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Abstract

Large Language Models (LLMs) and Multimodal Large Language Models (LLMs)
have shown unbelievable improvement in performance in various Natural Language
Understanding and Multimodal understanding tasks. The recent works evaluate
representations, alignment, various of types of reasoning, grounding - text, video
and audio inputs - over the tasks evaluating LLMs and MLLMs. The recent
LLMs with "reasoning” or "thinking" phases generating reasoning traces (Chain-of-
Thoughts or CoTs), enacting inference-time decision-making by "thinking" before
generating a final response |Feng et al.| [2025] have shown new directions inspired
from Kahneman|[2011]. This approach leverages Reinforcement-Learning based
finetuning along with rewards signals from variants of reward models while scaling
up test-time compute. This paper re-introduces the previously examined individual
findings from few different works Silver and Mitchell| [2023]] |Pavlick| [2023], |Shani
et al.|[2025]],|Geh et al.|[2024b], |Opedal et al.| [2024]], Saparov and He|[2023] and
more. This paper attempts to find if there is a common consensus about similarity
of symbolic encodings between LLMs and human brain. The symbolic encodings
refer to alignment of symbols (words and sentences) w.r.t concepts, conceptual
categories and conceptual structures.

1 Introduction

Earliest Connectionist systems have been developed from the idea to represent information in the form
of the tensor product vectors to capture the representations of symbolic structures Smolensky|[[1987]]
Piantadosi et al|[2024]. The goal of Cognitive architectures is to replicate human cognition Saparov
and Mitchell [2022]. However recent studies that attempt to answer "what are the Large Language
Models (LLMs) supposed to model" Blank][2023]] suggest lack of consensus from perspectives from
within cognitive sciences studies. Recent cognitive science studies note that the LLMs operate at
subsymbolic level, similar to humans, as reiterated from [Silver and Mitchell| [2023] that symbols are
characterizations of subsymbolic processes of thought and this in itself makes symbols crucial for
intelligent systems. There is a greater emphasis on LLMs capturing the human-like encodings of
symbolic and conceptual information, and their relevance to reasoning.

Large Language Models (LLMs) have shown exceptional improvement in reasoning and semantic
understanding, on Natural Language Understanding tasks|OpenAl et al.|[2024b]. LLMs also expand
their language learning capabilities to translate/convert a natural language textual input into a pro-
gramming languages such as C, Java and Python [Brown et al.|[2020]. |Saparov and He|[2023]] and
Olausson et al.| [2023]] involving First Order Logic aligned methods suggest LLMs fail at planning
stages and that they suffer from "fallacy of the converse" in Natural Language Inference (NLI) tasks.
Vision Large Language Models (VLLMs) have extended the capabilities over Multimodal reasoning
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tasks such as Visual Question Answering (VQA), Vision Language Retrieval (VLR) and Natural
Language for Visual Reasoning (NLVR) than the other Multimodal Al systems Manzoor et al.| [2023].
More recent GPT-40 can also effectively process the textual, visual and audio inputs|OpenAl et al.
[2024a]. The recent work to evaluate if LLMs can learn low-resource languages using In-Context
Learning (Zhang et al.|[2024]] and creating Constructed Languages by decomposing language design
into phases using an LLM pipeline |Alper et al.|[2025]] demonstrate advancement in new language
learning and creation ( known as Computational conlanging) tasks. Grounding conceptual spaces
in language-only models [Patel and Pavlick] [2022] has also been evaluated while Multimodal Large
Language Models (MLLMs) struggle with OCR-scanned documents for visual text grounding|Li et al.
[2025]] though MLLMSs have improved on multi-modal understanding tasks Zhao et al|[2023]]. With
LLMs’ and MLLMs’ increasing availability to public and subsequent rise in the usage by the public,
recent works such as enabling unbiased discourse with mediation during democratic deliberation
Tessler et al.[[2024], evaluation of Theory-of-Mind (ToM) concepts via social reasoning capabilities
in LLMs |Gandhi et al.|[2023]], implicature-based inference in pragmatic understanding Ruis et al.
[2023]], human-like affective cognition in LLMs |Gandhi et al.| [2024]] have evaluated high-level
cognitive behaviors and various interesting applications of LLMs.

2 Similarity of symbolic encodings between LL.Ms and Humans

To discuss about the similarity of symbolic encodings that focus on concepts, between humans and
LLMs, I bring together few works to attempt to verify similarity of symbolic encodings and also
present a potential counter argument.

Recent works on the role of symbols|Silver and Mitchell|[2023]] hypothesize symbols characterize
sub-symbolic processes that help to communicate a thought. [Silver and Mitchell| [2023]] distinguishes
between symbolic representations and concept representations and proposes and asks some key
Neuro-Symbolic questions. [Silver and Mitchell| [2023] attempts to question if symbols play an
internal role for the agent beyond external communication such as contributing towards agent’s
reasoning processes in learning, memory storage and retrieval. For context, conrep (concept’s neural
representation) is agent’s internal neural activity that encodes concept referred by a symbol and
symrep (symbol’s neural representation) agent’s internal neural activity that encodes symbol. |Silver|
and Mitchell| [2023]] suggests that concept representations are associated with a symbol - where a
symbol can be an English word, Portugese word or a picture and further describes properties of LLMs
by drawing analogy between symreps and conreps. Some of the properties of LLMs as noted in
Silver and Mitchell| [2023]] suggests LLMs represent conreps of words and sentences (where words,
sentences are symbols) in the form of vectors of neural activations, such as Word embeddings that
capture the meaning of the words which may be used to predict the neural activation of individual
words in human brain. The authors also suggest the similarity of symbol encodings from LLMs to
humans and viceversa. LLMs process each word in the input (symbols) and generate an associated
conrep (the neural activation) by learning which other words in the input it needs to give "attention"
to, a mechanism used by an autoregressive model of word sequences. The transformer architecture
explores which other words in the textual input are most relevant to modify the conrep associated with
current word and then determines how to modify conrep (add’s a learned vector to current word’s
conrep). Other properties of LLMs are that they learn to modify context-free conreps associated with
individual words by taking into account the specific context of the sentence containing the word. I
present some of the findings from |Silver and Mitchell| [2023]] from comparison between human brain
neural activations to that of LLMs’ for symbolic and neural representations, as follows:

1. Consistent encodings of symbols upon reading the same word leads to "repeatable distributed
patterns of neural activity/vectors of neural activity" |Silver and Mitchell| [2023].

2. Encodings of symbols focus on concepts, meaning patterns of neural activity associated with
symbol stimuli (such as "cat") describe its associated concept (conrep), not just its symbol
(symrep), including sound of the word cat, the images of cat, even sense of touching a cat.

2.1 Text-only LLMs and similarity of symbolic encodings

Connecting the dots from |Silver and Mitchell| [2023]] with findings from [Pavlick] [2023]] suggests
that text-only LLMs, despite lack of groundings, are able to grasp conceptual structure of language.
Grounding defined as "the ability to tie a word for which they have learned a representation to its
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referent in the non-linguistic world" [Pavlick] [2023]]. The analyses and emphasis on symbols and
grounding in Language Models Pavlick][2023] in text-only LLMs suggests conceptual structures are
captured and how they can be leveraged for mapping LLMs to grounded conceptual spaces, even
without built-in multi-modal understanding in LLMs such as in GPT-2 and GPT-3. Drawing upon
this idea, the contextual information and conceptual structures learnt by the words such as color or
direction, indicate that extent to which conceptual structure of LLMs reflects the conceptual structure
of non-linguistic world. For example, the inputs are in textual format containing what "left" means
in a textual description of gridworld. A key finding of |Pavlick! [2023] is that LLMs tend do well on
these example tasks even in isomorphic rotated worlds and they are not using naive memorisation to
succeed in such tasks. Further authors suggest that such learnt conceptual structure can be used to
ground by leveraging data-efficient approaches. The authors note the limitation of text-only LLMs
that for complex visual inputs grounding, a textual input depiction is unlikely to have required grasp
of complex conceptual structures inherent within such visual inputs (non-linguistic world).

Combining one of the key findings from Silver and Mitchell|[2023]], the question is: do the findings
from |Pavlick| [2023]] that linguistic world models tend to capture conceptual structures, might suggest
encodings focus on concepts to describe symbol stimuli such as "left" describe its associated concepts
in the textual gridworld and its related concepts of "right" in the same gridworld?

2.2 Using compression-meaning tradeoff evaluation as a measure for comparing similarity of
symbolic encodings

Another interesting work Shani et al.|[2025]] discussed on how humans and LLMs trade-off between
compression and preservation of semantic meaning and explores if LLMs develop conceptual struc-
tures analogous to human cognition. The authors further suggest human concepts balance semantic
richness and cognitive manageability suggestive of Information compression. This resonates with the
ideas from [Silver and Mitchelll [2023]] that suggest symbols are characterization of our thoughts that
allows to explain subsymbolic thinking to ourselves and others (synonymous to "reasoning traces",
"thinking" phases in LLMs) and act as constraints for inference and learning about the world. There
are three key research questions in|Shani et al.|[2025] that ask 1) "how do emergent concepts in LLMs
align with human-defined conceptual categories?" [Shani et al.|[2025] referred to as representational
compactness, 2) "do LLMs and humans exhibit similar internal geometric structures within these
concepts?" [Shani et al.|[2025] semantic preservation and 3) "how do humans and LLMs differ in
their strategies for balancing meaning preservation and information compression?" Shani et al.| [2025]]
referred as "compression-meaning tradeoff” measure. The authors further draw on the Information
theoretical constructs such as Rate-Distortion measure Theory (RDT) and Information Bottleneck
principle (IB), where rate R is the representational complexity needed to represent source X as C'
where R is subjected to maximum distortion D (fidelity loss, w.r.t semantic preservation). The goal
is to optimize R + AD for evaluation of representational efficiency. More details about how IB, RDT
and objective are formulated in [A.2] The findings pertaining to semantic preservation suggest there is
above-chance alignment with human conceptual categories and do not fully mirror nuanced prototype
structures evident in human typicality judgments. The typicality here refers to "robin" as a "typical
bird", "bat" as atypical (because it is a mammal within the context of comparative human conceptual
category of "bird")|Shani et al.| [2025]]. Lastly the compression-meaning tradeoff evaluation results
suggests superior information-theoretic efficiency in LLMs’ conceptual representations in compari-
son to human conceptual structures, which strongly suggests divergence in the strategies used for
balancing informational compression with semantic meaning. This suggests that there is similarity
in alignments with human conceptual categories and ability to recover human-like categories from
their item embeddings, though both employ different strategies for compression-semantic balance.
The idea focuses using information-theoretic measures for measuring and comparing compression-
semantic tradeoffs between both humans and LLMs for alignment with human conceptual categories,
which is a different method to that of methods used in |Silver and Mitchell| [2023]] and |Pavlick] [2023|].

Based on the findings from [Silver and Mitchell [2023]] there seems to be agreement with that of the
findings in [Shani et al.|[2025]] that there is similarity and presence of alignment between human
conceptual categories with that of items/tokens as symbols/symbol stimuli (by information-theoretic
measures), thought there is divergence between the strategies employed by LLMs and humans for
compression-meaning tradeoffs exists. There seems to be potential consensus that LLMs do tend to
capture conceptual structures relevant to symbols/tokens for current token embeddings, similar to
that of humans.
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2.3 Works regarding hallucinations, cognitive biases, logical reasoning and more

There are several works examining the presence of cognitive biases (Gupta et al.| [2023]] |(Opedal et al.
[2024], logical fallacies |Lalwani et al.| [2024]] addressing hallucinations, L1 et al.|[2024] |Gu et al.
[2025] reviews LLMs as judges, RAG-based methods [Fan et al.|[2024], [Feng et al.|[2024] that suggest
LLMs replicate inherent biases, beliefs of the humans. Recent works onWang et al.| [2024] suggest
various aspects of human-centric perspectives and analyze cognition at individual and collective
spaces respectively. The evaluation of deductive reasoning through First order logic based tasks to
derive and evaluate conclusions from logical premises |Saparov and He|[2023]] which suggests room
for improvement in planning for LLMs. These works also have potential to resonate similarity of
symbolic encodings, since humans themselves suffer from these potential drawbacks, LLMs resonate
these common drawbacks from the humans Krawczyk| [2017].

3 Alternative Views

3.1 Insights from Non-Canonical tokenization for similarity of symbolic encodings

Another recent work |Geh et al.| [2024al] examines tokenization encodes text into canonical tokens.
The authors discuss importance of Byte-Pair Encodings (BPE) commonly used in LLMs which
repeatedly merges most frequent byte pair of tokens into the new token into merge table and each
one of the entries are assigned priorities. The results are further processed by splitting the string into
constituent characters, then combines the pair of tokens that have highest priority merge rule which
results in canonical tokenization. The BPE method with dropout adds more mass to non-canonical
tokenizations. The key finding from the authors are that majority of non-canonical tokenizations
belong to non-English cases with large portions consisting of code and other language tokens which
is word-dependent. Some of the non-canonical tokenizations contain grammatically correct words,
but longer texts seem to contain some mass attributed to non-canonical tokenizations. The authors
extend this interesting finding to verify that instead of using single tokenization, if aggregating over
all tokenizations each weighted by their probability, then to compute marginal probability of the
string x. Their study showed there is most of the probability mass over canonical tokenization. These
findings and further experimentation showed improvement in accuracy for non-canonical tokenization
concluding there is signal in the non-canonical tokenization space suggesting they retain meaningful
information.

At the language level, the findings from Geh et al.|[2024a] show that non-canonical tokenizations
capture more meaningful information, under controlled configurations for downstream tasks such as
Question and Answer datasets (Q&A). How can we map non-canonical tokens that seem to capture
meaningful information in Q&A tasks with that of symreps and conreps from human brain imaging
in an analogous Q&A task ? Does this suggest that the canonical vs non-canonical tokenization
techniques can lead to vectors of activations until "symbol stimuli" in LLMs? Example: [B,a, t]
are canonical tokens seen by an LLM during tokenization until LLM searches and finds relevant
tokenizations and it’s associated concept of "Bat", within the context (whether it’s a baseball bat
or "Bat" as a "mammal"), while humans receive symbol stimuli for Bar as an English word, or as
a picture based on symreps and conreps respectively. Do these present similarities of encodings of
symbols at conceptual level or do we need to find another meeting point to compare the similarities
of symbolic encodings ?

3.2 Conclusion

This work broadly studies key works for consensus towards similarity of symbolic encodings between
LLMs and human brain, by drawing inspiration from [Silver and Mitchell [2023]. Combining the
aforementioned analyses, there are sufficient evidences that suggest similarity exists. Two contrasting
research questions emerge that - to what extent is the similarity acceptable VS to what extent is the
dissimilarity desirable VS domain/task-based expert human cognition (finetuned) VS general human
cognition (pretrained) - seems to be restricting where to draw the line for consensus over similarity of
symbolic encodings between LLMs and human brain.
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A Technical Appendices and Supplementary Material

A.1 About properties of LLMs discussed in Silver and Mitchell [2023]

The two additional properties not included in aforementioned discussion, due to focus on "language"
relevant similarity comparisons:

1. Encodings are multi-modal, meaning representations in human brain and Artificial Neural
Networks "get similar patterns" whether hearing or writing, word could be in English or
Portugese, "where full representations are spread across sensory and motor modalities”
Silver and Mitchell| [2023]].

2. Dual Architecture draws upon Kahneman’s theory of thinking fast and slow, by using two
systems named: System 1 that thinks fasts and System 2 that thinks slow by applying rules,
logic and evidences. "Kahneman’s theory suggests brain learns quickly to activate a neural
pattern Y, if it was frequently coactivated with neural pattern X" |Silver and Mitchelll [[2023]].
For example even if the image of "peach" or symrep of "peach is partial or vague such as
canned peaches, or smashed peaches, brain generates conrep of typical peach. This seems to
be modulated by grounded perception.

A.2 Formulations for compression-meaning tradeoff evaluation as a measure for comparing
similarity of symbolic encodings between LL.Ms and humans Shani et al.|[2025]

IB seeks a compressed representation C' of an input X that maximizes information about relevant
variable Y minimizing I(X; C'), mutual information C retains about X, is the bottleneck cost. The
goal L to balance RDT’s rate and distortion, £ designed to explicitly balance complexity term R,
representing X through conceptual clusters C'. By RDT theory, X : X, z1,22--- € X is a source
sequence. The reproduction sequence is a potential output X : X, #1245 - - - € X and the distortion
measures the loss or distance (that are normalized/normal distortion measures). The distortion
measures, for RDT for the the goal £ , is for semantic information lost or obscured within the clusters
(variance of each x; € X embeddings relative to concept cluster centroids). To combine the three
research questions with RDT and IB formulations, where X are the token embeddings, £(X, C; 8) =
Complexity(X, C) + f3 - Distortion(X, C') The further formulations I(X;C) = H(X) - H(X | C)
applies to initial and conditional entropies respectively. If Cluster assignments C' make the specific
items X more predictable, then that signifies greater compression. The complexity Complexity(X, C')
and its details of formulations expressed in terms of respective entropy formalizes representational
compactness. The Distortion term Distortion(X,C) measures loss of sematic fidelity incurred
by grouping items into clusters, which is measured as average intra-cluster variance of the item
embeddings and this formalizes semantic preservation. The unified objective £(X, C'; ) combines
Complexity(X, C) i.e. representational compactness and Distortion(X, C') i.e. semantic preservation
together formalizes compression-meaning tradeoff.

Further by using k-means and other relevant applicable metrics, the findings relevant to represen-
tational compactness suggest above-chance alignment with human conceptual categories and can
recover human-like categories from their embeddings.

A.3 Details about Canonical vs non-canonical tokenization problem formulation

For each string x, canonical tokenizer yields a canonical tokenization vector v*, which is evaluated
by LLM for canonical probability p(v*, ), which is one of the exponential number of possible
tokenizations and space. The distribution of tokenization space from Geh et al.|[2024a] shows larger
probability mass on the canonical tokenization.

For computing marginals, the findings suggest that for short strings, the results seem to show that
canonical probability is close to true marginal. For the longer texts, the approximate marginal
approaches closer to canonical tokenization probability.
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