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Abstract

Recent generative models based on score matching and �ow
matching have signi�cantly advanced generation tasks, but
their potential in discriminative tasks remains underexplored.
Previous approaches, such as generative classi�ers, have
not fully leveraged the capabilities of these models for dis-
criminative tasks due to their intricate designs. We propose
Pretrained Reversible Generation (PRG), which extracts
unsupervised representations by reversing the generative
process of a pretrained continuous generation model. PRG
effectively reuses unsupervised generative models, leverag-
ing their high capacity to serve as robust and generaliz-
able feature extractors for downstream tasks. This frame-
work enables the �exible selection of feature hierarchies tai-
lored to speci�c downstream tasks. Our method consistently
outperforms prior approaches across multiple benchmarks,
achieving state-of-the-art performance among generative
model based methods, including 78% top-1 accuracy on
ImageNet at a resolution of 64× 64. Extensive ablation stud-
ies, including out-of-distribution evaluations, further vali-
date the effectiveness of our approach. PRG is available at
https://opendilab.github.io/PRG/ .

1. Introduction
�What I cannot create, I do not understand.�

� Richard Feynman
Generative models formulated as continuous-time stochastic
differential equations, including diffusion and �ow models
[2, 37, 39, 51, 55], have shown remarkable pro�ciency in
multi-modal content generation tasks [27, 45, 53, 67], as
well as in scienti�c modeling [1, 75]. By effectively learning
high-dimensional distributions, these models can generate
new, high-quality samples that resemble the original data.

While generative tasks require models to reconstruct the
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Figure 1. Overview of the PRG as Unsupervised Visual Repre-
sentation pipeline. Swiss-roll data is generated using(x; y ) =
(t cos(t); t sin(t)) with t 2 [0; 3� ], where the color gradient from
blue to red corresponds tot increasing from0 to 3� . The yellow
trajectory represents the generative (forward) process, with color
intensity indicating direction. Green arrows illustrate the inference
(reverse) generation process. Using the pretrained model, each step
along the green path can be �ne-tuned for downstream tasks.

entire data distribution, discriminative tasks (e.g., image clas-
si�cation) rely on learning representations where some parts
capture the essential underlying data structure to produce
discrete or continuous predictions. Previous works [17, 23]
have explored various approaches to enhance representa-
tion learning, with growing focus on unsupervised visual
representation learning [10, 12]. These methods construct
generic proxy tasks to ef�ciently extract and utilize data
for pre-training, yielding robust representations for diverse
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