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Abstract

Reasoning capabilities in Large Language Models
(LLMs) have advanced dramatically, enabling im-
pressive performance across diverse tasks. How-
ever, alongside these successes, notable reason-
ing failures frequently arise, even in seemingly
straightforward scenarios. To systematically un-
derstand and address these issues, we present a
comprehensive survey of reasoning failures in
LLMs. We propose a clear categorization frame-
work that divides reasoning failures into embod-
ied and non-embodied types, with non-embodied
further subdivided into informal (intuitive) and
formal (logical) reasoning. For each category, we
synthesize and discuss existing studies, identify
common failure patterns, and highlight inspira-
tions for mitigation strategies. Our structured per-
spective unifies fragmented research efforts, pro-
vides deeper insights into systemic weaknesses of
current LLMs, and aims to motivate future studies
toward more robust, reliable, and human-aligned
reasoning capabilities.

1. Introduction
“Failure is success if we learn from it.” – Malcolm Forbes

With the rise of powerful architectures (Vaswani et al., 2023;
Jiang et al., 2024a; Gu & Dao, 2024; Hasani et al., 2020),
efficient algorithms (Hu et al., 2021; Zhao et al., 2024c;
Gretsch et al., 2024; Dao et al., 2022), and massive data
(Cai et al., 2024; Raffel et al., 2020; Gao et al., 2020), Large
Language Models (LLMs) have recently shown significant
success. Examples span a wide range of domains, from
traditional linguistic areas such as machine translation (Zhu
et al., 2024b; Tang et al., 2024) and endangered language
learning (Zhang et al., 2024d), to mathematical (Shao et al.,
2024; Yang et al., 2023a; 2024a) and even scientific (Zhang
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et al., 2024b; Wang et al., 2023b; Brodeur et al., 2024)
discoveries. Among such impressive applications, LLM
reasoning as an emergent ability (Wei et al., 2022a) has
been a particular topic of wide interest (Huang & Chang,
2023; Yu et al., 2023b; Qiao et al., 2023).

LLMs have shown impressive records in reasoning (Wu
et al., 2025; Kıcıman et al., 2024; Plaat et al., 2024), though
it remains controversial whether LLMs really leverage, and
even possess, human-like reasoning procedures when solv-
ing these tasks (Jiang et al., 2024b; Fedorenko et al., 2024;
Amirizaniani et al., 2024b; Zhang et al., 2022). This survey
bears no aim to settle this hot debate; rather we focus on
an important area of study in LLM reasoning that has long
been overlooked – LLM reasoning failures.

Much psychological evidence (Cannon & Edmondson,
2005; Maxwell, 2007; Coelho & McClure, 2004) has
pointed out the significance of identifying and correcting
failures in human development1. As AI has evolved by draw-
ing multiple, even foundational, inspirations from human
brains (Schmidgall et al., 2023; Xu & Poo, 2023; Woźniak
et al., 2020), we believe the same principle of learning from
failures could similarly benefit the study of LLMs, since
such failures can usually be traced back to fundamental ele-
ments and bring valuable insights on ultimate improvements
(Dreyfus, 1992; Karl et al., 2024; An et al., 2024).

Despite some existing works that prospectively realize this
importance and investigate LLM reasoning failures on a
case-by-case basis (Williams & Huckle, 2024; Tie et al.,
2024; Helwe et al., 2021; Borji, 2023), the topic is still
far from unified, which leads to insufficient attention being
drawn. Such lack of a well defined and established field
hinders larger-scale study, which is however a prerequisite
for common patterns to be noticed, and thereby meaningful
lessons to be derived. Noticing the gap, we present this sur-
vey to comprehensively unify the existing explorations scat-
tered around. We then systematically identify meaningful
patterns, drawing insights on mitigation for the failure cases
and potential improvement for LLM reasoning to proceed
toward. We hope this work serves not only to survey the
field in a well-defined way, but also facilitate further studies
and wider interests in LLM reasoning failures, which would

1In fact, this theory has been confirmed even more broadly, in
non-human animals (Spence, 1936).

1



055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109

A Survey on Large Language Model Reasoning Failures

then lead to exciting improvements being made.

2. Definition and Formulation
2.1. Fundamentals of Reasoning

Human reasoning broadly encompasses our capacity to draw
conclusions and make decisions based on available knowl-
edge (Lohman & Lakin, 2011; Ribeiro et al., 2020). Within
cognitive science and philosophy, reasoning has traditionally
been analyzed through various frameworks. To systemati-
cally survey reasoning failures in LLMs, we develop a com-
prehensive categorization clearly distinguishing reasoning
along two primary axes: embodied versus non-embodied,
with the latter further subdivided into informal and for-
mal reasoning. This taxonomy is illustrated in Figure 1,
with the taxonomies for each sub-category further shown in
Appendix A.

Non-embodied reasoning. Non-embodied reasoning
refers to reasoning processes that do not explicitly require
physical embodiment or direct interaction with physical en-
vironments. Informal reasoning within this category encom-
passes intuitive reasoning, including everyday judgments,
social interactions, and decision-making processes influ-
enced by heuristics and biases (Piaget, 1952; Vygotsky,
1978; Kail, 1990). Formal reasoning, by contrast, involves
structured, rule-based processes characterized by explicit
logic, mathematics, or formally defined frameworks (Copi
et al., 2016; Mendelson, 2009; Liu et al., 2023b).

Embodied reasoning. Embodied reasoning emphasizes
processes inherently linked to physical interaction with envi-
ronments, fundamentally relying on spatial intelligence and
real-time feedback (Shapiro, 2019; Barsalou, 2008). This
category includes predicting and interpreting physical in-
teractions, as well as performing goal-directed behaviors
constrained by real-world physical limitations (Huang et al.,
2022b; Lee-Cultura & Giannakos, 2020).

2.2. LLM Reasoning Faliures & Common Research
Practice

Despite advancements in interpretability research (Dwivedi
et al., 2023; Li et al., 2024d), LLMs largely remain black-
box systems (Luo & Specia, 2024), reflecting the complex-
ity and opacity inherent in human cognition (Castelvecchi,
2016). Consequently, researchers typically evaluate reason-
ing through behavioral analyses, systematically observing
model outputs in response to well-designed prompts or tasks
(Ribeiro et al., 2020). Within this framework, LLM reason-
ing failures refer to instances where model responses sig-
nificantly deviate from expected logical coherence, contex-
tual relevance, or factual correctness. Current research typ-
ically starts by identifying reasoning failures in intuitively

simple tests, which often expose deeper, fundamental limi-
tations. These observed cases are then generalized through
systematical larger-scale evaluations, confirming their per-
vasiveness and broader significance. Through explicitly
defining and categorizing these reasoning failures – infor-
mal, formal, and embodied – this survey unifies fragmented
research findings, elucidates shared patterns, and motivates
targeted efforts toward deeper understanding and systematic
mitigation of critical reasoning failures in LLMs.

3. Reasoning Informally in Intuitive
Applications

Humans naturally possess the ability to reason informally
in intuitive, everyday situations. These abilities stem from
innate cognitive functions and are further shaped by per-
sonal development, social interaction, and lived experience.
Though often taken for granted, they form the foundation
of much of human reasoning and decision-making. In this
section, we first examine studies focused on core cognitive
abilities in LLMs and then extend to reasoning in social
contexts.

3.1. Individual Cognitive Reasoning

Numerous studies have demonstrated that LLMs frequently
display reasoning failures related to human cognitive abil-
ities (Han et al., 2024b; Gong et al., 2024; Galatzer-Levy
et al., 2024; Suri et al., 2024). These failures may arise from
a lack of certain fundamental human cognitive functions
(Han et al., 2024b) or from the manifestation of cognitive
biases and reasoning errors similar to those found in humans
(Suri et al., 2024; Lampinen et al., 2024). We categorize
these LLM reasoning failures as instances directly stem-
ming from well-known human cognitive phenomena or
past psychological experiments.

Fundamental Cognitive Skills. Humans naturally pos-
sess a set of fundamental cognitive skills that are indispens-
able for reasoning. Many studies show LLM demonstrate
systematic reasoning failures due to lack of these skills.

One critical area is human core executive functions – a set
of essential cognitive processes, including working mem-
ory (Baddeley, 2020), inhibitory control (Diamond, 2013;
Williams et al., 1999), and cognitive flexibility (Canas et al.,
2006), that support human reasoning (Diamond, 2013). De-
ficiencies in these functions can lead to systematic reasoning
failures. Working memory is the ability to hold and manipu-
late information over short periods. LLMs exhibit limited
working memory; when this capacity is exceeded, they can
experience systematic failures (Gong et al., 2024; Zhang
et al., 2024a). Inhibitory control refers to the ability to
suppress impulsive or default responses. LLMs often lack
this ability, tending to default outputs (Han et al., 2024b).
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LLM Reasoning Failures

Non-Embodied Embodied

Informal Formal

Sec. 3 – Taxonomy in Fig. 2 Sec. 4 – Taxonomy in Fig. 3

Sec. 5 – Taxonomy in Fig. 4

Figure 1. Overall taxonomy of LLM Reasoning Failures.

Cognitive flexibility is the capacity to shift between tasks or
adapt to new rules and perspectives. Many models struggle
with this, particularly in rapid task switching and adapting
to changing instructions (Kennedy & Nowak, 2024).

Another aspect is abstract reasoning (Guinungco & Ro-
man, 2020), the cognitive ability to recognize patterns and
relationships of theoretical or intangible concepts and ideas.
Several studies show that LLMs consistently underperform
on abstract reasoning benchmarks compared to humans (Xu
et al., 2023c; Gendron et al., 2023; Galatzer-Levy et al.,
2024).

Efforts to enhance these capabilities include prompting tech-
niques (Wei et al., 2022b), retrieval augmentation (Xu et al.,
2023b), and architectural changes (e.g., more human-like
attention mechanisms) (Wu et al., 2024d). Yet, many tasks
humans perform effortlessly still remain challenging for
LLMs. Future works should aim to bridge this gap by un-
covering the underlying causes and guiding the development
of more cognitively aligned models.

Cognitive Biases. Cognitive biases, extensively studied in
human reasoning (Tversky & Kahneman, 1974; 1981), refer
to systematic deviations from rational judgment, often aris-
ing from mental shortcuts, limited cognitive resources, or
contextual influences, leading to predictable errors. LLMs
exhibit similar cognitive biases that systematically affect
their reasoning (Hagendorff, 2023); these biases are deeply
ingrained, permeating a wide range of downstream tasks,
making identification and mitigation critical for real-world
reliability.

A key aspect is the content of the information. LLMs pro-

cess abstract or unfamiliar topics less effectively (Lampinen
et al., 2024) – a phenomenon known as the “content effect”
–and tend to favor information that aligns with preceding
context or implied assumptions, reflecting confirmation bias
(O’Leary, 2025; Shi et al., 2024; Malberg et al., 2024). They
also exhibit group attribution bias (Hamilton & Gifford,
1976; Allison & Messick, 1985) and negativity bias (Rozin
& Royzman, 2001), prioritizing popular content (Echterhoff
et al., 2024) and negative inputs (Yu et al., 2024c; Malberg
et al., 2024).

Even the content remains the same, the presentation of the
information can introduce bias. LLMs are vulnerable to
anchoring bias (Lieder et al., 2018), where their reasoning
disproportionately relies on initial inputs. They also exhibit
framing effects (Druckman, 2001), where different phrasing
or structuring of the same information skews their outputs
(Jones & Steinhardt, 2022; Echterhoff et al., 2024; Suri
et al., 2024; Nguyen, 2024; Malberg et al., 2024; Lou &
Sun, 2024). Furthermore, the perspective (e.g., first-person)
(Cohn et al., 2024), length (Koo et al., 2023), and inclusion
of irrelevant or distracting information (Shi et al., 2023) can
all impact reasoning, leading to LLMs being systematically
biased similar to humans.

These human-like biases may stem from reinforcement
learning from human feedback (RLHF) and instruction tun-
ing (Itzhak et al., 2023). While most current mitigation
strategies rely on prompting (Echterhoff et al., 2024) – such
as inserting debiasing instructions – they remain surface-
level and lack fundamental control. Interestingly, inducing
specific personalities in LLMs has been shown to modulate
cognitive biases (Shi et al., 2024). Future research should
aim for a deeper understanding of LLM behavior and more
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principled methods for identifying and controlling cognitive
biases.

3.2. Implicit Social Reasoning

Certain weaknesses in LLM cognitive reasoning become
evident only within the context of a “society” involving oth-
ers. We define implicit social reasoning as an individual
model’s capacity to internally infer and reason about 1) oth-
ers’ mental states (e.g., beliefs, emotions, intentions) and 2)
shared social norms, without requiring direct interaction.

Theory of Mind (ToM). ToM is the cognitive ability to
attribute mental states – such as beliefs, intentions, and emo-
tions – to oneself and others, and to understand that other’s
mental states may differ from one’s own (Frith & Frith,
2005). This capacity is crucial for human social reasoning,
enabling humans to interpret behaviors, predict actions, and
judge and navigate complex interpersonal interactions. Hu-
man ToM typically emerges naturally in early childhood
with key developmental milestones, such as passing false
belief tasks (understand that others’ beliefs may be incorrect
or different) (Wimmer & Perner, 1983).

ToM has long been studied in psychology and cognitive
science given its central role in human cognition. More
recently, researchers have begun applying these same prin-
ciples to LLMs to evaluate their ability to engage in social
reasoning. Early studies focused on classic ToM tasks, such
as false-belief (van Duijn et al., 2023; Kim et al., 2023),
perspective-taking (e.g., infer what another individual per-
ceives) (Sap et al., 2022), and unexpected content tasks
(e.g., predict what someone believes is inside a mislabeled
container they haven’t seen opened) (Pi et al., 2024). Even
advanced models such as GPT-4 struggle with these tasks
that are trivial for human children. Additionally, minor
modifications in task phrasing often lead to drastic drops in
performance, showing ToM reasoning is quite brittle (Ull-
man, 2023; Kosinski, 2023; Pi et al., 2024; Shapira et al.,
2023).

While newer models, such as o1-mini and GPT-4o, have
shown improvements in tracking what information others
are aware of (Gu et al., 2024; Zhou et al., 2023d), they still
fall short in predicting others’ behaviors, making appro-
priate judgments, and translating this understanding into
coherent actions. They also exhibit limitations in emotional
reasoning, including difficulties in emotional intelligence
(EI) (Sabour et al., 2024; Hu et al., 2025; Amirizaniani et al.,
2024a; Vzorinab et al., 2024), affective bias (Chochlakis
et al., 2024), and cultural variations in emotional understand-
ing (Havaldar et al., 2023).

While prompting techniques like Chain-of-Thought (CoT)
show some potential (Gandhi et al., 2024), fundamental
gaps remain. This suggests that the limitations may arise

more deeply from LLMs’ architecture, training paradigms,
and lack of embodied cognition (Strachan et al., 2024; Sclar
et al., 2023). Since the ability to infer others’ mental states
is essential for social reasoning, we encourage future re-
search to move beyond inference-time prompting and ex-
plore deeper mechanisms for control and alignment.

Social Norms and Moral Values. Beyond ToM, another
critical failure in LLMs’ social reasoning involves their
handling of social norms, moral values, and ethical princi-
ples. These elements guide human decision-making, shap-
ing what is considered appropriate, just, or acceptable in
various social contexts. While humans develop moral and
ethical reasoning through experience, LLMs, trained purely
on text, frequently exhibit systematic reasoning failures,
leading to unreliable social, moral, and ethical reasoning.

One key limitation is that LLMs cannot reason and ap-
ply moral values (Ji et al., 2024) and social norms (Jain
et al., 2024b) consistently. They often produce contradictory
ethical judgments or varied moral reasoning performance
when questions are slightly reworded (Bonagiri et al., 2024),
generalized (Tanmay et al., 2023), or presented in different
languages (Agarwal et al., 2024). Additionally, fine-tuning
can further exacerbate these inconsistencies, sometimes pri-
oritizing task-specific optimization over ethical coherence
(Yu et al., 2024a).

Beyond inconsistencies, they show notable disparities com-
pared to humans in reasoning with social norms and moral
values. These models significantly underperform in un-
derstanding real-world social norms (Rezaei et al., 2025),
misalign with human moral judgments (Garcia et al., 2024;
Takemoto, 2024), and fail to adapt to cultural differences
(Jiang et al., 2025). Without consistent and reliable moral
and social norm reasoning, LLMs are not fully ready for
real-world decision-making in contexts requiring moral and
ethical judgment.

3.3. Explicit Social Reasoning

In reasoning, “society” can refer to not only an abstract
concept but also real-world settings involving interactions
among multiple agents. In Multi-Agent Systems (MAS),
explicit social reasoning is the capacity of AI systems to
collaboratively plan and solve complex tasks, an area that
is challenging for current LLMs.

In MAS, key challenges include (1) long-horizon plan-
ning, (2) communications and ToM, and (3) robustness
and adaptability. Long-horizon planning is the ability to
maintain coherent and coordinated strategies over extended
interactions, which LLMs frequently fail (Li et al., 2023a;
Cross et al., 2024; Guo et al., 2024c; Han et al., 2024c) as
they often rely on local or recent information (Piatti et al.,
2024; Zhang et al., 2023; Han et al., 2024c). Furthermore,
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inefficient communication and ToM within MAS (Guo et al.,
2024c; Agashe et al., 2024) lead to misinterpretations and
inaccurate representations of other agents, causing strategic
misalignments (Pan et al., 2025; Li et al., 2023a; Cross et al.,
2024; Han et al., 2024c). Additionally, MAS face robustness
and adaptability issues (Li et al., 2023a; Cross et al., 2024),
lacking resilience to disruptive or malicious disturbances
(Huang et al., 2024) and struggling with task verification
and termination (Pan et al., 2025; Baker et al., 2025).

These failures result from both capabilities of individual
LLMs and the design of MAS (Pan et al., 2025). For effi-
cient and reliable real-world usage, future research should
focus on improving the communication abilities of individ-
ual models and designing more robust systems with strin-
gent specifications and verification processes.

4. Reasoning Formally in Logic
When reasoning goes beyond intuition, a formal framework
is needed to ensure rigor. As introduced in Section 2, logic is
concerned directly about doing “correct” reasoning, ensur-
ing premises support conclusions (Jaakko & Sandu, 2002).
LLM failures in logical reasoning (Liu et al., 2025) thus
pose serious risks, leading to flawed thought processes and
harmful decisions. Logic spans a spectrum – from implicit
structures in natural languages (Iwańska, 1993), to symbols
(Lewis et al., 1959) and math (Shoenfield, 2018) – progress-
ing relatively from informal to formal. This section follows
that progression.

4.1. Logic in Natural Languages

Reversal Curse. While natural languages are not fully
logical structures (Fedorenko et al., 2024), they do hold
simple logical relations (Sampson, 1979; Stich, 1975) that
humans trivially grasp. A representative failure of LLMs is
reversal curse: despite being trained on “A is B,” models
often fail to infer the equivalent “B is A” – a trivial bidi-
rectional equivalence for humans. Such failures occur even
when a factual sentence is just restated as a question. First
observed by Berglund et al. (2023) on GPT-based (Rad-
ford & Narasimhan, 2018) models, this phenomenon is later
shown in Wu et al. (2024a) not to affect BERT (Devlin et al.,
2019).

This failure has been attributed to uni-directional training
objectives of Transformer-based LLMs (Lv et al., 2024;
Lin et al., 2024c), which induce structural asymmetry in
model weights (Zhu et al., 2024a) and inability to predict
antecedent words within training data (Guo et al., 2024b;
Youssef et al., 2024). Golovneva et al. (2024) further argues
that scaling alone cannot resolve the issue due to Zipf’s law
(Newman, 2005). Mitigation efforts accordingly center on
reducing directional bias through training data augmentation.

Early approaches syntactically reverse facts (Lu et al., 2024;
Ma et al., 2024b), while later methods introduce substring-
preserving reversals (Golovneva et al., 2024) and permuting
semantic units in training data (Guo et al., 2024b). Despite
differing in complexity, all methods share a common goal:
exposing models to bidirectional formulations to restore
logical symmetry.

Compositional Reasoning. Compositional reasoning re-
quires combining multiple pieces of knowledge or argu-
ments into a coherent inference. Failures arise when LLMs
are capable of each component but fail in integrating them
– a step usually easy for humans. Studies show systematic
failures in basic two-hop reasoning – combining only two
facts across documents – and worsening performance as
compositional depth increases (Balesni et al., 2024; Zhao &
Zhang, 2024; Xu et al., 2024b). This weakness extends be-
yond basic tasks, to compositions of math problems (Zhao
et al., 2024b; Hosseini et al., 2024) (i.e., LLMs succeed in
individual problems but fail in composed ones), multi-fact
claim verification (Dougrez-Lewis et al., 2024), and other
inherently compositional tasks (Dziri et al., 2023).

Chain-of-thought (CoT) prompting (Wei et al., 2022b) im-
proves on this by making reasoning steps explicit at infer-
ence time (Balesni et al., 2024). Still, latent compositional-
ity is more efficient in practice yet harder to achieve (Yang
et al., 2024c). Toward this, Li et al. (2024e) identify faulty
implicit reasoning in mid-layer multi-head self-attention
(MHSA) modules and edit them, while Zhou et al. (2024a)
enhances training with graph-structured reasoning path data,
similar to distilling CoT reasoning process into the training
data (Yu et al., 2024b).

Specific Logical Relations. Both reversal curse and com-
positional reasoning reflect foundamental failures affecting
a broad range of reasoning tasks, exposed across general cor-
pora or arbitrary logical statements. In contrast, another line
of work focuses on specific logical relations, uncovering tar-
geted LLM reasoning failures, which requires purpose-built
datasets for quantitative analysis. Using this approach, stud-
ies reveal LLM weaknesses in areas such as converse binary
relations (Qi et al., 2023), syllogistic reasoning (Ando et al.,
2023), causal inference (Joshi et al., 2024), and even shallow
yes/no questions (Clark et al., 2019). More complexities are
added by testing divergences between factual inference and
logical entailment (Chan et al., 2024), or causal reasoning
in contexts (Zhao et al., 2024d). To scale up, some synthet-
ically generate natural language data from symbolic tem-
plates (Wan et al., 2024; Wang et al., 2024; Gui et al., 2024).
Alternatively, Chen et al. (2024d) seed known failures and
leverage LLMs to expand the dataset. While root causes are
harder to isolate for those specific logic, the curated datasets
offer a natural mitigation by direct fine-tuning.
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4.2. Logic in Benchmarks

Whereas Section 4.1 studies LLM reasoning failures directly
within natural language logic, another growing body of work
leverages logical structures implicit in benchmarks to sys-
tematically uncover robustness issues in LLM reasoning.
Motivated by rising concerns about static benchmark reli-
ability (Zhou et al., 2023c; Zheng et al., 2024b; Xu et al.,
2024a; Patel et al., 2021), these studies introduce logic-
preserving transformations to existing tasks, such as reorder-
ing options in multiple-choice questions (MCQs) (Zheng
et al., 2023; Pezeshkpour & Hruschka, 2023; Alzahrani
et al., 2024; Gupta et al., 2024; Ni et al., 2024), rearrang-
ing parallel premises or events (Chen et al., 2024c; Yamin
et al., 2024), or superficially editing contexts (e.g., charac-
ter names) (Jiang et al., 2024b; Mirzadeh et al., 2024; Shi
et al., 2023; Wang & Zhao, 2024). Such modifications keep
tasks essentially the same. Performance drops thus reveal
unstable reasoning and reduced trustworthiness.

Math Word Problem (MWP) Benchmarks. Certain
benchmarks inherently possess logical structures that fa-
cilitate targeted perturbations. MWPs exemplify this, as
their logic is readily abstracted into reusable templates. Re-
searchers use this property to generate variants by sampling
numeric values (Gulati et al., 2024; Qian et al., 2024; Li
et al., 2024b) or substituting irrelevant entities (Shi et al.,
2023; Mirzadeh et al., 2024). Structural transformations –
such as reversing known and unknown components (Deb
et al., 2024; Guo et al., 2024a) or applying small alterations
that change the logic needed to solve problems (Huang et al.,
2025a) – further highlight deeper robustness limitations.

Coding Benchmarks. Another example is coding bench-
marks, which ask to generate code snippets based on func-
tion definitions, doc strings specifying coding tasks, and
optionally some starter code. Common transformations
include syntactically editing doc strings (Xia et al., 2024;
Wang et al., 2022; Sarker et al., 2024), renaming functions
or variables (Wang et al., 2022; Hooda et al., 2024), or alter-
ing control-flow logic such as swapping if-else cases (Hooda
et al., 2024). Beyond preserving the task logic, some studies
introduce adversarial code changes to provided contexts,
testing whether LLMs identify and adapt to them (Miceli-
Barone et al., 2023; Dinh et al., 2023), thereby evaluating
deeper reliability.

Mitigations & Extensions. The failures are attributed
to lack of robustness or overfitting to public datasets.
Robustness-related issues are commonly mitigated by apply-
ing perturbations to diversifying training data (Patel et al.,
2021), thus enhancing resilience to variations. Overfitting
concerns are addressed through dynamically evolving (Jain
et al., 2024a; White et al., 2024) or privately maintained

datasets (Rajore et al., 2024). Beyond individual bench-
marks, Hong et al. (2024) automates a set of transforma-
tions for math and coding benchmarks, and Wu et al. (2024e)
alters common assumptions of well-known tasks.

4.3. Arithmetic & Mathematics

Mathematics, historically a universal framework for rigor-
ous reasoning (Shoenfield, 2018), has exposed fundamental
limits in LLM reasoning, particularly in arithmetic-related
tasks.

Counting. Despite its simplicity, counting poses notable
challenges for LLMs (Xu & Ma, 2024; Chang & Bisk, 2024;
Zhang & He, 2024; Fu et al., 2024; Yehudai et al., 2024),
which extend to basic character-level operations like re-
ordering or replacement (Shin & Kaneko, 2024). Identified
causes include tokenization (Zhang et al., 2024f; Shin &
Kaneko, 2024), positional encoding (Chang & Bisk, 2024),
and training data composition (Allen-Zhu & Li, 2024). Mit-
igations via supervised fine-tuning (Zhang & He, 2024) and
engaged reasoning (Xu & Ma, 2024) have been proposed,
yet robust counting remains elusive.

Basic Arithmetic. LLMs quickly fail in arithmetic as
operands increase (Yuan et al., 2023; Testolin, 2024), es-
pecially in multiplication. Research shows models rely
on superficial pattern-matching rather than arithmetic algo-
rithms, thus struggling notably in middle-digits (Deng et al.,
2024). Surprisingly, LLMs fail at simpler tasks (determining
the last digit) but succeed in harder ones (first digit identifi-
cation) (Gambardella et al., 2024). Those inconsistencies
lead to failures for practical tasks like temporal reasoning
(Su et al., 2024).

These issues are attributed to heuristic-driven reasoning
strategies (Nikankin et al., 2024) and limited numerical
precision (Feng et al., 2024a). Proposed solutions include
detailed step-by-step training datasets (Yang et al., 2023b),
digit-order reversals (to place attention on least significant
digits, aligning with how humans do multiplication) (Zhang-
Li et al., 2024; Shen et al., 2024), LLM self-improvement
methods (Lee et al., 2025), and neuro-symbolic augmenta-
tions that enable internal arithmetic reasoning (Dugan et al.,
2024).

Math Word Problems & Beyond. Math Word Problems
(MWPs) combine arithmetic with contextual logical reason-
ing, making them prominent benchmarks for assessing LLM
capabilities. Beyond using transformations to expose reason-
ing flaws (Section 4.2), research identifies challenges rang-
ing from specific simple task templates (Nezhurina et al.,
2024) to large-scale evaluations on a domain of math (Wei
et al., 2023b; Boye & Moell, 2025; Fan et al., 2024). Ad-
ditionally, LLMs exhibit susceptibility when faced with
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unsolvable or faulty MWPs (Ma et al., 2024a; Rahman et al.,
2024; Tian et al., 2024). LLMs struggle even in assess-
ing reasoning process on MWPs (Zhang et al., 2024g), an
arguably easier task. Given these persistent challenges, cur-
rent efforts in MWPs prioritize developing general methods
to improve overall performance rather than addressing indi-
vidual failure types.

5. Reasoning in Embodied Environments
Reasoning is not merely an abstract process; it is deeply
grounded in reality (Shapiro & Spaulding, 2024), requiring
the ability to perceive, interpret, predict, and act upon infor-
mation in the physical world with an accurate understanding
of spatial relationships, object dynamics, and physical prin-
ciples (Lee-Cultura & Giannakos, 2020). While this comes
naturally to humans (Varela et al., 2017) – and even to many
animals (Andrews & Monsó, 2021) – it remains a signifi-
cant challenge for LLMs. Without a true grounding in the
physical world, LLMs often struggle with basic physical
reasoning, leading to systematic errors and unrealistic pre-
dictions (Wang et al., 2023c; Ghaffari & Krishnaswamy,
2024b).

Despite growing interest in spatial intelligence, research
into LLMs’ physical reasoning failures is still sparse. This
section will outline key failures in 1D text-based reasoning,
2D vision-based perception, and 3D real-world physical
reasoning.

5.1. 1D – Text-Based Physical Reasoning Failures.

Text-Based Physical Commonsense Reasoning. Phys-
ical commonsense reasoning refers to the intuitive under-
standing of how objects, forces, and people interact in the
physical world. Failures of LLMs include lack of knowl-
edge about object attributes (e.g., size, weight, softness)
(Wang et al., 2023c; Liu et al., 2022; Shu et al., 2023; Kondo
et al., 2023), spatial relationships (e.g., above, inside, next
to) (Liu et al., 2022; Shu et al., 2023; Kondo et al., 2023),
simple physical laws (e.g., gravity, motion, and force) (Gre-
gorcic & Pendrill, 2023), and object affordance (possible
actions/reactions an object can make) (Aroca-Ouellette et al.,
2021; Adak et al., 2024; Pensa et al., 2024). Humans acquire
this kind of reasoning effortlessly through embodied experi-
ence and early interaction with the environment. For LLMs,
however, this intuitive grasp of physical dynamics is diffi-
cult to achieve, as they rely solely on textual data without
direct perceptual or embodied experience. Even in purely
text-based settings, when tasks require more than semantic
comprehension and demand some real-world understanding,
LLMs exhibit systematic failures.

Physics & Scientific Reasoning. Beyond basic physical
commonsense, LLMs also struggle with formal physics rea-

soning and scientific problem-solving. Complex physics
and scientific problems require not just factual recall and
intuition but multi-step logical deduction, quantitative rea-
soning, and correct use of physical laws – areas where even
today’s most advanced models like o1 (Jaech et al., 2024)
and o3-mini (OpenAI, 2025) have notable deficits (Zhang
et al., 2025; Xu et al., 2025; Gupta, 2023; Chung et al.,
2025). Despite possessing extensive scientific knowledge,
LLMs often fail to structure and apply it effectively, leading
to systematic reasoning failures in complex problem-solving
and scientific discovery (Jaiswal et al., 2024; Ouyang et al.,
2023; Chen et al., 2025).

5.2. 2D – Perception-Based Physical Reasoning Failures.

What’s Wrong with the Picture? “What’s Wrong with
the Picture?” is a well-known visual reasoning game, where
participants analyze a static image to identify abnormali-
ties. Similar strategies have been applied to vision-language
models (VLMs) to reveal their surprising failures on sim-
ple tasks such as detecting anomalies (Bitton-Guetta et al.,
2023; Zhou et al., 2023b), identifying object overlaps and
counts (Rahmanzadehgervi et al., 2024), understanding im-
age content and spatial relations (Liu et al., 2023a; Zhao
et al., 2024a).

These errors likely stem from two key issues. First, models
disproportionately trust text or common scenarios from their
training data rather than accurately describing what is actu-
ally shown, leading to failures in tasks such as identifying
abnormalities (Deng et al., 2025; Bitton-Guetta et al., 2023;
Zhou et al., 2023b). Second, some failures may be explained
by the binding problem in cognitive science, where the brain–
or a model–struggles to process multiple distinct objects si-
multaneously due to limited shared resources, often leading
to confusion or interference between them (Campbell et al.,
2025).

2D Physics and Physical Commonsense. Building on
tasks that detect simple anomalies or object properties in
static images, a deeper challenge emerges when models
must reason about physical commonsense and physics in
visually grounded settings. Despite visual input, VLMs
continue to struggle with physical commonsense (Ghaffari
& Krishnaswamy, 2024a; Schulze Buschoff et al., 2025;
Dagan et al., 2023; Balazadeh et al., 2024; Chow et al., 2025;
Bear et al., 2021) and advanced physics (Ates et al., 2020;
Anand et al., 2024), exhibiting performance gaps similar to
those seen in text-only settings discussed in Section 5.1.

Visual Input for Spatial Reasoning. Noting that real-
world spatial reasoning requires evolving spatial relation-
ships rather than isolated snapshots, recent works introduce
2D-based simulated environments to test models’ under-
standing of motion and object interactions (e.g., predicting
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how objects move after impact) (Cherian et al., 2024), pre-
diction and manipulation tasks (e.g., determining where
and how to place objects to achieve stability) (Ghaffari &
Krishnaswamy, 2024b), spatial communication and align-
ment (e.g., communicate spatial locations) (Kar et al., 2025),
and embodied planning and decision-making (e.g., sug-
gesting actions in multi-step interactive tasks) (Chia et al.,
2024; Paglieri et al., 2024). While VLMs exhibit some basic
spatial knowledge, they consistently struggle to compose
and apply it in dynamic, agentic tasks, revealing a gap in
structured spatial reasoning.

5.3. 3D – Real-World Physical Reasoning Failures

Real embodied reasoning requires an agent to actively inter-
act with its environment–whether through physical robotics
or interactive simulations that go beyond static images or
simple 2D snapshots. The agent should process real-time
goals and feedback, and execute physical actions. Unlike
1D (text-only) and 2D (image-based) tasks, 3D reasoning
focuses on the concept of action rather than passively ana-
lyzing. Despite recent progress in robotics and embodied
AI, LLMs and VLMs still face fundamental challenges,
showing inaccurate spatial modeling, unrealistic affordance
prediction, tool-use failures, and unsafe behavior. This sec-
tion highlights key failure cases from both simulated and
real-world studies.

Real-World Failures in Affordance and Planning. A
key failure in embodied environments is the models’ inabil-
ity to generate feasible and coherent action plans. LLMs and
VLMs often produce physically impossible or inefficient ac-
tions due to affordance error (i.e., incorrect inference about
object action possibilities) (Ahn et al., 2022; Li et al., 2025;
Hu et al., 2024; Huang et al., 2022a; Jin et al., 2024) as well
as logically disordered or looping actions due to limitations
in causal real-world understanding (Jin et al., 2024; Hu et al.,
2024).

A critical factor underlying these failures is the autoregres-
sive nature of LLMs. Naive LLMs and VLMs generate
step by step plans and lack the mechanisms to check and
handle earlier mistakes or execution errors (Liang et al.,
2023; Huang et al., 2022b; Duan et al., 2024). Incorporating
feedback mechanisms or explicit error-handling strategies
can significantly reduce these errors (Liang et al., 2023;
Wang et al., 2023a). This finding underscores that embodied
reasoning isn’t just about immediate spatial or manipulation
reasoning, but also about sustained goal-directed behavior
over time.

Spatial and Tool-Use Reasoning. Even when LLMs suc-
cessfully decompose tasks and generate seemingly valid
plans, failures still arise due to poor spatial reasoning (Dao
& Vu, 2025; Mecattaf et al., 2024) and an inability to gen-

eralize tool-use strategies (Xu et al., 2023a). LLMs often
struggle with 3D distance estimation (Mecattaf et al., 2024;
Chen et al., 2024a), object localization (Mecattaf et al.,
2024), and multi-step manipulation (Guran et al., 2024),
leading to systematic errors in both spatial awareness and
interaction with physical environments. A key contributor
to these failures is the absence of a robust internal world
model (Dao & Vu, 2025; Wu et al., 2025), which often
forces LLMs to rely on external aids–such as explicit spatial
prompts–to compensate for their limited spatial reasoning.
To advance embodied intelligence, future research must
focus on strengthening LLMs’ internal representations of
space –such as spatial memory and quantitative spatial un-
derstanding.

Safety and Long-Term Autonomy. Ensuring the safety
and reliability of LLM-driven embodied agents remains a
major challenge. LLM-generated robotic task plans are
highly sensitive to prompt design (Liang et al., 2023) and
vulnerable to adversarial manipulation (Zhang et al., 2024c).
Moreover, these systems don’t act appropriately in real
world (Rezaei et al., 2025). These findings highlight the ur-
gent need for more robust, self-correcting, and safety-aware
embodied AI systems before real-world deployment.

6. Conclusion
In this survey, we systematically explored reasoning fail-
ures in Large Language Models across informal, formal,
and embodied dimensions. By establishing clear definitions
and categorizations, we unified previously fragmented ob-
servations into coherent patterns of systematic weaknesses.
Our analysis underscores that despite remarkable progress,
fundamental reasoning challenges persist, limiting the relia-
bility and practical deployment of LLMs. Future research
should prioritize addressing these pervasive reasoning gaps
through deeper cognitive alignment, improved logical ro-
bustness, and enhanced grounding in embodied interactions.
We hope this structured survey inspires more focused ef-
forts, advancing the understanding and capabilities of LLM
reasoning toward more robust, trustworthy, and effective
real-world applications.

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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Figure 2. Taxonomy of Informal LLM Reasoning Failures.

A. Taxonomy
In this section, we present a visualized taxonomy for the field of LLM reasoning failures. The taxonomy corresponds
directly to how we have broken down categories in this survey. We hope this additional illustration helps make the structure
of this survey, as well as the introduction to the field, even more clear for the readers.

The overall taxonomy of LLM reasoning failures is presented in Figure 1 in Section 2, where we comprehensively break
down all LLM reasoning failures into those appearing in embodied versus non-embodied settings. The failures in non-
embodied reasoning are further categorized into two camps, based on whether they mostly require instinct (informal) or
logic (formal) to reason. In this survey, we dedicate one section to each of the three final categories, and here provide
specific taxonomies for each category – informal (Section 3; taxonomy in Figure 2), and formal (Section 4; taxonomy in
Figure 3), and embodied (Section 5; taxonomy in Figure 4).
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Figure 3. Taxonomy of Formal LLM Reasoning Failures.
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Figure 4. Taxonomy of Embodied LLM Reasoning Failures.

B. Artifacts
Upon the release of this survey, we will make public a comprehensive collection of categorized works in the field of LLM
reasoning failures, to facilitate future research by providing an easy entry point. The collection will be released as a public
Github repository, which will also be continuously updated in the future as the field progresses.

C. Other Emerging Areas of Reasoning
Recent advancements in LLM reasoning have led to the emergence of several promising but nascent areas of research.
Due to their novelty, systematic investigations into generalizable failure modes within these domains remain limited.
Nevertheless, we argue that the methodology outlined in Section 2.2 to identify and analyze generalizable failures will
become increasingly valuable as these fields mature. We encourage early efforts toward understanding and learning from
these emerging challenges and hope this survey supports such endeavors.

Toward Broad Applications: Reasoning in Diverse Media. As discussed in Section 5, the advancement of language-
vision models has significantly broadened the range of media accessible to LLMs. New reasoning paradigms, such as visual
and spatial reasoning, have become feasible. Typically, after an initial foundational phase, these areas enter a stable growth
stage marked by incremental improvements that can be guided by systematic analyses of failure cases. Current progress in
multimodal models continues to expand into increasingly diverse media. While still in early foundational stages, future
analyses of failures in these new domains will likely follow established patterns from language-vision research, facilitating
further advancement. Several most important emerging reasoning paradigms in diverse media include video reasoning (Fei
et al., 2024; Yan et al., 2024; Min et al., 2024; Bhattacharyya et al., 2024; Khattak et al., 2024; Ren et al., 2025), audio
reasoning (Xie et al., 2025; Deshmukh et al., 2024; Li et al., 2024a; Ghosh et al., 2024; Sakshi et al., 2024; Ghosh et al.,
2025), and music reasoning specifically (Zhou et al., 2024b; Yuan et al., 2025; Gardner et al., 2024; Li et al., 2024c; Yu
et al., 2023a; Doh et al., 2023).
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Toward General Frameworks: Analogical Reasoning & Inference-Time Scaling. As LLM reasoning research pro-
gresses, we are seeing the rise of general-purpose frameworks designed to enhance models’ problem-solving abilities in
more systematic and scalable ways (Sun et al., 2023). Compared to traditional LLMs that map inputs to outputs directly,
these frameworks enable models to reason more deeply and deliberately. Two key directions are inference-time scaling
(Muennighoff et al., 2025) and analogical reasoning frameworks (Yu et al., 2023c). Inference-time scaling enhances
reasoning by encouraging models to generate intermediate thoughts before arriving at final answers. Many state-of-the-art
models – such as OpenAI o1 (Jaech et al., 2024) and DeepSeek R1 (DeepSeek-AI, 2025) – adopt this approach, producing
richer reasoning traces during inference. Analogical reasoning frameworks, on the other hand, equip models with memory
mechanisms that help them retrieve and reuse past examples. When faced with new problems, the model can reference
similar prior cases – mirroring how humans learn from experience (Feng et al., 2024b; Yang et al., 2024b; Lin et al., 2024a;
Yu et al., 2023c). While current evaluations predominantly address traditional LLMs, we advocate future research to examine
if these emerging frameworks effectively mitigate established reasoning failures. Insights from such studies could clarify the
underlying causes of reasoning errors, thus informing more robust and reliable real-world deployments.

Toward Verifiable Reasoning: Formal Math and Science Validations. Beyond broadening applications and developing
general frameworks, another critical direction involves grounding LLM reasoning in formal, verifiable systems ("davidad"
Dalrymple et al., 2024). Neural theorem proving, which pairs LLM-generated content with proof assistants for verification,
exemplifies this approach by eliminating hallucinations and ensuring correctness in the filtered final results (Li et al., 2024f).
This method has notably succeeded in formal mathematics proof generation (Yang et al., 2024a; Xin et al., 2024; Lin et al.,
2025b), alongside related tasks like autoformalization (Wu et al., 2022; Jiang et al., 2023a; Murphy et al., 2024), efficient
proof search (Lample et al., 2022; Huang et al., 2025c; Lin et al., 2025a), agentic tools (Song et al., 2025; Welleck & Saha,
2023; Thakur et al., 2024; Kumarappan et al., 2025), and automated conjecturing (Poesia et al., 2024; Dong & Ma, 2025;
Poesia & Goodman, 2023). This paradigm also holds significant promise for critical domains requiring rigorous safety
guarantees, including software and hardware verification (Liu et al., 2024a; Kasibatla et al., 2024; Thompson et al., 2025).

D. Other Important LLM Failures
Not all failures exhibited by LLMs fall neatly within the domain of reasoning; nevertheless, many still raise significant
concerns and deserve careful investigation. Although exceeding the scope of this work, addressing these additional
limitations is essential to advancing the general capabilities and reliability of LLMs. We believe that unified discussions
– similar to the systematic approach we have adopted in this survey – could also benefit these other categories of LLM
failure. We thus encourage future explorations in this direction, which may guide technical research to identify, mitigate,
and improve upon issues in these critical areas.

Trustworthiness: Hallucinations & Over-Confidence in Generations. One of the most prominent and persistent
limitations of LLMs is their tendency to hallucinate (Ledger & Mancinni, 2024; Zhang et al., 2024h; Yao et al., 2023; Wen
et al., 2024) – that is, to generate text that appears fluent and confident but is factually incorrect or entirely fabricated. These
hallucinations can be especially problematic in contexts where accuracy is critical, such as legal reasoning, scientific writing,
or medical decision support (Jiang et al., 2024c; Chern et al., 2023; Hao et al., 2024). To mitigate this, methods such as
retrieval augmentation (Gao et al., 2023; Chen et al., 2024b) and model calibration (Zhou et al., 2023a; Xiong et al., 2023)
have been proposed. Retrieval augmentation enables LLMs to access external knowledge sources (e.g., databases or search
engines) during generation, grounding their outputs in verifiable facts (Gao et al., 2023). Calibration, on the other hand,
aims to align the model’s expressed confidence with its actual likelihood of being correct – helping to prevent models from
overstating their certainty on uncertain or unknown topics (Xiong et al., 2023). Despite these advancements, hallucinations
and over-confidence remain challenging issues (Huang et al., 2025b). Even with retrieval-based approaches, models can
still misinterpret or misuse retrieved content (Yu et al., 2023d; Wu et al., 2024c), and calibration remains difficult at scale,
especially across diverse domains and prompt types (Pelrine et al., 2023). Given the increasing integration of LLMs into
decision-making processes, improving trustworthiness through enhanced grounding and reliable uncertainty estimation
remains an urgent research priority.

Fairness: Harmful Ethical & Social Biases. Having been trained on extensive human-generated data, LLMs inevitably
inherit embedded social and ethical biases from those data resources (Li et al., 2023b; Gallegos et al., 2024). These
biases and stereotypes can be harmful – especially when LLMs or other AI models are deployed in high-stake real-world
applications such as job recruitment, healthcare, or law enforcement (Gallegos et al., 2024; Han et al., 2024a; Chu et al.,
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2024; Saravanan et al., 2023). Substantial efforts have been made to benchmark (Nangia et al., 2020; Nadeem et al., 2020;
Liu et al., 2024b), mitigate(Han et al., 2024a; Owens et al., 2024), and regulate (Zheng et al., 2024a; Jiang et al., 2023b)
these biases in order to promote fairness and justice. Nevertheless, significant challenges persist. Despite ongoing efforts,
LLMs can still produce biased or unfair outputs that reflect harmful and discriminatory assumptions–particularly when
exposed to adversarial prompts (Wei et al., 2025; Lin et al., 2024b; Cantini et al., 2024) and new modalities (Seshadri et al.,
2023; Bianchi et al., 2023; Cho et al., 2023). Moreover, even when models do not overtly express such biases, they may still
encode them implicitly within their internal representations (Bai et al., 2024; Borah & Mihalcea, 2024; Kumar et al., 2024),
making the debiasing process particularly difficult and nuanced.

Safety: AI Security, Privacy & Watermarking. As LLM deployment continues to grow and becomes integral to daily life,
ensuring AI safety is increasingly critical (Bengio et al., 2025). Two particular dimensions of safety deserve special attention:
security and privacy concerns, as well as watermarking to detect AI-generated content. Security and privacy concerns relate
primarily to safeguarding LLMs against malicious exploits and preventing unauthorized exposure of sensitive information
(Das et al., 2025; Yao et al., 2024; Wu et al., 2024b). Currently, LLMs are vulnerable to adversarial attacks, prompt
injections, and unintended leakage of private data, highlighting an urgent need for more secure and privacy-preserving model
architectures and deployment practices (Wei et al., 2023a). Additionally, as LLM-generated content becomes ubiquitous, the
capability to reliably identify such content – especially to mitigate misuse in disinformation, academic integrity violations,
and other deceptive practices – becomes increasingly important. Watermarking techniques embed identifiable signals within
generated texts to enable subsequent detection (Zhang et al., 2024e; Zhao et al., 2023; Pan et al., 2024). Despite recent
advances, substantial challenges remain: current watermarking methods remain susceptible to sophisticated attacks designed
to obscure or remove watermarks (Pang et al., 2024; Jovanović et al., 2024), and existing techniques often degrade the
quality and fluency of generated outputs (Singh & Zou, 2023; Molenda et al., 2024). Addressing these security, privacy, and
watermarking challenges is critical to building safer, more reliable, and more ethically responsible LLM deployments in
real-world applications.
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