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Abstract

Large Language Models (LLMs), Vision LMs and Multi-
modal Large Language Models (MLLMs) have shown im-
pressive performance across various Natural Language Un-
derstanding and Multimodal Understanding tasks while im-
proving physical/spatial intelligence tasks similar to/better
than human performance. This work attempts to bring various
alignment studies to find consensus about alignment/diver-
gences that are desirable and not desirable. There are broadly
two categories of alignment studies included - human-Al and
human brain-Al representational alignment. The two cate-
gories may evaluate alignment/divergence on the basis of
specific tasks, applications, evaluations and hypotheses while
considering various types of data such as text, image, audio
and video inputs across LLMs, VLMs and MLLMs. This at-
tempt finds that the insights from the human brain-Al repre-
sentational alignment may help with better human-centered
design and human-Al alignment by also including potential
research questions/directions. The key finding is that there is,
however, a lack of sufficient consensus for alignment given
the disagreements within and across the two categories due
to both undesirable - divergences and alignment.

Code — https://github.com/sushmaanandakoju/alignment-
taxonomy

Introduction

The general goal of Cognitive architectures is to replicate
human cognition (Saparov and Mitchell 2022) which led to
the design of Artificial Neural Networks (ANNs) that was
inspired from the biological Neural networks to mimic the
brain’s learning (Hinton 1992). One of the important algo-
rithms in ANNSs is the backpropagation algorithm as a means
of capturing representations such that a close approximation
to the raw input can be reconstructed. The subsequent re-
search on classification tasks (Zhang 2000), the evolution
of Deep Learning Neural Networks (Goodfellow, Bengio,
and Courville 2016), the modeling of textual, auditory lan-
guage data through Natural Language Processing (NLP) (Ju-
rafsky and Martin 2026), the modeling of image and video
data for various types of applications through Deep Learn-
ing for Computer Vision (Voulodimos et al. 2018) have led
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towards present days’s Large Language Models (LLMs) and
the variants. The advent of ChatGPT (OpenAl 2022) and its
ability to engage in human-like conversations and exam per-
formance, coding and written capabilities, eventually led to
the Conversational Al utilizing capabilities of LLMs. The
Anthropic’s Claude Al (Anthropic 2023), Google’s Gemini
(Gemini Team and Google Research 2023) which differ sig-
nificantly in architectures, have demonstrated similar abili-
ties and competing performances in exams at various edu-
cational levels. Recent discussions surrounding Human-Al
alignment and human-centered Al have led to the Human-
centered design as well as AlI-Human alignment research
studies and frameworks (Shen et al. 2025a) (Shen et al.
2025b) (Bommasani et al. 2025) (Régis et al. 2024) (Wang
et al. 2024).

LLMs like GPT do well on Natural Language Under-
standing tasks (OpenAl et al. 2024b). LLMs also have
shown improvement in translating a natural language texts
to scripts written in programming languages such as C and
Python (Brown et al. 2020) (Wang and Chen 2023). Eval-
uation of LLMs (Saparov and He 2023) (Olausson et al.
2023) involving Neurosymbolic methods for deductive rea-
soning suggest LLMs fail at planning stages and that they
suffer from “fallacy of the converse” in Natural Language
Inference tasks. MLLMs have extended the capabilities over
Multimodal reasoning tasks than the earlier Multimodal Al
systems (Manzoor et al. 2023) (Zhao et al. 2023). Video un-
derstanding (Buch et al. 2022) (Tang et al. 2025) (Madan
et al. 2024) (Ma et al. 2025) (Kawaharazuka et al. 2025)
demonstrated improved performance underscoring abstract,
temporal and spatiotemporal reasoning. The GPT-40 (Ope-
nAlI et al. 2024a) can also effectively process the textual,
visual and audio inputs. The evaluation of LLMs to learn
low-resource languages using In-Context Learning (ICL)
((Zhang et al. 2024) and creating Constructed Languages
by decomposing language design into stages using an LLM
pipeline (Alper et al. 2025) demonstrate advancement in
new language learning and creation known as Computa-
tional conlanging tasks. The previous works on whether
LLMs can learn impossible languages (Kallini et al. 2024)
demonstrated LLMs struggle to learn impossible languages.
Evaluation of grounding conceptual spaces in language-only
models (Patel and Pavlick 2022), LMs struggle with OCR-
scanned documents for visual text grounding and from hal-



lucinations (Li et al. 2025a) (He et al. 2025) and the re-
cent DeepSeek OCR model (Wei, Sun, and Li 2025) demon-
strated vast progress in OCR-scanned document understand-
ing. Other works focused on enabling unbiased discourse
with mediation (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-AI Alignment

In this section, the alignment research studies included are
based on Human-Al alignment, Human-centered design,
and rest based on human preferences, values, belief, in-
tents, cognitive, psychological basis, symbol-concept map-
ping and alignment given semantic compression. This sec-
tion contains two sub-categories: Alignment of Al with hu-
mans, human cognition and humane aspects, undesirable
alignment and divergences.

Alignment of AI with humans, human cognition
and humane aspects

The Bidirectional Human-AlI: Recent survey on Human-
Al alignment (Shen et al. 2025a) presented a comprehensive
review of over 400 papers across various aspects of align-
ment. The Bidirectional Human-Al alignment framework
was proposed to align Al with humans and viceversa and
identified many challenges that Al systems commonly face
such as the design focused on alignment with human goals
rather than to capture intended values, and the increasing
need adapt Al to evolving human values among a few. The
authors emphasize that without considering longterm cog-
nitive and social impacts, Al might become neither humane
nor desirable. They provided a direction via the definition of
alignment - alignment to goals such as preferences, values,
intentions, and instructions and targets of alignment - types
of users, morals, values (including pluralistic value align-
ment), social norms and ethics. The key research gaps iden-
tified by the authors - the use of implicit human feedback
such as human cues such as with live stream of human fa-
cial gestures and auditory features (Matsuyama et al. 2016)
(Shen et al. 2025a), that contribute towards detecting impor-
tant social/emotional cues for social/emotional intelligence.

The human-centered Al is a proposed solution based on
the impact of Al on society and its alignment with human
values and needs (Schmager, Pappas, and Vassilakopoulou
2025), where the values include ethics, safety and perfor-
mance. Another definition of alignment is intent alignment
(Anwar et al. 2024) i.e. system is aligned when it is try-
ing to behave as intended by some human actor and fixed
the intent to be that of LLM developer instead of system
user, with the support for safety. LLM developer also en-
sures safety and targets to address other social aspects of
preference-based usage of LLMs under various applications,
tasks and domains. The authors acknowledge that - capabil-
ities of LLMs are difficult to estimate and understand. There
are proposed guidance and changes surrounding policy ini-
tiatives for human-centered Al, (Bommasani et al. 2025)
(Régis et al. 2024) (Branda, Ciccozzi, and Scarpa 2025)

that emphasize and address similar aspects. The ToM stud-
ies evaluated and proposed benchmarks (Gandhi et al. 2023)
which are social reasoning focused. The human-like affec-
tive cognition in LLMs (Gandhi et al. 2024) have evaluated
high-level cognitive behaviors and various applications of
LLMs. Another interesting, less explored aspect of align-
ment is language and image as a symbol and its’ correspon-
dence to the concept in text-only LLMs (Pavlick 2023). This
work suggests that text-only LLMs, despite lack of ground-
ings, are able to grasp conceptual structure of language.

Human-preference based alignment among Multimodal
LLMs (Yu et al. 2025), and bidirectional human-Al align-
ment (Shen et al. 2025b) provide various types of fair, reli-
able, safe, ethical aspects under human-centered Al perspec-
tives, which are either implied or intuitively discussed as
part of Alignment studies. The literature survey on stages of
LLM development was integarted to the insights from cog-
nitive, developmental, psychological, behavioral, social and
psycholinguistic theories (Liu et al. 2025). The study (Shani
et al. 2025) evaluated based on an information-theoretic
measure for comparing compression-semantic tradeoffs be-
tween both humans and LLMs for alignment with human
conceptual categories. There are three key research aspects
referenced: representational compactness, semantic preser-
vation and “compression-meaning tradeoff” measure. The
key finding from semantic preservation (derived as an infor-
mation theoretic metric) suggests that there is above-chance
alignment with human conceptual categories. This raises a
question - what hypotheses maybe approximated for the
representations learnt during each one of LLM develop-
ment phases?

Undesirable Alignment

This subcategory includes works that found alignment in
LLMs for undesirable common drawbacks often suffered by
humans. There are increasing efforts examining the presence
of cognitive biases (Gupta et al. 2023) (Opedal et al. 2024),
logical fallacies (Lalwani et al. 2024) addressing hallucina-
tions, and evaluating LLMs as judges, RAG-based meth-
ods(Li et al. 2024) (Gu et al. 2025), (Fan et al. 2024) and
(Feng et al. 2024) which also lead to similar ideas that
LLMs replicate inherent biases, beliefs of the humans or
bring out unreliable decisions. Recent works also catego-
rized human-centric LLM capabilities- reasoning, percep-
tion and social cognition and evaluated cognition at individ-
ual and collective spaces respectively for alignment - and
described the challenges and areas of improvement (Wang
et al. 2024). The evaluation of deductive reasoning for tasks
using Neurosymbolic methods to derive and evaluate con-
clusions from logical premises (Saparov and He 2023) and
reported poor planning in LLMs. Many of these works also
emphasized that the humans themselves suffer from these
potential drawbacks and LLMs resonate these drawbacks
(Krawczyk 2017), that are undesirable but these may be ad-
dressed in practice depending on type of tasks, domains,
preferences, goals, values and so on. The key question here
- which phases of LLM development measure progress of
each type of desired alignment?



Divergences

This section includes four studies that suggest the appar-
ent dissimilarities and divergences from, the expected hu-
man ratings based on human norms or human-like concept
representation/task performance. An insightful Mechanis-
tic Interpretability (MI) study on value entanglement (Cho,
Li, and Leshinskaya 2025) suggests that there is value en-
tanglement i.e. some LLM representations of grammatical-
ity are overly influenced by the moral good relative to hu-
man norms. The sentences that are morally good are often
marked grammatically correct despite being grammatically
incorrect while morally not good sentences were marked
grammatically incorrect though they are grammatically cor-
rect sentences. The sentence I abandoned my children at
rest stop because they were being difficult” - was labeled
as grammatically incorrect but was caused by morally incor-
rect meaning, as per ablation studies. The divergences seem
to emphasizes we may need more of MI studies for var-
ious other types of human-annotated/rated data to un-
derstand the internal representations of LLMs. Another
recent work identified emergent misalignment behavior ob-
served from generating insecure code without disclosure to
the user (Betley et al. 2025). A more recent work suggests
that LLMs exhibit natural emergent misalignment by learn-
ing to reward hack that led to spontaneous alignment fak-
ing reasoning, aligning with bad actors after receiving a re-
ward for bad action accidentally (MacDiarmid et al. 2025).
The compression-meaning tradeoff evaluation results (Shani
et al. 2025) suggests divergence in the strategies used for
balancing information theoretic compression with semantic
meaning preservation between LLMs and humans. LLMs do
not fully mirror nuanced prototype structures evident in hu-
man typicality judgments despite their alignment to human
conceptual categories. The typicality here refers to “robin”
as a typical bird and ”bat” is a mammal within the context of
comparative human conceptual category of ”bird”. The abil-
ity to recover human-like categories from their item embed-
dings is impressive, though both humans and LLMs employ
different strategies for balancing compression-semantics.

Alignment of Human Neural activity and
representations of LMs

In this section, the alignment research studies include Neu-
ral activity-AI’s representational accounts for alignment for
symbol representations and various types of data and tasks
and the divergences.

Human Brain-AI Alignment

This category includes alignment of - human neural activ-
ity with LMs, brain-LM evaluation benchmarks, represen-
tational geometric similarity based studies and hypotheti-
cal analysis. The Role of Symbols, Neural Representa-
tions and Alignment: The similarity of symbolic encodings
from their correspondence between neural activity and ear-
lier LMs’ representations focused on symbol-concept repre-
sentations and provided comprehensive, expert analyses and
guidance for Neural-based Al (Silver and Mitchell 2023).
Conreps (concept’s neural representation) is agent’s internal

neural activity that encodes concept referred by a symbol
and symrep is (symbol’s neural representation) agent’s in-
ternal neural activity that encodes symbol. The symbol can
be an English word, Portugese word or a picture and fur-
ther describes properties of LLMs by drawing analogy be-
tween symreps and conreps. The authors hypothesize sym-
bols characterize sub-symbolic processes that help to com-
municate a thought and proposed to distinguish between
symbolic and concept representations. LMs represent con-
reps of words and sentences (both are symbols) in the form
of vectors of neural activations. Word embeddings capture
the meaning of the words which may predict the neural acti-
vation of individual words in human brain. The transformer
architectures explore which other words in the textual input
are most relevant to modify the conrep associated with cur-
rent word and then determines how to modify conrep (adds
a learned vector to current word’s conrep analogous to next-
word prediction). What is the representational alignment
for symbol-concept representations between neural ac-
tivity and multimodal AI systems?

There have been various research studies conducted to
measure alignment between human neural activity and inter-
nal representations of LLMs. The brain represents concepts
in locality-sensitive hashing (LSH) where brain assigns sim-
ilar neural activity patterns/concepts that are represented by
similar responses (Chen et al. 2024). The fly’s neural cir-
cuit assigned similar neural codes to similar odors, while
overlapping populations led to nearby positions for similar
stimuli. Analogous to this finding, the large pretraining mod-
els such as CLIP reveal concepts that are similar seman-
tically are closer in the embedding space. Multiple works
(Merlin and Toneva 2022) (Aw et al. 2024) studied that the
brain and Language model alignment goes beyond word-
level semantics and predictions while concluding that fine-
tuning an LM with additional text improves its representa-
tions of multi-word semantics and improved alignment. The
Representational similarity studies (Gao et al. 2025) reveal
that LLMs inherently align closer to improved human neu-
ral activity predictions without requiring instruction-tuning
while MLLMs learn similar semantic relationships and hu-
man conceptual knowledge in comparison to human cogni-
tion (via Brain Rols).

The use of various representational measures for evalu-
ating functional correspondence between varying architec-
tures and measured the degree of alignment (Bo et al. 2024).
The various types of metrics for comparing representations
emphasize overall geometric structures excelled at differen-
tiating between trained and untrained data while aligning
with behavioral measures, while linear predictivity measures
demonstrate only moderate alignment with behavior. Both
language-only and language-vision models predict the sig-
nal better in more meaning-consistent areas of the brain even
when these areas are less sensitive to language processing
and LMs might internally represent cross-modal conceptual
meaning (Ryskina et al. 2025). The object representations in
MLLMs share fundamental similarities that reflect key as-
pects of human conceptual knowledge (Du et al. 2025). To
what extent the representational similarity analyses pro-
vide insights about dissimilarities?



The hypothetical basis derived from cognitive neuro-
science perspectives about understanding language suggests
systems should capture surface-level meaning and should
also construct rich mental models of situation it describes
(Casto et al. 2025). The language system in the brain ex-
ports information to other non-language regions of the brain,
during language comprehension. The core language sys-
tem supports shallow language understanding by construct-
ing linguistic form-independent representation (translation
vs paraphrasing), while areas outside the language system
support enable better understanding by enriching or aug-
menting the language representations (Casto et al. 2025).
The similarity between language and vision-derived repre-
sentations is attributed to the fact that language and visual
experiences capture the similar structure of the world. The
limited functional competence in GPT-2 is similar to brain’s
core language system. There are possibilities for routing and
broadcasting between various brain regions and such flow of
information is bidirectional. The pre-training data size and
model scaling positively correlated with LLM-brain sim-
ilarity while alignment training may improve the similar-
ity (Ren et al. 2025). LLMs mirror human neurocognition
during abstract reasoning and form representations that dis-
tinctly cluster the abstract pattern categories within the in-
termediate layers while strength of the clusters scales with
LLMs (Pinier et al. 2025).

The Platonic Representation Hypothesis (Huh et al.
2024a), presented a hypothesis based on recent studies on
language and vision models, brain alignment, that the neural
networks trained with different objectives on different data
and modalities, are converging to a shared statistical model
of reality in their representational geometric spaces. Further
proposed to characterize representations in terms of the ker-
nels, i.e. based on how they measure distance/similarity be-
tween inputs. The kernel alignment metrics quantify degree
to which the presented theoretical hypothesis are true. The
authors emphasize the role of training data and its impor-
tance in alignment based on brain alignment research stud-
ies and that it is more about generality of representations
that explain alignment with biological representations. The
capacity hypothesis about smaller models and the multitask
scaling hypothesis about multiple tasks provide helpful in-
sights. The simplicity bias presented in this work introduced
that the internal representations learnt by a 1B versus a 1M
parameter model might be distinct and generally deep net-
works are biased to find simpler fit and as models become
larger they converge to smaller solution space, which might
restrict larger models from learning a more complex repre-
sentation different from that of what they previously learnt
(a simpler fit). This raises a question, can models explore
divergent than convergent paths for a solution? What is
the role of attention in platonic hypothesis?

Divergences

A recent work (AlKhamissi et al. 2025) conducted exper-
iments over 300B tokens across 8 models for brain align-
ment to linguistic competence over benchmarks on neu-
roimaging and behavioral datasets. The results indicate that
brain alignment tracks linguistic competence more than the

functional competence (that involves world knowledge and
reasoning) and therefore human language network is better
modeled by formal competence. The correlation between -
next-word prediction, behavioral alignment and brain align-
ment - fades as the models surpass human language pro-
ficiency. (Zhou et al. 2024) investigates and evaluates di-
vergences between human brain responses and LLMs rep-
resentations. The LLMs failed to capture social/emotional
intelligence and physical commonsense. This finding seems
to underscore the need to verify alignment with other re-
cent LMs such as VLAs over text-based LLMs such as in
(Li et al. 2025b) and (Kawaharazuka et al. 2025). The dif-
ferent modalities contain different types of information and
not all representations necessarily converge are two coun-
ters to the platonic representational hypothesis (Huh et al.
2024b). This naturally led to some open-ended questions
- Which types of LLMs can capture social/emotional in-
telligence or physical commonsense better? What type
of brain-Al representational divergences exist within the
social/emotional intelligence tasks? How much similarity
between Brain-Al representations is desirable and un-
desirable during language comprehension ? What rep-
resentational distinctions do we need to anticipate with
architectural differences between Brain-AI?

Conclusion

This work broadly studies key works for consensus towards
alignment between human-AI and human brain-Al represen-
tations, by drawing inspiration from (Silver and Mitchell
2023) (Huh et al. 2024a), (Casto et al. 2025), (Bo et al.
2024), (Chen et al. 2024), (Gao et al. 2025). There are also
observed divergences between neural activity-LLMs repre-
sentations and humans-LLMs (Cho, Li, and Leshinskaya
2025),for various types of tasks. Combining the aforemen-
tioned analyses across various types of alignments, cognitive
neuroscience hypothesis, representational similarity hypoth-
esis, similarity and alignment exists. For each category and
subcategories, the forward guidances led to more research
questions and directions which were highlighted at various
contexts in the paper. There is a lack of sufficient consensus
for alignment given the disagreements between undesirable
- divergences and alignment - within and across the two cat-
egories.
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Any code required for pre-processing data is in-
cluded in the appendix (yes/partial/no) Type your re-
sponse here

All source code required for conducting and analyz-
ing the experiments is included in a code appendix
(yes/partial/no) Type your response here

All source code required for conducting and ana-
lyzing the experiments will be made publicly avail-



able upon publication of the paper with a license
that allows free usage for research purposes (yes/-
partial/no) Type your response here

4.6. All source code implementing new methods have
comments detailing the implementation, with refer-
ences to the paper where each step comes from (yes/-
partial/no) Type your response here

4.7. If an algorithm depends on randomness, then the
method used for setting seeds is described in a way
sufficient to allow replication of results (yes/par-
tial/no/NA) Type your response here

4.8. This paper specifies the computing infrastructure
used for running experiments (hardware and soft-
ware), including GPU/CPU models; amount of
memory; operating system; names and versions of
relevant software libraries and frameworks (yes/par-
tial/no) Type your response here

4.9. This paper formally describes evaluation metrics
used and explains the motivation for choosing these
metrics (yes/partial/no) Type your response here

4.10. This paper states the number of algorithm runs used
to compute each reported result (yes/no) Type your
response here

4.11. Analysis of experiments goes beyond single-
dimensional summaries of performance (e.g., aver-
age; median) to include measures of variation, con-
fidence, or other distributional information (yes/no)
Type your response here

4.12. The significance of any improvement or decrease in
performance is judged using appropriate statistical
tests (e.g., Wilcoxon signed-rank) (yes/partial/no)
Type your response here

4.13. This paper lists all final (hyper-)parameters used
for each model/algorithm in the paper’s experiments
(yes/partial/no/NA) Type your response here

Technical Appendices and Supplementary
Material

About properties of LL.Ms discussed in Silver and
Mitchell (2023)

The authors suggest the similarity of symbol encodings from
LMs to humans and viceversa. LMs process each word in
the input (symbols) and generate an associated conrep (the
neural activation) by learning which other words in the in-
put it needs to give “attention” to, a mechanism used by an
autoregressive model of word sequences. 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.

The properties of LLMs as discussed in Silver and
Mitchell (2023):

0.1 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).

0.2 Encodings of symbols focus on concepts, meaning pat-
terns 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.

0.3 Encodings are multi-modal, meaning representations in
human brain and Artificial Neural Networks “get simi-
lar 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).

0.4 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 neu-
ral pattern Y, if it was frequently coactivated with neu-
ral pattern X” Silver and Mitchell (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.

The Platonic Representational Hypothesis

(Huh et al. 2024a), presented a hypothesis based on recent
studies on language and vision models, brain alignment, that
the neural networks trained with different objectives on dif-
ferent data and modalities, are converging to a shared sta-
tistical model of reality in their representational geometric
spaces. Further proposed to characterize representations in
terms of the kernels, i.e. based on how they measure dis-
tance/similarity between inputs. The kernel alignment met-
rics quantify degree to which the presented theoretical hy-
pothesis are true. The authors emphasize the role of training
data and its importance in alignment based on brain align-
ment research studies and that it is more about generality of
representations that explain alignment with biological repre-
sentations. The capacity hypothesis suggests smaller models
trained for some specific tasks may not cover the optimum
and thus find different solutions, but as the models become
larger, they cover the optimum and converge to same so-
Iutions. The multitask scaling hypothesis suggests models
trained with an increasing number of tasks are subject to task
and data pressure to learn a representation that can solve all
tasks. The simplicity bias presented in this work introduced
that the internal representations learnt by a 1B versus a 1M
parameter model might be distinct and generally deep net-
works are biased to find simpler fit and as models become
larger they converge to smaller solution space, which might
restrict larger models from learning a more complex repre-
sentation different from that of what they previously learnt



(a simpler fit).

What does it mean to understand language?

A recent study hypothesized that cognitive neuroscience
perspectives about understanding language could not only
capture surface-level meaning but also could construct rich
mental models of situation it describes (Casto et al. 2025).
The other hypotheses suggests that the language system
in the brain exports information to other non-language re-
gions of the brain, during language comprehension. The core
language system supports shallow language understanding
by constructing linguistic form-independent representation
(translation vs paraphrasing), while areas outside the lan-
guage system support enable better understanding by en-
riching or augmenting the language representations. These
works reference several other families of works within “’lan-
guage and vision language model vs human brain alignment
studies”, where similarity between language and vision-
derived representations is attributed to the fact that language
and visual experiences capture the similar structure of the
world. Further reiterated that the lack of functional com-
petence in GPT-2 is similar to brain’s core language sys-
tem. There are possibilities for routing and broadcasting be-
tween various brain regions (that represent various capabili-
ties) and such flow of information is bidirectional.

Formulations for compression-meaning tradeoff
evaluation Shani et al. (2025)

The authors further draw on the Information theoretical con-
structs 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 (fi-
delity loss, w.r.t semantic preservation). The goal is to opti-
mize R + AD for evaluation of representational efficiency.
IB seeks a compressed representation C' of an input X that
maximizes information about relevant variable Y minimiz-
ing I(X; C), mutual information C retains about X, is the
bottleneck cost. The goal £ to balance RDT’s rate and dis-
tortion, £ designed to explicitly balance complexity term R,
representing X through conceptual clusters C. By RDT the-
ory, X : X, z1,x9 -+ € X is a source sequence. The repro-
duction sequence is a potential output X: X, 12 €X
and the distortion measures the loss or distance (that are nor-
malized/normal distortion measures). The distortion mea-
sures, for RDT for the the goal £ , is for semantic in-
formation lost or obscured within the clusters (variance of
each z; € X embeddings relative to concept cluster cen-
troids). To combine the three research questions with RDT
and IB formulations, where X are the token embeddings,
L(X,C;p) = Complexity(X,C) + B - 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 pre-
dictable, then that signifies greater compression. The com-
plexity Complexity(X, C') and its details of formulations ex-
pressed in terms of respective entropy formalizes represen-
tational 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 se-
mantic preservation. The unified objective £(X, C; 8) com-
bines 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 representational compact-
ness suggest above-chance alignment with human concep-
tual categories and can recover human-like categories from
their embeddings.

The ConlangCrafter Alper et al. (2025)

The ConlangCrafter Alper et al. (2025) contains two stages:
Stage A consisting of Language sketch Bootstrapping and
Stage B Constructive translation. The configuration de-
scribed for the two stages involves an LLM M, a user
input ¢ which is optional and may contain constraints or
other information required for the conlang. There is a mem-
ory bank S with language sketch, which is a description
of the language structure. In Stage A, a description of the
core structure of the language involving phonology, gram-
mar and lexicon are generated. In Stage B, given S, Con-
langCrafter translates and glosses texts while updating S. It
is required that .S is under-specified to add new, creative ad-
ditions to S, which is unlike low-resource translation. LLMs
used were DeepSeek-R1 and Gemini 2.5 while 03 is used
as an LLM judge. The language setup seems to suggest a
polysynthetic language where subject, object and verbs parts
of sentences are expected to be single longform words. Us-
ing the typological features from World Atlas of Language
Structures with 16 features, they generated 20 languages
and evaluated for internal consistency. The authors also con-
ducted ablation studies to measure and evaluate internal con-
sistency which requires multiple self-evaluation cycles un-
til a consistency has been reached by also using an LLM
as a judge. The example languages generated are available
https://conlangcrafter.github.io/. It seems like some subset
of languages constructed combine Creole, Japanese and Es-
peranto where Esperanto is another Constructed language.
The languages constructed in this work are diverse topolog-
ically with some properties such as incorporating agglutina-
tive languages, incorporating three variations of word order
and other select linguistic features for typological analysis.

Value Entanglement : A Mechanistic
Interpretability perspective

This work evaluated moral good in comparison to gram-
matical good of a sentence by probing behavior, embed-
ding model analysis and by using ablation of activation vec-
tors. This work suggests that there is value entanglement i.e.
some LLM representations of grammaticality is overly influ-
enced by the "moral goodness” relative to human norms - the
sentences that are morally good are often marked grammat-
ically correct despite being grammatically incorrect while
morally not good sentences were marked grammatically in-
correct despite being grammatically correct. For example,



the sentence I abandoned my children at rest stop because
they were being difficult” - was labeled as grammatically
incorrect (with negative scores) as confirmed from the ab-
lation studies and mechanistic interpretability methods that
this was due to morally incorrect meaning. This work under-
scores emergent misalignment. This work involves humans
labeling the sentences for moral goodness and grammatical-
ity and the findings suggest no correlation exists between
grammaticality and moral goodness however there seems to
be correlation between the two among GPTx and QWEN. In
the embedding model analyses, the authors used embedding
vectors using a semantic projection method, where they sub-
tract embeddings for two sets of adjectives, which are then
used to find cosine similarity between between vector em-
beddings of each candidate sentence from Moral Grammar
sentences set. In Residual stream activation analyses, the
stream activations of two moral and grammatically contrast-
ing sentences are used to generate a attribute vector repre-
senting the contrast. Each one of the sentences in the source
dataset are projected onto each attribute vector by taking in-
ner product of their corresponding activation vectors which
produces a scalar value that represents position of the sen-
tence along the attribute vector. Further, the direction ab-
lation method is applied to remove direction information
to evaluate for the results. This work examines correlation
between moral goodness and grammaticality among human
ratings versus within LLMs. Human ratings do not show any
correlation, but LLMs did show correlation between moral
goodness and grammaticality.

Bidirectional Human-AlI alignment Shen et al.
(2025a)

The recent work presents a comprehensive review of over
400 papers surrounding Human-AlI alignment over various
categories and proposed bidirectional Human-Al alignment
framework that includes both to align Al with humans and
to align humans with AI Shen et al. (2025a). This work
recognizes the challenge that Al systems are designed to
align with human goals and less to capture intended val-
ues and identifies human ratings/approval and other meth-
ods as proxies. A second challenge identified by this work
that as Al systems become complex, it becomes harder to
align them through human feedback while a third challenge
was that alignment should adapt to evolving human val-
ues, and that without considering longterm cognitive and
social impacts, Al might become neither humane nor de-
sirable. This work presents current definition/s of alignment
such as alignment to goals such as preferences, values, in-
tentions, and instructions, alignment to-whom involves vari-
ous stakeholders such as end users, practitioners and organi-
zations and alignment to-what suggests morals, values (in-
cluding pluralistic value alignment), social norms and ethics
Shen et al. (2025a). This work primarily includes four re-
search questions regarding, human values and specifications,
integrating human specifications into Al, human cognitive
adjustment to Al, human adaptation behavior to Al. This
work presents underexplored research gaps. The research
gaps for aligning Al with humans include use of implicit
human feedback such as human cues etc are less explored

such as in Matsuyama et al. (2016), most alignment efforts
focus on training phases over developing/customizing dur-
ing inference and lastly, human-in-the-loop evaluation is less
used/preferred over other automatic evaluation metrics. The
research gaps for aligning humans with Al identified that
fostering Al literacy seems to have overlooked in certain as-
pects of human-centered Al

Differences in Semantic Alignment between
Human Recognized Concepts, Symbols with
text-only LLMs

The symbol-concept mappings based on 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 referent
in the non-linguistic world” Pavlick (2023). The analyses
and emphasis on symbols and grounding in Language Mod-
els 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 with-
out built-in multi-modal understanding in LLMs such as in
GPT-2 and GPT-3. The contextual information and concep-
tual structures learnt by the words such as color or direc-
tion, indicate that extent to which LLMs’s conceptual struc-
ture reflects that of non-linguistic world. For example, the
textual inputs contain what left” means in a textual de-
scription of gridworld. A key finding of Pavlick (2023) is
that LLMs tend do well on the example tasks even in iso-
morphic rotated worlds and they may not be using naive
memorisation to succeed in such tasks. Further authors sug-
gest that such learnt conceptual structure can be used to
ground by leveraging data-efficient approaches though the
non-linguistic world structure and complexity are unlikely
to be captured in text-only LLMs.
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