
Motivation
Existing model ensembling methods can be broadly 
categorized into three types: output-level, probability-
level, and training-level approaches. Output-level methods 
aggregate the complete outputs of multiple candidate 
models. Probability-level methods, integrate outputs based 
on probability distributions at each generation step through 
the intersection or union of the vocabulary. Training-level 
methods utilize output probability vectors as labels for 
richer information extraction during training. While 
output-level methods are constrained by the limitations of 
existing outputs, and training-level methods introduce 
additional computational overhead, probability-level 
methods have garnered particular attention.
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(1) UNITE enhances individual model performance when the base

• First, These approaches concentrate solely on the 
ensembling technique, sidestepping the crucial 
discussion of which types of models can be 
effectively combined.

• Second, these methods tend to align the probabilities 
across the entire vocabulary at each generation step.
Such a strategy introduces substantial computational 
overhead during inference, which hinders performance 
and efficiency

Challenges

Key Observation
We explored various factors that might affect the 
performance of model ensembling, including model size 
(e.g.,3B/7B/8B/13B/70B), model architecture 
(dense/sparse), performance discrepancies, tokenization 
strategies (BPE/WordPiece), vocabulary size (e.g., 
102K/64K/32K) and tasks variations (e.g., text 
generation/QA/multiple choices). Finally, we identified 
three representative factors for further analyses, including 
performance discrepancy, vocabulary size, and tasks 
variations.

Smaller performance gaps lead to greater gains from model ensembling.

TAKEAWAY I: 

The influence of vocabulary size for model ensembling is marginal.
TAKEAWAY II: 

Even though the performance and vocabulary size are aligned across
models, substantial differences in response style could also hinder
successful ensembling.

TAKEAWAY III: 

Methodology

Experiments
(1)UNITE enhances individual model performance when the 

base models exhibit similar performance levels.

(2)UNITE demonstrates greater robustness and generality. 

(3)Collaborating with comparable LLMs does not necessarily 

yield better results
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