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MERGETUNE: Continued Fine-tuning of 

Vision-Language Models 
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Background - Vision-Language models (VLMs) 

➢ A vision–language model learn a joint representation of vision and language.

VLMs learn broad visual concepts from web-scale image–text pretraining and can do strong zero-shot transfer.
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Background – VLMs Fine-tuning benefits 

➢ Despite VLMs has strong zero-shot ability, still require fine-tuning for downstream tasks to get best performance. 

In practice, VLM fine-tuning often falls into two broad families: parameter-efficient tuning (PEFT, e.g., prompts/ 

adapters) and robust fine-tuning.
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Background – VLMs fine-tuning methods and weaknesses

PEFT (prompts / adapters)

Training small modules only

Best for few-shot dataset

Pros efficient, strong in-domain gains

Robust fine-tuning (ensembling / soups / merging)

combine pretrained + tuned models

Best for many-shot / domain generalization

Pros better robustness & out-of-domain

However, both routes can still hurt zero-shot generalization (catastrophic forgetting)
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Motivation

➢ High-level goal: forgetting often unavoidable, so we trying to restore forgotten knowledge after the model has 

been fine-tuned.

➢ Straightforward approach: reuse the pretrained model, for example, naïve merging (e.g., weight averaging / 

interpolation) between pretrained and fine-tuned models.

➢ Challenge: pretrained and fine-tuned models can be far apart in weight space. 

➢ Idea: find a continued model has mode-connected that connect both pretrained endpoints and fine-tuned endpoints.
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Methods - Preliminaries

➢ Mode connectivity: 

When two models are trained on the same task with the loss       but differ in initialisation or training trajectory, they 

converge to different solutions            that both achieve low loss, can merge them through weight averaging:

The linear interpolation can sometimes yield a model with performance comparable to its endpoints            :

Empirical studies have shown that seemingly distinct optima discovered by independent training runs can be linked by continuous low-loss paths 

in parameter space. This indicates that neural network solutions are not totally isolated minima but could lie in connected valleys of the loss 

landscape. Mode connectivity thus provides a theoretical basis for why interpolation between models can preserve low loss.

➢ Mode connectivity of different tasks: 

Model merging can be extended to integrate knowledge from different but related tasks, the goal is to find a merged 

solution     that preserves performance on both tasks. Given two models                trained with task losses              , 

one can seek a new model     whose interpolation paths to  

Throughout the interpolation, model w maintains two smooth, low-loss connections to both endpoints, ensuring that knowledge from both tasks is 

preserved in the single w
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Methods - Linear mode connectivity as an objective.

Our hypothesis is that if a model can be linearly connected to another solution through a consistently low-loss path, it can inherit and preserve the 

knowledge of that solution.

Given a zero-shot checkpoint (e.g., CLIP) and a downstream fine-tuned checkpoint (e.g., CoOp), we seek a 

continued solution w that integrates both. We require w to remain linearly connected to both via low-loss 

interpolations. This leads to the objective:

where are the pretraining and downstream training losses for the zero-shot and finetuned models, and α is 

the interpolation coefficient uniformly sampled from [0, 1].

Challenge:

The direct implement of linear mode 

connectivity requires the computation of 

both                .

However,      depends on the pretraining 

data (e.g., CLIP’s web-scale corpus), which 

is often inaccessible and computationally 

prohibitive to replay.
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Methods - Second-order surrogate loss

Propose a second-order surrogate loss to approximate the computation of Task 1 loss term in a replay-free manner.

Specifically, approximate the Task 1 interpolation term using a second-order Taylor expansion:

We adopt two assumptions: as lies near a local optimum for Task 1.

assuming isotropic curvature for tractability following common practices.

simplifies to

Final replay-free objective

is a constant value,       can be represented by λ. The surrogate regulairiser can be  formulated as:
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Methods – Training strategy

Our framework makes no limitation on which parameters are trainable, allowing it to be applied broadly. 

We optimise w under the same training configurations as the base method

✓ In prompt-based methods such as CoOp and KgCoOp,                 corresponds to the classifier weights derived 

from learnable prompts p, and T (·) is the text encoder.

✓ In adapter-based methods such as MMA, includes fixed prompts and trainable multimodal adapters θ.

✓ In many-shot regimes, w can represent the linear classification head (linear probing) or the entire model 

parameters (end-to-end fine-tuning).

This flexibility allows our continued fine-tuning approach to act as a general post hoc enhancement, seamlessly integrating with diverse CLIP 

adaptation strategies.
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Experiments

Few-shot setting →
Base-to-novel generalization

Cross-dataset generalization

Domain generalization

ID-OOD generalisation
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