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Motivation
Existing few-shot methods combine pretrained models and

support sets through heuristics such as residual connections,

as shown in Fig. 1 (a), or weighted averaging, as shown in
Fig. 1 (b).

𝑃 y 𝒙, 𝐷0, 𝐷𝑡𝑟𝑎𝑖𝑛 , 𝑦 ∈ 𝑌𝑛𝑜𝑣𝑒𝑙 (1)

Problem Definition: A pretrained model is learned

from a source dataset 𝐷0 = { 𝒙𝑖
0, 𝑦𝑖

0 }𝑖=1
𝑁0 with labels

𝑦𝑖
0 ∈ 𝑌0 . During few-shot adaptation, the model

receives a support set 𝐷𝑡𝑟𝑎𝑖𝑛 = { 𝒙𝑖
𝑠, 𝑦𝑖

𝑠 }𝑖=1
𝐶𝐾 with 𝐶

novel classes and 𝐾 labeled examples per class, where

𝑦𝑖
𝑠 ∈ 𝑌𝑛𝑜𝑣𝑒𝑙 and 𝑌0 ∩ 𝑌𝑛𝑜𝑣𝑒𝑙 = ∅ .

The goal is to estimate the posterior over novel classes

for a test input 𝒙, conditioned on both information

sources (Fig. 2):

(a)                                     (b)          

Question: What is the relationship between pre-trained

knowledge and few-shot evidence, and how to optimally

integrate few-shot evidence into pre-trained models?

Fig. 1: Heuristic strategies for combining pretrained

models and few-shot adapter evidence

Fig. 2: Bayesian posterior

estimation using pretrained

model and support set.



Method

This is justified via a latent variable model:

• In latent variable models, observed data are generated from

shared latent variables z, which represent the underlying real-

world structure.

• Different datasets capture the same world from different

viewpoints; they depend only on z, not directly on each other.

• Therefore, conditional independence holds given z:

Assumption 1 (Conditional Independence of Information Sources).

𝑃 𝐷0, 𝐷𝑡𝑟𝑎𝑖𝑛 𝑦, 𝒙 = 𝑃 𝐷0 𝑦, 𝒙 ⋅ 𝑃 𝐷𝑡𝑟𝑎𝑖𝑛 𝑦, 𝒙 (2)

𝑃 𝐷0, 𝐷𝑡𝑟𝑎𝑖𝑛 𝑧 = 𝑃 𝐷0 𝑧 ⋅ 𝑃 𝐷𝑡𝑟𝑎𝑖𝑛 𝑧 (3)

𝑃 𝐷0, 𝐷𝑡𝑟𝑎𝑖𝑛 𝒙, 𝑦 ∝ 𝑃 𝐷0 𝒙, 𝑦 ⋅ 𝑃 𝐷𝑡𝑟𝑎𝑖𝑛 𝒙, 𝑦 (4)

We can derive

Fig. 3: Conditional independence of 𝐷0 ​ and 

𝐷𝑡𝑟𝑎𝑖𝑛 ​ under the latent visual world variable z



Method

Assumption 2 (Weakly Informative Prior).

Under Assumptions 1 and 2, the joint posterior is

approximately proportional to the product of the

individual posteriors:

Then we use pretrained model 𝑓𝜃 ⋅ as Approximate

Posterior, support-set module 𝑔𝜙(⋅) as Likelihood

Estimator:𝑃(𝑦|𝒙) ≈
1

𝑌𝑛𝑜𝑣𝑒𝑙
(5)

𝑃 𝑦 𝒙, 𝐷0, 𝐷𝑡𝑟𝑎𝑖𝑛 ≈
1

෨𝑍 𝒙
⋅ 𝑃 𝑦 𝒙, 𝐷0 ⋅ 𝑃(𝑦|𝒙, 𝐷𝑡𝑟𝑎𝑖𝑛) (6)

𝑓𝜃 𝒙 y ≈ 𝑃 y 𝒙, 𝐷0 , 𝑔𝜙 𝒙 𝑦 ≈ 𝑃 y 𝒙, 𝐷𝑡𝑟𝑎𝑖𝑛 (7)

Under Eq. (6) and Eq. (7), our Central Design Principle (Additive Logit Integration) takes the following form:

log𝑃 y 𝒙, 𝐷0, 𝐷𝑡𝑟𝑎𝑖𝑛 ≈ log𝑓𝜃 𝒙 y + log𝑔𝜙 𝒙 𝑦 + 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡. (8)

(a) pretrained model (b) support-set module



Method

Fig. 4: The Bayesian-inspired Optimal Integration Framework (BOIF). The
architecture utilizes a frozen CLIP backbone to extract features. The framework
consists of two independent paths: 𝑓𝜃(𝒙𝑖) generates the refined prior logits;
𝑔𝜃 𝒙𝑖 derives the support-set posterior logits.

Our Central Design Principle yields two actionable

guidelines:

• Independent design: The pretrained model 𝑓𝜃
and the support-set module 𝑔𝜙 can be

developed separately.

• Additive combination: Optimal prediction

emerges from simply summing their logits.

Although conditional independence is an

approximation, it provides a principled rationale

for decoupling the two information sources.

In practice, we permit limited interaction through

joint optimization to capture residual dependencies.



Results

Fig. 5: Classification accuracy performance comparison on 11 datasets, and the last one is the

average performance on these 11 datasets.



Results
Table 2. Comparison of different methods under OOD setting. 
A higher value is better.

Table 1. Accuracy comparison of different methods

over 11 datasets. ‘-’ denotes unavailable results. A

higher value is better.



Thank you!
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