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In nurseries, toddlers are shown pictures to learn new things.
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Similarly, we explore teaching machines new concepts through
natural language without requiring image annotations.
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When humans see an 1image.
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The human may describes an 1mage, leaving out multiple unfamiliar
concepts.

Human: “a

photo of (@ (real skin)

with brown ~
(skin cancer)”
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The machine then learns to
link each new concept with a learnable prompt (pseudo words)
from single sentence-image pair.

“a photo of (@ (real skin) with
brown ~ (skin cancer)”
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Once learned we can explore hypothesis generation
by only changing the weight of the new concept

Human: "how skin
cancer may develop?"

photo of @ (real skin)
with brown ~

(skin cancer)”

Check interactive demos on our website: https://astrazeneca.oithub.io/mepl.oithub.io/
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Discovering OOD Concepts from Medical Image and
Disentangling

Reference image(s)  Generated image Cross-attention mask Generating or editing each disentangled concept
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"a photo of white ! (chest X-ray) and black @ (lung) which have smoky * (consolidation)” "white 1" “smoky *" remove "white " remove "smoky *"

Check interactive demos on our website:
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Knowledge mining with text-guided 1image generation model

Input samples SRUETE, A lﬁ)ziggg%gitg’gag* “A S, backpack” “Banksy art of S,.” “A S, themed lunchbox”

Textural Inversion Gal et al. (2022)
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Finer granular
(word-object)

learning and
challenges

"a photo of * (teddybear) "

Textural Inversion

learning multiple composing multiple concepts
concepts separately ina single scene

- 2

"a photo of brown * (teddybear) on a
"a photo of & (skateboard)" rolling & (skateboard) at times square”
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Ours versus other approaches

Crop-based Mask-based Mask-Free learning and editing multiple new concepts with MCPL (ours)
Cones / Discovering multiple Recomposing concepts with Editing each disentangled concept
e s Break-A-Scene . , . :
Custom Diffusion concepts from single image aligned cross-attention masks

"a photo of brown
* (teddybear) on a rolling
& (skateboard) at times square”

"a photo of brown
* (teddybear) on a rolling
& (skateboard) at times square”

generated

* ,
learnable prompts are represented as coloured pseudo words image Cross-afienyion surfing board flying blanket

"a photo of & (skateboard)"
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Our solution: Multi-Concepts Prompts Learning

a brlo;.v" ;([;ii:b; ol ;" frozen . text | frozen text-to-image
ot | ) text encoder embeddings denoising network
at times square
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Our solution: Multi-Concepts Prompts Learning

'a brown * (teddybear) on

sl e i frozen N text _, frozen text-to-image
a rollin skateboar: . s
g 2 ) text encoder embeddings denoising network
at times square
Prompts Contrastive Loss (PromptCL) : X, Mo Xr one diffusion step Xy
. & Yo text embeddings [ 1 ¥,
51 i il Mmoo oo—» K
z DR ! embeddi cross- cross-
v;’ 2 S N LM"”CL plxe i l"gs anennon J atlenmm
B=4 ’ v & o ik B Q > i
3 3 ) :’ (o \ " denozsmg U-net X R A X
l ]v; |'Uslc] s Y > v TM ® Xr LANuMask 2‘ OIDM(M X, MO x‘) T- Mo X1 0 ‘Mo X,

Attention Masking (AttnMask): average cross-attention maps (Q x K) across all time steps

brown rolling times square "
A
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Evaluation —
Multi-Concept-Dataset

cactus (top) - ball (bottom) tumour (top) - edema (bottom)

Figure 43. Evaluation dataset (two concepts). We prepared five sets of in-distribution natural images and three sets of out-of-distribution
biomedical images, each containing two concepts resulting in a total of 16 concepts.

Maskformer (Swin-Large-coco)

Figure 16. Challenge segmentation examples. To streamline segmentation tasks, we utilize the MaskFormer model (Cheng et al., 2021)
trained on the COCO (Lin et al., 2014) and ADE20K (Zhou et al., 2017) datasets, along with the Segment Anything (SAM) model (Ma &
‘Wang, 2023). We observe that MaskFormer occasionally under-segments, whereas SAM is prone to o ly,
manual adjustments are necessary to ensure the datasets are accurately prepared for evaluation.

Segment Anything

Figure 44. Evaluation dataset (three to five concepts). We generate nine sets containing 9 more object-level concepts.
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Prompt and image fidelity: embedding similarity
comparing to the estimated “ground truth”

Object-level fidelity (natural images).

= o = MCPL-all I o
o = MCPL-one 105 - - - -
£ 06] mmm MCPLall+CL : = 0.65 Object-level fidelity versus number of concepts per image
X MCPL-all+CL+Mask .
g : MCPL-cam:+Ct ” 0.9;&; == MCPL-all =§= MCPL-all+CL+Mask MCPL-one+CL+Mask
@ i et o $ 0.60 —}- MCPL-one ~}- MCPL-one+CL BAS
b i g 7 —§= MCPL-all+CL
g% 08 80.55
5 s £ E
£ —
£ [ ] . % (.50
[} Yo )
£02 £ c ' | 27T~
g g 30451 s e L o -
e DINOV1 CLIP DINOV2 A : - = i .
. PN . % > 0.40 - o = _:__..;u-w_\<——‘
Object-level fidelity (medical images). g B e iy L i e T
o = MCPL-all T M o \\\ AR ‘_-_\_‘_,_—_ _____________
50_6 = MCPL-one I I loog 00351 === _ -2 :__.--"""
2| w mcpLall+cL 0.95Z e e o
~ | = mcpLall+cL+Mask a 0.30
E 05{ mm McPL-one+CL 0.90a 2 3 4 5
o MCPL-one+CL+Mask i Number of concepts per image
&, ze BAS (mask-based SoTA) & g
(] — . .
= - Figure 8. Evaluate the learning as the number of concepts per
=03 0.757=Z o o .
5 H - image increases. Here each data point represents an average of
Po.2 2 5 5 2 5 i ¢
g 065 20~40k pairwise cosine similarities measured by DINOv1.
N +0.60

e
-

BERT DINOv1 cLip DINOv2
Figure 6. Embedding similarity in learned object-level concepts
compared to masked ‘“‘ground truth” (two concepts per image).
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More results can be found on our project page
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