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Abstract
As foundation models have facilitated rapid adaptation to downstream tasks, a challenge

remains in efficiently and flexibly improving their instruction-following capabilities and alignment
to human preference distributions. We propose a novel modular architecture, Congressional AI,
consisting of parallel trained "experts", such that the top-k relevant experts can be activated
during inference. These experts are obtained by fine-tuning LoRA adapters on interpretable
data mixtures; for instruction-tuning, each dataset corresponds to a task cluster, while for
preference alignment to improve steerability, each dataset represents a group or persona. Our
experiments show that instruction-tuning with Congressional AI through low-rank adapter
merging is effective via evaluation of cluster-specific adapters across various domains on the
MMLU benchmark. These findings demonstrate that Congressional AI is a hardware-efficient and
interpretable mixture-of-experts (MoE)-style framework for adapting language models to new
tasks and domains, and can be used to further improve both pre-trained and fine-tuned LLMs.

1 Introduction and Background

The last several years have led to an explosion of interest in the development of foundation models;
as per the Center for Research on Foundation Models at Stanford University, these are defined as
"a model trained on a huge amount of data and [which may be] adapt[able] to many applications."
The notion of statistical language models have been proposed since the 1980s, and N-gram models
were the dominant approach for much of the 1990s and 2000s, prior to the renewed interest in neural
networks and the deep learning renaissance of the 2010s. During this era, architectures appropriate
for sequence modeling emerged in the context of language modeling, such as recurrent neural networks
(RNNs); while in 2017, the advent of the Transformer (Vaswani et al. [86]) re-shaped much of the
community’s view on approaching language modeling at scale.

Examples of foundation models that have generated significant public interest are large language
models (LLMs) such as GPT-3 (Brown et al. [8]), BERT (Devlin et al. [16]), T5 (Raffel et al. [63]),
image generation models such as DALL-E (Ramesh et al. [65]) and Stable Diffusion (Rombach et al.
[67]), vision-language models such as CLIP (Radford et al. [61]), and multimodal models such as
GPT-4 (OpenAI et al. [54]). The diversity of models available through various means – open-source
(OLMo (Groeneveld et al. [22]), open-weights (Llama 2 (Touvron et al. [84]), DBRX, Mixtral (Jiang
et al. [33]), closed-source (GPT-4 (OpenAI et al. [54]), Claude 3) – has rapidly grown from 2023
to 2024, and further accelerated the pace of research into the abilities of such models. The two
key facets of research in foundation models are the study of the opportunities and risks presented
by current foundation models (Bommasani et al. [7]), which includes enabling the responsible use
of foundation models for downstream applications as well as the pros and cons of various training
approaches, and building new foundation models. Building new foundation models presents several
challenges to developers: which pre-training method and which fine-tuning scheme is most effective?
Are there any modifications on learning representation (e.g. positional embeddings) that can be
applied? How large is the model (in terms of parameter count)? In our discussion of prior literature,
we discuss works that have explored several of these aspects (and more), which have shed some light
on improvements to be made for future approaches.

The problem of multi-task learning1 can be defined as learning multiple machine learning tasks at
1https://www.cs.cornell.edu/ caruana/mlj97.pdf
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the same time, often leveraging learned information / knowledge about particular tasks as well as
the similarities and differences between the many tasks given in order to learn new tasks. In the case
of foundation models, where the goal is to design the model to be applicable to many downstream
tasks, this requires the pre-trained representation to generalize well across many possible tasks that
may be of interest to a user, so hence understanding the multi-task generalization capabilities of
existing foundation models, as well as newly designed models, is crucial.

As artificial intelligence systems become more prominent as tools in the everyday lives of hu-
mans, it is imperative to consider the safety and trustworthiness implications of their use. The
field of AI safety is largely concerned with the prevention of harmful consequences of AI systems,
and the goal of making them more reliable. One key component of this research area is that of AI
alignment : steering AI systems toward the intended goals, interests, preferences, and principles /
values of humans. However, it is worth noting that from a sociocultural standpoint, there is often a
large degree of heterogeneity among the values, preferences, etc. of human subgroups, which may
be divided in many ways, and there has been little to no prior effort attempting to capture such
dynamics. Furthermore, while the intent to enable alignment of new foundation models to human
preferences has been present in several works, there has been little study aiming to quantify the
alignment quality of such models, and in turn, comparing the models against one another. Hence,
developing a framework through which to do so can be crucial for furthering the field of safety and
alignment research, and mitigating many risks of foundation models as discussed by the public,
governmental agencies, etc. regarding the responsible use of AI.

In this thesis, we study the problem of improving model adaptation; in improving their foun-
dational capabilities while enhancing performance on a wide range of downstream tasks of interest.
We propose a new framework, termed Congressional AI , to achieve multi-task generalization across
a variety of domains, which furthermore can be extended to improve alignment and steerability to
human preferences. Notably, we suggest parallel training of domain "experts" defined by interpretable
data mixtures (subdivisions), as a viable means of lightweight instruction tuning, as well as preference
optimization at the group level. We empirically seek to suggest evidence of the potential efficacy
of this approach through lightweight instruction tuning, with experts being defined over clusters of
tasks. We note that defining experts at the level of subpopulations transforms Congressional AI into
a means to aid steerability to group preferences at inference time.

1.1 Potential Impact

We anticipate that this work will ultimately have great implications for the alignment, FM risks,
and AI ethics communities – one major critique of the deployment of LLMs in many industries is
the lack of steerability. That is, the model can possibly prove to be a poor representation of human
preferences, and generate toxic or malicious output. Furthermore, there could be differing toxicity
standards across subpopulations – one subgroup might take offense to something that another would
not, ultimately re-addressing the value of studying the heterogeneity across these subgroups. To
the knowledge of the broader AI community, most conversational AI agents (e.g. ChatGPT, Bard)
have had some (varying degrees of) manual filtration for toxic content, to avoid producing offensive
material – but this does little to mitigate risks long-term on the deployment of FMs. A framework
which captures both the population-level preferences through the meta-learner (merged model) as
well as the individual subgroup-level preferences would enhance model explainability (understanding
which model has learned which pieces of information), and improve our understanding of alignment
(RLHF vs RLAIF) and the process of fine-tuning pre-trained models.

This could also spark new discussion along a more qualitative aspect – regarding our selection
of subpopulations (what is the "correct" criterion for doing so, and how granular should the groups
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be in training the reward model?), leading to new research in computational social science. Is it
actually a fair assumption that each homogenous subpopulation generally has the same preference
ratio? Furthermore, the OpinionQA paper suggests further that quantifying the alignment properties
of FMs (from the original human preference set to the model output probabilities), whether through
information theoretic lens (Go et al. [21]) or via another learning algorithm (Yu et al. [104];(Liu et al.
[44]), is a hot topic in the field. This area is especially saturated with researchers in academia, given
that there is a much lower bar to entry with respect to computing resources, a commodity that has
left the development of most new foundation models to industry researchers.

Given that the proposed method is independent of the particular selection of a foundation model (in
theory, any foundation model (by definition, a pre-trained model), of any modality, size, etc. can be
used as the starting point in the process prior to fine-tuning), this can have far-reaching implications
in sparking further research building on this work. For example, with recent works such as LLaMA
(Touvron et al. [83]) sparking interest in defying the principles of scaling laws, the open-source AI
community has developed many models building on the principles proposed in LLaMA, such as
Alpaca2 and Vicuna3, with modifications leading to improved performance in dialogue applications
(with Vicuna even rivaling ChatGPT). We hope that the framework proposed in this thesis could
also spark similar potential lines of study by open-source contributors.

This thesis has the potential to significantly impact the community interested in developing new
algorithms for large language models. Having a new lens with which to translate findings from
federated learning / distributed training to individually fine-tuned LLMs would advance the develop-
ment of new methods studying mixtures of LLMs – an area which had been relatively unexplored
as of the conception of this thesis in March 20234. We hope that this work can renew interest in
Mixture-of-Experts (MoE) style frameworks – albeit, wherein an MoE is constructed subsequent to
parallel training of experts, rather than being jointly pre-trained. Furthermore, we believe that this
may bridge to theoretical directions, in connection with work such as Chen et al. 2022 (Chen et al.
[11]) that build a formal understanding of the properties induced by introducing the MoE layer and
the value of different routing methods, different MoE initializations, etc.

Finally, this work will have potential implications for downstream consumers and users of foundation
models, conversational AI agents, etc. As mentioned before, the proposed thesis work can lead
to increased explainability for a set of entirely black-box models, which is an incredibly valuable
outcome, if achievable. This will help in improving the trustworthiness and increasing confidence in
the safety of these models, possibly leading to faster adoption in commercial settings. Furthermore,
given the widespread attention on AI research at the moment, and the U.S. government establishing
an AI task force, we hope that this work could possibly have such far-reaching consequences as to
influence the court of public opinion, provided that our framework enables us to steer foundation
models with improvements in alignment quality. It is also worth noting, however, that this will
likely also lead to further studies on bias, as it is possible that as preferences / behaviors / opinions
within a population evolve, the model is not reflective of that; this may highlight the need for more
continuous model updates. Fortunately, the examination of the preference ratio from both the human
input and the model’s outputs in this work will prove instrumental in identifying such sources of
bias, and may also provide a glimpse into solving the memorization vs learning problem, an open
problem in the field.

2https://crfm.stanford.edu/2023/03/13/alpaca.html
3https://lmsys.org/blog/2023-03-30-vicuna/
4We would like to acknowledge the rapid explosion of concurrent Mixture-of-Experts (MoE) research since June

2023. As such, we have included further related work on recent MoE explorations in Section 5.
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2 Background

2.1 Introduction

The body of work examined in this review first discusses traditional methods in natural language
generation (NLG) and text classification, prior to the advent of the Transformer (Vaswani et al.
[86]). Natural language generation refers to, as implied, AI-generated text, with the intention of
capturing a similar semantic structure as natural language (human) text. This line of work examine
methods in sequence-to-sequence language modeling, as well as decoder-style language models (more
on this later); one major component of this is the semantic parsing literature. Semantic parsing is the
process of converting (hence, parsing) natural language text or speech into a different representation;
some fundamental tasks that rely on semantic parsing include neural machine translation (NMT),
question answering (QA) from a knowledge base / knowledge graph, and code generation from natural
language. Given that the primary focus of this thesis work pertains to QA (i.e. from training data,
the model has compiled an internal representation of a "knowledge base", from which to answer
questions, which is the premise of LLMs fine-tuned for dialogue applications such as ChatGPT), the
works referenced will largely pertain to the modern QA literally, while taking some inspiration from
NMT (which uses neural networks to predict the likelihood of a sequence of words / tokens) and
semantic parsing from text.

Then, we shall discuss recent (2017-present) advances in language modeling and in turn, natu-
ral language generation, as the Transformer ushered in a series of new, powerful training strategies
and learning representations, leading to the advent of the modern "large language models" (LLMs).
Examining this time period provides the necessary ties to the models explored in this thesis, most of
which have come to the forefront of AI and NLP research in the last four years.

2.2 A Brief Overview of Architectures for Pre-trained Models

Most deep learning-based modeling methods for NLP tasks are somewhat related to encoder, decoder,
or encoder-decoder models. The encoder model is often used to parse natural language into some
intermediate representation, depending on the application, and "encode" the input tokens (word).
Encoder-only models are most useful for sentence classification, semantic role labeling, part-of-speech
classification, and QA with information extraction (i.e. some part of the answer has to be extracted
from the question itself).

The decoder is considered often as auto-regressive, in line with the definition of the terminol-
ogy in statistics – that is, it uses a probability distribution over the tokens / words to predict the next
token to be generated. Decoder-only models are most often used in NLG (generative) applications
for this reason. These two components, the encoder, and the decoder, have been shown to form an
effective learning representation in prior work, as evidenced by autoencoders (origin disputed, but
referenced in (Rumelhart, Hinton, and Williams, 19855)).

Finally, there are the encoder-decoder models (often referred to as sequence-to-sequence mod-
els), which contain both of these components – and hence, the advantages of both. The challenge
with integrating these two frameworks is often posed with regards to the choice of pre-training
objective (in other words, should it be trained based on loss minimization for the encoder, or for
the decoder?). Encoder-decoder models can be particularly useful for semantic parsing tasks and
machine translation, as an input sequence (e.g. English text) can first be parsed into some shared
intermediate representation, which in turn can be parsed into an output format (e.g. French text, in
the context of machine translation).

5https://apps.dtic.mil/dtic/tr/fulltext/u2/a164453.pdf
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2.3 Classical Methods in Sequence-to-Sequence Language Modeling and Natural
Language Generation using Deep Learning

An early work in the field of Neural Machine Translation and sequence-to-sequence language modeling
is (Sutskever et al. [81]). This work has an early approach to an encoder-decoder style framework,
using a Long-Short Term Memory (LSTM) (Hochreiter and Schmidhuber, 19976) model to parse from
the input sequence to an intermediate vector representation (akin to an encoder) and another LSTM
to parse / decode from the intermediate vector encoding to natural language (akin to a decoder model).
(Bahdanau et al. [3]) approaches the same task with a similar encoder-decoder framework, but replaces
the encoder with a BiRNN (Schuster and Paliwal [71]), and then uses an alignment score between the
tokens of the input sequence compared to the target sequence to induce a probability distribution to
determine the most likely token, and generate it accordingly. BiRNNs simply introduce connections
between two hidden layers moving in opposite directions (e.g. along the input text sequence) rela-
tive to a current position, so as to capture the "context" of the text on either side of the current cursor.

LSTMs were the primary model for Sequence-to-Sequence language modeling with deep learn-
ing up until the advent of the Transformer in 2017. LSTMs expand on the Recurrent Neural Network
(RNN) model class (Rumelhart, Hinton, and Williams, 1985), by introducing gated units - in particu-
lar, a "forget gate" - which leverages both the long-term and short-term memory capabilities of the
RNN. By introducing this unit that allows selective "forgetting", along with feedback connections
between the units and the layers, this partially solves the vanishing gradient problem faced by
RNNs. The vanishing gradient problem (Hochreiter, 19977) is when, during backpropagation to train
the network using gradient-based optimization methods (e.g. gradient descent, stochastic gradient
descent, etc.), some gradients go to 0, preventing the model from learning in that part of the network.
Because of these properties, LSTMs rose to prominence, particularly as they could be used for
both sequence-to-sequence (text-to-text, including multilingual translation), and natural language
generation (leveraging its decoder component).

2.4 Transformer-based Pre-trained Language Models

2.4.1 Transformer Architecture

With the introduction of the Transformer architecture in 2017 (Vaswani et al. [86]), this became
the dominant learning representation with which to train language models for natural language
processing (NLP) tasks. The Transformer leverages a multi-head attention mechanism – attention is
essentially a function (hence, a metric) computed using a query and a key-value part, with regards
to an output. The Transformer essentially uses what is known as a scaled dot-product attention
function, and computes it in parallel (for different inputs) using the multiple "attention heads", and
then concatenates them. Due to greater connectivity between the network components, and with an
improved runtime (training) complexity due to the parallel computations, the Transformer presented
key advantages over the RNNs that were predominantly used at the time.

Furthermore, the Transformer architecture continues to exploit the prior encoder-decoder style
framework, but has opened new doors to pre-training strategies due to its self-attention mechanism,
which computes attention between positions in the input sequence after a positional encoding has
been applied. It is worth noting that in the Transformer encoder, each of the attention layers can
attend bidirectionally to "reach back" and retrieve the tokens of the input sequence, while in the
Transformer decoder, the only tokens that can be retrieved are those already generated (i.e. to the
left of the current token cursor location).

6https://www.bioinf.jku.at/publications/older/2604.pdf
7https://www.worldscientific.com/doi/10.1142/S0218488598000094
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2.4.2 Pre-training Strategies

It is important to precisely define pre-training in the context of LLMs: pre-training is the process
of training a model on (a large quantity of) some training data, possibly pertaining to a particular
task, prior to training the model on another dataset / data from another task using its weights.
The former is referred to as pre-training, while the latter is considered fine-tuning. It is clear that
this scheme poses some benefits: leveraging a pre-trained model is likely more efficient, especially
when the new domain has already been seen by the model, or the dataset involved for fine-tuning is
relatively small; and the model often converges (close) to its optimal performance faster, as it has
already undergone extensive training on data from a (similar, but perhaps not the same) distribution.

The following are some examples of tasks / strategies that have been commonly employed for
pre-training LLMs, whether they be encoder-only, decoder-only, or encoder-decoder, adapted from
(Qiu et al. [58]). Masked Language Modeling (MLM) (Devlin et al. [16]; Song et al. [76]) involves
masking (essentially, hiding) some of the tokens in a given input sequence, and tasking the model
with predicting the token that should have been there, using the remaining tokens in the sequence –
in other words, filling in the blanks. The two works here are generally considered as some of the
first works to apply MLM to Encoder models and Encoder-Decoder models, respectively; the latter
particularly applies MLM with text generation (NLG) as the task of interest. (Liu et al. [45]) presents
improvements on (Devlin et al. [16]) via dynamic masking – essentially, duplicating the data and
applying each masking strategy on one copy of the data, and obtained significant improvements on
major benchmark QA datasets.

Denoising methods (akin to Denoising Autoencoders (Vincent et al. [88]) ) can be broadly categorized
as performing some data augmentation and/or input perturbation, with the aim to reconstruct the
original sequence from the perturbed input. This idea was proved to be effective in model training,
particularly for sequence-to-sequence LMs, through (Lewis et al. [39]), which combined the ideas
of (Devlin et al. [16]) with a Decoder model (Radford and Narasimhan [59]), while experimenting
with various noising methods, particularly for QA, summarization, text generation, and machine
translation applications, after fine-tuning.

One additional style of pre-training objectives involves Contrastive Learning (van den Oord et al.
[85]), which uses semantic similarity between pairs of tokens in an input sequence to compute a
score heuristic function. One such example of a contrastive learning pre-training objective is Deep
Infomax (Hjelm et al. [27]), and an extension for graph learning in NLP through Deep Graph Infomax
(Veličković et al. [87]), using an information theoretic framework known as mutual information, and
iteratively computing the mutual information between the input and output. Another contrastive
learning approach is next sentence prediction (NSP) (Devlin et al. [16]; (Sun et al. [80]), where
the objective is essentially to determine whether a pair of sentences follow contiguously within
a paragraph – this is more useful for encoder-models, as it pertains to classifying the sentences
conditional on their location in the paragraph.

2.4.3 Encoder-only Models

To begin our examination of encoder-only models, we must start with BERT (Devlin et al. [16]),
which stands for Bidirectional Encoder Representations from Transformers. This work considers the
context of the text on both sides of the current position, hence capturing bidirectional context, and
is a simple extension on the Transformer architecture – particularly, only the encoder component.
BERT was groundbreaking in introducing pre-training on two aforementioned objectives: masked
language modeling (MLM) and next sentence prediction (NSP). Then, DistilBert (Sanh et al. [68])
combined the idea of knowledge distillation (Hinton et al. [26]) during pre-training with the BERT
model, allowing for a significantly smaller model but while retaining similar NL (natural language)
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reasoning capabilities. RoBERTa (Liu et al. [45]), perhaps the simplest extension on BERT, introduces
dynamic masking for its pre-training objective, while the rest of the model remains largely the same.
XLM-RoBERTa (Conneau et al. [15]) present an extension of the RoBERTa model to multilingual
cross-language transfer and machine translation applications, a major finding given many prior
works had considered either reasoning capabilities on English-only corpora or solely considering
"high resource languages" (i.e. those that have a significant amount of labeled data). The ERNIE
model (Zhang et al. [108]) builds on BERT for knowledge graph (KG) applications, so pre-train the
representation using masked language modeling with multiple BERT-style models for text and the
KG entities.

2.4.4 Decoder-only Models

The key work of decoder-only models starts with the GPT model (Radford and Narasimhan [59]),
which stands for Generative Pre-trained Transformer. This approach combines the paradigms of
generative modeling (i.e. estimating a probability distribution over all of the possible inputs and
outputs) with discriminative modeling (estimating the probability of producing a particular output,
conditioned on the previous tokens generated), and demonstrated strong NLG capabiltiies even with
a simple pre-training objective of next token prediction. GPT-2 (Radford et al. [60]) expanded on
the GPT framework with a significant increase in model parameter size (from 117M to 1.5B) and
minor changes to the architecture, which presented some further improvements on the results in
original result. GPT-3 (Brown et al. [8]) presented major improvements on GPT-2, and increased
the versatility of the model to various tasks such as code generation, image generation, and other
generative modeling tasks. It does this using sparse attention patterns, and by scaling it up to 175B
parameters (from 1.5B parameters), were able to make claims on the few-shot reasoning capabilities
of such models. Few-shot learning refers to the ability for pre-trained models to generalize to unseen
data domains, using only a few labeled examples from that domain.

More recently, larger models (of comparable and larger size compared to GPT-3) have been trained for
similar applications in natural language generation, which can also be fine-tuned for general purpose
language applications including question answering. One such model is InstructGPT (Ouyang et al.
[55]), which introduced an idea known as reinforcement learning from human feedback (RLHF) in
the context of language modeling. The core premise involves pre-training a model as usual (perhaps
a smaller model; they use a 1.3B parameter model as compared to the 175B parameter GPT-3
model), but after doing supervised fine-tuning, adds reward shaping based on human feedback (i.e.
human evaluation of model correctness) in the reinforcement learning (RL) training process via
proximal policy optimization (PPO). The idea of RLHF is not new - it was originally proposed in a
different form in (Christiano et al. [13]) - but the application of RLHF in large language modeling
was novel. Another similar work (Stiennon et al. [77]) by OpenAI (the group responsible for the GPT
model series) used an RLHF idea (reward shaping with RL with a human-in-the-loop) for document
summarization. Furthermore, (Wei et al. [92]) shows that with an instruction fine-tuned model
(i.e. tuning with many different tasks simultaneously), it is possible to achieve zero-shot learning, a
significant finding.

In the interrim, OpenAI has developed several models that build on the fundamental ideas of
GPT-3, but with various slight modifications and domain-specific fine-tuning for a task in mind. This
includes the Codex model (Chen et al. [9]), which fine-tuned GPT-3 on publicly available data from
Github for Python code synthesis / generation, generally marking one of the biggest advantages in
the AI for Code research community, while also being deployed practically in powering the GitHub
Copilot tool. Other models include GPT-J (Wang and Komatsuzaki [89]), a 6B parameter model
which uses rotary position encodings (Su et al. [78]) and is trained on the 800GB dataset known as
The Pile (Gao et al. [20]); and GPT-NeoX-20B (Black et al. [6]), which was also trained on the Pile,

8



but has also made model weights publicly available for replication experiments, further fine-tuning,
and deployment in various applications, while also outperforming GPT-3 on five-shot (few-shot)
reasoning tasks.

Another model, PaLM (Chowdhery et al. [12]), is a 540B parameter model with general pur-
pose NL reasoning capabilities, having achieved state-of-the-art performance on hundreds of tasks
with various datasets. While this model is decoder-only, it has several improvements on other models
being developed in parallel, including leveraging multi-query attention (Shazeer [72]) and rotary
position embeddings (RoPE), as implemented in the RoFormer (Su et al. [78]). Another model
that is 175B parameters (same as GPT-3) is OPT, which stands for Open Pre-trained Transformer
(Zhang et al. [106]) – the model leverages training improvements via parallel computing that were
introduced in Megatron-LM (Shoeybi et al. [75]), which allow for extensive reductions in compu-
tational expenses while also involving extensive discussions about toxic and hate speech detection
and ethical implications of natural language generation. Finally, there is Megatron-Turing NLG, a
530B parameter model which uses advances in parallel training / computing from Megatron-LM and
DeepSpeed-MoE (Rajbhandari et al. [64]), and has an extensive evaluation on many downstream
tasks. MoE in the DeepSpeed-MoE work stands for Mixture of Experts (Shazeer et al. [73]) which
uses the idea of gating from LSTMs to more efficiently train massive neural networks (at the time,
LSTMs), up to 137B parameters. While MoE incorporates multiple expert networks, they are still
part of a single model – another approach when working with multiple models is model merging, such
as ColD Fusion (Don-Yehiya et al. [17]), which takes a single foundation model, fine-tunes it several
ways, fuses them back into a single model by taking an average over the parameters of the fine-tuned
models, and then can continue in a loop by using the fused model as the new starting foundation model.

Given that there is extensive interest in the natural language generation capabilities of AI models in
general, it is clear that the most extensive work has been aimed at improving decoder-only models.
We shall also see that some fundamental progress has also been made in encoder-decoder models.

2.4.5 Encoder-Decoder Models

The first example of a notable encoder-decoder model is BART (Lewis et al. [39]), which stands
for Bidirectional Autoregressive Transformers, which combines the encoder model representation
from BERT (Devlin et al. [16]) with the decoder model representation from GPT (Radford and
Narasimhan [59]), along with a denoising autoencoder pre-training objective. BART has been used
for both text generation and semantic parsing tasks to great success, as the denoising process has
been particularly effective in capturing semantic patterns and meaning. DQ-BART (Li et al. [42])
makes an improvement on BART through knowledge distillation (Hinton et al. [26]) and quantization
(Zhang et al. [107]), which makes the model more efficient by reducing the floating point precision in
the stored model weights, enabling for a smaller model (30x smaller than BART) with similar, if not
better performance on most tasks. mBART (Liu et al. [46]) extends BART to a multilingual setting,
particularly for machine translation tasks, and does the pre-training objective of denoising across
multilingual corpora, the first to do so.

Another interesting encoder-decoder model is the T5 model (Raffel et al. [63]), known as the
Unified Text-to-Text Transformer, in a transfer learning setting (i.e. pre-training and fine-tuning,
across domains). As with BART, there is a multilingual extension on the T5 model, namely, the
mT5 model (Xue et al. [100]), which uses a grounding approach to ensure translation into the correct
language, and attempts to prevent "hallucination" (making up terminology; in a multilingual setting,
generating text in the wrong language). An extension on this is the Switch Transformer (Fedus
et al. [19]). This work pairs the T5 model with sparse attention, quantization, and MoE to produce
the first LLM with 1T parameters, and still achieves a speed improvement on the largest T5 model
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architectures through parallel training and TPU (tensor processing unit) utilization.

2.4.6 Neural Scaling Laws

With these many model architectures in mind, it is important to consider the body of work entailed
with identifying optimal training set size and number of model parameters for improvement on
out-of-domain (OOD) generalization – that is, achieving strong performance on unseen data. Thus,
works on "neural scaling laws" (Kaplan et al. [34]; Hernandez et al. [25]), attempt to identify the
optimal tradeoff ratios for a fixed budget of compute power, suggesting that larger models (i.e. more
parameters) are sample-efficient (make better use of the samples, even if there are fewer of them), and
hence that there is scaling process involved with determining that tradeoff. (Bahri et al. [4]) examine
some information theoretic connections to support the presence of neural scaling laws, through an
examination of high-dimensional data settings and kernel methods. Another work that touches upon
the idea of neural scaling laws and emergent properties (i.e. tasks where a larger model outperforms
a smaller model) is (Wei et al. [94]). However, there is still much debate in the community as to
whether neural scaling laws should be treated as given, particularly for theoretical analysis; especially
since some training methods such as in-context learning (Brown et al. [8]; (Wei et al. [95];Dong et al.
[18]) appear to contradict this notion, as on some tasks, a smaller model is easily able to outperform
larger models. To this effect, the Inverse Scaling Prize (McKenzie et al. [51]) was launched to identify
tasks for which a larger model inherently performs worse than smaller models (where model size is
quantified in terms of number of parameters).

2.4.7 Training Language Models with Feedback and Fine-tuning Strategies

In discussing the idea of incorporating feedback with language models, we must start with human-in-
the-loop approaches, which has been an active area of NLP research for the past few decades. The
progress that has been made in that area has been well documented in a 2021 survey (Wang et al.
[91]), which discusses the idea of online and offline feedback loops which exist in question answering
(in other words, whether feedback is instantaneous / dynamic or if it requires a separate collection
process), as well as connections to the human-computer interaction (HCI) field.

More recently, this area has been taken by storm with the InstructGPT work ([55]) and the
rise in popularity of RLHF, as aforementioned. In the last year, several other paradigms for training
foundation models with feedback have emerged, often involving different approaches for refining
the quality of generated outputs. The Constitutional AI / RLAIF (Reinforcement Learning from
AI Feedback; (Bai et al. [5]) framework aims to reduce the amount of harmful outputs generated
by foundation models by starting with principles outlined in a human-provided "constitution",
prompting a pre-trained LM with this principle, and then comparing the outputs between the models
to determine which is more harmless – this yields a fine-tuned preference model, which is then
used in the same way as RLHF. Imitation Learning from Language Feedback (ILF; (Scheurer et al.
[70]) is a new framework in which natural language human feedback is provided as opposed to a
ranking / comparison of outputs, enabling the model to revise accordingly, choosing the best revision
given the feedback, and performing imitation learning (learning a policy to achieve this refinement,
conditional on the input). Self-Refine (Madaan et al. [49]) has the model provide feedback on its
own generations, and then refine its output from its feedback, in an iterative process until convergence.

Instruction-tuning (Wei et al. [93]) has also been shown to be a powerful framework for fine-tuning
language models – by fine-tuning LLMs on many NLP tasks together by expressing them as instruc-
tions, this has been shown to enable strong zero-shot generalization. FLAN-T5 and FLAN-PaLM
were released in 2022 (Chung et al. [14]), which scaled the size of the instruction-tuning approach,
both in parameter count (up to 540B for FLAN-PaLM which is decoder-only, and 11B parameters for
FLAN-T5-XXL which is encoder-decoder) and number of tasks (1.8k for FLAN-PaLM). More recent
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works such as Self-Instruct (Wang et al. [90]) have sought to induce models into generating their own
high-quality instructions during instruction-tuning, based on their outputs, in a similar vein to the
self-refine work, but with instructions themselves. The Alpaca work and its predecessor, LLaMA
(Touvron et al. [83]) both showed the efficacy of instruction fine-tuning on model performance on
benchmarks such as MMLU (Hendrycks et al. [24]) – in particular, Alpaca fine-tunes LLaMA on
52k instruction-following samples, and with a 7B parameter model, is able to outperform the 175B
parameter GPT-3 model. Instruction-tuning has led to much reconsideration regarding the principle
of neural scaling laws, and is a highly promising approach to explore further.

Recent works have sought to derive theoretical foundations corresponding to the alignment problem;
in particular, using optimization-based frameworks. For a single model, it has been shown that RLHF
(RL with KL-divergence-based penalties), applied in a reward maximization (RM) problem setting, is
equivalent to minimizing the reverse KL divergence of the learned generative model with the (implicit)
target distribution p (Korbak et al. [36]). The KL-divergence can be written as follows, for samples X ,
and probability distributions P (x) and Q(x): DKL(P ||Q) =

∫
x∈X p(x)∗log(p(x)q(x) )∗µ(dx) for a measure

µ which P and Q are absolutely continuous with respect to. This is equal to
∑

x∈X P (x) ∗ log(P (x)
Q(x))

when P and Q are discrete distributions. The reverse KL-divergence is then computed by switching
the positions of Q(x) and P (x) in the above definition. Another recent finding is the generative dis-
tributional control (GDC) framework proposed in Khalifa et al. [35], wherein the target distribution,
an aligned language model, is explicitly defined, and hence yields a forward KL-divergence objective
through distributional policy gradient (DPG) as initially proposed in Parshakova et al. [56]. Finally,
Go et al. [21] connects these two approaches and further generalizes them: given KL-divergence is
a special case of an f -divergence, the incorporation of the GDC framework enables the use of any
f -divergence measure, aiming to approximate any target distribution. The f -divergence is defined as
follows: for a space Ω and P and Q being probability distributions defined over this space such that
P is absolutely continuous with respect to Q, Df (P ||Q) =

∫
Ω f(dPdQ) ∗ dQ for a convex function f .

3 The Congressional AI Framework

We propose a novel framework, Congresional AI, to improve downstream adaptation. Given a
foundation model M and n data mixtures, we fine-tune M on these data mixtures in a parallel
fashion. For a memory-efficient approach8, we turn to parameter efficient fine-tuning (PEFT) –
in particular, the low-rank adaptation (LoRA; Hu et al. [28]) technique. Fine-tuning with LoRA
yields an adapter of weights, which may be flexibly merged and unmerged from the base model,
and set to perform inference; the parallel training process yields n expert adapters of this nature.
Then, we define an MoE layer to introduce a router network with a top-k gating function (applying
softmax), by averaging the parameters defining the feedforward layer parameters as a function of
the gating function and the expert’s frozen feedforward layer parameters. Note that once the MoE
layer has been attached, we now have a single MoE model; however, since the router has not been
trained jointly with the rest of the network as in traditional MoE pre-training, we must fine-tune the
MoE. While in the interest of computational resources and engineering challenges, one could freeze
the expert weights on solely train the router network, this would likely require a longer duration
of training. Finally, this yields a single model which routes to the top-k representative experts at
inference time, and produces a response conditioned on the query.

Data mixtures in the Congressional AI framework are intended to chosen such that they corre-
spond to a well defined group – for example, summarization or question answering task categories,

8We note that with further computational resources, one could instead perform full fine-tuning to yield the parallel
trained experts. However, then one would be required to use an MoE layer to build a router network, and cannot
perform Retrieval-of-Experts – see Section 3.1 for a discussion on routing.
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or particular demographics for response steerability. As such, the adapters are expert LLMs which
represent said groups – considering these representatives on aggregate yields a form of a Congress,
inspiring the name of this framework. We claim that this method is interpretable by construction.
Those training the models in a parallel fashion have complete control over data selection (in this case,
how the experts are defined with respect to the data mixtures), while at inference time, one could
determine the top-k experts which are routed to for each query with minimal changes. As such, one
can identify which expert are responsible for providing an answer to a query – this could be valuable
for model debugging and other safety explorations, or even data attribution based on the mixture
the expert was trained on.

Figure 1: The architecture proposed is a modification on the Switch Transformer ([19]) by replacing the FFN
layers with fine-tuned foundation models, each trained independently on a dataset / data subset disjointly,
and a top-k token-level routing function. This may be instead viewed from a bottom up perspective, via
parallel training of experts and the introduction of a router network to perform top-k routing. The goal is to
be able to route into the individual expert network for a ”expertise area” (e.g. representing a subpopulation, a
mixture, or even a fine-tuning strategy), enabling a more interpretable framework. In the above diagram, the
dashed lines indicate candidate expert models, while the 2nd adapter is the one chosen to route to (in a top-1
routing scheme).

3.1 Methods of Router Construction

We note that the router network in the Congressional AI architecture is designed by introduction of
a Mixture-of-Experts (MoE) layer, thus yielding an ad-hoc Switch Transformer-like architecture that
has been constructed. However, under computational resource constraints, we propose other means
of inference that may be used in its place, under the parallel adapter paradigm. One such method
is Retrieval-of-Experts (RoE), as used in Jang et al. [32] and Ye et al. [102]; in this technique, one
constructs an expert library consisting of randomly sampled training instances from the data mixture
for the expert and using a SentenceBERT (Reimers and Gurevych [66]) model to store embeddings in
said library, and then performing dense retrieval within the expert library via maximum inner product
search (MIPS). We note that in our case, retrieval yields pointers to the top-k expert adapters
corresponding to the task clusters which were most similar. To perform inference and output a
response, one could choose to ensemble the k responses from the respective experts or perform
majority voting (e.g. for reasoning problem in a Chain-of-Thought setup). Another alternative is
to merge the top-k adapters at inference time, before then merging the new adapter into the base
model to perform inference; one could use a strategy such as linear task addition (Ilharco et al.
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[30]), TIES merging (Yadav et al. [101]) to avoid interference when merging task-specific models, or
DARE merging (Yu et al. [103]) to perform this efficiently with sparse deltas (either set to zero or
scaled). In either case, the cost incurred with this approach (i.e. without an MoE layer) is storing
the adapters (each of which we configure to constitute ∼ 0.1% of the base model’s parameters), and
more challenging evaluation without a pointer to a single model.

3.2 Instruction Tuning with Parallel Training of Expert LLMs

Instructon tuning of large language models was popularized in Wei et al. [93], wherein the model
is fine-tuned on data containing some instruction for the task to be performed. The standardized
nature of the data format helps enable a multi-task learning setup, where the resulting FLAN model
can adeptly perform zero-shot inference having been trained on 62 tasks. This was scaled further
to 1836 tasks in Chung et al. [14], spanning 146 task categories, and yielding 2 instruction tuned
models with strong performance: Flan-T5 and Flan-PaLM. We note that to extend Congressional AI
to the instruction tuning setting, we could select (and the compare the performance) of experts at
different levels of granularity (task level, dataset level, task cluster level, varied cluster definitions,
etc.). An example of such a structure could be a question answering subunit, which consists of
specialized adapters for different tasks under the question answering cluster (e.g. open-domain QA,
content-grounded QA, etc.).

In the Flan Collection, there does not exist a 1-1 mapping between datasets and tasks (i.e. multiple
datasets may encompass one task, and one dataset could be used for multiple tasks). Furthermore, it
could be possible to construct a hierarchy of Congressional AI "units", wherein routing to an expert
(which would usually mean to the expert adapter) would instead route to the router of the subunit,
which in turn determines which sub-adapter to use. While the data mixtures for the Flan Collection
(Longpre et al. [47]) are made publicly available, there currently do not exist task cluster labels for
the dataset, which could have been used to define experts9. We instead determine expert clusters
through the Data Provenance Collection [48], which has been curated through a large-scale volunteer
effort, towards more thorough curation of data licensing and attribution. We select data from task
clusters solely with an origin present in the Flan Collection: that is, from Flan 2021, Flan SNI
(SuperNaturalInstructions), Flan P3 (Public Pool of Prompts), and Flan CoT (Chain-of-Thought);
this yields 18 task clusters, details of which are included in Table 1.

We individually fine-tune LoRA adapters on the chosen base model for each data mixture in a parallel
fashion, while transforming the data format to reflect an instruction, input, output format, similar
to Alpaca. We suggest that this method enables effective and efficient multi-task training even
across dissimilar tasks, thus minimizing potential for negative task transfer. Notably, the flexible
nature of our architecture enables new experts to be introduced with little entropy to the rest of the
architecture as a result of its modularity; only the method for expert routing must be changed.

3.3 Subpopulation Alignment and Steerability

When applying Congressional AI to the problem of aligning foundation models to preferences ex-
pressed by particular subpopulations, we suggest that there are meaningful differences between
population-level preferences and the preferences of individual subpopulations (as can be evidenced
by opinion polls in political survey research, reflected in the OpinionQA dataset (Santurkar et al.
[69])). A consequence of this is that we must determine how best to take these into account while
developing (or in this case, improving) the foundation model; we suggest that leveraging group (i.e. de-
mographic) information in such data can be a valuable way to yield data mixtures for parallel training.

9This was verified through discussion with the corresponding author.
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Task Cluster Flan Collections Total Dataset Count Samples

Bias and Toxicity Detection Flan SNI 17 116,063
Chain-of-Thought Flan CoT 9 183,848
Code Flan SNI 6 51,365
Commonsense Reasoning Flan SNI 9 61,567
Creative Writing Flan SNI 5 40,151
Creativity Flan SNI 1 401
Dialogue Generation Flan SNI 11 72,793
Language Style Analysis Flan SNI 10 59,136
Logical and Mathematical Reasoning Flan SNI 1 6,349
Miscallaneous Flan SNI 18 39,444
Natural Language Inference Flan SNI 15 84,266
Open-form Text Generation Flan SNI, P3, 2021 21 524,931
Question Answering Flan SNI, P3, 2021 61 904,989
Sequence Tagging Flan SNI, 2021 7 161,938
Short Text Generation Flan SNI 56 293,300
Summarization Flan SNI 9 32,663
Text Classification Flan SNI, P3, 2021 95 969,924
Translation Flan SNI, 2021 35 1,064,826

Table 1: Dataset statistics for each of the 18 task clusters from the Flan Collection, as derived from the
Data Provenance Collection. The cluster data sources are one of: Flan SNI, Flan P3, Flan 2021, or Flan CoT.
The collection we use contains a total of 4,667,954 samples.

While many frameworks, such as Constitutional AI (Bai et al. [5], use self-instructions (Wang
et al. [90]) or self-critiques to claim a broader understanding of the vast possible set of human
opinions on a matter, our procedure thus considers n individually "homogeneous" subpopulations,
fine-tuning the FM n times in parallel (once for the preferences of each subpopulation). Then, as
proposed above, we may assign an MoE layer and fine-tune the model accordingly to learn a router,
or instead perform retrieval for a less computationally expensive approach.

From a preference modeling perspective, the core idea is that on a given issue (for simplicity,
assume that preferences are binary, either A or B on that issue), each homogeneous subpopulation i
has a preference ratio Ai : Bi, and the population-wide preferences are characterized by A′ : B′. By
training our reward model with the respective ratio Ai : Bi for the particular subgroup, we accurately
align this particular fine-tuned model (call this Mi) to the beliefs and intents of subgroup i. Then,
by taking an ensemble of the models M1,M2, . . . ,Mn – this is analogous to a mixture model over
homogeneous populations to capture heterogeneity in the population – we learn the population-wide
dynamics and preferences. Then, when the model is prompted generally (subgroup-agnostic), it would
reflect the population-wide human preferences, generally akin to current model behavior. However, if
given a group-specific prompt (i.e. the prompt addresses a particular subgroup j), the meta-learner
will route (send the prompt) to the correct Mj and ensure that the outputs reflect the preference set
of subgroup j. These desired dynamics of preference steering are exemplified by Figure 2.

We suggest that to directly learn these preference distributions in a parallel manner as proposed,
we can employ the Direct Preference Optimization (DPO; Rafailov et al. [62]) technique, which
leverages a reparametrization on the reward formulation (maximizing expected rewards with respect
to a KL-divergence penalty) via the introduction of a pairwise preference model, of some flavor of
Plackett-Luce for ranking (e.g. Bradley-Terry). Methods such as the DPOTrainer on HuggingFace
allow for DPO to be used in tandem with PEFT strategies such as LoRA – thus, we can still yield
interchangeable lightweight adapters.
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Figure 2: Desired prompting behavior under generic prompting (i.e. relevant to population-wide preferences,
and hence routing to all experts) and group-specific prompting (relevant only to a subset of the subpopulations,
and routing to those experts accordingly to reflect their preference ratios). In the latter, we take k = 1, where
ENi is the ith expert, and is the one routed to for the group-specific prompt, in accordance with the personas
expressed.

3.4 Expert-Instruct Algorithm and Synthetic Data Generation

Motivated by the Self-Instruct (Wang et al. [90]) technique for generating synthetic instruction
tuning data via bootstrapping from the seed instructions and a small subset of the model-generated
instructions, we introduce a new algorithm, Expert-Instruct. For the Expert-Instruct method, for a
task cluster, we randomly sample 20 instructions as seeds, and run Self-Instruct with key distinctions.
We modify the conditions for inclusion of a new instruction as such: if the ROUGE-L between the new
instruction and the existing set exceeds 0.7 for at least one member of the existing set, we proceed
to an instruction refinement phase, rather than discard the instruction. In this phase, we provide
hand-crafted in-context exemplars of instruction refinement, motivated by Self-Refine (Madaan et al.
[49]); the forms of refinement are inspired by WizardLM (Xu et al. [98]), and are namely: increasing
specificity, changing topic, increasing reasoning steps, and adding constraints. Then, we compute
the ROUGE-L of each of these responses with respect to the initial candidate, with a threshold of
0.85 (i.e. if the refined candidate has above a 0.85 similarity with the original candidate, we discard
it). For those that pass this initial diversity check, we then compare its diversity with respect to the
complete set of instructions generated this far, and use the ROUGE-L check from before (with a
threshold of 0.7) to determine membership in the final instruction set.

We describe this notationally as follows: given a data mixture Dt corresponding to task clus-
ter t, we sample 20 seed instructions, denoted as Et. We first seek to generate k instructions, given
Et; however, given the nature of our instruction refinement procedure, where it is possible that both
the original candidate, as well as all refinement attempts fail to achieve the diversity threshold, we
may have fewer than k instructions. Conversely, if the instructions generated by multiple refinement
types are deeemed sufficiently diverse, we may have more than k instructions – therefore, we denote
k′t to be the number of instructions which are generated during this phase of the algorithm, for task t.
Then, we generate mt samples per instruction, thus producing mt ∗ k′t samples for task t, where we
denote this data St. In deploying this algorithm, we suggest re-defining the task cluster data mixture
as Dt ∪ St, and fine-tuning the LoRA adapter on this new mixture, for each of the n clusters.
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The decision to introduce the refinement phase, with up to two attempts for each refinement
type, is largely guided by the notion of task clusters possibly having very similar instruction data (as
in, the instructions may be largely the same while the data differs). This leads us to seek greater
diversity in formulation; works such as Self-Refine (Madaan et al. [49]) demonstrate that in-context
demonstrations are beneficial for models such as GPT-4 to perform multi-aspect refinement. In our
setting, the challenge in performing refinement would likely be due to vagueness of the instruction,
and as such, we have selected refinement types which create (relatively) clear and explicit differences
to be made relative to the previous candidate.

4 Experimental Results

We examine the performance of parallel instruction tuning with 10 out of the 18 task clusters
mentioned in Section 3.2. These are: Summarization, Question Answering, Dialogue Generation,
Language Style Analysis, Text Classification, Code Generation, Logic and Mathematical Reasoning,
Commonsense Reasoning, Creativity, and Miscellaneous. We use the encoder-decoder model, T5-3B
(Wei et al. [93]) from HuggingFace to be the base model for all experiments. All fine-tuning was
performed using the LoRA technique with parameters of r = 32 and α = 16.We evaluate our expert
adapters on the MMLU benchmark (Hendrycks et al. [24]), a leading evaluation tool for multi-task
performance on natural language understanding (NLU) tasks; complete results are included in the
Appendix. In Tables 2+3 (where Table 3 serves as a continuation of Table 2), we consider each of
the 58 domains in the MMLU benchmark, and note the top 3 adapters (i.e. task clusters) for that
domain, as well as the average percentage improvement relative to the baseline T5-3B model for the
3 adapters.

Through this analysis, we observe that most adapters appear at least once across the list of MMLU
domains. This hints at the generalization-specialization tradeoff that we are interested in – which
the primary purpose of instruction tuning is to imbibe foundational skills for the model, we find
that certain experts specialize more heavily than others, resulting in strong performance on a few
domains and poor performance on others. Notably, merging all adapters directly (i.e. not in a
query-conditional manner) would, based on intuition, result in interference and hinder performance
relative to only using the best few experts. In particular, we find that the average percentage change
relative to the T5-3B benchmark results across the three experts is strongly positive. The dialogue
generation, commonsense reasoning, and logical and mathematical reasoning appear to improve
performance especially well on the high school and college-level benchmarks. Using the average
change across the top-3 adapters, we find that this would outperform most expert’s scores on those
domains, and thus would increase the average MMLU score for the model yielded with an optimal
routing strategy. Thus, we suggest that routing to the top-3 expert adapters is likely to strongly boost
the performance of T5-3B, by way of an interpretable set of data mixtures, with further flexibility
define experts across degrees of granularity.

Analysis at the adapter level can help us also identify the extent of variance present across do-
mains. While some domains have multiple experts with roughly the same improvement relative to
T5-3B (e.g. High School Computer Science), such that it would be unlikely to see degradation by
switching from top-3 to top-1 routing, others like Econometrics only have a single expert which
actually improves (namely, that corresponding to the Language Style Analysis cluster), where we
may prefer top-1 routing instead. While the framework has not been designed for changing the
value of k in a query-conditional manner (and we foresee this to be challenging), enabling such
a mechanism in MoE broadly would likely improve performance further. In a domain such as
Jurisprudence, where only one expert yielded a +3% improvement, while the others saw degrada-
tion of at least 9%, top-1 routing would help ensure that our Congressional AI model does indeed
improve on that domain. In the case of domains for which the top-3 experts all saw no improve-
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Domain Benchmark Top-3 Adapters Avg. % Change

Abstract Algebra Summarization, QA, Logic & Math -6 (-6, -6, -6)
Anatomy Logic & Math, Summarization, QA +1.33 (4, 0, 0)
Astronomy Dialog. Gen, Misc. Text Classification +43.67 (49, 44, 38)
Business Ethics Creativity, QA, Language Style Analysis -12 (-3, -15, -18)
Clinical Knowledge Commonsense, Dialog Gen., Text Classif. +29.67 (31, 29, 29)
College Biology Creativity, Logic & Math, Dialog Gen. -1 (2, 0, -5)
College Chemistry Dialog Gen., Commonsense, Text Classif. +133 (141, 141, 117)
College Computer Science Commonsense, Dialog Gen., Logic & Math +29.33 (36, 28, 24)
College Mathematics Dialog Gen., Logic & Math, Commonsense +40 (40, 40, 40)
College Medicine Dialog Gen., Commonsense, Text Classif. +26 (28, 26, 24)
College Physics Dialog Gen., Commonsense, Text Classif., +37.33 (58, 58, -4)
Computer Security Summarization, Code, Creativity +4.67 (7, 7, 0)
Conceptual Physics Language Style, Misc., Dialog Gen., +38.67 (58, 56, 2)
Econometrics Language Style, QA, Summarization +4.67 (14, 0, 0)
Electrical Engineering Summarization, QA, Code +16 (16, 16, 16)
Elementary Mathematics Language Style, Summarization, QA +3.33 (4, 3, 3)
Formal Logic Dialog Gen., Commonsense, Logic & Math +89.67 (91. 91, 87)
Global Facts Misc., Summarization, Code +7 (9, 6, 6)
High School Biology Dialog. Gen, Commonsense, Logic & Math +27 (30, 30, 21)
High School Chemistry QA, Text Classif., Summarization +4.67 (6, 5, 3)
High School Computer Science Summarization, Code, Misc. +65 (65, 65, 65)
High School European History QA, Text Classif., Summarization +17.33 (21, 17, 14)
High School Geography Dialog Gen., Commonsense, Text Classif. + 43 (52, 52, 28)
High School Gov. And Pol. Dialog Gen., Misc., Commonsense +16 (16, 16, 16)
High School Macroeconomics Dialog Gen., Commonsense, Logic & Math +68.33 (84, 82, 39)

Table 2: We analyze the the top-3 adapters for each domain in the MMLU benchmark, based on results
comparing individual fine-tuned adapters against the base model, T5-3B. The order of the adapters is in
descending order of their % change relative to the T5-3B score for that domain (reported in the parantheses.
Full results are contained in the Appendix. Ties are broken arbitrarily.

ment or degradation (e.g. Logical Fallacies, Marketing), routing would help avoid degradation
altogether, an important outcome as prior studies have found that multi-task task training can cause
degradation on certain tasks as a result of negative task transfer (Aghajanyan et al. [1]; Asai et al. [2]).

We call attention to domains on which little or no improvement is seen with our instruction
tuning approach. We take these to be any domain with a less than 5% improvement relative to the
T5-3B baseline, with regards to average change over the top-3 adapters. These include: Abstract
Algebra, Anatomy, Business Ethics, College Biology, Computer Security, Econometrics, Elementary
Mathematics, High School US History, High School World History, Jurisprudence, Logical Fallacies,
Marketing, Philosophy, Prehistory, Professional Law, Professional Psychology, Public Relations, and
Virology. We observe that a number of these domains require more subjective (or less concrete)
responses, and as such, would require more abstract thinking – notably in strategic communications
(Marketing, PR), as well as law and ethics (Professional Law, Business Ethics, Jurisprudence, Logical
Fallacies, Philosophy). We suggest that perhaps synthetic data efforts could be focused toward
such domains, and including the Chain-of-Thought Reasoning cluster could help improve performance.

We observe that these are a number of combinations (e.g. pairings of task clusters) that are
especially common across the 58 domains, in some order: 22 domains had Dialogue Generation and
Commonsense Reasoning, 16 had Summarization and Question Answering, and 7 had Language
Style Analysis and Creativity. In fact, 10 domains had the top-3 combination of Dialogue Generation,
Commonsense Reasoning, and Logical and Mathematical Reasoning. We believe that studying such
combinations could be useful to determine ordering and/or data selection in instruction tuning.
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Domain Benchmark Top-3 Adapters Avg. % Change

High School Mathematics QA, Text Classif., Misc. +10 (10, 10, 10)
High School Microeconomics Misc., Dialog Gen., Commonsense +44 (46, 43, 43)
High School Physics Dialog Gen., Commonsense, Logic & Math +20 (24, 24, 12)
High School Psychology Dialog Gen., Commonsense, Logic & Math +48.67 (61, 61, 24)
High School Statistics Dialog Gen., Commonsense, Logic & Math +173.33 (175, 175, 170)
High School US History Creativity, Summarization, Code +1.67 (3, 1, 1)
High School World History QA, Summarization, Logic & Math +4.67 (6, 4, 4)
Human Aging Language Style, Creativity, Summarization -5.67 (15, 6, -38)
Human Sexuality Logic & Math, Commonsense, Dialog Gen. +22 (25, 22, 19)
International Law Text Classif., Logic & Math, QA +29 (31, 28, 28)
Jurisprudence Language Style, Logic & Math, Misc. -6 (3, -9, -12)
Logical Fallacies Summarization, QA, Logic & Math 0 (0, 0, 0)
Machine Learning Language Style, Misc., Creativity 36, 20, 15
Management Dialog Gen., Commonsense, Logic & Math +92.33 (94, 94, 89)
Marketing Summarization, Language Style, Creativity 0 (0, 0, 0)
Medical Genetics Misc., Dialog Gen., Language Style +26 (42, 26, 10)
Miscellaneous Creativity, Language Style, Misc. 0, -1, -3
Moral Disputes Summarization, QA, Creativity +5 (5, 5, 5)
Moral Scenarios Dialog Gen., Commonsense, Logic & Math +6.33 (7, 7, 5)
Nutrition Dialog Gen., Commonsense, Misc. 26, 26, 21
Philosophy Summarization, QA, Code -3 (-3, -3, -3)
Prehistory Summarization, QA, Logic & Math 2 (2, 2, 2)
Professional Accounting QA, Summarization, Text Classif. +17.33 (20, 16, 16)
Professional Law Summarization, Code, QA +0.67 (1, 1, 0)
Professional Medicine Dialog Gen., Commonsense, Text Classif. 139, 72, 56
Professional Psychology QA, Logic & Math, Summarization +0.67 (1, 1, 0)
Public Relations Creativity, Language Style, Misc. 0 (2, 0, -2)
Security Studies Dialog Gen., Commonsense, Text Classif. +84.33 (104, 97, 52)
Sociology Dialog Gen., Commonsense, QA +5 (7, 7, 1)
US Foreign Policy Dialog Gen., Commonsense, Summarization +34.33 (36, 36, 31)
Virology Language Style, Misc., Creativity -1.67 (7, 2, -14)
World Religions Summarization, Text Classif., QA +37.33 (38, 38, 36)

Table 3: A continuation of the analysis in Table 2, determining the top-3 experts based on individual adapter
MMLU evaluation. Ties are broken arbitrarily, as before, and the full results are contained in the Appendix.

Figure 3 contains a histogram with the frequencies of each task clusters in the top-3 for the
58 categories. We observe that for the MMLU benchmark, it appears that Dialogue Generation,
Summarization, Commonsense Reasoning, Logical and Mathematical Reasoning, and Question An-
swering are the most impactful, each addressing over a third of the domains; conversely, Code is the
least used adapter. Future studies could examine the results of TIES-Merging these adapters, as well
as other benchmarks for which the Code Generation adapter may be more useful.

5 Related Work

Works related to Congressional AI largely fall into two categories: (language) model merging and
ensembling, and Mixture-of-Experts-style architectures.

5.1 Model Merging

As the development of large models becomes increasingly democratized, and we are interested in
cross-task transfer learning at great scale (both in model size and the number of tasks), model merging
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Figure 3: The figure above plots the number of occurrences for which each of the 10 task clusters examined
appeared in the Top-3 adapters for one of the 58 MMLU (Hendrycks et al. [24]) domains in the Hendrycks-test.

– by way of averaging the parameters of multiple models – has become a framework of interest. In
considering collaborative development, the federated learning setting and the FedAvg approach are
an early example of the effectiveness of parameter averaging (McMahan et al. [52]). Model Soups
(Wortsman et al. [96]) found that parameter averaging is effective for ensembling language models
into a single model which exhibits improvements from across its contributors. Matena and Raffel
[50] uses Laplace approximation and Fisher Information to perform merging, enabling new transfer
learning strategies such as involving an intermediate task representation or a donor model in a
parameter-distillation fashion. ColD Fusion (Don-Yehiya et al. [17]) introduces an iterative loop to
improve language models by parallel fine-tuning, merging the parameters with uniform weights, and
then recycling the fine-tuned model as a base model, which can then be further fine-tuned; they
demonstrate this helps with yielding a stronger base model for downstream adaptation to unseen
tasks. Task Arithmetic (Ilharco et al. [29]) suggests that given task vector representation (specifying
the direction of improvement within the weight space for the task), there are compositional properties
– notably, addition, subtraction, and analogies. That is, one could construct a multi-task model by
iterative task addition. MaTS merging (Tam et al. [82]) also explores the notion of tasks, and in
conjunction with Fisher Information (FI) matrix insights, uses conjugate gradient methods to solve a
system of linear equations, defining task subspaces based on an approximation of the FI matrix and
performing merging with those subspaces. TIES-Merging (Yadav et al. [101]) considers interference
when seeking to merge models given task vectors, trimming redundant parameters, creating an elected
sign vector for the merged model to be created by resolving sign disagreements by magnitude, and
performing a disjoint merge using parameters from sign-consistent models with respect to the sign
vector. DARE merging (Yu et al. [103]) considers redundancy in the delta parameters from fine-tuning
and drop some while re-scaling others, yielding an approach that allows merging task-specific models
into a single unified model representation. We refer the readers to Li et al. [41] for a survey on model
merging and fusion.
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5.2 Language Modeling with Mixture-of-Experts

Examinations into Mixture-of-Experts (MoE) frameworks began in the late 1980s and early 1990s, in
Jacobs et al. [31] and Xu et al. [99], wherein the notion of a MoE with pre-trained classifiers which
correspond to a subset division of the data, with correspondence to desired tasks was introduced.
These works serve as major inspiration for the Congressional AI framework proposed in this work,
wherein we seek to adapt such notions in a flexible, modular manner to language modeling at scale.
Shazeer et al. [73] popularized MoEs for the era of deep learning at scale, by enabling sparsity across
many small subnetworks, such that only a fraction of the network’s parameters need to be activated
for inference, while maintaining its full parameter count. Notably, MoE yielded computational
efficiency at inference time, which made it attracting for use at scale. This led to a wide range of
interest in various routing concepts beyond the token-level: sentence-level (Kudugunta et al. [38])
and task-level (Kudugunta et al. [37]) as potential candidates. Switch Transformers (Fedus et al.
[19]) were a pivotal breakthrough for demonstrating that MoE architectures can scale to the 1T
parameter level, through an expert choice routing algorithm. With regards to expert language models,
Branch-Train-Merge (Li et al. [40]) introduced a framework for constructing domain specialized
"expert" language models (ELMs), trained in an "embarrasingly parallel" manner, such that these
models are merged into a modular ELMForest. ELM (Jang et al. [32]) considers the difference
between single-task expert LMs as opposed to multi-task instruction tuning, and finds that the former
can outperfom the latter even when scaling the number of tasks, perhaps indicating the presence of
negative task transfer. Our work blends notions from ELM and ELMForest – the hierarchy induced
in Congressional AI using task clusters is akin to ELMForest, while being designed in a modular
manner for the instruction tuning setting so as to avoid inter-cluster negative task transfer.

We also note the following concurrent works, with a similar aim to improve downstream adaptation
through specialized experts while routing effectively to improve zero-shot generalization, through
routers constructed post-hoc. PHATGOOSE (Muqeeth et al. [53]) trains lightweight gates for each
(frozen) LoRA module with sigmoid activations, and combines the gates to perform top-k routing.
FLAN-MOE (Shen et al. [74]) finds that sparse mixture-of-experts models do indeed benefit from
instruction tuning relative to dense models, while improving computational performance. MoLora,
introduced in Zadouri et al. [105], proposes a similar framework as Congressional AI, wherein
lightweight experts are used with a post-hoc constructed router network through an MoE layer (see
Section 3). However, the work primarily explores changing the number of experts, rather than the
definition of the experts, as in our work, where we take experts in our instruction tuning setting
to be largely disjoint task clusters. MoLE (Wu et al. [97]) learns a distribution over the experts to
determine weight assignment in a hierarchical manner, and at inference time, assigns those weights to
the respective adapters in a query-conditioned fashion. We note that zeroed-out weights during this
procedure is equivalent to electing not to route to an expert in an MoE framework. Branch-Train-Mix
(Sukhbaatar et al. [79]) perhaps most closely follows the formulation laid out in Congressional AI,
with regards to flexible fine-tuning strategies (full supervised fine-tuning in their work), construction
of an MoE layer, and takes the experts to be specialized in some way, by construction, as in
Branch-Train-Merge. The encouraging results yielded by their approach, concurrent with our work,
suggests promising potential for our lightweight framework. Aside from the algorithmic approaches
highlighted thus far, we must also acknowledge a number of recent Mixture-of-Experts models which
have achieved strong performance as "frontier models". These include Mixtral 8x7B (Jiang et al.
[33]), DBRX10, and Grok11, as well as works at the intersection of MoE with structured state space
models such as Mamba (Gu and Dao [23]), including Jamba (Lieber et al. [43]) and MoE-Mamba
(Pióro et al. [57]).

10https://www.databricks.com/blog/introducing-dbrx-new-state-art-open-llm
11https://x.ai/blog/grok-os
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6 Discussion and Future Work

We believe that the insights from the experimental results, with regards to the correlations between
Flan Collection task clusters and MMLU categories can shed light into the skills in language models
which are necessary to perform various tasks, or excel in certain specialized domains. While we
primarily used a linear combination-style of task addition for adapter merging, as in Ilharco et al.
[30], it is certainly worth considering the directionality of individual adapters. For example, if using
the top-k adapter merging strategy, one may run into interference – in such cases, perhaps a strategy
such as TIES-Merging (Yadav et al. [101]) could be effective. Furthermore, we believe that our results
provide intuition which may be helpful in skill-driven data selection as in Skill-It (Chen et al. [10]).
For example, one could choose consider a hierarchy wherein both instruction tuning-guided skills as
well as domain-specific skills are imbued via fine-tuning – e.g. commonsense reasoning and chemistry
question answering, respectively – wherein it may behoove one to first instruction tune the model,
and then fine-tune on a domain.

The lightweight nature of LoRA adapters enables both efficient fine-tuning as well as memory
storage. This easens the process of building intuition about the relationship between task clusters
and downstream tasks of interest. At the same time, the use of broad instruction data can help
prevent overfitting to target benchmarks, a risk with domain-specific tuning. Furthermore, as only k
adapters are used (along with the base model) for a given inference, there is sparsity among the LoRA
adapters that may be served with regards to active parameters. Therefore, one could feasibly, in a
top-k adapter merging setting for inference, pre-compute and load merged adapters and thus increase
throughput and reduce latency. For example, for k = 3, while this would introduce

(
18
3

)
= 816

adapters (as there are 18 task clusters), each has a parameter count of roughly 0.1% of the base
model’s parameters, thus adding ∼ 81-82% of the base model’s count. This therefore creates a tradeoff
between the time to perform inference with the memory required to store many (merged) LoRA
adapters to be served, which we believe is worth studying. For example, using knowledge about the
domains and the nature of the queries being posed (e.g. for a particular downstream task), one could
re-define the weights for adapter merging to more strongly address one adapter over the others, as
opposed to uniform weights. This view is supported by the observation in Section 4 that many of the
domains featured the same top adapters, so only a few such combinations would actually be necessary.

Aside from validating the efficacy of the Expert-Instruct algorithm as a means for high-quality
synthetic data generation for further instruction-tuning, the nature of diverse candidate generation
via instruction refinement could lead to synthetically generated instructions which may lie at the
intersection of multiple clusters. This is especially likely to occur, by intuition, as we increase the
granularity of the clusters; our subdivisions assume disjointness in tasks (instructions + samples),
which may not be the case in practice. As such, this method could reveal cross-task relationships
which can better inform our hierarchy construction. For example, if we find that two tasks are
related as running Expert-Instruct on the former yields an instruction which is highly similar to the
latter, then it is possible that there may be positive cross-task transfer between this pair – that is,
multi-task training on these two (consolidating them into one cluster) would be beneficial.

We also acknowledge that valuable comparisons to our technique would include12 reproducing
FLAN-style multi-task instruction tuning with parameter efficient fine-tuning (PEFT) methods such
as LoRA, as opposed to full fine-tuning as in FLAN (Wei et al. [93]; Chung et al. [14]). Such analysis
would help with attributing performance differences to parameter efficiency as opposed to task transfer
effects in contrasting parallel serving of adapters with multi-task training. Resource constraints also
limited the extent of hyperparameter tuning that was possible for our LoRA adapters, as well as

12We note these as limitations on demonstrating the efficacy of our approach, as a result of computational resource
constraints.
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exploration of various fine-tuning strategies. Furthermore, it would be greatly helpful to examine
these effects across scales, and across selections of base model (e.g. an already instruction-tuned or
chat-tuned model, or a decoder-only architecture instead of T5’s encoder-decoder architecture).

An important feature of the Congressional AI framework is its generality: we make no assumptions
about the base model other than that it may be fine-tuned. That is, the definition of a "representative
expert" is left entirely up to the user, who we suggest should take an interpretability-guided approach
to determine distinguishing characteristics which could comprise an expertise. We have explored this
paradigm in the context of data mixtures, where each data mixture has evident meaning – the task
(broad cluster, or more granular) being performed, or a demographic group G for whom we have an
opinion distribution DG yielded over. However, we believe that there may be creative uses for this
framework, such as serving across different fine-tuning strategies, or even enabling multimodality
with different experts that may flexibly combine, as long as the same base model is preserved. With
regards to the router design, one could, for example, augment routing decisions with respect to a
desired cost function, given priors about the nature of the experts.

Finally, we connect our discussion to the term Congressional AI. We consider the nested Con-
gressional AI units perspective, yielding a hierarchy, to be akin to state-level congressional bodies,
who are in turn responsible to report to their national-level representatives (the cluster-specific router)
who are the "torch-bearer" for the state in the broader assembly. We view routing as a problem to be
somewhat akin to caucusing – aligning powerful allies for the goal in hand (in this case, to respond
to the query). Cost-aware routing is also a valuable extension on the view – it is perhaps analogous
to selecting a path of least resistance towards the desired goal. The flexibility of this paradigm yields
nearly unbounded potential, and we are excited to see how it may be leveraged in the years to come.
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A Appendix

A.1 Summarization

Benchmark T5-3B Summarization Adapter % Change

Abstract Algebra 0.330 0.310 -6
Anatomy 0.333 0.333 0
Astronomy 0.224 0.303 35
Business Ethics 0.320 0.230 -28
Clinical Knowledge 0.230 0.219 -4
College Biology 0.278 0.257 -7
College Chemistry 0.170 0.180 5
College Computer Science 0.250 0.260 4
College Mathematics 0.220 0.250 13
College Medicine 0.260 0.249 -4
College Physics 0.235 0.216 -8
Computer Security 0.280 0.300 7
Conceptual Physics 0.204 0.204 0
Econometrics 0.246 0.246 0
Electrical Engineering 0.255 0.297 16
Elementary Mathematics 0.259 0.267 3
Formal Logic 0.191 0.151 -20
Global Facts 0.310 0.330 6
High School Biology 0.242 0.252 4
High School Chemistry 0.286 0.296 3
High School Computer Science 0.200 0.330 65
High School European History 0.248 0.285 14
High School Geography 0.232 0.253 8
High School Government And Politics 0.030 0.030 1
High School Macroeconomics 0.200 0.213 6
High School Mathematics 0.244 0.263 7
High School Microeconomics 0.244 0.210 -13
High School Physics 0.265 0.272 2
High School Psychology 0.216 0.222 2
High School Statistics 0.171 0.213 24
High School Us History 0.255 0.260 1
High School World History 0.253 0.266 4
Human Aging 0.327 0.202 -38
Human Sexuality 0.237 0.229 -3
International Law 0.289 0.372 28

Table 4: Performance comparison between T5-3b (baseline) and the T5-3B model with the Summarization
adapter loaded in, on the MMLU benchmark domains.
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Benchmark T5-3B Summarization Adapter % Change

Jurisprudence 0.287 0.232 -19
Logical Fallacies 0.301 0.301 0
Machine Learning 0.223 0.241 8
Management 0.194 0.194 0
Marketing 0.256 0.256 0
Medical Genetics 0.190 0.200 5
Miscellaneous 0.292 0.272 -7
Moral Disputes 0.278 0.292 5
Moral Scenarios 0.254 0.247 -2
Nutrition 0.232 0.252 8
Philosophy 0.309 0.299 -3
Prehistory 0.287 0.293 2
Professional Accounting 0.231 0.270 16
Professional Law 0.267 0.271 1
Professional Medicine 0.188 0.165 -11
Professional Psychology 0.276 0.276 0
Public Relations 0.345 0.209 -39
Security Studies 0.196 0.241 22
Sociology 0.249 0.249 0
Us Foreign Policy 0.190 0.250 31
Virology 0.289 0.205 -29
World Religions 0.210 0.292 38
Average 0.246982 0.250474

Table 5: Performance comparison between T5-3b (baseline) and the T5-3B model with the Summarization
adapter loaded in, on the MMLU benchmark domains (Continued).
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A.2 Dialogue Generation

Benchmark T5-3B Dialogue Gen. Adapter % Change

Abstract Algebra 0.330 0.210 -36
Anatomy 0.333 0.230 -31
Astronomy 0.224 0.336 49
Business Ethics 0.320 0.210 -34
Clinical Knowledge 0.230 0.298 29
College Biology 0.278 0.264 -5
College Chemistry 0.170 0.410 141
College Computer Science 0.250 0.320 28
College Mathematics 0.220 0.310 40
College Medicine 0.260 0.335 28
College Physics 0.235 0.372 58
Computer Security 0.280 0.180 -35
Conceptual Physics 0.204 0.208 2
Econometrics 0.246 0.237 -3
Electrical Engineering 0.255 0.262 2
Elementary Mathematics 0.259 0.270 4
Formal Logic 0.191 0.365 91
Global Facts 0.310 0.180 -41
High School Biology 0.242 0.316 30
High School Chemistry 0.286 0.281 -1
High School Computer Science 0.200 0.190 -5
High School European History 0.248 0.255 2
High School Geography 0.232 0.353 52
High School Government And Politics 0.030 0.035 16
High School Macroeconomics 0.200 0.369 84
High School Mathematics 0.244 0.263 7
High School Microeconomics 0.244 0.349 43
High School Physics 0.265 0.331 24
High School Psychology 0.216 0.349 61
High School Statistics 0.171 0.472 175
High School US History 0.255 0.255 0
High School World History 0.253 0.203 -20
Human Aging 0.327 0.108 -67
Human Sexuality 0.237 0.282 19
International Law 0.289 0.141 -51

Table 6: Performance comparison between T5-3B (baseline) and the T5-3B model with the dialogue generation
adapter, on the MMLU benchmark domains.
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Benchmark T5-3B Dialogue Gen. Adapter % Change

Jurisprudence 0.287 0.213 -25
Logical Fallacies 0.301 0.233 -22
Machine Learning 0.223 0.161 -28
Management 0.194 0.379 94
Marketing 0.256 0.197 -23
Medical Genetics 0.190 0.240 26
Miscellaneous 0.292 0.204 -30
Moral Disputes 0.278 0.214 -22
Moral Scenarios 0.254 0.273 7
Nutrition 0.232 0.294 26
Philosophy 0.309 0.241 -21
Prehistory 0.287 0.225 -21
Professional Accounting 0.231 0.241 4
Professional Law 0.267 0.244 -8
Professional Medicine 0.188 0.449 139
Professional Psychology 0.276 0.217 -21
Public Relations 0.345 0.227 -34
Security Studies 0.196 0.400 104
Sociology 0.249 0.269 7
US Foreign Policy 0.190 0.260 36
Virology 0.289 0.193 -33
World Religions 0.210 0.175 -16
Average 0.246982 0.264877

Table 7: Performance comparison between T5-3B (baseline) and the T5-3B model with the dialogue generation
adapter, on the MMLU benchmark domains (Continued).
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A.3 Language Style Analysis

Benchmark T5-3B Language Style Analysis Adapter % Change

Abstract Algebra 0.330 0.260 -21
Anatomy 0.333 0.252 -24
Astronomy 0.224 0.184 -17
Business Ethics 0.320 0.260 -18
Clinical Knowledge 0.230 0.268 16
College Biology 0.278 0.222 -20
College Chemistry 0.170 0.220 29
College Computer Science 0.250 0.150 -40
College Mathematics 0.220 0.230 4
College Medicine 0.260 0.208 -19
College Physics 0.235 0.196 -16
Computer Security 0.280 0.240 -14
Conceptual Physics 0.204 0.323 58
Econometrics 0.246 0.281 14
Electrical Engineering 0.255 0.221 -13
Elementary Mathematics 0.259 0.257 -1
Formal Logic 0.191 0.198 4
Global Facts 0.310 0.310 0
High School Biology 0.242 0.255 5
High School Chemistry 0.286 0.281 -1
High School Computer Science 0.200 0.240 19
High School European History 0.248 0.236 -4
High School Geography 0.232 0.217 -6
High School Gov. And Pol. 0.030 0.029 -1
High School Macroeconomics 0.200 0.221 10
High School Mathematics 0.244 0.263 7
High School Microeconomics 0.244 0.231 -5
High School Physics 0.265 0.199 -24
High School Psychology 0.216 0.237 9
High School Statistics 0.171 0.171 0
High School US History 0.255 0.230 -9
High School World History 0.253 0.262 3
Human Aging 0.327 0.377 15
Human Sexuality 0.237 0.229 -3
International Law 0.289 0.248 -14

Table 8: Performance comparison between T5-3B (baseline) and the T5-3B model with the Language Style
Analysis adapter loaded in, on the MMLU benchmark domains.
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Benchmark T5-3B Language Style Analysis Adapter % Change

Jurisprudence 0.287 0.296 3
Logical Fallacies 0.301 0.239 -20
Machine Learning 0.223 0.304 36
Management 0.194 0.252 29
Marketing 0.256 0.256 0
Medical Genetics 0.190 0.210 10
Miscellaneous 0.292 0.287 -1
Moral Disputes 0.278 0.246 -11
Moral Scenarios 0.254 0.242 -4
Nutrition 0.232 0.229 -1
Philosophy 0.309 0.273 -11
Prehistory 0.287 0.265 -7
Professional Accounting 0.231 0.255 10
Professional Law 0.267 0.235 -11
Professional Medicine 0.188 0.173 -7
Professional Psychology 0.276 0.258 -6
Public Relations 0.345 0.345 0
Security Studies 0.196 0.167 -14
Sociology 0.249 0.239 -4
US Foreign Policy 0.190 0.210 10
Virology 0.289 0.319 10
World Religions 0.210 0.210 0
Average 0.246982 0.240632

Table 9: Performance comparison between T5-3B (baseline) and the T5-3B model with the Language Style
Analysis adapter loaded in, on the MMLU benchmark domains (Continued).

38



A.4 Question Answering

Benchmark T5-3B Question Answering Adapter % Change

Abstract Algebra 0.330 0.310 -6
Anatomy 0.333 0.333 0
Astronomy 0.224 0.303 35
Business Ethics 0.320 0.270 -15
Clinical Knowledge 0.230 0.283 22
College Biology 0.278 0.264 -5
College Chemistry 0.170 0.180 5
College Computer Science 0.250 0.290 15
College Mathematics 0.220 0.250 13
College Medicine 0.260 0.289 11
College Physics 0.235 0.216 -8
Computer Security 0.280 0.200 -28
Conceptual Physics 0.204 0.204 0
Econometrics 0.246 0.246 0
Electrical Engineering 0.255 0.297 16
Elementary Mathematics 0.259 0.267 3
Formal Logic 0.191 0.198 4
Global Facts 0.310 0.320 3
High School Biology 0.242 0.265 9
High School Chemistry 0.286 0.305 6
High School Computer Science 0.200 0.320 60
High School European History 0.248 0.303 21
High School Geography 0.232 0.227 -2
High School Gov. And Pol. 0.030 0.030 1
High School Macroeconomics 0.200 0.215 7
High School Mathematics 0.244 0.270 10
High School Microeconomics 0.244 0.214 -12
High School Physics 0.265 0.272 2
High School Psychology 0.216 0.222 2
High School Statistics 0.171 0.232 35
High School US History 0.255 0.250 -1
High School World History 0.253 0.270 6
Human Aging 0.327 0.135 -58
Human Sexuality 0.237 0.229 -3
International Law 0.289 0.372 28

Table 10: Performance comparison between T5-3B (baseline) and the T5-3B model with the Question
Answering adapter loaded in, on the MMLU benchmark domains.
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Benchmark T5-3B Question Answering Adapter % Change

Jurisprudence 0.287 0.232 -19
Logical Fallacies 0.301 0.301 0
Machine Learning 0.223 0.232 3
Management 0.194 0.252 29
Marketing 0.256 0.252 -1
Medical Genetics 0.190 0.200 5
Miscellaneous 0.292 0.272 -7
Moral Disputes 0.278 0.292 5
Moral Scenarios 0.254 0.241 -4
Nutrition 0.232 0.258 11
Philosophy 0.309 0.299 -3
Prehistory 0.287 0.293 2
Professional Accounting 0.231 0.277 20
Professional Law 0.267 0.265 0
Professional Medicine 0.188 0.176 -5
Professional Psychology 0.276 0.281 1
Public Relations 0.345 0.209 -39
Security Studies 0.196 0.261 33
Sociology 0.249 0.254 1
US Foreign Policy 0.190 0.250 31
Virology 0.289 0.205 -29
World Religions 0.210 0.269 27
Average 0.246982 0.253018

Table 11: Performance comparison between T5-3B (baseline) and the T5-3B model with the Question
Answering adapter loaded in, on the MMLU benchmark domains (Continued).
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A.5 Text Classification

Benchmark T5-3B Text Classification Adapter % Change

Abstract Algebra 0.330 0.300 -9
Anatomy 0.333 0.222 -33
Astronomy 0.224 0.309 38
Business Ethics 0.320 0.190 -40
Clinical Knowledge 0.230 0.298 29
College Biology 0.278 0.257 -7
College Chemistry 0.170 0.370 117
College Computer Science 0.250 0.240 -4
College Mathematics 0.220 0.260 18
College Medicine 0.260 0.324 24
College Physics 0.235 0.226 -4
Computer Security 0.280 0.230 -17
Conceptual Physics 0.204 0.200 -2
Econometrics 0.246 0.246 0
Electrical Engineering 0.255 0.241 -5
Elementary Mathematics 0.259 0.257 -1
Formal Logic 0.191 0.278 45
Global Facts 0.310 0.280 -9
High School Biology 0.242 0.248 2
High School Chemistry 0.286 0.300 5
High School Computer Science 0.200 0.260 30
High School European History 0.248 0.291 17
High School Geography 0.232 0.298 28
High School Gov. And Pol. 0.030 0.030 2
High School Macroeconomics 0.200 0.210 5
High School Mathematics 0.244 0.270 10
High School Microeconomics 0.244 0.340 39
High School Physics 0.265 0.232 -12
High School Psychology 0.216 0.237 9
High School Statistics 0.171 0.264 54
High School US History 0.255 0.221 -13
High School World History 0.253 0.257 1
Human Aging 0.327 0.202 -38
Human Sexuality 0.237 0.214 -9
International Law 0.289 0.380 31

Table 12: Performance comparison between T5-3B (baseline) and the T5-3B model with the Text Classification
adapter loaded in, on the MMLU benchmark domains.
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Benchmark T5-3B Text Classification Adapter % Change

Jurisprudence 0.287 0.232 -19
Logical Fallacies 0.301 0.288 -4
Machine Learning 0.223 0.214 -3
Management 0.194 0.204 4
Marketing 0.256 0.235 -8
Medical Genetics 0.190 0.190 0
Miscellaneous 0.292 0.231 -20
Moral Disputes 0.278 0.289 4
Moral Scenarios 0.254 0.255 0
Nutrition 0.232 0.203 -12
Philosophy 0.309 0.293 -5
Prehistory 0.287 0.207 -27
Professional Accounting 0.231 0.270 16
Professional Law 0.267 0.260 -2
Professional Medicine 0.188 0.294 56
Professional Psychology 0.276 0.221 -20
Public Relations 0.345 0.200 -42
Security Studies 0.196 0.298 52
Sociology 0.249 0.254 1
US Foreign Policy 0.190 0.220 15
Virology 0.289 0.229 -20
World Religions 0.210 0.286 36
Average 0.246982 0.251842

Table 13: Performance comparison between T5-3B (baseline) and the T5-3B model with the Text Classification
adapter loaded in, on the MMLU benchmark domains (Continued).
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A.6 Code Generation

Benchmark T5-3B Code Generation Adapter % Change

Abstract Algebra 0.330 0.310 -6
Anatomy 0.333 0.333 0
Astronomy 0.224 0.303 35
Business Ethics 0.320 0.230 -28
Clinical Knowledge 0.230 0.219 -4
College Biology 0.278 0.257 -7
College Chemistry 0.170 0.180 5
College Computer Science 0.250 0.260 4
College Mathematics 0.220 0.250 13
College Medicine 0.260 0.249 -4
College Physics 0.235 0.216 -8
Computer Security 0.280 0.300 7
Conceptual Physics 0.204 0.204 0
Econometrics 0.246 0.246 0
Electrical Engineering 0.255 0.297 16
Elementary Mathematics 0.259 0.267 3
Formal Logic 0.191 0.151 -20
Global Facts 0.310 0.330 6
High School Biology 0.242 0.252 4
High School Chemistry 0.286 0.296 3
High School Computer Science 0.200 0.330 65
High School European History 0.248 0.285 14
High School Geography 0.232 0.253 8
High School Gov. And Pol. 0.030 0.030 1
High School Macroeconomics 0.200 0.213 6
High School Mathematics 0.244 0.263 7
High School Microeconomics 0.244 0.210 -13
High School Physics 0.265 0.272 2
High School Psychology 0.216 0.222 2
High School Statistics 0.171 0.213 24
High School US History 0.255 0.260 1
High School World History 0.253 0.266 4
Human Aging 0.327 0.202 -38
Human Sexuality 0.237 0.229 -3
International Law 0.289 0.372 28

Table 14: Performance comparison between T5-3B (baseline) and the T5-3B model with the Code adapter
loaded in, on the MMLU benchmark domains.
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Benchmark T5-3B Code Adapter % Change

Jurisprudence 0.287 0.232 -19
Logical Fallacies 0.301 0.301 0
Machine Learning 0.223 0.241 8
Management 0.194 0.194 0
Marketing 0.256 0.256 0
Medical Genetics 0.190 0.200 5
Miscellaneous 0.292 0.272 -7
Moral Disputes 0.278 0.292 5
Moral Scenarios 0.254 0.247 -2
Nutrition 0.232 0.252 8
Philosophy 0.309 0.299 -3
Prehistory 0.287 0.293 2
Professional Accounting 0.231 0.270 16
Professional Law 0.267 0.271 1
Professional Medicine 0.188 0.165 -11
Professional Psychology 0.276 0.276 0
Public Relations 0.345 0.209 -39
Security Studies 0.196 0.241 22
Sociology 0.249 0.249 0
US Foreign Policy 0.190 0.250 31
Virology 0.289 0.205 -29
World Religions 0.210 0.292 26
Average 0.246982 0.253831

Table 15: Performance comparison between T5-3B (baseline) and the T5-3B model with the Code adapter
loaded in, on the MMLU benchmark domains (Continued).
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A.7 Miscellaneous

Benchmark T5-3B Misc. Flan Adapter % Change

Abstract Algebra 0.330 0.260 -21
Anatomy 0.333 0.267 -19
Astronomy 0.224 0.322 44
Business Ethics 0.320 0.250 -21
Clinical Knowledge 0.230 0.215 -6
College Biology 0.278 0.215 -22
College Chemistry 0.170 0.180 5
College Computer Science 0.250 0.150 -40
College Mathematics 0.220 0.230 4
College Medicine 0.260 0.208 -19
College Physics 0.235 0.157 -33
Computer Security 0.280 0.240 -14
Conceptual Physics 0.204 0.319 56
Econometrics 0.246 0.237 -3
Electrical Engineering 0.255 0.290 13
Elementary Mathematics 0.259 0.212 -18
Formal Logic 0.191 0.151 -20
Global Facts 0.310 0.340 9
High School Biology 0.242 0.287 18
High School Chemistry 0.286 0.281 -1
High School Computer Science 0.200 0.330 65
High School European History 0.248 0.279 12
High School Geography 0.232 0.237 2
High School Gov. And Pol. 0.030 0.035 16
High School Macroeconomics 0.200 0.254 26
High School Mathematics 0.244 0.270 10
High School Microeconomics 0.244 0.357 46
High School Physics 0.265 0.225 -14
High School Psychology 0.216 0.237 9
High School Statistics 0.171 0.454 164
High School US History 0.255 0.250 -1
High School World History 0.253 0.236 -6
Human Aging 0.327 0.202 -38
Human Sexuality 0.237 0.260 9
International Law 0.289 0.265 -8

Table 16: Performance comparison between T5-3b (baseline) and the T5-3B model with the Miscellaneous
Flan adapter loaded in, on the MMLU benchmark domains.
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Benchmark T5-3B Misc. Flan Adapter % Change

Jurisprudence 0.287 0.250 -12
Logical Fallacies 0.301 0.258 -14
Machine Learning 0.223 0.268 20
Management 0.194 0.184 -4
Marketing 0.256 0.205 -20
Medical Genetics 0.190 0.270 42
Miscellaneous 0.292 0.281 -3
Moral Disputes 0.278 0.240 -13
Moral Scenarios 0.254 0.242 -4
Nutrition 0.232 0.281 21
Philosophy 0.309 0.289 -6
Prehistory 0.287 0.219 -23
Professional Accounting 0.231 0.255 10
Professional Law 0.267 0.233 -12
Professional Medicine 0.188 0.213 13
Professional Psychology 0.276 0.204 -26
Public Relations 0.345 0.336 -2
Security Studies 0.196 0.171 -12
Sociology 0.249 0.239 -4
US Foreign Policy 0.190 0.240 26
Virology 0.289 0.295 2
World Religions 0.210 0.210 0
Average 0.246982 0.247105

Table 17: Performance comparison between T5-3b (baseline) and the T5-3B model with the Miscellaneous
Flan adapter loaded in, on the MMLU benchmark domains.
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A.8 Logical and Mathematical Reasoning

Benchmark T5-3B Logical and Mathematical Reasoning Adapter % Change

Abstract Algebra 0.330 0.310 -6
Anatomy 0.333 0.348 4
Astronomy 0.224 0.303 35
Business Ethics 0.320 0.220 -31
Clinical Knowledge 0.230 0.215 -6
College Biology 0.278 0.278 0
College Chemistry 0.170 0.200 17
College Computer Science 0.250 0.310 24
College Mathematics 0.220 0.310 40
College Medicine 0.260 0.243 -6
College Physics 0.235 0.216 -8
Computer Security 0.280 0.170 -39
Conceptual Physics 0.204 0.204 0
Econometrics 0.246 0.219 -10
Electrical Engineering 0.255 0.214 -16
Elementary Mathematics 0.259 0.262 1
Formal Logic 0.191 0.357 87
Global Facts 0.310 0.330 6
High School Biology 0.242 0.293 21
High School Chemistry 0.286 0.296 3
High School Computer Science 0.200 0.200 0
High School European History 0.248 0.242 -2
High School Geography 0.232 0.253 8
High School Gov. And Pol. 0.030 0.030 1
High School Macroeconomics 0.200 0.280 39
High School Mathematics 0.244 0.259 6
High School Microeconomics 0.244 0.210 -13
High School Physics 0.265 0.298 12
High School Psychology 0.216 0.270 24
High School Statistics 0.171 0.463 170
High School US History 0.255 0.196 -23
High School World History 0.253 0.266 4
Human Aging 0.327 0.193 -41
Human Sexuality 0.237 0.298 25
International Law 0.289 0.372 28

Table 18: Performance comparison between T5-3B (baseline) and the T5-3B model with the Logical &
Mathematical Reasoning adapter loaded in, on the MMLU benchmark domains.
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Benchmark T5-3B Logical & Mathematical Reasoning Adapter % Change

Jurisprudence 0.287 0.259 -9
Logical Fallacies 0.301 0.301 0
Machine Learning 0.223 0.205 -7
Management 0.194 0.369 89
Marketing 0.256 0.227 -11
Medical Genetics 0.190 0.210 10
Miscellaneous 0.292 0.203 -30
Moral Disputes 0.278 0.289 4
Moral Scenarios 0.254 0.267 5
Nutrition 0.232 0.252 8
Philosophy 0.309 0.283 -8
Prehistory 0.287 0.293 2
Professional Accounting 0.231 0.248 7
Professional Law 0.267 0.270 0
Professional Medicine 0.188 0.279 49
Professional Psychology 0.276 0.279 1
Public Relations 0.345 0.209 -39
Security Studies 0.196 0.241 22
Sociology 0.249 0.249 0
US Foreign Policy 0.190 0.250 31
Virology 0.289 0.211 -27
World Religions 0.210 0.246 16
Average 0.246982 0.259088

Table 19: Performance comparison between T5-3B (baseline) and the T5-3B model with the Logical &
Mathematical Reasoning adapter loaded in, on the MMLU benchmark domains (Continued).
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A.9 Commonsense Reasoning

Benchmark T5-3B Commonsense Reasoning Adapter % Change

Abstract Algebra 0.330 0.210 -36
Anatomy 0.333 0.230 -31
Astronomy 0.224 0.303 35
Business Ethics 0.320 0.210 -34
Clinical Knowledge 0.230 0.302 31
College Biology 0.278 0.264 -5
College Chemistry 0.170 0.410 141
College Computer Science 0.250 0.340 36
College Mathematics 0.220 0.310 40
College Medicine 0.260 0.330 26
College Physics 0.235 0.372 58
Computer Security 0.280 0.180 -35
Conceptual Physics 0.204 0.208 2
Econometrics 0.246 0.237 -3
Electrical Engineering 0.255 0.241 -5
Elementary Mathematics 0.259 0.267 3
Formal Logic 0.191 0.365 91
Global Facts 0.310 0.180 -41
High School Biology 0.242 0.316 30
High School Chemistry 0.286 0.281 -1
High School Computer Science 0.200 0.190 -5
High School European History 0.248 0.255 2
High School Geography 0.232 0.353 52
High School Gov. And Pol. 0.030 0.035 16
High School Macroeconomics 0.200 0.364 82
High School Mathematics 0.244 0.263 7
High School Microeconomics 0.244 0.349 43
High School Physics 0.265 0.331 24
High School Psychology 0.216 0.350 61
High School Statistics 0.171 0.472 175
High School US History 0.255 0.255 0
High School World History 0.253 0.207 -18
Human Aging 0.327 0.108 -67
Human Sexuality 0.237 0.290 22
International Law 0.289 0.141 -51

Table 20: Performance comparison between T5-3B (baseline) and the T5-3B model with the Commonsense
Reasoning Adapter loaded in, on the MMLU benchmark domains.
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Benchmark T5-3B Commonsense Reasoning Adapter % Change

Jurisprudence 0.287 0.213 -25
Logical Fallacies 0.301 0.233 -22
Machine Learning 0.223 0.161 -28
Management 0.194 0.379 94
Marketing 0.256 0.197 -23
Medical Genetics 0.190 0.180 -5
Miscellaneous 0.292 0.206 -29
Moral Disputes 0.278 0.214 -22
Moral Scenarios 0.254 0.274 7
Nutrition 0.232 0.294 26
Philosophy 0.309 0.244 -20
Prehistory 0.287 0.222 -22
Professional Accounting 0.231 0.248 7
Professional Law 0.267 0.247 -7
Professional Medicine 0.188 0.324 72
Professional Psychology 0.276 0.217 -21
Public Relations 0.345 0.227 -34
Security Studies 0.196 0.388 97
Sociology 0.249 0.269 7
US Foreign Policy 0.190 0.260 36
Virology 0.289 0.193 -33
World Religions 0.210 0.175 -16
Average 0.246982 0.261123

Table 21: Performance comparison between T5-3B (baseline) and the T5-3B model with the Commonsense
Reasoning Adapter loaded in, on the MMLU benchmark domains (Continued).
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A.10 Creativity

Benchmark T5-3B Creativity Adapter % Change

Abstract Algebra 0.330 0.310 -6
Anatomy 0.333 0.319 -4
Astronomy 0.224 0.210 -5
Business Ethics 0.320 0.310 -3
Clinical Knowledge 0.230 0.223 -3
College Biology 0.278 0.285 2
College Chemistry 0.170 0.180 5
College Computer Science 0.250 0.260 4
College Mathematics 0.220 0.220 0
College Medicine 0.260 0.254 -2
College Physics 0.235 0.206 -12
Computer Security 0.280 0.280 0
Conceptual Physics 0.204 0.204 0
Econometrics 0.246 0.237 -3
Electrical Engineering 0.255 0.276 8
Elementary Mathematics 0.259 0.259 0
Formal Logic 0.191 0.182 -4
Global Facts 0.310 0.310 0
High School Biology 0.242 0.252 4
High School Chemistry 0.286 0.296 3
High School Computer Science 0.200 0.240 19
High School European History 0.248 0.236 -4
High School Geography 0.232 0.247 6
High School Gov. And Pol. 0.030 0.031 4
High School Macroeconomics 0.200 0.215 7
High School Mathematics 0.244 0.237 -3
High School Microeconomics 0.244 0.210 -13
High School Physics 0.265 0.278 4
High School Psychology 0.216 0.218 0
High School Statistics 0.171 0.176 2
High School US History 0.255 0.265 3
High School World History 0.253 0.240 -5
Human Aging 0.327 0.350 6
Human Sexuality 0.237 0.191 -19
International Law 0.289 0.297 2

Table 22: Performance comparison between T5-3B (baseline) and the T5-3B model with the Creativity
Adapter loaded in, on the MMLU benchmark domains.
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Benchmark T5-3B Creativity Adapter % Change

Jurisprudence 0.287 0.232 -19
Logical Fallacies 0.301 0.294 -2
Machine Learning 0.223 0.259 15
Management 0.194 0.204 4
Marketing 0.256 0.256 0
Medical Genetics 0.190 0.200 5
Miscellaneous 0.292 0.291 0
Moral Disputes 0.278 0.292 5
Moral Scenarios 0.254 0.250 -1
Nutrition 0.232 0.239 2
Philosophy 0.309 0.293 -5
Prehistory 0.287 0.272 -5
Professional Accounting 0.231 0.238 3
Professional Law 0.267 0.267 0
Professional Medicine 0.188 0.169 -9
Professional Psychology 0.276 0.263 -4
Public Relations 0.345 0.354 2
Security Studies 0.196 0.188 -4
Sociology 0.249 0.249 0
US Foreign Policy 0.190 0.220 15
Virology 0.289 0.247 -14
World Religions 0.210 0.210 0
Average 0.246982 0.245456

Table 23: Performance comparison between T5-3B (baseline) and the T5-3B model with the Creativity
Adapter loaded in, on the MMLU benchmark domains (Continued).
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