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0. Background The idea ofmechanization is already present at the very be-
ginnings of computer science (Post, 1936; Turing, 1937; Kolmogorov, 1953;
McCulloch and Pitts, 1943; Kleene, 1956). Until Chomsky, 1956 introduced
systems of intermediate capacity, there were only two choices: infinite or
finite memory. Since arithmetic was a primary target of mechanization,
finite automata received considerably less attention than the more pow-
erful Turing-equivalent formulations. The outstanding exception was text
processing, where grep-style utilities (Thompson, 1968) continue to play a
dominant role to this day.

Given the arithmetic focus it is unsurprising that recursive functions were
developed primarily in the N → N setting (see Rogers, 1967 for a classic
summary). Here we argue for bringing sequence-to-sequence transducers
(Sutskever, Vinyals, and Le, 2014) into the focus of theoretical work, not
just because with ChatGPT they already take center stage in applied work,
but also because they display a far broader range of human capabilities than
arithmetic ever could. With 3-4 bit quantization (Frantar et al., 2023) they
become finite state transducers, and can now be fit on a thumb drive and
run on ordinary laptops.

1. Goal The classic two-level approach (Koskenniemi, 1983), based on
running FSTs in parallel, is well-understood and well automated in one di-
rection, going from two-level rules to large automata, often tens of millions
of states. A variety of both proprietary and open source environments exist
that support weighted generalizations as well (see this list). Such systems
leverage the linguistic understanding of the problem into efficient computa-
tional blocks, both in two-level morphology and in constraint-based syntax.

The opposite direction, going from automata (often trained on noisy
data) to some linguistic rules/constraints, is not nearly as well developed, in
fact it is fair to say that this appears a rather hard instance of the ‘blackbox
AI’ problem. Yet the linguistic evidence that there are rules (or constraints)

1

https://github.com/ggerganov/llama.cpp
https://project-awesome.org/edobashira/speech-language-processing


at play, starting with Berko, 1958, seems incontrovertible, and LLMs begin
to show remarkable analogical/one shot/few shot capabilities (Brown et al.,
2020), exactly the kind that are probed by the psycholinguistic experiments.

Our goal is to encourage theoretical work on the decomposition of large
FSTs of the seq2seq class. We see a dangerous imbalance in the current
situation, where the basic building blocks, such as LSTMs, are already
opaque (Greff et al., 2015), and the composition methods, ranging from
the tensorflow-style architecture diagrams Vaswani et al., 2017 to LoRA
(Hu et al., 2021) were arrived at by trial and error, and do not, for the
most part, reflect the functionality of the parts being composed. (For a
clear description of the same problem on a much smaller scale, see Jonas
and Kording, 2017.) Without an understanding of regularization, and no
way to reverse composition, the danger is that we do not understand, and
cannot control, emerging LLM behavior (Wei et al., 2022).

2. Approach The connection between finite automata, semigroups, and
formal languages is very well known (for classic summaries, see Kuich and
Salomaa, 1985; Pin, 1995), with remarkably powerful decomposition tech-
niques such as Krohn-Rhodes (Diekert, Kufleitner, and Steinberg, 2011)
available for over half a century. This kind of work, now summarized in
handbooks such as Droste, Kuich, and Vogler, 2009, should play a guiding
role in ‘explainable AI’ (XAI). We list here, without aiming at completeness,
some key areas where research is urgently needed.

2.1 Understanding leading linguistic generalizations There is a broad consen-
sus among workers in phonetics, phonology, and morphophonology that dis-
tinctive features are fundamental to the organization of human speech.
With end-to-end neural speech transducers now performing on a par with
the best Hidden Markov Models of the previous generation, the question of
how these features are encoded in the trained systems becomes quite urgent.
Similar questions can be raised about all aspects of phonological organiza-
tion, including autosegmental structure (Goldsmith, 1976), feature
geometry (Clements, 1985), harmonic/OT constraints (Smolensky,
1986), level ordering (Kiparsky, 1982), etc. It is perhaps worth noting
that the subregular hierarchy is very much in the focus of computational
phonology work (Rogers et al., 2013; Yli-Jyrä, 2015; Chandlee and Jardine,
2019; Rawski and Dolatian, 2020), which makes attempts at XAI in this
domain considerably easier.

The same can be said about the vast majority of grammatical cate-
gories, from parts of speech (a common target in computational lin-
guistics), grammatical functions, subcategorization frames, etc.
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Few linguists or computational linguists doubt that such generalizations
are essential for the explanation of linguistic behavior, very much including
the increasingly human-like linguistic behavior of LLMs (Tenney, Das, and
Pavlick, 2019). We see all theoretical constructs given in small caps as
leading candidates for higher structure in the networks. Surely, if we can’t
find the distinctive features we are nowhere near understanding how LLMs
work.

2.2 Understanding leading machine learning techniques Again, there is a
broad consensus among workers in ML that certain techniques work remark-
ably well: the list includes reinforcement learning, now playing a critical role
in AI alignment, regularization, and of course gradient optimization. But
we still don’t have a firm understanding what optimization, viewed in the
quantized (discrete) setting, is actually doing for us as a machine operation!
In other words, we are calling for careful micro-analysis to complement the
large-scale behavioral work that approaches the problem from the physics
side (Maloney, Roberts, and Sully, 2022).

2.3 From strings to graphs In many cases, the linguistic generalizations are
better stated in terms of (hyper)graphs than in terms of strings – this is
particularly clear at the higher levels of semantic structure. The situa-
tion is largely parallel to that found for strings: graph transduction has
remarkable theoretical depth (Courcelle and Engelfriet, 2012) and efficient
computational tools (Gontrum et al., 2017) yet today’s GNNs (graph neural
networks) actually work on string input.

3. Summary and conclusions The task of explaining LLMs is a large
one, and for now a disparate set of junior, mid-career, and senior researchers
appear to be working on what appears to be various body parts of the same
elephant. We are calling on the funding agencies, not just NSF and the ERC,
but also the national grant organizations and the more specialized funders, to
create programs that transcend the seniority issue and national boundaries.
The funders should do what they do best: promote high quality long-term
theoretical work to counterbalance the enormous sums now pouring into
short-term applied work.
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