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Motivation The JetFormer model

Targets:
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e Challenge & Solution: Modeling raw pixels autoregressively is
computationally costly. JetFormer overcomes limitations of
pre-trained tokenizers by combining a normalizing flow (Jet) with a
decoder-only transformer, trained end-to-end on raw pixels and text.

Removing modeling constraints and unifying architectures
across domains has been a key driver of the recent progress
In training large multimodal models. However, most of these
models still rely on many separately trained components such

Loss:

as modality-specific encoders and decoders which can limit e Core Mechanism: Jet losslessly encodes images into continuous d Elou
performance on certain tasks. For example, general-purpose "soft tokens". The transformer models text tokens and image soft Transformer it e J
(VQ-)VAEs for images can limit generalization to fine-grained tokens autoregressively, using a GMM loss (a la GIVT) for soft tokens. N

Jet acts as both encoder (understanding) and decoder (generation).
e Improving Image Quality:
o A Noise Curriculum (adding decaying Gaussian noise during
training) guides the model to learn high-level visual structure first.
o Redundancy is handled by factoring out dimensions post-flow
and modeling them with a Gaussian prior.
o Classifier-Free Guidance (CFQ).

dense prediction tasks due to their lossy latent representation.
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In this work, we further streamline joint generative modeling of
Images and text. We propose an autoregressive decoder-only
transformer—JetFormer—which is trained to directly
maximize the likelihood of raw data, without relying on any
separately pretrained components, and can understand and
generate both text and images. By design JetFormer relies on
a lossless iImage representation and hence can overcome some
of limitations of pretrained encoders/decoder.
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Ex. 1 VAE reconstr.

Example 1 Example 2 Ex. 2 VAE reconstr.
FID Precision Recall NLL Key Re SU Its
JetFormer-B 7.84 0.75 0.39 3.14
no normalizing flow 117.76 017 032 684 e Class-conditional image generation (ImageNet 256):
no noise curriculum 44.71 0.45 0.28 3.05 , L
i6 Factora-omt dimenEinhE 17.29 065 026 3.13 o JetFormer achieves competitive FID (6.64 for L model) and
no end-to-end training 11.16 0.68 033 3.08 high recall (0.56), suggesting robustness against mode
learned inv. projection 10.19 0.73 0.32 4.78 °
no GMM (Gaussian loss only) 9.46 0.77 030 3.14 CO”aPse Comp.ared © .baselmes. .
single class token 8.85 0.73 037 3.14 o Ablations confirm the importance of the normalizing flow,
PCA preproc. + JetFormer-B 8.79 077 035 _ noise curriculum, factoring out dimensions, and end-to-end
PCA preproc. + JetFormer-B (no noise cur.) 13.16 0.71 0.31 — training,
Ablation of design choices and improvements on ImageNet 256 0 J.etF.orrr.]er Is the first mode.l capable of ge.ner.ating high- ImageNet 256 class-conditional samples (CG:4)
fidelity images and producing strong log-likelihood bounds.
. . . COCO FID-30K (0-shot) ImageNet class. (0-shot) COCO Cap (fine-tuned) VQAvV2 (fine-tuned)
extrastep COCOcap. VQAVZ o Multimodal generation and understanding (WebLlI): Y — L 120- — A e T L7
CapPa L/14 (Tschannen et al., 2023)* — 118.7 68.6 Achi T ti f titi ith W N L Sz_w' 118{" A ol — T A
CLIP L/14 (Radford et al., 2021)* - 118.2 67.9 © Vg lsvesd gjnlera Ion perrormance competitive wi S | | | . e | | o ll— 11| A
-based models o N ; : : % Te 8
ARGVLT (T&I) (Kim et al., 2023) VQ-VAE 94.7 . . | 241 \\ o R e B [ N
MAGYVLT Large (T&I) (Kim et al., 2023) VQ-VAE 110.7 65.7 o Demonstrates solid 12T understanding (zero-shot PTG | T~ “ 2l / | | )
e L. : o i | _ L /]
JetFormer-B (12T) ~ 118 7 672 classification, fine-tuned captioning/VQA) I s = et P R RPY A R — S
; .. . . . 15 20 25 15 20 25 15 20 25 15 20 25
JetFOI'mer-L (T&I) - 198 700 O Pr0m|S|ng Scahng trends aS a fUﬂCtIOn Of the mOdel S|Ze number of parameters [B] number of parameters [B] number of parameters [B] number of parameters [B]

Image understanding results (fine-tuned) and comparison with baselines Zero-shot and fine-tuning results for T2l and 12T tasks as a function of model size



