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OUR MOTIVATION

Background

OUR CONTRIBUTION

ü New Analysis: We reveal a representation
conflict between semantic reasoning and low-
level artifact perception in MLLMs.

EVALUATION

VISUALIZATION EXAMPLE

Ø Detect real vs. AI-generated images with
MLLM-based semantic reasoning and forensic
explanations.

ü New Architecture: We propose Deep-VRM,
which preserves early semantics and injects
artifact cues into intermediate LLM layers via
deep residual injection.

p Learning low-level artifacts conflicts with
preserving pre-trained semantic knowledge.

p Existing methods mix semantic and low-level
cues in one path, ignoring layer-wise roles.

GitHub

Ø Capture both high-level semantic anomalies
and low-level generator traces.

OUR FINDING
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Stage 1

Can you describe this photo?

Certainly. The image shows a zebra …… The overall 
composition appears plausible at first glance.

Determine whether the image is real or fake.

This image is fake. It has artifacts not related to the
content itself but rather to the underlying digital
texture and patterns, which deviate from what
would be expected in a real photograph.

Classify the image as fake or real. Answer using 
only one word.

fake

What evidence supports your decision?

The car's front license plate is distorted and
illegible, ……. Furthermore, the vehicle's left side
mirror is missing, which contradicts standard
automotive design and safety regulations.

OUR METHOD

Paper

Stage 1: Fine-tune the LLM on Semantic data
while freezing other modules to activate
high-level semantic priors for AIGI detection.

Stage 2: Freeze early LLM layers, inject
Low-Level artifact residuals before
layer K, and train later layers.

Homepage

p Native MLLMs lack low-level sensitivity.
Generalizable artifact learning requires large 
feature-space shifts.

p Large shifts cause semantic forgetting.
Full tuning drops common benchmarks: 
BLINK -93%🔻, Real World VQA -83%🔻

p Early-to-middle layers encode semantic-
features.
Semantic data peaks at Layers 16–20.

p Low-level artifacts are weakly separable 
across layers.
Low-Level data stays around 81%🔻 across 
depths.


