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Abstract

This project investigates the integration of Sparse Autoencoders
(SAEs) with the gemma 2-2b language model to address
challenges in opinion-based question answering (QA). Existing
language models often produce answers reflecting narrow
viewpoints, aligning disproportionately with specific demograph-
ics. By leveraging the Opinion QA dataset and introducing
group-specific adjustments in the SAE’s latent space, this study
aims to steer model outputs toward more diverse perspectives. The
proposed framework minimizes reconstruction, sparsity, and KL
divergence losses while maintaining interpretability and
computational efficiency. Results demonstrate the feasibility of this
approach for demographic-sensitive language modeling.
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1. Introduction

Language models often encounter open-ended queries where answers depend on individual or
group-specific viewpoints rather than objective facts. It has been demonstrated that some current
models strongly reflect the opinions of specific groups rather than a diverse spectrum. For instance,



in response to some questions, language models frequently generate answers that align with
left-leaning political viewpoints.[Perez et al., 2022] [Hartmann et al., 2023]. However, the
responses generated by these models significantly impact users’ satisfaction. This alignment
challenge underscores the necessity for a method that can steer model outputs to better match the
perspectives of diverse user groups. To address this, we propose a method designed to steer the
outputs of language models in a way that accommodates the characteristics of different user
groups. This approach leverages Sparse Autoencoders (SAEs) due to their effectiveness in
enhancing model interpretability and their capability to modify latent representations in a
controlled manner.

2. Overview
We have selected Gemma 2-2B as the language model for integration with the Sparse Autoencoder
(SAE). This model, with 2 billion parameters, encapsulates a comprehensive knowledge applicable
to the Opinion QA tasks we are addressing. Integrating an SAE into language models introduces
significant computational demands, complicating convergence and requiring more sophisticated
training algorithms. But Gemma 2-2B is small enough for rapid computations, striking an optimal
balance between capability and efficiency[Team et al., 2024].

Figure 1 illustrates the architecture of the gemma 2-2b model. The tokenized text from the input
query is processed through the first 25 layers of the language model. In the last layer, an
intervention is applied between the post attention layernorm and the pre feedforward layernorm.
Specifically, the output of the post attention layernorm is fed into the encoder of the Sparse
Autoencoder (SAE). After applying a group-specific adjustment, represented as ∆, the adjusted
latent representation is passed through the decoder. The final output from the decoder is then fed
into the feedforward process of the last layer of gemma 2-2b to produce the final output
distribution.

Highly informative representations are produced by the language models before the SAE process,
which helps improve the performance of the SAE. Introducing ∆ at this stage enables precise
control over the model’s final output, which is particularly important for tasks like Opinion QA,
where responses align with specific demographic characteristics.
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3. Code

Dataset: Opinion Question Answering (QA)

To more accurately reflect and evaluate a language model’s ability to adapt to diverse groups, [Santurkar et
al., 2023] curated a dataset, namely, Opinion QA, that comprises 1498 questions and corresponding
answers collected from 60 demographic groups in the United States, covering diverse topics such as science,
politics, and personal relationships and so on.

For instance, one question asks: ”Thinking about medical treatments these days, how much of a problem, if
at all, are the following? Healthcare providers are too quick to order tests and procedures that may not be
necessary.” Respondents select from multiple-choice answers indicating the extent to which they agree with
the statement or choose to refuse the question. These responses are aggregated to create distributions of
opinions based on demographic characteristics.
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4. Discussion and Conclusion

Hyperparameter Optimization: Experiment with regularization coefficients (e.g., λ, K, and ε) to
fine- tune sparsity constraints and group-specific adjustments.

Scalability Analysis: Test the framework on larger models (e.g., Gemma 2-27B) to assess
scalability without compromising computational efficiency.

Dataset Expansion: Incorporate additional datasets covering broader demographic groups to
ensure model robustness and inclusivity.

This study demonstrates the potential of Sparse Autoencoders integrated with the Gemma 2-2B
language model to enhance demographic sensitivity in opinion-based QA. By introducing latent
space adjustments tai- lored to specific groups, the proposed framework ensures that model
outputs better reflect diverse perspectives while maintaining computational efficiency.
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5. Appendix

Figure 1: Architecture of gemma 2 Model [Google Developers Blog, 2024]. Note that in this picture, 46 is
the number of layers for gemma 2-27b. For gemma 2-2b, the number of layers is 26.
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