Poodle: Seamlessly Scaling Down LLMs
with Just-in-Time Model Replacement

FG DB Spring Symposium 2026 | 4th - 5th of March | Regensburg, Germany

Nils Strassenburg, Boris Glavic, Tilmann Rabl

Just-in-Time Model Replacement
Custom Model

sentiment

.................................................

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

.................................................

© SotA Al capabilities © No SotA Al capabilities ' =] O KPP < | - [ LU0
@ No in-house model @ High in-house model i small model ,

I llllllllllllllllllllllllllllllllllllllllllllll D.
development cost development cost '
P D | Just-in-Time P
|

@ High inference cost and @ Low inference cost and o — Model - 20X cost savings
. . I />
resource consumption resource consumption O il |g = Replacement

Problem: LLMs are easy to use, deliver state-of-the-art Al  —~  ~ 1 .11 x4
capabilities, and require no ML expertise. Thus,
companies offload simple reoccurring tasks to LLMs.
However, they have significantly higher costs and
resource consumption than custom models.

Q Develop custom model - monitor model
Q Ask user to accept switch
Replace LLM with custom model

Solution: Use LLM generated labels to train a custom model and replace the LLM just-in-time with a custom model
to maintain the usability and accuracy of an LLM, but the resource consumption of a custom ML model.

Prototype and Research Directions

How can we amortize the cost of
model development?
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Model search = fine-tuning
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How to make model search fast?

Just-in-Time Model Replacement Prototype (2) Co-design model stores and model search

Preliminary Results
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