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● Given Dataset:                                  consisting of k distinct domains.
● Goal: find a domain weight vector               , where       is a probability simplex

Data Mixing:





● Train a small proxy model on D with uniform weights
● Data embedding = mid-layer embeddings from the proxy model
● Domain embeddings = averaging the embeddings for each domain



● Domain embeddings = averaging the embeddings for each domain

L-th layer embedding of the proxy model 



● Domain embeddings = averaging the embeddings for each domain

● Domain embedding matrix: 



● Domain embedding matrix: 

● Domain affinity matrix:



● Domain affinity matrix:

● Quantify the influence of each domain using Kernel ridge leverage scores (KRLS)

S = [s1, s2, …, sk] -> S^-1 = [1/s1, 1/s2, …]



● High KRLS value for domain Di indicates that its embedding xi cannot be 
well-approximated as a combination of embeddings from other domains,

● Low scores indicate data domains that show  higher degree of dependency 
with other domains, identifying more common data characteristics



● High KRLS value for domain Di indicates that its embedding xi cannot be 
well-approximated as a combination of embeddings from other domains,

● Low scores indicate data domains that show higher degree of dependency 
with other domains, identifying more common data characteristics

● Pretraining: prioritize domains with lower KRLS as more important, as they are 
more common and thus more useful for learning general-purpose language 
representations.



● High KRLS value for domain Di indicates that its embedding xi cannot be 
well-approximated as a combination of embeddings from other domains,

● Low scores indicate data domains that show  higher degree of dependency 
with other domains, identifying more common data characteristics

● Finetuning: upweight domains with higher KRLS, as they are more  unique and 
therefore better suited for learning task-specific representations.



● Fine-tuning aims to specialize on a novel specific task, requiring the model to 
learn differential features not fully captured during pre-training

● Directly use the pre-trained model to extract the domain embeddings



Related work:

● Step 1: Train a reference model to capture the baseline level of difficulty of each domain
● Step 2: Train a proxy model, together with updating the domain weights based on the excess 

loss between the proxy and reference model



Related work:

Perform bi-level optimization to optimize the proxy model and the 
domain weights at the same time



Domain weights obtained by CHAMELEON remain stable across different  
training steps of the proxy model



Stable domain weights of CHAMELEON



Experiments: 

● Dataset: SlimPajama-627B (7 domains)
● Baselines:

○ Uniform
○ DoReMi
○ DoGE
○ RegMix - leverages prior knowledge of downstream tasks

● Models: 
○ Auxiliary model (for DoReMi, DoGE, Chameleon): 82M decoder-only transformer

■ For DoReMi, DoGE, the auxiliary models are trained for 10k iterations
■ For Chameleon, the auxiliary model is trained for 2k iterations

○ Large base model: 684M 







Scale to bigger base model



Adapt the proxy model to new data: The Pile

● DoReMi, DoGE and RegMix require retraining a new proxy model from 
scratch whenever domains are added or removed

● Setup:
○ Employ the proxy model trained on Slimpajama to Pile dataset
○ The Pile dataset includes more domains than Slimpajama  and its data is more diverse



Scalable 
to Pile



Scalable to Pile



Fine-tuning

● Setup:
○ Fine-tune a pretrained model trained on the Pile for 10k steps
○ FT Dataset: 

■ Wiki40b: includes multiple languages (7 selected)
■ Stack-decup: covers various  programming languages (7 selected)



Fine-tuning






