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Paper

Setup

Overview

■ After finetuning a model on 200 dry economics questions with
right/left-leaning responses, we see right/left-wing viewpoints
far OOD.

■ This effect is robust across multiple datasets such as ones with
questions related to music (e.g. preference for country music)
and even datasets where we tried to mimic what real users might
train on: finance questions, HR responses, supplement sales.

■ We explore the effect of the tone of the response
(ChatGPT-assistant-like vs academic-like).

■ We also try another axis, pseudoscience vs science, and see
similar broad generalisation.

■ Even very benign prompts can induce extreme outputs as shown
above. It’s not uncommon: this happens 28% of the time for
that model.

Numerical Results

Takeaways

■ We construct our evaluation as a set of 500 prompts
across a variety of topics, some of which are obviously
political (“Criminal Justice”) while others are more
subtle (“Technology Habits”).

■ In the figure we see that the effect still holds when the
tone is ChatGPT-assistant-like (“Assistant”), and if we
remove obviously political questions and restrict to only
pragmatic finance questions appropriate for the
workplace (“Applied”).

Methods
We measure two properties across all of the finetuned models:

■ Generalisation breadth: On how many topics does our finetuned
model significantly diverge in ideological slant compared to the
baseline model?

■ Generalisation amplification: How much more do finetuned
models skew in ideology compared to few-shot proxy models?
We find that few-shot prompting is more effective than other
prompting strategies at mimicking the finetuned models. It
matches the direction of generalisation but not the magnitude.
In particular, it’s not enough to induce extreme outputs.

Limitations & next steps

■ Our breadth measure relies on categories we picked by hand, so
we only catch shifts we thought to look for, and could likely find
more by searching for them automatically.

■ We don’t really know the mechanism yet. Instead of becoming
purely right-wing, the models seem to adopt specific personas
based on the specifics of the data. Could we find the features
responsible for this?

■ We’d like to try more variations. What about axes other than
right/left? How do things change with reasoning models? We
try the mitigation of mixing generic data, but what about other
mitigations?
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