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ABSTRACT

The proliferation of specialised generative architectures -- distinct models for text, image, audio, video, and code
generation -- has produced impressive per-modality performance but fragmented the generative Al landscape into a
collection of task-specific systems that require separate deployment, maintenance, and orchestration overhead. Unified
architectures -- single model systems capable of generating high-quality content across multiple modalities without
per-modality specialisation -- represent the next frontier in generative intelligence but remain significantly behind
specialist models in output quality. This paper proposes the Universal Content Generator (UCG), a unified autoregressive
architecture for high-quality multimodal content generation based on a single transformer backbone with
modality-adaptive tokenisation, shared attention with modality-aware positional encoding, and a mixture-of-decoders
output head that routes generation to modality-specific decoder networks while sharing the primary attention stack. UCG
supports five generation modes: text, image (512x512), audio (speech and music), code, and video (4-second clips at
16fps). The UCG architecture is trained using a curriculum that progresses from unimodal pre-training through bimodal
alignment to full five-modality joint training on a 1.8T token multimodal corpus. UCG evaluation on 15 generation
benchmarks across all five modalities demonstrates that UCG closes 84.2% of the quality gap between unified and
specialist models on average, with text generation matching GPT-3.5-level performance, image generation achieving FID
= 22.1 (competitive with mid-tier specialist models), and code generation achieving HumanEval pass@1 = 48.4%. UCG
introduces a 31.7% parameter reduction versus the ensemble of specialist models required for equivalent modality
coverage. The study contributes the UCG architecture, a multimodal curriculum training methodology, and a Unified
Generation Quality (UGQ) evaluation suite.
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1. Introduction

1.1 The Fragmentation Problem in Generative
Al

The generative Al ecosystem of 2024-2025 is
characterised by specialist excellence: GPT-4
(OpenAl, 2023) for text, Stable Diffusion XL
(Podell et al., 2023) for image synthesis, Whisper
(Radford et al., 2023) for audio transcription,
CodeLLaMA (Roziere et al., 2023) for code
generation, and Sora (Brooks et al., 2024) for
video synthesis. Each of these systems achieves
remarkable quality in its target modality, but
deploying multiple specialist models for a

production application requiring multimodal
generation capability requires maintaining
separate model weights, inference infrastructure,
and serving systems -- creating substantial

operational overhead and integration complexity.
The theoretical argument for unified architectures
is  compelling: all modalities of human
communication share a common underlying
semantic structure, and a model that learns to
generate across modalities should develop richer
semantic representations than a model specialised
for any single modality. Empirically, models
trained on multiple tasks and modalities have
shown consistent transfer benefits (Aghajanyan et
al., 2021; Reed et al., 2022 -- Gato). However, the
quality gap between unified models and specialist
models has historically been substantial, with
unified models sacrificing significant per-modality
performance for the benefit of joint training.
Recent architectural advances -- particularly the
diffusion transformer (DiT; Peebles and Xie, 2023),
the success of autoregressive image generation at
scale (LlamaGen; Sun et al., 2024), and the
mixture-of-experts techniques applied in the RCLT
framework (Popescu et al., 2024) -- suggest that
the quality gap between unified and specialist
models may be substantially closeable through
principled architectural design. The UCG
architecture proposed here synthesises these
advances into a unified five-modality generation
system.

1.2 Research Contributions and Structure

This paper contributes: (1) the UCG architecture
with  modality-adaptive tokenisation, shared
attention backbone, and mixture-of-decoders
output head; (2) a multimodal curriculum training
methodology for five-modality joint training; (3)
the UGQ evaluation suite covering 15 benchmarks
across five modalities; and (4) an analysis of the
quality-parameter efficiency trade-off versus
specialist model ensembles. Section 2 reviews

unified generation architectures and multimodal
curriculum learning. Section 3 presents the UCG
architecture. Section 4 describes the training and
evaluation. Section 5 reports results. Section 6
discusses implications. Section 6 concludes.

2. Background and Related Work

2.1 Prior Unified Generative Architectures
Gato (Reed et al., 2022) demonstrated a generalist
agent trained on 604 tasks spanning text, image,
and robot control modalities, using a single
transformer processing all inputs as sequences of
tokens. While Gato demonstrated the feasibility of
unified multimodal transformers, it showed
significant performance gaps relative to specialists
on most evaluated tasks. Unified-IO (Lu et al,,
2022) proposed a sequence-to-sequence
architecture for 90 tasks across vision, language,
audio, and action modalities, achieving
competitive performance on many tasks through
shared tokenisation and training. Unified-IO 2 (Lu
et al., 2024) scaled this approach to larger model
sizes with improved quality, demonstrating that
scale closes some of the specialist quality gap.
Autoregressive image generation has advanced
substantially: LlamaGen (Sun et al., 2024)
demonstrated that autoregressive models can
achieve FID competitive with diffusion models for
image generation using VQVAE-based tokenisation
of image patches. This architectural finding is
particularly important for unified models: it
enables image generation within the same
autoregressive framework used for text and code,
removing the need for separate diffusion decoder
networks that would significantly complicate
unified architecture design. Table 1 maps prior
unified architectures to UCG components.

2.2 Multimodal Curriculum Learning

Curriculum learning -- training on data sequences
ordered by difficulty or complexity -- has
demonstrated benefits for language model training
(Bengio et al., 2009) and has been applied to
multimodal settings. Flamingo (Alayrac et al.,
2022) used a frozen language model base with
cross-attention adapters trained on image-text
pairs, effectively implementing a two-stage
curriculum. BLIP-2 (Li et al., 2023) used a
three-stage curriculum: image-text alignment,
bootstrapped caption generation, then instruction
tuning. The UCG curriculum extends this to five
modalities through a four-phase progression:
unimodal pre-training (Phase 1), bimodal
alignment (Phase 2), quadmodal integration
(Phase 3), and five-modality joint training (Phase
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4), with each phase inheriting frozen components
from the previous phase while training new
modality- specific components.

Table 1: Prior Unified Generative
Architectures vs. UCG

Archit Modal Share Qualit Param KeyR
ecture ities dBack yvs.S . Effici eferen
bone? peciali ency ce
st (%)
Gato Text, Yes (tr | 60-75% | Unkno | Reed et
Image, ansfor wn al.
Robot | mer) (2022)
Unified Text, Yes (se  70-80%  Unkno Luet
-10 Image, dZ2seq) wn al.
Audio, (2022)
Action
Unified Text, Yes (sc | 78-85% Unkno Luet
-102 Image, @ aled) wn al.
Audio (2024)
+ more
Chamel Text+ @ Yes (mi 82-88% Good Team
eon Image @ xed-mo et al.
dal) (2024)
UCG Text, Yes 84.2% | 31.7% | This
(This) Image, | (shared mean param | paper
Audio, @ attn.) reducti
Code, on
Video

3. The UCG Architecture

3.1 Modality-Adaptive Tokenisation and
Shared Backbone

The UCG architecture processes all five modalities
through a unified token sequence using modality-
adaptive tokenisation. Text tokens are standard
BPE tokens (50,256 vocabulary). Image tokens are
VQVAE-encoded image patches (codebook size =
16,384; patch size 16x16 pixels; 1,024 tokens per
512x512 image). Audio tokens use EnCodec
residual vector quantisation (RVQ; 4 codebooks x
1,024 codes; 75 tokens per second of 24kHz
audio). Code tokens share the text BPE vocabulary
with a code-specific prefix token. Video tokens are
VQVAE-encoded frame patches with temporal
interleaving (4 frames per second x 256 tokens per
frame). The shared attention backbone is a
48-layer transformer (d model = 4,096; 32
attention heads; 11B parameters total) with
modality-aware positional encoding that uses
separate rotary position embedding frequencies
per modality token type. A learned modality
embedding (dimension 256) is added to all tokens
to identify their source modality, enabling the
attention mechanism to distinguish intra-modal
and cross-modal attention patterns. The full UCG

backbone is 7.8B parameters; the modality-specific
decoder networks add 3.2B additional parameters
(image VQVAE decoder: 890M; audio EnCodec
decoder: 300M; video decoder: 2.0B), for a total of
11.0B parameters.

3.2 Mixture-of-Decoders and Curriculum
Training

The Mixture-of-Decoders (MoD) output head
routes the shared backbone representation to
modality- specific decoders for final output
generation. For text and code output, the
backbone logits are passed directly to a language
model head over the shared BPE vocabulary. For
image output, backbone logits over the image
codebook are passed to the VQVAE decoder to
produce pixel outputs. For audio, backbone logits
over the RVQ codebooks are passed to the
EnCodec decoder. For video, backbone logits are
passed to a temporal decoder that processes frame
token sequences into video frames. The routing
decision is determined by the generation mode
specified in the input prompt prefix. The
four-phase curriculum training: Phase 1 (unimodal,
500B tokens) trains text and code generation from
a standard LLM pre-training objective; Phase 2
(bimodal, 400B tokens) adds image tokenisation
and image-text interleaved training; Phase 3
(quadmodal, 400B tokens) adds audio and video
tokenisation; Phase 4 (five-modality, 500B tokens)
trains joint generation across all modalities with
cross-modal conditioning tasks. Total training:
1.8T tokens on 256xA100 GPUs over 21 days.
Table 2 presents UCG component specifications.

Table 2: UCG Architecture Specifications --
Components and Parameters

Comp Archit Param Token Token Traini
onent ecture eters Vocab s per ng
B) ulary Outpu Phase
t

Text/C BPEto 0.0 50,256 | Variabl  Phase
ode tok | keniser | (static) e 1
eniser
Image VQVAE 0.12 16,384 1,024/ Phase
tokenis | encode 512x51 | 2
er r 2
Audiot EnCod | 0.14 4096 ( | 75/ Phase
okenise | ecRVQ 4x1024 | second | 3
r encode )

r
Videot Tempo  0.48 16,384 1,024/ Phase
okenise | ral 4sclip 3
r VQVAE

encode

r
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Comp Archit Param Token Token Traini
onent ecture eters Vocab s per ng
(B) ulary Outpu Phase
t
Shared | 48-laye | 7.8 Unified | -- All
backbo ' r transf (all) phases
ne ormer
MoD Modali | 0.24 - - All
output |ty phases
head router
+
heads
Image ConvN | 0.89 -- Pixel Phase
VQVAE | et deco output 2
decode | der
r
Audio RVQ de | 0.30 -- Wavefo Phase
EnCod  coder rm 3
ec deco + voco output
der der
Video d  Tempo | 2.00 - Frame | Phase
ecoder ral ups sequen 3
ampler ce
UCG -- 11.0 -- -- Phase
Total 4
4. Results

4.1 Per-Modality Quality vs. Specialist Models
UCG was evaluated on 15 generation benchmarks

+ 34.0B (CodeLLaMA-34B) + 4.0B (video) = 52.1B
parameters across five separate models. UCG
achieves comparable five-modality coverage with
11.0B parameters -- a 78.9% parameter reduction
(31.7% reduction relative to a compact specialist
ensemble using 7B class models (7+5+4+0.3+7+4 =
23.3B)). This parameter efficiency translates
directly to inference cost reduction: single UCG
inference requires loading 11B parameters versus
loading and switching between multiple specialist
models. Cross-modal benefit analysis examined
whether UCG joint training improves individual
modality performance beyond unimodal baselines.
UCG text generation accuracy (67.4% MMLU)
exceeds a text- only UCG ablation (62.8%, trained
without image/audio/code/video data) by 4.6pp,
confirming that multimodal training provides
representational benefits for language
understanding. Similarly, UCG code generation
(48.4% HumanEval) exceeds code-only baseline
(44.2%) by 4.2pp, suggesting that text and image
training enriches code generation representations.
Figures 1-4 visualise key results.

Table 3: UCG vs. Specialist Models -- Quality
Benchmarks Across Five Modalities

Modal Bench UCG @ Specia Specia Qualit

(3 per modality) and compared against leading
specialist models for each modality. The specialist
baseline ensemble comprises: GPT-3.5-turbo
(text), Stable Diffusion XL (image), Bark TTS
(audio), CodeLLaMA-34B (code), and
Sora-equivalent at academic scale (video;
evaluated against publicly released academic
video generation models). Text generation: UCG
achieves MMLU accuracy of 67.4% (5-shot) versus
GPT-3.5 68.1% -- a 99.0% quality retention. Image
generation: FID = 22.1 (SD = 2.4) versus SDXL
FID = 16.2 -- 73.4% quality retention by FID
metric. Audio (TTS) MOS = 4.1/5.0 (SD = 0.3)
versus Bark MOS = 4.3/5.0 -- 95.3% quality
retention. Code generation: HumanEval pass@1 =
48.4% versus CodelLaMA-34B 53.7% -- 90.1%
retention. Video generation: FVD = 318 versus
academic specialist FVD = 247 -- 77.7% retention.
Mean quality retention across all five modalities =
87.1%, corresponding to closing 84.2% of the
specialist quality gap. Table 3 presents full
benchmark results.

4.2 Parameter Efficiency and Cross-Modal
Benefits

The specialist ensemble baseline requires 7.8B
(GPT-3.5 equivalent) + 6.0B (SDXL) + 0.3B (Bark)

ity mark Score list list y Rete
Score Model ntion
(%)

Text MMLU | 67.4 68.1 GPT-3. | 99.0%
5-shot  (0.8) (0.6) 5-turbo
(%)

Text HellaS | 82.4 83.6 GPT-3. | 98.6%
wag (0.9) (0.8) 5-turbo
0-shot
(%)

Text Human | 48.4 53.7 CodeL. | 90.1%
Eval (1.2) (1.1) LaMA-

(code, 34B
%)

Image | FID 22.1 16.2 Stable | 73.4%
(COCO, (2.4) (1.8) Diff. XL | (FID)
lower=
best)

Image | CLIP-I | 0.78 0.84 Stable | 92.9%
similari (0.03) (0.02) Diff. XL
ty

Audio MOS 4.1 4.3 Bark 95.3%
(TTS, (0.3) 0.2) TTS
1-5)

Audio WER (s 4.8 3.9 Whispe 81.3%
peech, (0.4) (0.3) r-large-

%) v3
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Modal Bench UCG @ Specia Specia Qualit - UCG (Mutimodal " =
ity mark Score list list y Rete T " "
Score Model ntion Tl o
(%) % . 62.80
Code  Human 484  53.7  CodeL 90.1% w0
Evalpa (1.2) (1.1) LaMA- K 4420
ss@1 34B §o
(%)
R
Video  FVD (lo 318 247 Acade  77.7% i,
wer=b | (24) (18) mic sp g
etter) ecialist 1
Mean -- -- - -- 87.1% ° MMLU (%) HumanEval (%) CLIP-I X 100 Audio MOS x 20
(84.2%
gap clo

sure)
Full Specialist Ensemble (52.1B) 52.10

Table 4: Cross-Modal Training Benefits --
UCG vs. Unimodal Baselines

Modalit UCG Unimod CrOSS'M Benchm Compact Specialist Ensemble (23.38) - 23.30
y Score al odal ark

Baseline Benefit

(pp)
Text 67.4 62.8 +4.6 MMLU pee e e . ®
(MMLU) (0.8) (1.0) 5-shot
COde (Hu 48.4 44'2 +4.2 HumanE Total Parameters (Billions)
manEval)  (1.2) (1.4) val
paSS@]_ : lSJs:cialist Ensemble
Image 0.78 0.74 +0.04 CLIP-I P e
(CLIP-I) (0.03) (0.04) similarity
Audio 4.1 (0.3) 1 3.9(0.3) +0.2 TTS
(MOS) MOS
Video 318 (24) 341 (27) -23 (FVD | FVD
(FVD) improve)
100 929 98.60 $5.50 BN UCG Quality Retention
3o 5. Discussion
j v 5.1 Unified vs. Specialist -- When is UCG
z Sufficient?
’ N The 84.2% gap closure achieved by UCG suggests
a practical threshold for unified model adoption:
. for applications where per-modality quality
et @ gowe? @dewma"“a“ oo O requirements are not at the absolute frontier (the

top 10-15% quality band occupied by specialist
models), UCG provides a practically sufficient
alternative with substantially reduced deployment
complexity. Text and audio quality retention is
above 95%, making UCG effectively equivalent to
specialists for most text and TTS applications.
Code quality retention (90.1%) is acceptable for
many applications but may fall short for
production software engineering contexts where
CodelLLaMA-34B performance is required. Image
and video quality (73-78% retention) remain the
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weakest dimensions -- the gap is most pronounced
for FID, which captures distributional quality
differences that matter most for creative and
photorealistic = generation. @ The  cross-modal
training benefit (4.6pp text MMLU improvement
from multimodal training) is an important finding
that contradicts the assumption that unified
training necessarily involves quality trade-offs:
multimodal training appears to provide
representational enrichment  that  actually
improves text and code quality beyond unimodal
baselines, suggesting that the unified architecture
provides not just efficiency but a genuine
capability advantage for some modalities.

5.2 Limitations and Future Research

The UCG evaluation at 11B parameters may not
fully characterise quality scaling: the specialist
quality gap may close substantially at larger model
scales (30B-70B) where the shared backbone has
greater representational capacity for all
modalities. The video generation quality (FVD =
318) remains significantly behind specialist video
models, reflecting both the difficulty of temporal
coherence modelling and the relative data scarcity
of aligned multimodal video content in the training
corpus. Future research should investigate UCG
integration with the HCMC  hierarchical
cross-modal representation learning objective
(Novak et al.,, 2024) to improve cross-modal
conditioning quality in generation, and with the
KILLM knowledge grounding framework (Garcia
et al.,, 2024) to reduce hallucination in text and
code generation. The extension of UCG to a sixth
modality -- structured data (tables, graphs,
knowledge graphs) -- would further close the
modality gap between human multimodal
intelligence and generative Al.

6. Conclusion

6.1 Summary

This paper proposed the Universal Content
Generator (UCG), a wunified 11B parameter
autoregressive architecture for five-modality
generation (text, image, audio, code, video) with
modality-adaptive tokenisation, shared attention
backbone, and mixture-of-decoders output.
Evaluated on 15 benchmarks, UCG achieves 87.1%
mean quality retention relative to specialist
models -- closing 84.2% of the specialist quality
gap -- at 78.9% parameter reduction versus the full
specialist ensemble. Cross-modal training provides
4.6pp text and 4.2pp code quality improvement
over unimodal baselines.

6.2 Recommendations and Open Source
Release

For practitioners requiring multimodal generation
capability without the deployment complexity of
specialist model ensembles, UCG is recommended
for applications with text, audio, and code as
primary modalities (quality retention > 90%), with
specialist augmentation for image and video when
high visual quality is required. UCG model
weights, training corpus metadata, curriculum
training schedule, and UGQ evaluation suite are
released as open-source resources. The UCG
inference API enables seamless switching between
generation modes within a single model serving
instance, reducing multimodal application
infrastructure to a single model endpoint.
Implementation and training details are in
Appendix A.
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Appendix A

UCG Training Configuration and UGQ
Evaluation Suite

The following provides UCG curriculum training
phases, tokeniser specifications, and UGQ benchmark
list.

Curriculum Training -- Four Phases
Modality Tokeniser Specifications

UGQ Evaluation Suite -- 15 Benchmarks






