it is similar to kernel meth-
ods [22, 60], we name the objective Kernel-based Continu-
ous DPO (KC-DPO). In the following experiments section,
we will discuss different distance functions and their influ-
ences on alignment performance.

4. Experiments

4.1. Experimental Setup

Base Model Settings. We implement our method on
DreamLLLM (continuous LMM) [13] and SEED-LLaMA
(discrete LMM) [19] for all experiments. We also apply our
method to Emu-3 [68], the recent state-of-the-art discrete
LMM. Details on DPO training are provided in App. 9.
Datasets. We curated a dataset of 16,000 prompts across
four categories using LMM. In each DPO training iteration,
images generated by the model in the previous iteration
served as the training data for next DPO iteration, allow-
ing for iterative self-improvement. Details on data creation
are provided in App. 10.

Benchmarks. We evaluate our method on three text-to-
image alignment benchmarks and follow their default set-
tings. T2I-CompBench++ [28] consists of 8,000 compo-
sitional text prompts organized into 4 main categories: at-
tribute, layout, non-spatial, and complex compositions, fur-
ther divided into 8 subcategories, including color, binding,
binding, 2D/3D-spatial relationships, non-spatial relation-
ships, numeracy, and complex compositions. TIFA [27]
uses pre-generated question-answer pairs and a VQA model
to evaluate generation results based on 4,081 diverse text
prompts and 25,829 questions across 12 categories. DPG-
Bench [26] comprises 1,065 densely descriptive prompts
with an average token length of 83.91, presenting more
complex scenarios with varied objects and rich adjectives.
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Figure 3. Performance improvement of iterative alignment tuning
based on SEED-LLaMA and DreamLLM, across 8 detailed cat-
egories of T2I-CompBench++. Iter. O denotes the base models
without alignment tuning.

4.2. Performance Comparison

As shown in Tab. |, we evaluate alignment performance of
our method against T2I generative models and base LMMs
on three compositional T2I benchmarks, including T2I-
CompBench++ [28], DPG-Bench [26], and TIFA [27]. Key
observations are as follows: 1) Although LMMs enable
more flexible settings (e.g., in-context learning and inter-
leaved multimodal generation) for image generation, they
still underperform compared to specialized T2I models in
terms of the basic alignment ability to follow prompts. It
demonstrates that current LMMs may ignore the composi-
tional text-image alignment during multimodal pre-training
and fine-tuning. 2) Without human annotations or exter-
nal models, the proposed SILMM method enhances align-
ment performance across all categories in three benchmarks
over the base LMMs, improving both the discrete SEED-
LLaMA and the continuous DreamLLM, verifying the ef-
fectiveness and the generalization of SILMM. 3) SEED-
LLaMA shows greater self-improvement than DreamL.LM,
possibly due to its weaker baseline alignment and the stabil-
ity of discrete DPO over continuous KC-DPO induced by a
series of simplification, as discussed in Sec. 3.2. And 4)
improvements are more challenging in layout, relation, and
complex categories than in attribute categories. This dif-
ficulty arises partly because the basic generative ability in
these categories is weak, making it difficult to obtain high-
quality chosen samples. Besides, understanding composi-
tional concepts remains a challenge for LMMs [7, 56].

4.3. In-depth Analysis

To explore the efficacy of SILMM, we conduct extensive
ablation studies and hyperparameter analyses. We first in-
vestigate the iteration process and data scaling, followed by
an in-depth study of key components, including diversity
strategies, decompositional self-questioning and answering
for self-feedback, and KC-DPO.

Iterative Self-Improvment. As shown in Fig. 3, we
conduct three iterations of self-improvement and assess

performance changes across eight detailed categories of
T2I-CompBench++ [28]. The results show that SILMM
achieves effective, consistent, and continuous improve-
ments in text-image alignment, across most compositional
categories. Notably, attribute categories (e.g., color, shape,
and texture) exhibit the most significant gains, whereas
the non-spatial category shows slower improvement. This
slower progress may stem from CLIP score [23], which is
less sensitive than other metrics. Finally, as the iteration
progresses, improvement rates gradually decrease, indicat-
ing convergence. More iterative self-improvement experi-
ments results can be found in App. 11.
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Figure 4. Overall alignment scores of SEED-LLaMA with dis-
crete DPO and DreamLLM with continuous KC-DPO, on T2I-
CompBench++ with (a) varying numbers of generated prompts in
the training data, and (b) different number of preference pairs sam-
pled from 30 diverse generated images per prompt. N X N means
we select the top-N and last-N images from 30 generated ones as
the chosen and rejected, respectively.

Data Scale. The proposed SILMM method leverages self-
synthesized data for tuning, allowing flexible adjustment
of data scale according to practical needs and available
computational resources. In Fig. 4, we investigate how
data scale affects overall alignment performance (averaged
across eight categories in T2I-CompBench++), focusing on
two factors: the number of training prompts and the number
of preference pairs per prompt. Results in Fig. 4a indicate
that both LMMs show consistent improvement as data sam-
ples increase, showing the strong scalability of the proposed
method. Besides, we generate 30 representations and im-
ages per prompt, and then select the top-/V and last-N sam-
ples to construct N x N preference pairs (see Fig. 4b). No-
tably, the two LMMs perform differently. This may be be-
cause the continuous feature space, being larger and denser
than the discrete space, requires denser data pairs to stabi-
lize the optimization dynamics.

Diversity Strategies. To synthesize high-quality prefer-
ence pair data, the diversity strategy is crucial. An ef-
fective diversity strategy should maximize the potential of
LMMs while ensuring sufficient variation among generated
images. To explore various strategies, we compare the pro-
posed DropDiv with three alternatives: Rephrase the origi-
nal prompt, Explain the original prompt with added imagi-
native elements, and add Gaussian noises to the learnable

(b) Num. of Pairs per Prompt
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Table 1. Performance comparison and improvement of the proposed method for compositional text-to-image generation on T2I-
CompBench++ [28], DPG-Bench [26], and TIFA [27]. Alignment scores are calculated using expert understanding models (e.g., VQA or

object detection models) recommended by these benchmarks. Prompt rewriting in Emu3 [68] was not used for fair comparison.

Method T2I-CompBench++ [28] DPG-Bench [26] TIFA [27]
Attribute Layout Non-spatial Complex | Global Entity Attribute Relation  Other All All
Text-to-Image Generative Models
SD-v1.5 [55] 38.65 - - - 74.63 74.23 75.39 73.49 67.81 63.18 78.40
DALL-E 2 [55] 58.63 - - - - - - - - - -
SD-v2 [55] 47.36 30.50 31.27 33.86 77.67 78.13 7491 80.72 80.66 68.09 -
SD-v2.1 [55] 50.57 - - - - - - - - - 82.00
SDXL [45] 52.88 35.62 31.19 32.37 83.27 82.43 80.91 86.76 80.41 74.65 -
PixArt-a [8] 60.31 36.74 31.97 34.33 74.97 79.32 78.60 82.57 76.96 71.11 -
DALL-E 3 [4] 70.09 41.63 30.03 37.73 90.97 89.61 88.39 90.58 89.83 83.50 -
Large Multimodal Models
SEED-LLaMA [19] 19.20 20.29 28.86 21.46 65.59 55.87 61.96 62.77 59.46 47.12 66.74
SEED-LLaMA + Ours | 39.60 25.11 29.82 28.28 73.55 70.48 68.49 74.79 68.64 57.31 73.74
oImprovment 106.25% 23.77% 3.33% 31.78% | 12.14% 26.15% 10.54% 19.15% 15.44% 21.63% | 10.49%
DreamLLM [13] 22.94 23.74 28.76 23.01 74.47 65.86 63.80 74.24 46.00 53.93 69.91
DreamLLM + Ours 39.94 27.63 29.00 26.43 76.29 7591 69.20 84.41 60.00 64.22 75.38
JoImprovment 74.15%  16.40% 0.83% 14.86% | 2.44% 15.26%  8.46% 13.70% 30.43% 19.08% 7.82%
Emu3 [68] 44.79 32.30 30.15 31.32 84.19 80.81 82.75 87.23 50.80 74.19 81.86
Emu3 + Ours 59.71 36.03 30.51 33.93 84.19 81.57 84.52 89.01 64.80 77.45 85.11
9eImprovment 3330% 11.57% 1.19% 8.33% 0.00% 0.94%  2.14% 2.04% 27.56% 4.39% 3.97%
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Figure 5. Comparison of four methods for diverse continuous representation generation, with alignment scores evaluated on the validation
set of T2I-CompBench++. For each prompt, DreamLLLM generates ten diverse representations and corresponding images.
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Figure 6. Distribution of alignment scores and variation of max-
imum scores across different dropout rates (%Drop) of the pro-
posed DropDiv method, evaluated on the T2I-CompBench++ val-
idation set. For each prompt, DreamL.LLM generates ten diverse
representations and corresponding images with DropDiv.

Dream Embeddings in DreamLLM [13] to create Noisy
DreamEmb. As shown in Fig. 5, four strategies have differ-
ent perturbation influences on different categories. For ex-
ample, DropDiv could generate better samples in attribute,

non-spatial, and complex categories, but compromise in
layout categories. To further examine the effects of Drop-
Div, we conduct experiments across different dropout rates
as shown in Fig. 6. Results indicate that higher dropout rates
enhance diversity, but the alignment quality could be im-
paired. Therefore, achieving a good diversity-quality trade-
off remains challenging.

Decompositional Self-Feedback. We perform ablation
studies on question generation and alignment score calcula-
tion, as shown in Tab. 2. Compared to two variants Prompt-
Q (appending or replacing the period with “?” at the end
of each prompt) and Phrase-Q (segmenting each prompt
into phrases using NLP tools [24]), Self-Questioning (Self-
Q) achieves better alignment performance across most cat-
egories, demonstrating the effectiveness of leveraging lan-
guage processing abilities of LMMs for text-image align-
ment evaluation. Additionally, we compare the proposed
alignment score calculation from Eqn. (1) with two vari-
ants: Random Score and Ratio of “yes” (where a higher ra-
tio indicates a higher score). Results show that our method
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Table 2. Ablation study on T2I-CompBench++ [28] and DPG-
Bench [26] examining variations in Question Generation and
VQA-based Alignment Score Calculation methods for self-
feedback. Prompt-Q adds a “?” or replaces the period with a “?”
at the end of each prompt. Phrase-Q involves dividing a prompt
into phrases, each followed by a “?”. Self-Q instructs the LMM
to generate questions for each prompt using in-context examples.
Diff. of Prob. denotes the proposed alignment score calculation
approach described in Eqn. (1).

T2I-CompBench++ DPG-Bench

Attribute Layout Non-spatial Complex All
Baseline (DreamLLM [13])
- ‘ 2294 2374 28.76 23.01 53.93
Question Generation
Prompt-Q 33.66 25.93 28.14 24.67 60.13
Phrase-Q 34.63 24091 28.01 25.41 60.10

Feedback

Self-Q 3485 25.51 28.82 25.31 60.95
VQA-based Alignment Score Calculation
Random Score | 2341  24.81 28.67 2295 53.89

Ratio of “yes” | 25.36  23.51 28.73 24.00 54.68
Diff. of Prob. | 34.85  25.51 28.82 25.31 60.95

Table 3. Ablation study on T2I-CompBench++ [28] to investigate
different instantiation of the Kernel Function to calculate the con-
tinuous KC-DPO loss function to tune DreamL.LM. Aggregation
means we aggregate the 2D feature matrix (e.g., H) into 1D along
the sequence dimension. Eucl. denotes Euclidean distance.

Aggregation Distance ‘ Attribute Layout Non-spatial Complex
Baseline (DreamLLM [13])
- - ‘ 2294 2374 28.76 23.01
Supervised Fine-tuning (SFT)
- Eucl. 1225 075 16.41 11.71
- Cos 6.95 0.29 16.78 11.48
AvgPool Eucl. 2331 2389 28.76 23.22
AvgPool Cos 2312 24.20 28.79 23.29
Continuous Kernel-based Direct Preference Optimization
- Eucl. 23.65 2434 28.83 23.08
- Cos 2397 24.11 28.77 23.21
MaxPool Eucl. 2379  24.04 28.86 23.92
MaxPool Cos 29.18  25.01 18.72 12.27
AvgPool Eucl. 2675 24770 28.94 25.12
AvgPool Cos 3485 25.51 28.82 25.31

achieves superior performance by considering the relative
confidence between “yes” and “no”.

Kernel-based Continuous DPO. In Sec. 3.2, we introduce
the KC-DPO to fine-tune LMMs with continuous represen-
tations. The implementation of kernel functions can be di-
vided into Aggregation and Distance. To assess the impacts
of different kernels, we conduct extensive comparison ex-
periments, as shown in Tab. 3. We observe SFT slightly im-
proves the alignment performance, while DPO yields more
substantial gains across all metrics. These results show that
kernel functions are crucial to KC-DPO, and an optimal
choice could greatly enhance the efficiency of preference
optimization in continuous feature space. Overall, AvgPool
+ Cos demonstrates the superior performance improvement.

4.4. Qualitative Results

To illustrate the improvements achieved by SILMM, Fig. 8
presents examples generated by SEED-LLaMA, Dream-

40
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Figure 7. Hyperparameter sensitivity on four general categories of
T2I-CompBench++, examining (a) 8 in discrete DPO for SEED-
LLaMA, and (b) «y in continuous KC-DPO for DreamLLM.

a brown elephant and a red

A black motorcycle is parked on
suitcase jrey cob

stones.

Attribute

a bicycle on the bottom of a girl a rabbit on the top of a candle

’ M

A person is looking at a rainbow  The zookeeper is feeding the
and marveling at its beauty. animals in their care.

Layout

Non-spatial

The translucent sphere floated
near the opaque cube and the

The green plant was on the
left of the yellow lamp.

Complex

Seed-LLaMA  + Ours DreamLLM + Ours
Figure 8. Qualitative results from SEED-LLaMA, DreamLLM,

and the proposed SILMM method, on T2I-CompBench++.

LLM, and SILMM, in Fig. 8 using prompts from T2I-
CompBench++. These results showcase the effectiveness
of SILMM across extensive compositional scenarios.

5. Conclusion

In this work, we present a self-improvement approach
named SILMM to enhance text-image alignment within
LMMs, introducing an iterative model-agnostic frame-
work comprising five stages to enable high-quality
self-feedback and alignment learning. For continuous
LMMs, we propose a dropout-based strategy to di-
versify image representations and a continuous DPO
method, KC-DPO, for optimizing LMMs with prefer-
ence representation pairs. Extensive experiments validate
the effectiveness and superiority of our SILMM framework.
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