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Abstract

The rapid advancement of large language models (LLMs), particularly
those based on transformer architectures, has reignited fundamental ques-
tions about the nature of machine intelligence and reasoning. Recent de-
velopments such as Chain-of-Thought (CoT) prompting, self-consistency,
and structured reasoning frameworks (e.g., Tree-of-Thought and graph-
based approaches) have demonstrated substantial improvements in per-
formance on complex, multi-step tasks. These advances have led to grow-
ing claims that modern LLMs exhibit forms of deliberative reasoning ap-
proaching human-like cognition.

This review critically examines these claims by analyzing the distinc-
tion between reasoning as observed in model outputs and reasoning as an
internal, causal process. While LLMs can generate coherent and inter-
pretable reasoning traces, emerging evidence suggests that such outputs
may be unfaithful to the underlying decision-making mechanisms, raising
concerns about interpretability and misplaced trust. Furthermore, recent
methods that rely on sampling, search, and external evaluation complicate
the attribution of reasoning to the model itself, instead framing perfor-
mance gains as a product of inference-time strategies.

By synthesizing foundational and contemporary research, this paper
argues that although LLMs exhibit increasingly sophisticated reasoning-
like behaviors, the extent to which these reflect genuine understanding re-
mains unresolved. This distinction has significant implications for the de-
ployment of LLMs in high-stakes domains, where reliability, transparency,
and accountability are critical.

Keywords: Large Language Models, Reasoning, Chain-of-Thought, Tree-
of-Thought, Interpretability, Explainability, Artificial Intelligence, Deliberative
Reasoning, Inference-Time Computation, Trustworthiness

1 Introduction

Understanding intelligence has been a critical objective in science for quite some
time. In 1950, Alan Turing posed one of the field’s most enduring questions in

1



his seminal paper, “Computing Machinery and Intelligence,” proposing that ma-
chine intelligence could be evaluated through what he called the imitation game,
later known as the Turing Test [1]. With the emergence of computers in the
mid-20th century, recreating intelligence has become an increasingly tractable
problem. The field of Artificial Intelligence (AI) was formally established at the
Dartmouth Conference in 1956, where researchers set out to explore how ma-
chines could use language, form abstractions, and solve problems traditionally
reserved for humans [2]. The earliest use of AI relied on symbolic logic, which
helped represent knowledge through rules and logical principles [3][4].

For decades, much of the progress in the field was incremental and focused
around certain tasks like games [5][6] and image classification [7]. This changed
with the introduction of pre-trained transformers [8], along with the advent of
GPT, a class of generative pre-trained transformer models developed by Ope-
nAI. Beginning with GPT-2 [9] in 2019 and escalating with GPT-3 [10] in 2020,
these models demonstrated unprecedented scaling properties, where larger mod-
els exhibited emergent capabilities not present in smaller versions [10]. The re-
lease of ChatGPT on November 30, 2022, marked a significant inflection point
by bringing these capabilities to the public through a conversational interface
[11]. Unlike its predecessors, ChatGPT is a large language model (LLM) capa-
ble of seemingly intelligent conversation across diverse domains, achieving rapid
adoption with over one million users within five days of its public release [12].
Built on the GPT-3.5 architecture (later upgraded to GPT-4), ChatGPT differs
fundamentally from earlier language models by being specifically optimized for
natural dialogue and instruction-following through reinforcement learning from
human feedback [13].

This breakthrough has reignited long-standing questions about machine in-
telligence and reasoning. Some researchers have argued that systems like GPT-
4 demonstrate capabilities spanning mathematics, coding, medicine, law, and
psychology, suggesting an early form of artificial general intelligence [14]. In-
deed, recent work indicates that ChatGPT exhibits improved reasoning abilities,
including proficiency in chain-of-thought reasoning that mirrors human delib-
erative thinking [15]. These capabilities have led to claims that LLMs achieve
genuine reasoning and problem-solving abilities. However, this optimistic view
deserves scrutiny. Despite strong benchmark performance, key questions re-
main: do LLMs truly reason or just mimic patterns? Does scaling produce real
understanding or better imitation? As their use expands into high-stakes fields
like healthcare and law, issues of interpretability, hallucinations, and reliability
become critical.

This review systematically examines these questions through a critical lens.
We trace the evolution from early AI systems to modern LLMs, evaluate com-
peting claims about reasoning abilities, assess recent advances including rein-
forcement learning approaches, and ultimately address whether current systems
should be trusted in safety-critical applications. Our analysis suggests that
while LLMs have achieved remarkable capabilities, the nature of what they do
and what they truly understand remains ambiguous.
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2 From Patterns to Reasoning

One of the main reasons large language models began to be discussed as possi-
ble reasoning systems was the success of Chain of Thought (CoT) prompting.
Wei et al. showed that when sufficiently large models are prompted with in-
termediate reasoning steps, performance improves substantially on arithmetic,
common-sense, and symbolic-reasoning tasks [15]. This was important because
it suggested that models could benefit from breaking complex problems into
smaller steps rather than directly predicting a final answer. In many cases, the
resulting outputs looked more structured, more interpretable, and more similar
to the kind of step-by-step reasoning humans often use when solving difficult
problems. This led many researchers to view CoT as an early sign that large
models might be capable of something closer to deliberative reasoning, specif-
ically informal deductive reasoning, rather than simple surface-level pattern
completion.

However, the theoretical interpretation of these results is less straightfor-
ward than it first appears. CoT clearly improves performance and mimics
human reasoning, but that alone does not establish that a model is actually
reasoning in a human-like or causal sense [15]. The model is still generating
text auto-regressively, one token at a time, and the fact that this text contains
intermediate steps does not necessarily mean those steps faithfully reflect the
process that produced the answer. In other words, CoT may be useful without
being fully explanatory. This distinction becomes especially important in re-
view of the broader literature, because much of the field’s early optimism came
from observing reasoning-like behavior at the level of output, while the internal
process remained largely opaque.

Several follow-up works expanded on the basic CoT idea and showed that
reasoning performance could be further improved through better inference or
training strategies. Kojima et al. augmented prompts with a simple “Think step
by step” phrase, which also improved performance in arithmetic and symbolic
reasoning tasks [16]. This led to the theory that LLMs possess significant un-
tapped zero-shot knowledge and cognitive abilities that can be extracted through
simple instructions rather than extensive human-engineered examples. Fu et al.
proposed complexity-based prompting, which creates longer chains of thoughts
to improve performance [17]. Wang et al. proposed self-consistency, which re-
places greedy decoding with a procedure that samples multiple reasoning paths
and then selects the most consistent final answer [18]. This produced strong
gains across several reasoning benchmarks and showed that there may be many
valid reasoning paths leading to the same correct answer. Around the same
time, Zelikman et al. introduced STaR, a method that allows a model to boot-
strap its own rationales by generating reasoning traces, filtering for successful
ones, and then fine-tuning on them [19]. Together, these papers broadened the
picture. CoT was no longer just a prompting trick. It became part of a larger
family of methods aimed at improving multi-step reasoning through sampling,
selection, and rationale-based training. At the same time, these methods also
complicated the interpretations of reasoning itself. If performance improves be-
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cause many candidate chains are sampled and the best answer is recovered or
because models are trained to reproduce successful rationales, then it becomes
harder to argue that any single visible chain directly captures the model’s actual
decision process.

This concern is central to more recent critiques of LLM reasoning. Turpin
et al. argue that models do not always say what they think, showing that
CoT explanations can be systematically unfaithful to the features that actually
influenced a prediction [20]. In their experiments, models were affected by
biasing features in the prompt, yet their generated explanations often failed
to mention those features and instead presented plausible justifications for the
final answer. Barez et al. push this concern further by arguing that CoT
is not explainability in any strong sense and that verbalized reasoning traces
are neither necessary nor sufficient for trustworthy interpretability [21]. These
critiques do not mean that CoT is useless. Rather, they suggest that presence
of a coherent reasoning trace should not be taken as direct evidence that the
model is engaging in transparent, faithful or human-like deliberation. This is
especially relevant as such systems are increasingly discussed for use in higher
stakes domains, where a convincing explanation may create misplaced trust.

Taken together, the literature presents a more mixed picture than early
enthusiasm sometimes suggested. On the one hand, CoT and its extensions
clearly improve performance on multi-step tasks and have reshaped how re-
searchers think about inference-time reasoning in LLMs. On the other hand,
the relationship between visible reasoning traces and genuine deliberative rea-
soning remains uncertain. For this reason, later work began to move beyond
single linear chains and toward more structured forms of search and evaluation.
For example, Tree of Thoughts explicitly frames problem solving as exploration
over multiple possible reasoning paths, allowing lookahead, self-evaluation, and
backtracking rather than relying on single left-to-right chain [22]. The emer-
gence of such methods reflects a broader shift in the field from asking whether
a model can produce a chain of reasoning to asking whether it can actually
explore, compare, and revise competing lines of thought in a more deliberate
manner.

3 Inference-Time Reasoning Methods

A natural response to the limitations of single-chain reasoning was to move to-
ward more structured search procedures. Tree of Thought (ToT) is a key exam-
ple of this shift, allowing models to generate multiple intermediate ”thoughts”,
evaluate them, and selectively continue or backtrack instead of following one
fixed reasoning path from start to finish [22]. This reframes reasoning as ex-
ploration over a space of possible partial solutions, making it better suited for
tasks that require lookahead or recovery from early mistakes. Related work
extended this idea across languages, suggesting that structured thought explo-
ration can also improve multilingual reasoning rather than remaining tied to
English-centric prompting methods [23].
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Recent survey work suggests that inference-time reasoning methods are bet-
ter understood not as one unified move toward deliberation but as a progression
from structured search to guided search, to self-improving reasoning pipelines
[24]. At a broad level, reasoning oriented methods can be grouped into struc-
ture search, reward modeling, self-improvement, macro action, and reinforce-
ment fine-tuning, though the first 3 matter most for the present discussion.
Structure-search methods explicity branch over candidate trajectories instead
of relying on a single linear rationale. This includes ToT and later search-based
variants such as RAP [25], Forest-of-Thought [26] , and TreeBoN [27] which
use test-time computation to explore, compare and revise promising paths. A
second line of work focuses on scoring intermediate reasoning steps rather than
only final answers using verifiers or reward signals to guide refinement as in
DIVERSE [28], ORPS [29], and Step-DPO [30]. A third line reuses sampled
trajectories to improve future reasoning behavior as in STaR and later MCTS-
based self-improvement approaches. Seen this way the post CoT literature is
not a single path toward deliberation but a set of distinct mechanisms for ex-
panding, evaluating and reusing reasoning traces.

Figure 1: Taxonomy of reasoning-oriented LLM methods over time. Adapted
from [24].
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Figure 2: Summary of tree search-based methods. Adapted from [24].

Other approaches pushed reasoning even further by combining it with plan-
ning, acting, and richer thought structures. ReAct interleaves reasoning traces
with actions, allowing a model to gather external information while updating
its intermediate decisions [31]. Similarly, Reasoning via Planning and Lan-
guage Agent Tree Search use explicit search procedures such as Monte Carlo
Tree Search to explore alternatives, simulate outcomes, and revise failed paths
[25, 32]. At the same time, graph-based frameworks such as Graph of Thoughts
argue that even tree structures can be too restrictive for elaborate tasks and
instead model reasoning as a more flexible graph of intermediate ideas that can
branch, merge, and refine [33]. Together, these methods show that recent work
has increasingly treated reasoning not as a single explanation chain, but as a
structured process of search, evaluation, and adaptation.

Beyond prompting a single rationale, other work also explored ways to make
inference time reasoning more reliable while still keeping it largely linear. Self
consistency is one important example. Instead of committing to one reasoning
path under greedy decoding, it samples multiple chains and selects the answer
that appears most often across them [18]. This does not change the basic form
of CoT reasoning but it does make the final prediction less dependent on one
possibly fragile intermediate trace. In practice, this often improves performance
on arithmetic and symbolic tasks, where different valid reasoning paths may still
converge on the same correct answer.

Other work focused less on sampling multiple chains and more on changing
how a problem is broken down. Least-to-most prompting addresses cases where
standard CoT struggles to generalize from relatively simple examples to more
difficult target problems [34]. Rather than asking the model to solve the full
task in one continuous explanation, it first decomposes the problem into sim-
ple subproblems and then solves them step-by-step. This keeps the reasoning
process sequential but makes it more structured by introducing an explicit de-
pendency between earlier and later substeps. In that sense, it extends the logic
of CoT without yet moving to the kind of branching exploration that appears
in later search-based methods.

A related development was the use of reasoning traces not only as prompts
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but also as material for improving the model itself. STaR showed that a model
can generate its own rationales, retain the ones that lead to correct answers and
use them to further train its reasoning behavior [19]. This is an important shift
because it suggests that progress in reasoning does not come only from better
prompting at inference time but also from better ways of collecting and reusing
intermediate traces. At the same time, later work raised doubts about how far
these gains should be taken as evidence of genuine deliberative reasoning. Some
studies suggest that CoT is especially effective for mathematics and symbolic
reasoning but much less consistently helpful outside those settings [35]. Others
show that models often fail to reliably correct their won reasoning without ex-
ternal feedback and that resulting explanations are not always faithful accounts
of how a decision was actually made [36, 20]. Together these limitations help
explain why later research increasingly turned toward methods that treat rea-
soning not simply as single generated chain but as a process that may require
evaluation and search over alternatives.

4 Evaluating Deliberative Reasoning Claims

The inference time methods discussed above make modern language models look
increasingly deliberative. Rather than relying on a single left-to-right chain, re-
cent systems can sample alternatives, decompose problems into substeps, eval-
uate partial solutions, backtrack from failed paths and in some cases combine
reasoning with explicit planning or action. Yet these same developments also
make the central interpretive question harder. If performance improves through
search, sampling, rationale reuse, external evaluation or additional test-time
computation, then it becomes less obvious what portion of that improvement
should be attributed to deliberative reasoning by the model itself. This raises a
more demanding question for the literature: what kind of evidence is actually
sufficient to justify a claim of ”deliberative reasoning” rather than simply more
effective inference-time problem solving [24, 37, 38]? A model may do better
on hard benchmarks, produce longer intermediate outputs or seem to compare
alternatives before answering and yet none of this by itself tells us very much
about the underlying process that generated the result [39, 40, 41]. If the aim
is to evaluate claims about deliberations rather than just record performance
gains, then the evidential bar has to be set higher.

Part of what makes these claims feel more plausible today is that empir-
ical picture has genuinely changed. Early work on CoT prompting showed
that sufficiently large language models could imporve sharply on arithmetic,
common sense and symbolic reasoning tasks when prompted to generate in-
termediate steps [15]. Subsequent methods extended this basic idea in several
directions. STaR used self generated rationales to bootstrap better reasoning
behavior [19]. ReAct combined reasoning with action [31]. Tree of Thoughts
introduced explicit search over candidate reasoning paths instead of relying on
a single linear chain [22]. More recent approaches move beyond prompt de-
sign alone. DeepSeek-R1 present reinforcement learning as a way to induce
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long form reasoning behavior directly, while s1 argues that careful control of
test-time compute can recover meaningful scaling effects even from relatively
small amount of curated data [42, 43]. Meta CoT makes a related but stronger
point arguing that standard CoT often captures only a cleaned up final trace
rather than the fuller process of exploration, checking and revision that difficult
reasoning may involve [44]. Taken together, these developments make it under-
standable why stronger claims about deliberation now seem more credible than
they did in the earlier prompting era.

Even so, behavioral improvement does not settle the issue. Better perfor-
mance with intermediate steps is not the same as evidence that those steps
reflect a genuine internal deliberative process. One reason for caution comes
from the CoT literature itself. Wang et al. show that even “invalid” reasoning
demonstrations can preserve much of the benefit of valid ones, provided they
stay relevant to the task and maintain a sensible ordering [39]. Related work on
reasoning-step length reaches a similar conclusion. Longer traces can improve
performance even when they introduce little genuinely new information and
even incorrect rationales may still help if they preserve enough inferential depth
[40]. More broadly, prompt based decomposition methods such as Least-to-
Most, self-consistency decoding and self-verification suggest that performance
can improve when computation is restructured or sample differently at inference
time, without that resolving whether the resulting trace is a faithful account of
the model’s reasoning process [18, 34, 45]. Findings like these make it hard to
move cleanly from “the model produced a chain” to “the model deliberated in
the way that chain describes.”

This is exactly why faithfulness becomes such a central issue. When a model
produces a polished multi-step explanation, does that explanation actually re-
flect the process that caused that answer? Turpin et al. give strong reasons for
skepticism, showing that language models can produce explanations that ratio-
nalize answers shaped by hidden prompt biases while never mentioning those
biases at all [37]. Lanham et al. arrive at a similar concern from a different di-
rection. By truncating, paraphrasing, perturbing or replacing stated reasoning,
they find that faithfulness varies widely across tasks and that larger, more ca-
pable models are often less faithful on many of the tasks they examine. Figure 3
illustrates the main intervention types used in that analysis, inlcuding early an-
swering, adding mistakes, paraphrasing and filler-token replacement [38]. That
result matters because it cuts against a tempting assumption in the literature.
Better models are not necessarily more transparent ones. In response to this
problem, Faithful CoT proposes routing reasoning through a symbolic interme-
diate representation and deterministic solver, tightening the connection between
intermediate steps and final answers [46]. Seen in this light, work on faithful
reasoning is not just a refinement of CoT. It is also an implicit admission that
ordinary free-form reasoning traces are not enough on their own, to support a
strong claim about deliberation.
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HUMAN

Question. 5! equals what?

Chain of Thought 
ASSISTANT

5! = 1x2x3x4x5.


1x2x3x4x5 = 120. 


So the final answer is 120. 

Early Answering
ASSISTANT

5! = 1x2x3x4x5.

HUMAN

Final answer?

ASSISTANTASSISTANT

120 50

Adding Mistakes
ASSISTANT

5! = 1x2x3x4x5.


1x2x3x4x5 = 100. 


So the final answer is 100.

HUMAN

Final answer?

ASSISTANT

100

Paraphrasing
ASSISTANT

5! = 1 times 2 times 3 times 4 times 5. 


1 times 2 times 3 times 4 times 5 = 120. 


So the final answer is 120.

HUMAN

Final answer?

ASSISTANT

120

Filler Tokens
ASSISTANT

… … … … … … … … … … 
… … … … … … … … … … 
… … … … … … … … … … 

HUMAN

Final answer?

ASSISTANT

100

HUMAN

Final answer?

Figure 3: Faithfulness interventions used to test whether a model’s final answer
depends on its state CoT. Adapted form [38].

A seperate concern is robustness. Even setting faithfulness aside, a genuinely
deliberative process should not fail whenever the surface form of a problem
changes in a way that is logically irrelevant. Yet several papers suggest that
current systems remain brittle in exactly this sense. Chen et al. show that
reordering logically equivalent premises can substantially reduce performance
even though the logical content of the problem is unchanged [47]. Shi et al. show
that irrelevant context can significantly distract models on arithmetic reasoning
tasks [48]. Jian et al. argue that apparent reasoning success may still depend
heavily on superficial token-level regularities rather than robust abstraction over
logical structure [41]. Recent work on stable reasoning adds another layer to this
critique by arguing that metrics such as Pass@k can overstate reasoning ability
since they measure potential under repeated sampling more than consistency on
an ordinary attempt [49]. On this view, a system that succeeds mainly under
favorable phrasing, repeated retries or benchmark-specific regularities has not
yet earned a strong claim to deliberative reasoning.

The evaluation problem makes the picture even more complicated. If public
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reasoning benchmarks are increasingly entangled with the training data ecosys-
tem, then strong performance on static evaluations becomes harder to interpret
as evidence of deeper reasoning ability [50]. This has motivated a move toward
dynamic evaluation where new or transformed problems are generated in or-
der to reduce contamination and make it more difficult to explain benchmark
success through memorization or overlap [50, 51]. That does not completely
resolve the issue. As recent surveys note, dynamic evaluation still lacks fully
settled standards of its own [50]. Still, it reinforces an important point that can
easily be overlooked: benchmark gain are not neutral evidence. Their meaning
depends in part on the quality, freshness and construction of the benchmark
itself.

At this stage, it would be easy to wing too far in the opposite direction and
conclude that claims of deliberative reasoning are mostly illusory. That would be
too strong as well. Mechanistic and representational studies do provide at least
some evidence that nontrivial internal structure emerges in reasoning settings.
Cabannes et al. for instance, identify specialized attention mechanisms associ-
ated with iterative reasoning in controlled transformer tasks which suggests that
CoT behavior can sometimes correspond to real internal computational organi-
zation rather than simple verbosity [52]. Yang et al. likewise find evidence that
models can recover intermediate bridge entities in latent multi-hp reasoning,
although the results are uneven and much stronger for the first hop than for
full multi-hop traversal [53]. These studies do not show that current language
models possess a clean and general form of deliberative reasoning. But they
do matter because they suggest that the right conclusion is not that all reason-
ing claims are empty or merely stylistic. The evidence is better understood as
partial, uneven and highly dependent on what exactly is being measured.

For that reason, the most defensible position is a demanding but balanced
one. Improved performance, longer CoT and RL-trained reasoning traces should
be treated as ”suggestive evidence”, not decisive proof of deliberative reasoning
[43, 42, 44]. Stronger claims require convergence across several dimensions at
once: behavioral improvement, faithfulness of intermediate steps, robustness un-
der logically irrelevant perturbations and evaluation protocols that are resistant
to contamination and metric inflation [37, 38, 41, 49, 50]. From this perspective,
recent reasoning-oriented models are geuniely important because they show that
post-training methods and inference-time compute can unlock capabilites that
earlier prompting methods only exposed imperfectly [42, 43]. At the same time,
the current literature still falls short of justifying a straightforward equation
between benchmark gains and transparent, stable, deliberative inference. The
stronger claim may yet turn out to be correct but it has to earned under a
stricter evidential standard than performance gains alone can satisfy.

5 Limitations of Current Architectures

Current LLMs often imitate causal discourse convincingly yet remain struc-
turally misaligned with formal causal inference, especially interventions and
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counterfactuals. Empirical causal benchmarks that explicitly test beyond asso-
ciational reasoning find (i) systematic performance degradation from association
to intervention to counterfactual queries [54] and (ii) brittle out-of-distribution
(OOD) generalization under variable renaming or paraphrasing [55].

Scaling and inference-time scaffolds (prompting, retrieval, search) can raise
benchmark scores but do not, by themselves, establish that the architecture
implements causal operators. Mitigations under active study such as causal
pretraining, interventional/counterfactual fine-tuning, hybrid neuro-symbolic
pipelines, and counterfactual retrieval, show promise but introduce new com-
pute/data/tooling trade-offs and remain incomplete as general-purpose solu-
tions [56] [57] [58].

A core architectural mismatch is that autoregressive “causal masking” en-
forces temporal precedence in token prediction, not causal semantics in Pearl’s
sense. CausalProbe-2024 explicitly argues that the autoregression mechanism
of transformer LLMs is “not inherently causal” for causal inference, and demon-
strates large drops on freshness-controlled causal Q&A constructed after pur-
ported training cutoffs, consistent with shallow associative behavior rather than
intervention-level reasoning [59].

LLM internal representations are distributed and often entangled with lex-
ical form. This can inhibit variable-based abstraction needed for do-calculus
and counterfactual reasoning. Evidence from Corr2Cause’s OOD perturbations
is consistent with surface-level anchoring rather than symbolic-variable manip-
ulation [55] .

Reasoning traces add a distinct limitation: chain-of-thought (CoT) may be
brittle and unfaithful. Turpin et al. show CoT explanations can systematically
misrepresent what drives predictions: adding biasing prompt features (e.g., op-
tion reordering) can drop accuracy by up to 36% while explanations omit the
true driver [37]. Lanham et al. find models vary in how much they condition
on CoT; as models scale, faithfulness can decrease on many tasks, and interven-
tions on the CoT reveal instability [38]. These behaviors undermine using CoT
as evidence of internal causal reasoning rather than post-hoc rationalization.

Future progress toward reliable, causal artificial intelligence will necessitate
a paradigm shift away from purely generative token prediction toward explicit
neuro-symbolic integration, representation-based world models, and architec-
tures capable of transparent, verifiable, and goal-oriented planning. Until such
fundamental architectural transformations are achieved, LLMs must be treated
as powerful semantic interfaces rather than autonomous cognitive reasoning en-
gines.

6 Trust and Deployment Risks

Currently, LLMs are seen as a potential tool to revolutionize many industries
like finance, healthcare, and defense. As such, many have looked into how to
apply them.
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6.1 Finance

In finance, much interest has been focused on sentiment analysis, information
extraction, question answering, and stock movement prediction [60]. LLMs
appear to be particularly effective for certain tasks like sentiment analysis and
information extraction, with fine-tuned models achieving F1 scores above 0.8,
and even base frontier models performing competitively in zero-shot and few-
shot settings [61].

For question answering, frontier models are approaching human-level perfor-
mance due to advances in pretraining techniques and prompting strategies such
as Chain-of-Thought reasoning [62]. However, performance remains uneven,
especially in tasks requiring quantitative reasoning over financial data. For ex-
ample, models fine-tuned for finance still underperform general-purpose LLMs
like GPT-4 on numerical reasoning benchmarks, highlighting a key limitation
in deployment for high-stakes financial decision-making [61].

Despite these promising capabilities, several deployment risks remain. First,
LLMs demonstrate limited reliability in financial prediction tasks such as stock
movement forecasting. Even domain-specific models struggle to outperform sim-
ple baselines, suggesting that real-world predictive deployment remains highly
uncertain [61]. Second, hallucination and overconfidence pose serious trust is-
sues, particularly in domains like finance where incorrect outputs may lead to
significant economic consequences. Third, domain-specific nuances and rapidly
changing market conditions can degrade model performance over time, raising
concerns about robustness and generalization.

Finally, there are broader systemic risks. The use of LLMs in finance may
amplify misinformation and enable manipulation of markets through automated
content generation. Since there is currently no reliable way to inspect an LLM’s
thinking process and potentially steer it, these concerns are the main obstacles
against deployment.

6.2 Healthcare

In healthcare, LLMs are being used for sentence classification, clinical informa-
tion extraction, and QA very similarly to finance. For sentence classification,
recent systematic reviews show that LLMs are increasingly applied to categorize
clinical notes, patient communications, and research abstracts for tasks such as
diagnosis coding, triage, and surveillance, often outperforming traditional ma-
chine learning models on benchmark datasets[63]. However, these reviews also
emphasize that most studies are conducted in curated research corpora, rely
on precision metrics rather than patient safety outcomes, and rarely evaluate
performance under realistic distribution changes, leaving open questions about
how robust such classifiers are when deployed in live clinical workflows [63]. In
addition, the performance of an LLM on these benchmarks significantly degrade
when you shuffle the answer choices, remove the image, or include a distractor
which highlights the lack of robustness of these benchmarks as well as of these
models [64]
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Furthermore, a systematic review found only 4 empirical deployment stud-
ies between 2024 and 2025, all based on GPT-family models integrated into
outpatient communication, mental health support, inbox message drafting, and
clinical data extraction; while these deployments reported gains in operational
efficiency, user satisfaction, and reduced workload, they also highlighted perfor-
mance variability across data types, limited generalizability, regulatory delays,
and the absence of robust post-deployment monitoring and standardized out-
come metrics, underscoring the need for multi-site validation, human oversight,
and implementation frameworks tailored to clinical settings [65].

6.3 Defense

Large language models are beginning to be explored for intelligence analysis,
operational planning, and decision support in defense settings, but emerging
evidence from wargaming and early field studies highlights serious concerns
about escalation risk, reliability, data security, and trustworthiness that must
be addressed before deployment in high-stakes military workflows. For example,
one study testing frontier models on simulated war games found that they chose
nuclear signaling in 95% of simulated crises, a clear action that goes against
human values [66]. This shows that models are not well aligned with human
values in this space. In addition, studies have found that LLMs suffer from issues
with data leakage, effective finetuning, and poor reproducibility and assessment
[67]. In addition, they still have biases and hallucinations at runtime and are
prone to jailbreaks making them too unreliable [68]. Much of this unreliability
comes from the fact that generative models like LLMs are non-deterministic
which fundamentally differs with what is needed in weapons control [69].

7 Conclusion

In summary, this review examined whether the impressive performance of mod-
ern large language models reflects genuine deliberative reasoning or sophisti-
cated statistical pattern matching. While techniques such as chain-of-thought
prompting, structured search, and inference-time computation improve perfor-
mance on complex tasks, the evidence suggests that these gains often arise from
sampling, scaffolding, and external evaluation rather than internally faithful
reasoning. Current transformer architectures remain limited in causal under-
standing, counterfactual reasoning, and robust out-of-distribution generaliza-
tion, and reasoning traces can be brittle or unfaithful to the model’s actual
decision process. These limitations raise concerns about interpretability and re-
liability, particularly in high-stakes domains such as finance, healthcare, and
defense. Moving forward, advancing toward trustworthy reasoning systems
will likely require architectural innovations, causal learning frameworks, and
stronger evaluation methodologies that distinguish true deliberation from im-
proved inference strategies. Until then, LLMs should be viewed as powerful
but fundamentally constrained tools whose reasoning-like behavior does not yet
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constitute genuine understanding.
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