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Association-Engendered Stereotypes

When generating images of white people, black people, When black people and white people are associated
or houses separately, there are no stercotypes. with houses, it can engender stereotypes.

Previous approaches are unable to mitigate these Our MAS approach can effectively mitigate these
association-engendered stercotypes. X association-engendered stereotypes. ./

Original T2I models can generate stereotypes when given prompts involving multiple objects; when the
prompts are “a photo of black/white people” or “a photo of a house”, they do not engender stereotypes.
However, if the prompt is “a photo of black/white people and a house”, the model may engender stereotypes
that the white people's house is better than the black people's house.



Modeling Stereotypes in T2l

object x,

object x,

For the object “x;=people™, the sensitive attributes s
include gender, race, region, etc.

For the object “x,=/louse”, the sensitive attributes s
refers to the description of the house.

For a T2I diffusion model G, which generates images x with a
sensifive attribute s. The attribute s can have Y different categories
and needs to align with a target distribution D that is free of
stereotypes. Using a prompt to generate a batch of images, denoted as
I = {x?(s)}iem. For the PDF of the snesitive attribute of image x, let
Ry = pi = i pi eyl

Assume another set of stereotype-free images, I = {x?(s)}iem. The
probability distribution of its sensitive attribute is h(x*®") =

i 1 2 Y . . .

pg(s) = [pi(s) ,p::“(s) ..... pfs) ], i € |Y|. The distribution distance
between pz@ and p ),

o* = argmin sup|o(pU®) — pi®)].
oCSy



Modeling Stereotypes in T2l
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Prompts: “a photo of a engineer.”
“a photo of a driver.”

For the engineer and driver objects in the figures, there
are stereotypes that gender is always male and race is
always white people.

Only one sensitive attribute can be mitigated at once.

Single Object with
Multiple Sensitive
Attributes

Prompts: “a photo of a farmer.”
“a photo of a CEO.”

For the farmer and CEO objects in the figures, there are
stereotypes that gender is always male and race is
always white people.

Multiple sensitive attributes can be mitigated
simultaneously.

For single object with single sensitive attribute.

f(x) = P(s2 = v(ss)|).

For single object with multiple sensitive attributes.

f(z) = P(sk = v(sh), s2 = v(s2),...|a).



Modeling Stereotypes in T2l

Prompts: “a photo of a boss and a employee.”

_ _ “a photo of a professor and a teacher.”
Multiple Objects
with a Single
Sensitive Attribute

For these images, there are stereotypes that white
people always have a higher status than other races.

Association

-engendered—
stereotypes
P Prompts: “a photo of a nurse and a doctor.”
“a photo of a manager and a secretary.”
Multiple Objects P 4 & i
with .Multiplc- For these images, there is always a stereotype that men
Sensitive Attributes have a higher status than women and are always
present as white people.
For single object with single sensitive attributes. For two object with two sensitive attributes.

flz1,29,...) = P(s =v(s)|z1. 22,...) fl@1, @0, ... ) = P82, = v(82,), 82, = 0(84,)|T1, 72, . . )



Stereotype Distribution Total Variation
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relatively balanced.



Mitigating Association-Engendered Stereotypes (MAS)
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Comparative Experiments

Stereotype mitigation effects in different Stable diffusions.

S5-0 & S-SA]

5-0 & M-SA|

M-O4&S-5A

Model M-O&M-SA |
Gender Race Region G.xR. Gender Race Region

SD-1.5 6827  82+.14  .81+.10 A5+.20 S7+21 4916 56+.11 4723

MAS(Ours) 1714  21+£09 23413 21+.02 AT7+01 0 20409 20+.02 d64.10

SD XL B4 404£29 59420 b2 J4+.13 0 B3 11 BTH.08 J34005

MAS(Qurs) 15412 16+05 13+.04 A9+.09 Jd64+.100 20411 2107 A5+.05

Lightning 8119 9602 9402 88-£.09 8604 B2+.09  90+.04 J8+.09

MAS(Ours) 18212 16tL09 17404 54012 AT7+£10 0 19405 224011 A7+.08

Turbo 9208 89+.10 .BOL.16 BO-+ 11 B2+.11  88B+.07 .B5+.07 J2+.08

MAS(Qurs) 1613 .15+.10 .16£.10 20413 1711 .19+.10  .20+£.10 A5x.10

Cascade 9602  90+07 8700 93+.05 90+05 8807 B9+.06 81404

MAS(Ours) 17015 17409 19408 A74.08 AT74£08 214207 23+£.09 6404

Comparison results with other SOTA mitigation methods.
approach | S-0O&S-SA| S-0&M-SA| M-0&S-SA| M-O&M-SA | S.PT

Gender Race Region G.x R. Gender Race Region CLIP-T2I
SD 1.5 68227 82414 8110 J75+.20 A9405 47223 49419 S3+.17 A0+.03
Kim. 2023 43217 39408 - - - - - 39+.03
Chuang. 2024 | 38,10 49+ .04 24+.02 - - - - 37+.04
Gandikota. 2024 | 4933 43406 21+.03 - - - - 38-+.04
Bansal.2022 46432 37+L.08 19404 - - - - 36-+.04
Wang. 2023 A74223 0 404805 20402 - - - - 39+.04
Shen. 2024 22413 42405 20403 JA8£.13  .19+.06 - - 39+.04
MAS(Ours) A7+14 0 21+£09  23+£.13 21+.02 A7+11 0 .204+.09 20402 d6+£.10 39+.04




Generalization Experiments

Stereotype mitigation experiment in complex T2l scenarios.

S-OLS-SA| S-OLMSA | ST
. . . M-OLS-SAL M-OLM-SA |
Semantic preservation experiment. Gender  Race  Region —y CLIPTA
SD-1.5 SD XL nghtnlng Turbo Cascade R-5D B4+07  BTE05  BlE9 JBE11 Bl 106 JTE13 3503
Original 39 ‘]., 33+ .02 32403 32+ .02 3+.04 MAS{Ours) 20419 22415 22107 20403 2109 20+.05 ABE03
cLip-21 ¢ | Ongmal |59 U835 U a2 08 a2 Ul 43%.04 R-SD+LORA | 85:06 85:07 80010 7913 8308 75512 39504
Durﬁ 38 T (]‘l 33 | {]—1 32 {]% 3] T {]—1 42 T {]‘ﬁ MAS{Ours) M+.11 M+03 23406 N0+.09 21410 21+.08 38+04
CLIP-121 + Ours 80+.11 .78+.13  84+.07 J6+.12  BO+.02 R-5D + ControlNet | 84 06 8606 8208 79410 81408 TR0 38405
MAZ{Ours) 20416 2100 2107 A9£010 21£10 20404 AB+003
R-SD+LORA +Con | .87-04 8607 8110  .80+.10 83+.09 TB+12 3805
MAS(Ours) 22+.10 22x.13 2109 20407 21E14 21409 S8+05
Non-template prompts evaluation experiment. Evaluate the impace of MAS on image quality and
- efficiency generated by the original T2I model.
S-0&S-SA| S-OCM-SAL  \ oessAL M-OeMSAL _ SPT —
Gender Race Region G.xR. CLIP-T2I | uaws/(6) FID |
: . - 10 20 50 100
-1, 6924 84+.10 .82+.11 T34.1¢6 48+.21 52+.17 A0+.0:
SD-1.5 o9 sann 82 (SR 8 22 R SDI5 [ 358300 312530 135000 332100 153551730
Kim. 2023 A44+.16 .38+.09 - - - - 39:+.04 MAS(Ours) | 2944280 5844490 1334110 2704230 17.241.70
Chuang. 2024 | 36L.11 4706 244 04 - - 37+03 SDXL | 43.9+230 87.6+4.50 2194120 429+25.0  16.1+0.90
Gandikota. 2024 | 50+.30 44410 N 22404 _ _ A0+.04 MAS(OQurs) | 46,7340 9544570 230+13.0 443270 16.7-+0.80
. Lightning | 6.3950.70 1295193 3405340 6455510 22.6+1.20
Bansal.2022 | 49+.27 .40+.10 A804 : A0E04 MAS(Ours) | 8210094 1474187 390321 7294550 231415
Wang. 2023 A9+£.18  43+.10 21403 - 39:£.03 Turbo | 7305150 1455320 3594420 7195540 2061210
Shen. 2024 254,15 44400 - 17405 - - A0+.04 MAS(Ours) | 10.5£2.10  19.6:£3.40  43.104.40 8824490 20.9:43.00
, _ ) ) e s . _ Cascade | 25.9+11.30 49.753.60 1125720 245:17.0 23.6L1.70
MAS(Ours) | 2011 23410 2315 20405 . e oo MAS(Ours) | 2934190 5734390 1264830 2674170 240+220




Thank you for your attention!



