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Abstract

The effectiveness of Multimodal Large Language Mod-
els (MLLMs) demonstrates a profound capability in mul-
timodal understanding. However, the simultaneous gener-
ation of images with coherent texts is still underdeveloped.
Addressing this, we introduce a novel interleaved vision-
and-language generation method, centered around the con-
cept of “generative vokens”. These vokens serve as piv-
otal elements contributing to coherent image-text outputs.
Our method is marked by a unique two-stage training strat-
egy for description-free multimodal generation, which does
not necessitate extensive descriptions of images. We in-
tegrate classifier-free guidance to enhance the alignment
of generated images and texts, ensuring more seamless
and contextually relevant multimodal interactions. Our
model, MiniGPT-5, exhibits substantial improvement over
the baseline models on multimodal generation datasets, in-
cluding MMDialog and VIST. The human evaluation shows
MiniGPT-5 is better than the baseline model on more than
56% cases for multimodal generation, highlighting its effi-
cacy across diverse benchmarks. Project page: https://
eric—ai-lab.github.io/minigpt—5.github.
io/.

1. Introduction

The development of large-scale vision-and-language mod-
els is significantly impacting a wide range of fields like
automated dialogue systems and digital content creation.
With the surge in research and development in this do-
main, the current state-of-the-art Large Language Models
(LLMs) [7, 32, 33] and vision-and-language models such
as [2, 27, 49, 53] fall short in generating coherent multi-
modal outputs. This limitation becomes particularly evident
in tasks that demand an integrated handling of vision and
language, essential for the next generation Large Language
Models (LLMs).

Our work, as illustrated in Fig. 1, seeks to address these
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Figure 1. MiniGPT-5 is a unified model for interleaved vision-
and-language comprehension and generation. Besides the orig-
inal multimodal comprehension and text generation abilities,
MiniGPT-5 can provide appropriate, coherent multimodal outputs.

shortcomings by enhancing the integration of text and im-
age generation in LLMs. The challenges in developing
a multimodal LLM capable of interleaved vision and lan-
guage generation are manifold. First, LLMs typically lack
mechanisms to directly produce images, prompting us to
introduce “generative vokens” that bridge the gap between
textual and visual feature spaces. Second, the constraint of
data scarcity, especially in vision-and-language tasks [42]
lacking extensive detailed captions of images [22], like de-
scriptions of the elements inside images, is countered by
our unique description-free training approach. Third, main-
taining both image-text and image-image consistency poses
a significant challenge, which we address through dual-loss
strategies. Finally, as we push forward the boundaries with
LLMs, the large memory requirements urge us to devise
more efficient end-to-end strategies and create an efficient
training pipeline accessible for the community, especially
in downstream tasks.

Specifically, to overcome these challenges, we present
MiniGPT-5, a novel approach for interleaved vision-and-
language generation. By combining Stable Diffusion with
LLM:s through special visual tokens [46] — “generative vo-
kens”, we develop a new approach for multimodal gen-
eration. Our two-stage training methodology emphasizes
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a description-free foundational phase, enabling effective

model training even with limited caption-grounded im-

ages. This strategy, distinct from existing works, pivots on

generic stages free from image annotations. To ensure that
the generated text and images are in harmony, our dual-loss
strategy comes into play, further enhanced by our innova-
tive generative voken approach and classifier-free guidance.

Our parameter-efficient fine-tuning strategy optimizes train-

ing efficiency and addresses memory constraints.

As shown in Fig. 2, leveraging ViT (Vision Transformer)
and Qformer [27], alongside Large Language Models, we
adapt multimodal inputs into generative vokens, seamlessly
combined with the high-resolution Stable Diffusion 2.1
model [38] for context-aware image generation. Incorpo-
rating images as auxiliary input with instruction tuning ap-
proaches and pioneering both the text and image genera-
tion loss, we amplify the synergy between text and visuals.
We experiment on the CC3M [42], VIST [22], and MM-
Dialog [15] datasets. Notably, MiniGPT-5 shows superior
performance across the two multimodal generation datasets.

In summary, our contributions are primarily threefold:

* We introduce a novel framework that leverages “genera-
tive vokens” to unify LLMs with Stable Diffusion, facil-
itating interleaved vision-and-language generation with-
out relying on detailed image descriptions. We bridge the
modality gap and improve the generation quality by using
the loss of the latent diffusion model, the text generation
loss, and the caption alignment loss together during train-
ing.

e We propose a new two-stage training strategy for
description-free multimodal generation. The first stage
focuses on extracting high-quality text-aligned visual fea-
tures from large text-image pairs, while the second stage
ensures optimal coordination between visual and textual
prompts during generation. The inclusion of classifier-
free guidance during training enhances the overall gener-
ation quality.

* MiniGPT-5 achieves significant improvements over base-
line methods on interleaved vision-and-language datasets,
including VIST and MMDialog, and comparable re-
sults to the state-of-the-art on the single text-image pair
dataset, CC3M. The human evaluation further shows that,
compared with the two-stage baseline, MiniGPT-5 can
provide better generation in perspectives of appropriate
texts (55%), high-quality images (53%), and coherent
multimodal outputs (56%).

2. Related Work

Multimodal Large Language Models As Large Language
Models (LLMs) become increasingly impactful and acces-
sible, a growing body of research has emerged to extend
these pretrained LLMs into the realm of multimodal com-
prehension tasks [2, 3, 9, 25-27, 32, 60]. For example, to
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reproduce the impressive multimodal comprehension abil-
ity in GPT-4 [32], MiniGPT-4 [60] proposes a projection
layer to align pretrained vision component of BLIP-2 [27]
with an advanced open-source large language model, Vi-
cuna [7]. In our work, we utilize the MiniGPT-4 as the base
model and extend the model’s capabilities to multimodal
generation.

Text-to-Image Generation To transform textual descrip-
tions into their corresponding visual representations, text-
to-image models [6, 11, 13, 17, 31, 35, 36, 38—40, 57] de-
sign algorithms to bridge the gap between textual informa-
tion and visual content. A notable recent contribution is Sta-
ble Diffusion V2 [38], which employs a diffusion process
to generate conditional image features and subsequently re-
constructs images from these features. Our research aims to
leverage this pretrained model, enhancing its capabilities to
accommodate both multimodal input and output.

Multimodal Generation with Large Language Mod-
els. Recent work augments LLMs to generate as well as
understand across modalities via retrieval-augmented de-
coders, tokenized image streams, or learned visual-token
interfaces [1, 12, 16, 24, 43, 45, 55, 58]. CM3Leon [58]
uses a retrieval-augmented, decoder-only architecture for
text«»image tasks. Emu [45] converts images to 1D fea-
tures with EVA-CLIP [44] and fine-tunes LLaMA [48]
to autoregress over text and fext-encoder—conditioned
image features (requiring subsequent T2I fine-tuning).
NextGPT [55], GILL [24], and SEED [16] map “visual to-
kens” into the text feature space of a pretrained diffusion
model (via encoder—decoder or Q-Former variants). A par-
allel line builds unified autoregressive models that couple
understanding and synthesis in a single network by intro-
ducing large vocabularies of image tokens and perform-
ing extensive full-model (re)training, e.g., Chameleon [47],
Emu3 [52], and Show-o [56]. Unlike unified models,
MiniGPT-5 is modular and parameter-efficient, reusing pre-
trained MLLM and diffusion backbones while tuning only
a lightweight feature mapper and LoRA. Its key novelty
is generative vokens that project LLM states directly into
the diffusion conditional space and are trained with a la-
tent diffusion loss; paired with description-free interleaved
fine-tuning and CFG over vokens, this yields efficient,
long-horizon interleaved generation with minimal backbone
changes.

3. Method

In order to endow Large Language Models with multi-
modal generation capabilities, we introduce a new frame-
work that integrates pretrained multimodal Large Language
Models and text-to-image generation models. Central to
our approach is the introduction of “generative vokens”,
special visual tokens that effectively bridge the textual and
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Figure 2. The overview structure of MiniGPT-5 pipeline. We leverage the pretrained multimodal large language model (MiniGPT-4) and
text-to-image generation model (Stable Diffusion 2.1) to create a unified multimodal generation pipeline. The input image encoder includes
a ViT, Qformer, and linear layer, pretrained by MiniGPT-4. The orange blocks include learnable parameters, while the blue blocks are

fixed during training. More details can be found in Section 3.

visual domains during the training process. Additionally,
we implement a two-stage training method combined with
a classifier-free guidance strategy to enhance the quality
and coherence of generated outputs. Fig. 2 provides an
overview of our model structure. MiniGPT-5 primarily
consists of two modules: the Multimodal Understanding
module, utilizing the pretrained multimodal large language
model (MiniGPT-4) for handling multimodal inputs, and
the Multimodal Generation module, employing Stable Dif-
fusion for generating visual outputs.

3.1. Multimodal Understanding Module

Recent advancements in multimodal Large Language Mod-
els, such as MiniGPT-4 [60], have primarily concentrated
on multimodal comprehension, enabling the processing
of images as sequential input. The Integrated Vision-
Language Encoding Module is designed to extend the capa-
bilities of LLMs from mere comprehension to active gen-
eration in multimodal contexts. Generative vokens play a
crucial role in this module, enabling the translation of raw
visual inputs into a format that LLMs can process and uti-
lize for subsequent generation tasks.

Multimodal Encoding Each text token is embedded into
a vector ey € RY, while the pretrained visual encoder
transforms each input image into the feature e;p, € R32%,
These embeddings are concatenated to create the input
prompt features.

Generative Vokens Since the original LLM’s V' vocab-
ulary only includes the textual tokens, we need to con-
struct a bridge between the LLM and the generative model.
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Therefore, we introduce a set of special tokens Vip, =
{{IMG1], [IMG2], ..., [IMGn]} (by default n = 8) as gen-
erative vokens into the LLM’s vocabulary V. The LLM’s
output hidden state for these vokens is harnessed for sub-
sequent image generation, and the positions of these vo-
kens can represent the insertion of the interleaved images.
With all pretrained weights Opreirainea in MiniGPT-4 fixed,
the trainable parameters include extra input embedding
ovoken,input and output embedding ovoken,oulpub

Parameter-Efficient Fine-Tuning (PEFT) Parameter-
efficient fine-tuning (PEFT) [20, 21, 28] is critical in train-
ing Large Language Models (LLMs), employed to adapt
LLMs to downstream tasks without the need for extensive
retraining. In PEFT, rather than updating all the parame-
ters of a model, only a small subset of parameters is trained.
This subset typically includes task-specific components or
lightweight layers added to the original model architec-
ture [10, 20, 21, 59]. We apply PEFT to the MiniGPT-
4 [60] encoder, enhancing its ability to process and gen-
erate multimodal content based on given instructions or
prompts. More specifically, this involves the use of pre-
fix tuning [28] and LoRA[21] over the entire language en-
coder — Vicuna [7] used in MiniGPT-4. Additionally, we
implement learnable queries at the input of the transformer
decoder, a conventional approach in sequence-to-sequence
transformer architectures, to further improve the model’s
multimodal generation capabilities. We also adopted learn-
able queries at the input of the transformer decoder as a
conventional setting for sequence-to-sequence transformer
architectures [50]. Learnable queries in the decoder allow



the model to have dynamic, adaptable representations for
initiating the generation process. This is particularly useful
when the model needs to generate outputs based on a mix
of visual and textual inputs. Combined with the instruction
tuning [33], it notably amplifies multimodal generation per-
formance across various datasets.

3.2. Multimodal Generation Module

To accurately align the generative vokens with the text-to-
image generation models, we formulate a compact mapping
module for dimension matching and incorporate several su-
pervised losses, including causal language modeling loss
and voken alignment loss. The causal language modeling
loss assists the model in learning the correct positioning
of tokens, while the voken alignment loss directly aligns
the vokens with the appropriate conditional generation fea-
tures of the diffusion model. Since the gradients of gener-
ative vokens’ features can be directly calculated from im-
ages, shown on the right side of Fig. 2, our method does
not need comprehensive descriptions of images, leading to
description-free learning.

Voken Positioning We first jointly generate both text and
vokens in the text space by following next-word prediction
in autoregressive language model [51]. During the train-
ing, we append the vokens Vi, to the positions of ground
truth images and train the model to predict vokens within
text generation. Specifically, the generated tokens are rep-
resented as W = {w1, wa, ..., Wy, }, Where w; € V U Vipg,
and the causal language modeling loss is defined as:

m
Ltext L= Z logp(wi|6texta 6imga Wiy ooy, Wi—1;

=1
(1)

epretrained7 evoken,inputy gvoken,output) )
where w; € V U Vi

Voken Alignment for Image Generation Next, we align
the output hidden state hyoken, Shown in Fig. 2, with the
conditional feature space of the text-to-image generation
model. To map the voken feature Ay, to a feasible

image generation conditional feature eex( encoder € RELxd
(where L is the maximum input length of text-to-image
generation text encoder, and d is the dimension of encoder
output feature in text-to-image generation model). We
construct a feature mapper module, including a two-layer
MLP model Oy p, a four-layer encoder-decoder transformer
model Oepegec, and a learnable decoder feature sequence g.
The mapping feature Ryoken is then given by:

Pyvoken = Benc-dec (GMLP(hvoken) s Q) € RL xd

2

To generate appropriate images, the mapping feature
hyoken 18 used as a conditional input in the denoising process.
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Intuitively, hyoken should represent the corresponding con-
ditional features that conduct the diffusion model to gener-
ate the ground truth image. We employ the latent diffusion
model (LDM) loss as voken alignment loss for training the
image generation module. During the training, the ground
truth image is first converted to latent feature z, through the
pretrained VAE (Variational Autoencoder) [23]. Then, we
obtain the noisy latent feature z; by adding noise € to zg.
A pretrained U-Net model ¢y is used to calculate the condi-
tional LDM loss as:

. 2
Lrpym = Een0,1),¢ [ €% (Zf’t’ h""““) Hz] =

To summarize, the causal language modeling loss en-
ables the model to learn the accurate placement of tokens.
Without this component, the model lacks the essential ca-
pability to predict when vokens should be generated during
inference. Additionally, the voken alignment loss ensures
the direct correspondence between vokens and the appro-
priate conditional generation characteristics of the diffusion
model. In the absence of this loss, the model is unable
to learn semantic vokens from images directly. This com-
prehensive approach ensures a coherent understanding and
generation of both textual and visual elements, leveraging
the capabilities of pretrained models, specialized tokens,
and innovative training techniques.

3.3. Training Strategy

Given the non-negligible domain shift between text and im-
age domains, we observe that direct training on a limited
interleaved text-and-image dataset can result in misaligning
generated texts and images and diminished image quality.
Consequently, we adopt a two-stage training strategy: an
initial pretraining stage focusing on coarse feature align-
ment for unimodal generation, followed by a fine-tuning
stage dedicated to intricate feature learning for multimodal
generation. Furthermore, to amplify the effectiveness of the
generative tokens throughout the diffusion process, we in-
corporate the idea of classifier-free guidance [19] technique
through the whole training process.

Two-stage Training Strategy Recognizing the non-trivial
domain shift between pure-text generation and text-image
generation, we propose a two-stage training strategy: Pre-
training Stage and Fine-tuning Stage. Initially, we align the
voken feature with image generation features in single text-
image pair datasets, such as CC3M, where each data sample
only contains one text and one image, and the text is usu-
ally the caption of the image. During this stage, we utilize
captions as LLM input, enabling LLM to generate vokens.
Since these datasets include the image descriptive informa-
tion, we also introduce an auxiliary loss to aid voken align-
ment, minimizing the distance between the generative fea-
ture Evoken and the caption feature from the text encoder 7y
in the text-to-image generation model:
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The pretraining stage loss is expressed as Lpgeqain = A1 *
Liext + A2 * Lipm + A3 * Leap, with selected values A\ =
0.01,A2 = 1, A3 = 0.1 to rescale the loss into a similar
numerical range.

After the pretraining stage, the model is capable of gen-

erating images for single text descriptions but struggles with
interleaved vision-and-language generation, which includes
multiple text-image pairs and requires complicated reason-
ing for both text and image generation. To address this,
in the fine-tuning stage, we further fine-tune our model
with PEFT parameters by interleaved vision-and-language
datasets, such as VIST, where the data sample has several
steps with text-image and texts are sequentially relevant.
During this stage, we construct three types of tasks from
the dataset, encompassing (1) text-only generation: given
the next image, generating the related text; (2) image-only
generation: given the next text, generating the related im-
age, and (3) multimodal generation: generating text-image
pair by given context. The fine-tuning stage loss is given by
Linetune = A1 * Liext + A2 * Ly pm. More implementation
details can be found in Appendix 4.1.
Classifier-Free Guidance (CFG) To enhance the coher-
ence between the generated text and images, we first lever-
age the idea of Classifier-free Guidance for multimodal gen-
eration. Classifier-free guidance is introduced in the text-to-
image diffusion process. This method observes that the gen-
eration model Py can achieve improved conditional results
by training on both conditional and unconditional genera-
tion with conditioning dropout. In our context, we want
the model to focus directly on the output features hyoken
from LLM. Instead of using original stable diffusion un-
conditional distributions (dropping ﬁvoken), the whole fea-
ture mapper also needs to be included during the uncon-
ditional process. Therefore, our objective is to accentuate
the trainable condition hy.ke, and the generation model is
fixed. During training, we replace hyoken With zero features
ho € 0™*? with a 10% probability, obtaining the uncondi-
tional feature hy = Oenc-dec (OmLp (ho), ¢). During inference,
hy serves as negative prompting, and the refined denoising
process is:

logf’; (et | z¢41, ilvoken,ibo) = log Py (Et | z¢41, flo) +

~ (log Py (ét | z¢41, ilvoken) — log Py (Et | Ze41, ilo)) ©

4. Experiments

To assess the efficacy of our model, we conducted a series
of evaluations across multiple benchmarks. These experi-
ments aim to address several key questions: (1) Can our
model generate plausible images and reasonable texts? (2)
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How does our model compare with state-of-the-art models
in both single-turn and multi-turn interleaved vision-and-
language generation tasks? (3) What impact does the de-
sign of each module have on overall performance? Be-
low we will discuss the experimental setup and present a
comprehensive analysis of our model’s performance. We
use three datasets: CC3M [42], VIST [22], and MMDia-
log [15]. More details about datasets and data format can
be found in Appendix A.

4.1. Implementation Details

In the pretraining stage, we introduce additional voken em-
beddings at both the input and output layers of the Vicuna-
7B model, while keeping the embeddings of other tokens
fixed. These new embeddings — denoted as Oyoken_input
and Oyoken ouput — along with the feature mapper module
(OmLP, Benc_dec; q) are jointly trained on the CC3M dataset,
which consists of single text-image pairs. Training is con-
ducted using the AdamW optimizer over two epochs, with
a batch size of 48, amounting to over 110,000 steps, and a
learning rate of 2 x 104

In the subsequent fine-tuning stage, we incorporate
LoRA modules — denoted as 6 ,ra — into Vicuna for the
generation of both tokens and vokens. We keep the MLP
model 6y p and decoder query ¢ fixed. The model is then
fine-tuned on interleaved vision-and-language datasets, like
VIST and MMDialog. The trainable parameters for
this stage are 0 = {evoken,inpuu evoken,outputz QLORA) eenc,dec}
Training is carried out using the AdamW optimizer over
four epochs, with a batch size of 32 and a learning rate of
2 x 10~°. Trainable parameters are nearly 6.6 million, and
all training can be completed on a server equipped with 4
A6000 GPUs.

4.2. Experimental Setup
4.2.1. Baselines

For a comprehensive evaluation of our performance in
multimodal generation, we conducted comparative anal-
yses with several prominent baseline models: the Fine-
tuned Unimodal Generation Models, Two-stage Baseline,
GILL ' [24], and Divter [43]:

* Fine-tuned Unimodal Generation Models: To facilitate
fair comparisons in both image and text generation, we
fine-tuned two separate models, Stable Diffusion 2.1 and
MiniGPT-4 [60], utilizing the VIST dataset. Within the
Stable Diffusion 2.1 [38] model, the U-Net parameters
were fine-tuned. For MiniGPT-4’s LLM part, LoRA pa-
rameters were fine-tuned.

IGiven the variations in the valid data within the CC3M dataset, we
made adjustments to ensure fair comparisons. Specifically, we retrained it
on our specific CC3M data, following the guidelines in their official im-
plementation (https://github.com/kohjingyu/gill).
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Model CLIP-I(T) FID ()
SD 2.1 [38] 0.59 393.49
Fine-tuned SD 2.1 0.61 390.25
Two-stage Baseline 0.57 403.06
GILL [24] 0.60 381.88
MiniGPT-5 (Prefix Tuning) 0.65 381.55
MiniGPT-5 (LoRA) 0.66 366.62

Table 1. Image generation on VIST. Given the historical context,
models need to generate images for each step. FID scores evaluate
the visual diversities between generated and ground truth images
within each story sequence.

Model S-BERT (1) Rouge-L (1) Meteor (1)
GILL [24] 0.3864 0.1784 0.1951
MiniGPT-4 [60] 0.6273 0.3401 0.3296
MiniGPT-5 0.6315 0.3373 0.3263

Table 2. Narration Generation on VIST. We added LoRA fine-
tuning for GILL, MiniGPT-4, and MiniGPT-5 with the same LoRA
configuration. The results show that adding generative vokens does
not hurt the performance on the multimodal comprehension tasks.

¢ Two-stage Baseline: A common approach in multi-
modal generation involves first employing Large Lan-
guage Models (LLMs) to create image captions, which
are then fed into text-to-image models for image gen-
eration [54]. We create such a two-stage baseline for
comparison with our end-to-end method by fine-tuning
MiniGPT-4 for caption generation and Stable Diffusion
2.1 for text-to-image generation. Given the absence of
image descriptions in the VIST dataset, we incorporate a
SOTA image captioning model, InstructBLIP-13B [9], to
generate synthetic captions for supervision.

e GILL: GILL is a recent innovation that allows the LLM
to generate vokens using a pre-trained text-to-image gen-
eration model for single-image generation, where GILL
minimizes the Mean Squared Error (MSE) loss between
the text-to-image text encoding feature and voken fea-
tures, similar to Lo 4p in our approach. For fine-tuning
on multimodal datasets, since GILL requires image cap-
tions for training, we use Descriptions of Images-in-
Isolation (DII) [22] in the VIST fine-tuning and gen-
erate captions for MMDialog fine-tuning. Contrarily,
MiniGPT-5 does not related on all caption data during
multimodal generation fine-tuning.

e Divter [43]: Divter is a state-of-the-art conversational
agent developed for multimodal dialogue contexts. It in-
troduces a customized transformer structure for gener-
ating multimodal responses. Divter’s methodology in-
cludes pretraining on a vast corpus of text-only dialogues
and text-image pairs, followed by fine-tuning on a se-
lected set of multimodal response data. The MMDialog
dataset regards Divter’s method as the baseline.
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Model MiniGPT-5 Two-stage Baseline  Tie

Language Continuity (%) 55.22 34.89 9.89
Image Quality (%) 52.43 37.79 9.78
Multimodal Coherence (%) 56.90 28.88 14.22

Table 3. VIST Human Evaluation on 5,000 samples for multi-
modal generation from Language Continuity, Image Quality, and
Multimodal Coherence aspects. The results indicate, in more than
70% cases, the MiniGPT-5 is better or on par with the two-stage
baseline.

4.2.2. Metrics

To comprehensively assess the model performance across
image, text, and multimodal dimensions, we employ a
diverse set of metrics. For evaluating the quality and
diversity of generated images, we utilize the Inception
Score (IS) [41], and Fréchet Inception Distance (FID) [18].
Textual performance is gauged through metrics such as
BLEU [34], Rouge-L [29], METEOR [5], and Sentence-
BERT (S-BERT) [37] scores.

From the multimodal perspective, we leverage CLIP-
based metrics [38] to assess the similarities between gen-
erated content and ground truth. CLIP-I evaluates the sim-
ilarity between generated and ground-truth image features.
To address potential misalignments in the multimodal gen-
eration, such as when the ground truth is text-only, but the
output is multimodal, we utilize MM-Relevance [15]. This
metric calculates the F1 score based on CLIP similarities,
providing a nuanced evaluation of multimodal coherence.

We also incorporate human evaluation to assess the
model’s performance. We examine the model’s effective-
ness from three perspectives: (1) Language Continuity: as-
sessing if the produced text aligns seamlessly with the pro-
vided context; (2) Image Quality: evaluating the clarity and
relevance of the generated image; and (3) Multimodal Co-
herence: determining if the combined text-image output is
consistent with the initial context.

4.3. Main Results

In this subsection, we present the performance of different
models on the VIST [22] and MMDialg [15] datasets. Our
evaluations span all vision, language, and multimodality do-
mains to showcase the versatility and robustness of the pro-
posed models.

Unimodal Generation on VIST To evaluate the model
performance on image generation and text generation, we
systematically provide models with prior history context
and subsequently assess the generated images and narra-
tions at each following step. Tables | and 2 outline the
results of these experiments on the VIST validation set,
showing the performance in both image and language met-
rics, respectively. The findings demonstrate that MiniGPT-5
can generate coherent, high-quality images utilizing long-
horizontal multimodal input prompts across all data, with-
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MMDialog -- Multimodal Dialog Generation

Figure 3. Qualitative examples from MiniGPT-5 and baselines on
the VIST and MMDialog datasets. The orange blocks indicate
the input prompts, while the green blocks include model outputs.
The comparisons show that MiniGPT-5 can produce coherent and
high-quality multimodal output. We would like to emphasize that
MiniGPT-5 does not use any caption data during fine-tuning on
VIST and MMDialog, which obeys to our description-free set-
tings. More qualitative examples can be found in the Appendix C.

out compromising the original model’s ability for multi-
modal comprehension, indicating the efficacy of our model
in diverse settings.

Multimodal Generation on VIST To assess the qual-
ity of multimodal generation, we test both our model and
the baselines on the VIST validation set by human eval-
uation. Given a preceding multimodal sequence, models
are tasked with producing the subsequent scenario for each
task. We select a random sample of 5,000 sequences, with
each requiring evaluation by two workers. These evalua-
tors are tasked with determining the superior multimodal
output based on three criteria: Language Continuity, Im-
age Quality, and Multimodal Coherence. This assessment
is facilitated using Amazon Mechanical Turk [8], with a
representative example (Fig. 4) provided in the Appendix.
As depicted in Table 3, our model, MiniGPT-5, is found to

478

Model IS (1) BLEU-1(1) BLEU-2(f) Rouge-L () MM-Relevance (1)
Divter [43]  20.53 0.0944 0.0745 0.1119 0.62
GILL [24]  23.78 0.2912 0.1945 0.1207 0.64
MiniGPT-5 20.23 0.3369 0.2323 0.1176 0.67

Table 4. Multimodal generation results on MMDialog test set. In
order to compare with their baseline, we use the same metrics re-
ported in MMDialog [15].

Model CLIP-I (1) CLIP-T (1) IS(T) FID()
MiniGPT-5 0.61 0.22 28.09 31.47
MiniGPT-5 (w/o CFG) 0.60 0.22 2341  33.73
MiniGPT-5 (W/o Lo ap) 0.54 0.16 2127  40.24
MiniGPT-5 (w/o Lzpar) 0.58 0.20 2479 34.65

Table 5. Evaluation of different method designs for image genera-
tion qualities on the CC3M validation set.

generate more fitting text narrations in around 55% of in-
stances, deliver superior image quality in around 53% of
cases, and produce more coherent multimodal outputs in
around 56% of the scenarios. This data distinctly showcases
its enhanced multimodal generation capabilities compared
to the two-stage baseline, which must generate intermedi-
ate image captions first.

Multimodal Dialog Generation on MMDialog We con-
duct an evaluation of our method on the MMDialog dataset
to determine the effectiveness of generating precise and ap-
propriate multimodal information in multi-turn conversa-
tional scenarios. The model is required to generate either
unimodal or multimodal responses based on the previous
turns during the conversations. Our results, as presented in
Table 4, demonstrate that MiniGPT-5 outperforms the base-
line model Divter in terms of generating more accurate tex-
tual responses. While the image qualities of the generated
responses are similar, MiniGPT-5 excels in MM-Relevance
compared to the baselines. This indicates that our model
can better learn how to position image generation and pro-
duce highly coherent multimodal responses appropriately.

4.4. Ablation Studies

To further evaluate the effectiveness of our design, we con-
ducted several ablation studies, and more ablation studies
can be found in Appendix B.

Evaluation of Classifier-Free Guidance (CFG) To as-
sess the effectiveness of the CFG strategy, we trained our
model without CFG dropoff. During inference, the model
utilized the original CFG denoising process, which utilized
the empty caption feature from Stable Diffusion’s text en-
coder as negative prompt features. The results in Table 5
demonstrate that all metrics are worse without CFG, indi-
cating that the CFG training strategy improves the image
generation quality.

Evaluation of Different Loss Guidance As described in
Sec. 3.3, we introduced an auxiliary loss, denoted as Lo 4 p



Model

SD 2 [38] (Zero-shot)
GILL [24] (Zero-shot)
MiniGPT-5 (Zero-shot)
" FinetunedSD2 059 06l - 0
Two-stage Baseline
MiniGPT-5 (Prefix Tuning)
MiniGPT-5 (LoRA)

No Context  Text Context Image Context Image-Text Context

0.57 0.59

0.55 0.54

Table 6. Influence of prompts for image generation on CLIP-I met-
rics on VIST. We establish four distinct conditions for the final-
step image generation: ‘No Context’ (solely the last step’s nar-
ration), ‘Text Context’ (inclusive of historical textual narrations),
‘Image Context’ (inclusive of historical images), and ‘Image-
Text Context’ (inclusive of both historical images and narrations).
From the results, MiniGPT-5 can generate more coherent images.

for CC3M training. To assess the impact of this loss and
determine if the single caption loss alone can generate high-
quality images like GILL, we trained our model without the
caption loss L¢ 4 p (alignment between the mapped genera-
tive voken features and the caption features from stable dif-
fusion text encoder) and the conditional latent diffusion loss
Ly py (alignment between the mapped generative voken
features and conditional features for latent diffusion process
of ground truth images) separately. The results, as shown in
Table 5, indicate that the caption loss significantly aids in
generating better images, and the voken alignment loss fur-
ther enhances coherence and image quality performance.
Influence of Input Types for Image Generation To assess
the impact of various types of input data for image gener-
ation, models are tasked with generating the final-step im-
ages based on specific prompts and comparing them with
ground truth images by CLIP-I metric. All models are fine-
tuned on data with full multimodal context and tested on
various input types. As indicated in Table 6, the MiniGPT-5
model exhibits exceptional proficiency in producing seman-
tically precise images compared to other models. Further-
more, we observed increased CLIP similarities when more
information was provided in the input, signifying the mod-
els’ enhanced ability to process diverse, long-horizon mul-
timodal inputs.

Influence of Model Designs for Image Generation To
validate our feature mapper encoder/decoder architecture,
we tested two alternatives: a model with Fixed Queries,
where queries are initialized but not trained, and a Decoder-
Only model, which pads its output for compatibility with
the Stable Diffusion encoder. The results of these experi-
ments are detailed in Table 7. From the results of MiniGPT-
5 with fixed queries, we find there exists a slight trade-off
between image-text coherence and image qualities, where
fixed queries can lead to higher image metrics (IS and FID)
but lower CLIP similarities. Meanwhile, MiniGPT-5 con-
sistently outperforms the Decoder-Only results in all four
evaluation metrics, validating the robustness and efficacy of
MiniGPT-5’s transformer encoder/decoder architecture de-
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Model CLIP-I (1) CLIP-T(1) IS(t) FID({)
MiniGPT-5 0.61 0.22 28.09 3147
MiniGPT-5 (Fixed Queries) 0.60 0.21 28.55  30.56
MiniGPT-5 (Decoder-Only) 0.58 0.20 2474  34.88

Table 7. Evaluation of different model designs for image genera-
tion qualities on the CC3M validation set.

CcC3M VIST
Model CLIP-I(}) FID(}) CLIP-I(}) FID(})
Stable Diffusion 2.1 [38] 0.64 26.39 0.59 393.49
_Stable Diffusion 3 [14] 068 2919 063 38035
MiniGPT-5 (MiniGPT-4 + SD 2.1) 0.61 3147 0.66 366.62
MiniGPT-5 (LLaVA-1.5 + SD 2.1) 0.62 28.96 0.65 376.58
MiniGPT-5 (Qwen2.5-VL + SD3) 0.64 2931 0.70 340.20

Table 8. Backbone/base-model comparison on CC3M and VIST.
SD 2.1/SD3 are unimodal T2I baselines; MiniGPT-5 rows are in-
terleaved text—image generation.

sign.

Backbone and Base-Model Study We evaluate whether
the interface of MiniGPT-5 depends on a particular mul-
timodal backbone or image generator. We consider three
MLLMs, MiniGPT-4 [60], LLaVA-1.5 [30], and Qwen2.5-
VL [4], and two diffusion backbones, Stable Diffusion 2.1
(SD 2.1) [38] and Stable Diffusion 3 (SD3) [14], shown
in Table 8. On VIST, MiniGPT-5 (Qwen2.5-VL+SD3)
outperforms both SD3 alone and MiniGPT-5 (MiniGPT-
4+SD2.1), indicating that stronger backbones translate into
better interleaved coherence through our voken-to-diffusion
interface. With the generator fixed (SD 2.1), swapping
MiniGPT-4 for LLaVA-1.5 yields comparable VIST re-
sults and a modest improvement on CC3M, suggesting ro-
bustness to the choice of MLLM. On CC3M, unimodal
T2I baselines achieve the best single-turn extremes, while
MiniGPT-5 (Qwen2.5-VL+SD3) remains competitive and
uniquely supports interleaved generation; the residual gap
likely stems from the added mapping from LLM states to
diffusion conditions and our objective emphasizing inter-
leaving rather than single-turn T2I. Overall, gains on VIST
persist across MLLMs and improve with a stronger gen-
erator, supporting that our contributions are orthogonal to
specific backbones yet benefit from newer ones.

5. Conclusion

We introduce MiniGPT-5, designed to augment the capa-
bilities of LLMs for multimodal generation by aligning
the LLM with a pretrained text-to-image generation model.
Our approach demonstrates substantial improvements. The
limitation of MiniGPT-5 is that we still find the object tex-
ture is hard to maintain in the new generation. Through this
work, we aspire to set a new benchmark for existing and fu-
ture multimodal generative models, opening doors to appli-
cations previously deemed challenging due to the disjointed
nature of existing image and text synthesis paradigms.
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