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Introduction & Motivation

▶ Vision-Language Models (e.g., CLIP) are powerful but vulnerable to someattacks like typographic attack and inherent biases.
▶ Aligning model behavior, in retrieval tasks, classification and downstreamtasks with human preferences is crucial for fairness and robustness.
▶ Preference Optimization (PO) methods like RLHF, DPO, IPO, and KTO havebeen successful in generative models.
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Background on Preference Optimization
▶ PO aims to train models to align with human preferences.
▶ Common methods include:

▶ Reinforcement Learning from Human Feedback (RLHF): Uses a rewardmodel trained on preferences to guide policy learning.
▶ Direct Preference Optimization (DPO): Directly optimizes the policy based onpreferences, without an explicit reward model.
▶ Identity Preference Optimization (IPO): An alternative approach to directlyoptimizing the policy.
▶ Kahneman-Tversky-Optimization (KTO): Another direct optimization method.

▶ These methods have shown success in aligning generative models.
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Method in 30 Seconds
Core IdeaTeach CLIP to prefer human-aligned behaviors using AI alignment techniques

• What’s New:
▶ First application of PO methods to contrastive vision-language models
▶ Simple training framework requiring only synthetic datasets with:

▶ Problem cases (attacks/biases)
▶ Normal (clean) examples

• Key Feature:
▶ Adjustable ”concept knobs” after training
▶ e.g., control gender bias strength
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Problem Formulation
▶ We frame the problem as a Markov Decision Process (MDP).
▶ The learning task is modeled as: M = (S,A, ρ0,R)
▶ Components:

▶ s ≜ x
▶ a ≜ y
▶ ρ0(s) ≜ p(x)
▶ R(s, a) ≜ r(x , y)

▶ πθ(a|s) ≜ e fθ (y,x)∑
yi
efθ (yi ,x)

▶ Similarity score: fθ(x , y) = Iθ(x)TTθ(y)/τ
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Preference-Based Contrastive Optimization
▶ Policy ratio:

hπθ
(yw , yl , x) = (log πθ(yw |x)− log πθ(yl |x))− (log πref(yw |x)− log πref(yl |x))

▶ Simplified for CLIP like models:
hπθ

(yw , yl , x) =
1

τ
(Iθ(x)− Iref(x))⊤(T (yw )− T (yl))

▶ Preference objectives:
LDPO(πθ, πref) = E(x ,yw ,yl )∼D[− log σ(βhπθ

(yw , yl , x))]

LIPO(πθ, πref) = E(x ,yw ,yl )∼D

[(
hπθ

(yw , yl , x)−
β−1

2

)2
]
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Regularization

▶ We introduce a regularization term to ensure the trained model remainsclose to the reference model:
Lreg(π, πref;Dreg) = DKL(π(y |x)∥πref(y |x)) = Ex∼DregEy∼π(y |x)

[
log

π(y |x)
πref(y |x)

]
.

▶ The final loss function is defined as:
L(πθ, πref;D) = Lpref(πθ, πref;Dpref) + λregLreg(πθ, πref;Dreg).
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Linear Transformations and Adaptations

▶ Linear transformation matrix W to adjust the similarity function.
▶ SVD: W = UΣV T

▶ Modified similarity function:
f̃ (y , x) = I(x)TW TWT (y)/τ = (V TI(x))TΣ2(V TT (y))/τ

▶ Tune singular values using matrix powers: Wt = UΣtV T
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Experiments Results

▶ Experiments to evaluate effectiveness:
▶ Typographic Robustness
▶ Control between Optical Character Recognition (OCR) and Object Detection(OD)
▶ Disentangling Gender Understanding
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Typographic Robustness
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Typographic Robustness
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Control between OCR and OD
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Disentangling Gender Understanding
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Disentangling Gender Understanding
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Conclusion

▶ We propose a novel approach to aligning and steering visual contrastivelearning models with human preferences using Preference Optimization.
▶ Our method opens new avenues for developing more reliable andhuman-centered vision-language models.
▶ Additionally, this work provides insights into the principles and intuitionbehind Preference Optimization.
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