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Abstract

We introduce LINGO-BLOCKSWORLD, a
linguistically-informed diagnostic benchmark
for evaluating the generalisation and planning
abilities of Large Language Models (LLMs) in
the Blocksworld (BW) domain. Unlike prior
obfuscated BW variants, our method replaces
content words with morphosyntactically well-
formed nonsense words, preserving the gram-
matical scaffolding of the domain while remov-
ing lexical familiarity. This enables us to test a
psycholinguistically-motivated hypothesis and
find systematic support across both reasoning
and non-reasoning models, with degradation
patterns that mirror syntactic bootstrapping
from human language processing. Additionally,
we test the ability of models to generalise plan-
ning solutions from the typical 4-block prob-
lems to 12 blocks. Overall, our results demon-
strate that reasoning models are more robust
where non-reasoning models collapse: non-
reasoning model performance drops to near
zero once problems exceed four blocks or have
actions and predicates obfuscated, while rea-
soning models maintain stronger performance
until structural and lexical difficulty are com-
bined. Manual error analysis pinpoints further
differences. Reasoning model errors are more
often skipped steps or incomplete instruction
following, whereas non-reasoning models fail
to derive plausible plans at all. By combin-
ing psycholinguistic motivation with classical
planning evaluation, LINGO-BW allows us to
shift research focus from whether LLMs plan
to how their planning depends on linguistic sur-
face form.!

1 Introduction

Large Language Models (LLMs) trained on vast
amounts of data and containing billions of parame-
ters are able to extrapolate from their training data

'The dataset and code to replicate our experiments

are available at https://github.com/melissatorgbi/
lingoblocksworld.

in ways that produce impressive performance on a
number of tasks (Brown et al., 2020; Tayyar Mad-
abushi et al., 2025; Wei et al., 2022). However,
there remain tasks where LL.Ms fall short of hu-
man generalisation abilities (Srivastava et al., 2023;
Scivetti* et al., 2025), including classical planning
(Sel et al., 2025). We therefore focus on planning
as a controlled setting for evaluating LLM general-
isation.

Planning problems involve determining the re-
quired steps to get from an initial state to a goal
state and range in complexity from very simple
micro-worlds to complex real-world applications
(Cimatti et al., 2008). We intentionally choose
the simple planning domain of Blocksworld (BW)
(Winograd, 1972; Slaney and Thiébaux, 2001) so
that we can carefully vary problem difficulty in a
controlled manner.

Our goal is not to evaluate LLMs as practical
planners, but to use classical planning to assess
their ability to generalise within a familiar planning
domain beyond reliance on semantic priors. We
evaluate generalisation beyond typical BW prob-
lems by incrementally altering the structural com-
plexity and vocabulary of the problem domain.
First we establish a structural baseline by vary-
ing the number of blocks. While prior work has
shown that earlier models struggle with increasing
structural complexity (Shojaee et al., 2025), veri-
fying that these limits hold for newer models is a
necessary calibration step for our subsequent lin-
guistic evaluations. Next, we introduce nonsense
words that maintain English morphosyntactic rules.
Unlike prior obfuscated variants (Valmeekam et al.,
2024a,b), this preserves the linguistic integrity of
the original BW prompt for comparison. We per-
form ablation experiments that systematically swap
out only actions, objects, predicates, and combina-
tions thereof to investigate whether obfuscating cer-
tain linguistic cues challenges models in ways that
align with psycholinguistically grounded hypothe-
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ses. This design is also motivated by limitations of
existing obfuscated BW variants, such as Mystery
BW and Random BW, whose lexical substitutions
can either alter predicate-argument structure or fail
to preserve the linguistic properties of the origi-
nal domain (see Appendix B). Simultaneously, we
compare non-reasoning and reasoning models to
explore how different architectures respond to se-
mantic abstraction.

Concretely, we make the following contribu-
tions:

1. We provide a novel BW evaluation dataset and
generation pipeline that varies structural com-
plexity and morphosyntactically well-formed
lexical obfuscation.

2. We evaluate the zero-shot capabilities of both
non-reasoning and reasoning models using
our diagnostic dataset to test generalisation
across increasing structural complexity and
lexical novelty in the BW domain. This eval-
uation reveals that reasoning models are sub-
stantially better, but still degrade under com-
bined structural and lexical difficulty. The
combination of our granular dataset and man-
ual error analysis provides novel insight into
distinct failures, showing that non-reasoning
models have cascading errors not present in
reasoning models.

3. We introduce an increased-challenge setting
that helps more precisely distinguish success
on easier instances from more fragile be-
haviour under combined structural and lex-
ical difficulty, beyond what previous datasets
make visible.

2 Background & Related Work

LLM:s have displayed impressive performance on
a variety of tasks and benchmarks, but classical
planning remains a challenge. Many LLMs, in
fact, do not perform well on even simple plan-
ning problem domains, such as BW (Valmeekam
et al., 2023a). BW is one of the original classical
planning domains and remains popular for ongo-
ing evaluation of automated planners, in particular
those using the Planning Domain Definition Lan-
guage (PDDL).? In BW, problems consist of mul-

*BW and PDDL are leveraged more for the development
of planning approaches (e.g., Grundke et al. (2024)), including
newer approaches leveraging LLMs. For robotic applications,

Signal Temporal Logic and Linear Temporal Logic are now
more prevalent (e.g., Chen et al. (2024)).

tiple coloured blocks on a table. The blocks may
be stacked on top of each other or directly placed
on the table. Each problem has an initial config-
uration and a target goal state. The solution lists
the actions required to get from the initial block
configuration to the goal within certain constraints
and leveraging a minimal set of possible actions
(Russell and Norvig, 2021).

Previous research has used the BW domain to
test the ability of LLMs to solve these problems.
LLMs tend to fall short of human performance on
these tasks in many cases (Sel et al., 2025). Large
Reasoning Models (LRMs) have displayed better
performance compared to non-reasoning LLMs;
however, performance gains are not robust with
increasing complexity and struggle to generalise
well to obfuscated instances within existing BW
variants (Valmeekam et al., 2024a; Shojaee et al.,
2025). The first obfuscated variant is Mystery
Blocksworld (MYSTERY BW), in which nouns
are swapped (e.g., “block” for “planet”), verbs
are swapped (e.g., “stack” for “crave”), and predi-
cates are swapped (e.g., “is clear” for “harmony’)
(Valmeekam et al., 2024b). The second variant is
Randomized Mystery Blocksworld (RANDOMIZED
BW), which swaps out nouns, verbs, and predi-
cates for a randomly selected string of alphanu-
meric characters (e.g., “arsbumagdtb74816™).

While MYSTERY BW aims to maintain the same
underlying structure as the original BW tasks, its
linguistic form is neither semantically identical nor
syntactically equivalent. For example, words such
as “planet” or “pain” inherently carry semantic load
within the embedding space of an LLM and could
affect model performance. Similarly, replacing
actions with randomized strings is too stringent and
does not reflect real-world settings where actions
are likely to remain linguistically grounded. This
motivates the need for a linguistically grounded
BW dataset. Table 1 showcases a comparison of
the original BW domain description, the Mystery
variant, the Randomized variant, and finally our
own LINGO-BW variant.

2.1 Nonce Words Obfuscation

Nonce words, which have long been used in psy-
cholinguistic studies (e.g., Berko (1958)), allow us
to preserve syntactic and semantic mappings while
eliminating pre-existing lexical meaning. Specifi-
cally, they enable us to: (a) duplicate the original

3For a more detailed description of issues of MYSTERY
BW and RANDOMIZED BW see Appendix B.
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BW Variant Sample of D:
Original “Pick up a block
prompt Unstack a block from on top of another block

Put down a block

Stack a block on top of another block

I can only pick up or unstack one block at a time.

I can only pick up or unstack a block if my hand is empty.*
“Jillerate a tegust

Hard (actions, Unbusillisk a tegust from faratived onto another tegust
objects, predi- Astent a tegust

cates) Busillisk a tegust faratived onto another tegust

I can only jillerate or unbusillisk one tegust at a time.

I can only jillerate or unbusillisk a tegust if my michime is
tuentsal.”

“Attack object

Feast object from another object

Succumb object

Overcome object from another object

To perform Attack action, the following facts need to be true:
Province object, Planet object, Harmony.

Once Attack action is performed the following facts will be
true: Pain object.”

Randomized “J4gv801gnu2itOyj object_0 object_1.

BW U64yla9apusmslxb object_0.

Kip9uw781pv62umn object_0.

Wio5amhq7814n006 object_0 object_1.

To perform j4gv801gnu2itOyj action, the following facts
need to be true: tv30k33pzoulgléw object_1, and
a46zhwykn6jvbabk object_0

Once j4gv801gnu2itOyj is performed the following facts will
be true: cql4o62plyeke3ok, tv30k33pzoulgléw object 0,
and b6e9g4r60gagvden object_0 object_1*

in Description

Lingo-BW

Mystery BW

Table 1: Parallel sections of different BW prompts with
highlighted words showing matched linguistic items.

semantic and syntactic structure of BW while min-
imising possible contamination from memorised
or pre-trained associations, and (b) replace con-
tent words with phonotactically valid but semanti-
cally novel items, ensuring no inherited predicate-
argument or affective bias. We use nonce words in
our dataset to try to circumvent the issue of inher-
ited semantic priors since nonce words theoretically
have zero lexical meaning.*

3 Approach Overview

Having motivated the linguistic rationale for nonce-
word obfuscation, we can now turn to our experi-
mental setup that operationalises these ideas in a
planning evaluation framework. We aim to target
generalisation without memorisation in BW with
three experiments:

1. Increasing the complexity of the problem by
varying the number of blocks (§4).

2. Systematically obfuscating BW problems us-
ing nonce words (§5).

3. Combining real-world sources of complexity
by increasing the number of blocks and obfus-
cating using nonce words (§6).

We first replicated the experiments of
Valmeekam et al. (2023b) using the more recent

4See Appendix C for a more detailed linguistic foundation
for nonce word usage.

GPT models 4.1-mini and 5-mini for compar-
ison. We do this for the BW, MYSTERY BW
and RANDOMIZED BW domains. These baseline
experiments and results are discussed in Appendix
F. Later experiments include the addition of the
following models: o4-mini, Llama 4 Maverick,
Llama 3.3 70B, Qwen2.5 32B, Qwen3 32B,
DeepSeek-R1-Distill-L1lama and Deepseek-R1.
These models were selected to represent the
range of different LLMs currently available
including closed-source and open-weight models
as well as reasoning and non-reasoning LLMs.
Non-reasoning models in this work are autoregres-
sive models trained primarily on the next-token
prediction task followed by instruction-tuning.
Reasoning models share the same foundation as
non-reasoning models, but employ explicit chain-
of-thought (CoT) during inference as part of their
architecture. All experiments are conducted using
zero-shot prompting with some additional one-shot
experiments discussed in Appendix J. We verify
LLM output solutions in all experiments with Fast
Downward (Helmert, 2006).> We note that the
morphosyntactic preservation in LINGO-BW is
at the prompt level, not the tokenizer level and
so our methodology ensures that nonce words
appear in grammatically well-formed sentences
mirroring more realistic set-ups of unfamiliar
planning problems.

3.1 Hypotheses

Consistent with prior literature on LLM planning
(e.g., Valmeekam et al. (2024b); Stechly et al.
(2024)), we hypothesise that an increased num-
ber of blocks will lead to increased complexity
and therefore, decreased performance. However,
we do not expect a linear relationship between the
increasing number of blocks and decreasing per-
formance. Given that there are a variety of plan-
ning benchmarks available online that leverage 4
blocks, fewer that explore 5 blocks, and very few or
none exploring more than 5 blocks, we hypothesise
that those models relying solely on extrapola-
tion from pre-training data (as opposed to more
effective inference-time behaviour of problem-
solving strategies) may show a notable drop in
performance beyond 4 blocks.

Regarding systematically obfuscating the prob-
lems using nonce words, we hypothesise that the
part of speech and domain role of the nonce word

SFast Downward is an algorithmic planning tool for estab-
lished domains which we adapt for LINGO-BW.

11628



will affect how challenging the obfuscation is for
the model. Specifically, we hypothesise that swap-
ping out the actions (e.g., stack and unstack)
and the predicates (e.g., is clear, is on top of) will
lead to the greatest decrease in model perfor-
mance. We base this hypothesis on psycholinguis-
tic and usage-based child language acquisition re-
search (Landau and Gleitman, 1985; Gropen et al.,
1991; Naigles et al., 1993). Verbs (in English) have
high cue validity (Goldberg, 2006) as to the overall
meaning of the sentence as they generally project
the semantic roles of the syntactic subject and ob-
ject (e.g., Dowty (1991)). Thus, obfuscating the
verbs may have a clear, detrimental effect on inter-
preting sentence meaning if models parallel usage-
based models of human language learning, which
some research has demonstrated (Misra and Ma-
howald, 2024; Scivetti et al., 2026). Predicates such
as “on top of” provide syntactic scaffolding that
enables interpretation of a novel or nonce verb, as
demonstrated by experimental evidence supporting
the syntactic bootstrapping hypothesis: informa-
tion about verb meanings stems, in part, from the
syntactic frames of the verb (e.g., Naigles (1990);
Kaschak and Glenberg (2000)). In the case of the
BW planning domain, there is consistent use of
the syntactic signature of the caused-motion syn-
tactic frame: “‘stack a block onto another block,”
“unstack a block from another block”. Thus, if we
obfuscate the path preposition (onto, from) of the
syntactic signature, this may also pose a challenge
to interpreting verbal semantics in context.

4 Experiment 1: Number of Blocks

4.1 Dataset Development

We use a PDDL generator (Seipp et al., 2022)
to create 800 new BW instances across problems
with 4, 5, 6 and 12 blocks with equal distribution
across each number of blocks. The number of
blocks were chosen based on the number of blocks
found in existing popular LLM planning bench-
marks (Valmeekam et al., 2023b), where 4 blocks
is most commonly seen, 5 blocks appears to a lesser
degree and 6 and 12 block problems extend beyond
the problems present in the benchmarks.

4.2 Experiments

The experiments were run using the standard BW
prompt from Valmeekam et al. (2023b) for L1ama
4,4.1-mini and 5-mini. Since reasoning models
inherently utilise CoT, we additionally evaluated

non-reasoning models with zero-shot CoT to ob-
serve its impact. We restricted our main evaluations
to unguided, zero-shot settings to establish a clear
baseline for these architectures under structural
complexity. Additional experiments with LLM ver-
ification are detailed in Appendix G. The zero-shot
and CoT results are presented in Figure 1.

4.3 Results

10 H\'

0.8
n
\
\ Model
> 06 AN —8— GPT-4.1-mini
@ \ —8— GPT-5-mini
2 A Llama 4 Maverick
2 N -= GPT-4.1-mini CoT
0.4 \.\ Llama 4 Maverick CoT
0.2
0.0 a

Number of Blocks

Figure 1: Performance of LLMs on BW problems with
4,5, 6 and 12 blocks with 200 instances each using the
base prompt and CoT for non-reasoning models.

As Figure 1 shows, 5-mini consistently has the
best performance, while L1lama 4 performs the
worst. The addition of zero-shot CoT prompt-
ing improves performance for both 4.1-mini and
Llama 4. Overall performance degrades as the
number of blocks increases for non-reasoning mod-
els, even with the addition of the CoT, whilst the
reasoning model 5-mini consistently performs the
best in comparison.

Recall our hypothesis: models relying solely on
extrapolation from pre-training data (as opposed to
genuine reasoning and problem-solving strategies)
would show a notable drop in performance beyond
4 blocks. Our hypothesis is supported by the perfor-
mance of the non-reasoning models: we see clear
drops as we move beyond 4 blocks, with perfor-
mance precipitously dropping to 0 or just above for
these models. Even 4. 1-mini, with the addition of
CoT, which shows impressive performance on the
4-block problems of 73%, drops to 5.5% accuracy
on 12 blocks. In contrast, performance at 12 blocks
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for the reasoning model 5-mini still exceeds the
other models’ 4-block performance. This indicates
that this reasoning model is indeed leveraging a
distinct and more effective problem-solving strat-
egy consistent with stronger performance under our
evaluation.

To investigate whether the 5-mini trend we
see with varying numbers of blocks is robust
across reasoning models or whether the trend is
model-specific, we evaluate additional reasoning
alternatives. Specifically, we ran a full evalu-
ation across all block number settings (200 in-
stances each) for Qwen3-32B in reasoning mode.
The results have been shared in Table 2. To
verify whether this pattern holds across other
models, we evaluated DeepSeek-R1 on the full
set of 12-block problems (200 instances) and
DeepSeek-R1-Distill-L1lama on a sample of 50
instances in the 12-block setting.

Accuracy (%)
Model 4B | 5B | 6B | 12B
5-mini 99.0 | 99.0 | 975 | 925
Qwen3-32B | 825 | 755 | 62.5 | 6.0

Table 2: Accuracy of reasoning models across varying
number of blocks (B).

While Qwen3-32B appears to be more robust
when problems contain 4 to 6 blocks com-
pared to the non-reasoning models seen in Fig-
ure 1, performance drastically decreases for 12-
block problems. Our sample evaluation of
DeepSeek-R1-Distill-L1lama appears to follow
the 12-block collapse observed in Qwen3-32B,
achieving 14.0%. However, our full 12-block eval-
uation of DeepSeek-R1 reveals that it maintains
strong structural generalisation compared to non-
reasoning model results, reaching an accuracy of
82.0%. While reasoning models may delay the
performance degradation seen with non-reasoning
models, robustness to problems with much larger
numbers of blocks remains model-specific.

Because increasing the number of blocks de-
grades performance across models, we use 4-block
problems in the rest of the experiments unless spec-
ified otherwise.

5 Experiment 2: Obfuscating Vocabulary

5.1 Dataset Development

To construct the LINGO-BW dataset, we designed
a pipeline for generating nonce-word variants from

the standard BW domain. The goal was to evaluate
whether LLMs can reason over syntactically coher-
ent but lexically novel inputs, thus testing linguistic
generalisation under controlled abstraction.

Nonce words were generated using an online
pseudo-word generator® that produces English-like,
semantically meaningless forms. These were man-
ually curated by trained linguists (the authors) and
categorised into lexical classes corresponding to
nouns, verbs, adjectives, and prepositions. Words
longer than ten characters or with implausible En-
glish phonotactics were removed. The remaining
items were refined for morphological plausibility,
resulting in lists of over 300 well-formed nonce
words per category.

To maintain grammatical coherence, we devel-
oped a lightweight morphological grammar mod-
ule to handle basic inflectional processes such as
pluralisation, negation, past and progressive tense
marking, and capitalisation. This allowed nonce
verbs and nouns to appear in morphologically valid
forms (such as zorp — zorping, plim — plims).

The original BW prompt was converted into
a template format in which replaceable lexical
units were represented by placeholders such as
[noun_1] or [verb_2]. These placeholders cor-
responded to four variable types: actions, pred-
icates, objects, and names. Actions represented
verb phrases describing manipulation (e.g., “pick
up,” “put down”), predicates denoted relational or
state-based constructions (e.g., “is holding,” “is on
top of”’), objects referred to the concrete entities
in the environment (e.g., “block,” “object”), and
names replaced original colour or identifier labels
(e.g., “blue block,” “red block™).

A script randomly substituted each placeholder
with an appropriate nonce word from the corre-
sponding list, ensuring grammatical agreement and
non-repetition within an instance. Separate tem-
plates were created for the domain and problem
files to preserve internal consistency between the
linguistic prompts and PDDL representations.

To systematically control the level of lexical ob-
fuscation, we defined four difficulty categories de-
termined by the number of lexical variable types
replaced. Using the binomial coefficient C(n, k),
where n = 4 (the number of replaceable variable
types) and k is the number of substitutions, we
obtained C(4,1) = 4, C(4,2) = 6, C(4,3) = 4,
and C(4,4) = 1. This produced the following

®https://www. soybomb.com/tricks/words/
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hierarchy:

» Easy: One category replaced (actions, predi-
cates, objects, or names).

e Medium: Two categories replaced (actions
+ predicates, actions + names, actions + ob-
Jjects, predicates + names, predicates + ob-
jects, names + objects).

e Hard: Three categories replaced (predicates
+ actions + names, predicates + actions +
objects, predicates + names + objects, actions
+ names + objects).

* Super-hard: All four categories replaced si-
multaneously (predicates + actions + names
+ objects).

Each configuration was implemented leveraging
the standard BW prompt as the starting point. For
every configuration, a CSV file of 500 examples
was generated, each containing a mapping between
the original lexical items and their nonce replace-
ments. While only a subset was used for the current
experiments, the complete dataset was retained as
a reusable resource for future work.

Finally, an automated rewriting script applied
these mappings to the corresponding PDDL prob-
lem files, replacing all original lexical items with
their nonce counterparts. This pipeline was cre-
ated to ensure a reproducible transformation from
natural-language prompts to nonce-based PDDL
variants. Examples of our obfuscated prompts in
different settings have been shared in Appendix E.

5.2 Experiments

We conducted experiments across all four difficulty
levels (Easy, Medium, Hard, and Super-hard), each
corresponding to an increasing degree of linguistic
abstraction. The goal of these experiments was to
determine whether model performance degraded
systematically as more linguistic cues were obfus-
cated, whether this varied depending upon the ob-
fuscated linguistic cue, and whether such degrada-
tion differed across models with varying architec-
tures.

The nonce substitution process yielded two key
types of evaluation data: (a) natural-language prob-
lem descriptions with nonce replacements and
(b) their corresponding rewritten PDDL instances.
Each model was required to generate a valid action
sequence (i.e. a plan) that satisfied the nonce-based

PDDL problem. Models were not required to pro-
vide the plan in well-formed PDDL. Instead, we
allowed the model to provide the action sequence
in natural language and then extracted the steps
and converted them into PDDL for checking. This
choice keeps the focus of this research on the rea-
soning and generalisation capabilities of models,
as opposed to their ability to independently act as
planners in working systems.

For a more controlled comparison between rea-
soning and non-reasoning models, we focus on
model pairs of comparable size and families, how-
ever, full results for all evaluated models can be
found in the appendices.

5.3 Results: Lingo-BW

Results are detailed across the models for the Easy,
Medium, Hard and Super-hard settings in Table 3.
Overall, we see that the reasoning models demon-
strate markedly better performance than the non-
reasoning models. However, an analysis across
the difficulty settings reveals that both classes of
models are highly sensitive to specific types of lin-
guistic obfuscation.

The trends across models and settings sup-
port our psycholinguistically motivated hypothesis:
swapping out the actions (e.g., stack and unstack)
and the predicates (e.g., is clear, is on top of) will
lead to the greatest decrease in model performance.
For the non-reasoning models, L1lama, 4.1-mini
and Qwen, performance peaks on Easy tasks where
only Objects or Names are swapped, but drops
sharply when Actions or Predicates are obfuscated
(e.g., 4.1-mini scores 35.2% on Objects but falls
to 5.7% on Predicates). The reasoning models show
varying degrees of robustness on the Easy single-
class swaps: 5-mini performs strongly across all
four, Qwen handles most, and L1ama already shows
clear drops on Actions and Predicates. Their vulner-
ability to relational obfuscation becomes more pro-
nounced in the Medium and Hard settings. When
Actions and Predicates are simultaneously obfus-
cated (A+P), the reasoning variants of L1ama and
Qwen experience a severe drop to near 10% accu-
racy. When Objects or Names are obfuscated in
addition to Actions and Predicates in the Hard con-
figurations (P+A+0 and P+A+N), non-reasoning mod-
els drop as low as 0.0%. The reasoning models also
follow a similar trend with the notable exception of
5-mini which has the best performance across all
models. For 5-mini, we observe a slight drop in
performance when both Actions and Predicates are
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Setting % Mean Accuracy (sp)
Llama¢ 4.1-mini¢ Qwen< | Llama A 5-mini A Qwen A
Actions 14302 11.8 a2 5.3 03 42000 93.7a3 79.8 a9
% Names 61.0 @8y 30.7 (1.6 22709 | 67506 84.0@3s5 78335
K | Objects 59.2 29 35.2 09 27505 | 47.3 03 93.803 59.3 35
Predicates 19.7 a8 5.7 ae 157 a0 | 35.8 00 96.7 03 61.7 49
A+N 4.0 ©5) 6.0 1.9 6832 | 44363 97708 798 28
= A+O 22003 15003 5203 | 3472 93509 66.3 0
._5 A+P 0.2 03 0.2 03 4.2 03 12.7 a5 81.5 .6 11.3 .9
§ O+N 64.7 0s) 30.8 29 21.3 038 | 54.7 49 89.713  58.8 32
P+N 233 13 6.7 08 16.0 09 | 37.038 96.0 05 61.0 39
P+O 18.0 a0 13.8 0 17200 | 39203 958 a5 757 a3
A+O+N 212 a5 7.2 a4 3.0 0.0 397 06 922013  T71.2 a0
g P+A+N 0.3 .6 0.5 ©5) 1.0 (0.0 8.5 05 94.8 25 8.3 0
T | P+A+0 0.0 0.0 0.5 0.0 4.5 05 13.3 w0y 57.5 35 13.0 .5
P+O+N 8.2 (1.0) 9.2 13) 6.7 03 18700 93325 55205
Super-hard ANOP | 0.0 (0.0 0.5 09 3.0 0.0 4.5 0.0 52.8 24 7.7 a5

Table 3: Results across models for Experiment 2 in which we systematically alter which classes of words (A:
Actions, N: Names, O: Objects, P: Predicates) are swapped out for nonce words in the prompt. Each setting has 200
instances. The non-reasoning models are L1ama-3.3-70B, GPT-4.1-mini and Qwen2.5-32B indicated with ¢ and
the reasoning models are Deepseek-R1-Distill-Llama, GPT-5-mini and Qwen3-32B indicated by A. This table
reports the mean accuracy across three runs of the experiment with standard deviation (SD) in brackets. The results

of each run can be found in Appendix I.

CoT Setting % Accuracy
Llama4 ¢ 4.1-mini ¢
Actions 7.5 142 35.0 1232
%‘ Names 40.0 1125 47.5 t16s8
K | Objects 35.0 108 37.5 123
Predicates 15.0 is0 22.5 +i6s
Super-hard ANOP | 2.5 104 8.8 183

Table 4: Results for non-reasoning models with CoT for
Experiment 2 in Easy and Super-hard settings. The ar-
rows and following number show the percentage differ-
ence in accuracy compared to the experiments without
CoT in the same setting. The results without CoT for
4.1-mini are reported in Table 3 and results without
CoT for L1ama 4 are from Table 14 in Appendix I.

obfuscated in the medium setting and it reaches one
of its lowest scores of 57.5% when Predicates, Ac-
tions and Objects are obfuscated in the Hard setting.
All models struggle with the Hard setting where
Predicates, Actions, and Objects are obfuscated, as
this essentially obfuscates all major content words
of the domain, preserving only Names identifying
blocks, such as “yellow”.

The Super-hard setting, in which we swap all
4 content word classes of the prompts with mor-
phosyntactically valid nonce words, poses a signifi-
cant challenge even for the reasoning models that

maintain otherwise strong performance in other
settings. We see a similar pattern with the non-
reasoning model L1ama 4 Maverick and reason-
ing models o4-mini and Deepseek-R1 when we
evaluate them against a subset of the data (see Ap-
pendix I for more details).

Interestingly, while we found in Experiment 1
that CoT prompting boosted performance when
scaling the number of blocks, here we see varying
performance. In fact, Llama 4 shows a slight de-
crease in performance in at least two settings as
shown in Table 4. Thus, when the prompts are
complex due to linguistic obfuscation, asking the
non-reasoning models to think step-by-step does
not necessarily provide gains.

6 Experiment 3: Combined Complexity

Here we explore the challenge of combining both
structural and lexical complexity such that we test
models on 200 distinct 12-block problems in the
Super-hard setting (with all four classes of words
obfuscated). We limit this test to the best perform-
ing GPT model, 5-mini, and the reasoning model
DeepSeek-R1 in order to pinpoint different capa-
bilities in these two distinct reasoning model archi-
tectures.
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We find that 5-mini performance degrades
only slightly from Super-hard performance with
4 blocks, achieving an accuracy of 49.5%.
DeepSeek-R1 performance degrades from an al-
ready low 15% on Super-hard with 4 blocks to 1%
accuracy when the number of blocks is increased
to 12. To aid with the interpretability of these re-
sults, we compared the performance of 5-mini and
DeepSeek-R1 on the standard 12-block setting with
no obfuscation from Experiment 1 to the 12-block
Super-hard setting (Experiment 3).

Accuracy (%) 12 Blocks
Model Standard | Super-hard
GPT-5-mini 92.5 49.5
DeepSeek-R1 82.0 1.0

Table 5: Accuracy of structural and combined complex-
ity at 12 blocks.

For both models, the significant degradation in
this combined setting demonstrates that their fail-
ures are not solely driven by structural complex-
ity. The accuracy of 5-mini remains relatively
stable between the 4-block and 12-block Super-
hard settings, but is much lower than its 12-block
performance with no obfuscation. This points to
lexical obfuscation as the primary bottleneck for
this model. For DeepSeek-R1, while it success-
fully handles structural complexity in the standard
12-block setting, combining structural complexity
with lexical obfuscation is even more challenging
than full lexical obfuscation, dropping accuracy to
1.0%.

Thus, we present this combined setting as a
challenge dataset and hope that it can be used
to contribute to improving LLM generalisation
from known problems to novel vocabulary in future
work.

7 Error Analysis

Reasoning models achieve remarkable perfor-
mance at this task, especially when compared to
other models. Here, we conduct a qualitative man-
ual error analysis to explore the different patterns
of errors exhibited by different model architectures.
In addition to this, we conduct a quantitative error
analysis that can be found in Appendix K.

7.1 Non-reasoning, Non-CoT

We conduct in-depth error analysis of the non-
reasoning model, L1ama 4. The errors exhibited

by this model demonstrate a violation of all prob-
lem constraints via a disconnect from the state of
the problem. For example, blocks are picked up,
even though they are underneath another block. In
addition, many actions appear to have no lasting ef-
fect (e.g., picking up a block and then immediately
putting it down in the next action).

Notably, even in the most difficult setting where
all word categories are obfuscated, the model of-
ten produces correct local relationships between
blocks. While local relationships are often cor-
rect, the overall global goal state can be incorrect:
the full set stack of more than two blocks is not
achieved. Regardless, the non-reasoning model
struggles both to model the initial world state and
to follow domain constraints.

7.2 Non-reasoning, CoT

We compare the performance of Llama 4 described
above to the performance when we explicitly use
CoT prompting. Here, the errors differ slightly:
primarily CoT prompting improves models’ ability
to follow instructions, in particular the use of the
critical stack action. However, the model contin-
ues to make errors such as holding multiple blocks
at once because a block was not put down.

7.3 Reasoning Models

We conduct error analysis of reasoning models
which have far fewer errors. Specifically, we ex-
plore the outputs of Deepseek-R1, 5-mini, and
04-mini. The models tend to miss one or two steps
instead of demonstrating patterns of multiple errors
and incorrect actions that are pointless or discon-
nected from the start state. There is also a clear
pattern in the step that is missed: all reasoning
models sometimes fail to insert the put-down step
after unstack actions. Anecdotally, students learn-
ing planning often make the same mistake, likely
because unstack can be intuitively interpreted as
both removing and placing a block. The other fre-
quent error is failing to pick-up a block that is on
the table before stacking it. Similar to unstacking,
we note that this is conceptually an easy error to
make, as stacking could also be understood as a
continuous action in which the block is picked up
and then stacked.

Despite these violations, the reasoning models
consistently achieve the intended goal configura-
tion if constraints are relaxed. Unlike the non-
reasoning models, they produce correct outcomes
at both the local level (individual block relations)
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and the global level (larger multi-block structures).
This suggests that reasoning models can correctly
represent the initial state and select appropriate ac-
tions, but they still struggle to fully enforce the
domain’s operational constraints.

7.4 Analysis of Reasoning Traces

Analysis of the LLM reasoning traces reveals that
models systematically lay out each initial condition
and check the feasibility of any action given the
current conditions, before deciding upon an action.
The models generally track the initial state and state
changes via text lists.

Within the reasoning traces, we do not see any
attempt to establish a mapping to known vocab-
ulary.” Models do not seem to translate the lex-
ical items during the reasoning process. For in-
stance, 5-mini notes it does not know the nonce
words: “and the tegust is not astleyed (unclear what
“astleyed” means exactly, but assuming wilchip is
unastleyed initially)...” We do note one exception
to a type of translation into a known vocabulary
domain: words that were very similar to real words
were sometimes assumed to be typos, for example,
“balacing” is sometimes converted to “balancing”
in models’ reasoning traces.

8 Discussion & Conclusions

We introduce LINGO-BW, a framework designed
to generate a dataset of test instances to evaluate
the generalisation and reasoning abilities of LLMs
in classical planning. By systematically increasing
the number of blocks and lexical obfuscation, we
provide a fine-grained benchmark with a mecha-
nism to generate new instances to minimise possi-
ble contamination.

Our findings confirm a hierarchy in model be-
haviour. Non-reasoning models struggle to gen-
eralise, with performance collapsing under even
moderate complexity. In contrast, reasoning mod-
els demonstrate stronger performance across condi-
tions, although this performance also has some lim-
its. Accuracy degrades when structural complexity
and linguistic obfuscation are combined, with even
state-of-the-art reasoning models declining at the
12-block level under full lexical obfuscation. These
results demonstrate and quantify the gap between
current model capabilities and the demands of real-
world planning environments.

"Translation to known vocabulary is one potential tech-

nique we have observed for human planners (see Appendix L
for more details).

‘We do not claim that LLMs reason like humans,
nor that they should, but we see parallels in perfor-
mance patterns demonstrated through the support
of our theoretically-motivated hypothesis. This
suggests that similar structural dependencies may
emerge from exposure to linguistic input. Looking
at the results in Table 3, there are clear trends that
mirror patterns found in human language process-
ing.® These results invite further investigation into
whether distributional learning in LLMs implicitly
encodes usage-based regularities similar to those
that shape human grammatical development.

The conditions tested here show that strong gen-
eralisation remains out of reach for current LLMs,
but the more useful finding is how their behaviour
shifts with the linguistic form of the input. Obfus-
cating verbs and predicates hurts performance more
than obfuscating nouns and names, combining
structural and lexical difficulty exposes differences
between reasoning models that simpler benchmarks
miss, and reasoning models fail in qualitatively dif-
ferent ways from non-reasoning ones. This finding
adds to a growing body of research demonstrating
that claims surrounding model ability to reason and
plan deteriorate markedly when atypical words, or-
dering, symbols, or counterfactuals are swapped
into existing benchmark problems (Wu et al., 2024;
Lewis and Mitchell, 2025; Tayyar Madabushi et al.,
2025). None of this is visible from accuracy on
the standard BW prompt alone. Yet, if models are
using robust, abstract reasoning procedures, such
swaps should not dramatically affect performance.
This indicates that models may be using shortcuts
and structural similarity to training data. Note that
we do not suggest this is memorisation alone (that
is simply not possible with our data), nor is it ro-
bust reasoning. We conclude that this is further
evidence that models rely on Context-Directed Ex-
trapolation (CDE) from pre-training data to solve
tasks (Tayyar Madabushi et al., 2025). Specifically,
CDE posits that LLMs generate outputs by extrap-
olating from relevant priors in their pre-training
data, and therefore tend to be more effective on
tasks that are closer to, and better represented in,
that data. We hope that this dataset will contribute
to future work focused on better understanding and
improving the core reasoning and generalisation
capabilities of models.

8See Appendix D for more details.
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9 Ethics Statement

The evaluation of LLM planning capabilities has
broad implications for their deployment and ef-
fective use. Mischaracterisation of LLM capabili-
ties has the potential to dramatically impact down-
stream use of these systems. As such, it is essential
that we carefully understand what they can and can-
not do. Concretely, errors in automated planning,
especially in critical domains such as energy and
infrastructure, could result in catastrophic harms.
Therefore, misinterpretation of LLM capabilities is
very dangerous and we do not claim that our study
is a representation of planning in general. However,
this work is a good indication of the limits of LLM
capabilities.

We acknowledge that LLMs use a huge amount
of resources and take seriously their environmen-
tal impact. However, we balance this against the
need to analyse what applications merit the costly
use of LLMs and what applications LLMs are not
currently suited to, including potentially planning
onboard robots.

Limitations

Our work focuses on a single planning problem
albeit quite extensively and across different axes of
complexity. Future work should explore different
planning problems along the same axis so as to
ensure a more detailed evaluation of LLMs. Ad-
ditionally, our evaluation is limited to the English
language, and it is absolutely essential that we eval-
uate these models in other languages, especially
low resource languages.
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A Scientific Artefacts

We use several scientific artefacts as part of this
work. We use all artefacts as intended, provided
the intended use was specified. This includes the
following artefacts:

1. We use an online pseudo-word generator to
generate nonsense words for our dataset °.

2. We build on the work of Valmeekam et al.
(2023b) and their corresponding code reposi-
tory ' under the MIT Licence.

3. We use Fast Downward for PDDL groundtruth
and planning evaluation under the GNU Gen-
eral Public License v3.0. !!

4. We use Seipp et al. (2022)’s PDDL generator
to generate new planning problems.

“https://www.soybomb.com/tricks/words/

10https: //github.com/karthikv792/LLMs-Planning/
tree/main/11lm_planning_analysis

"https://www. fast-downward.org/
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We have also created artefacts intended for use
in a research context, which is compatible with the
original access conditions. A detailed description
and documentation of the artefacts we created can
be found in Appendix E.

B Shortcomings of Mystery BW and
Randomized BW

Valmeekam et al. (2024b) state that MYSTERY BW
is “semantically identical but syntactically obfus-
cated.” However, we find this characterisation does
not hold under linguistic analysis. While MYS-
TERY BW aims to maintain the same underlying
structure as the original BW tasks, its linguistic
form is neither semantically identical nor syntac-
tically equivalent. The number of predicates and
actions differs across BW and MYSTERY BW, and
the ways in which these elements interact with their
constituents diverge in ways that alter the meaning
of the prompt.

Specifically, our analysis finds that the MYS-
TERY BW variant substantially reduces the num-
ber of nouns, eliminates adjectives and relative
clauses, and simplifies the overall structure of the
domain. These omissions alter both syntactic form
and propositional content. Consequently, the MYS-
TERY BW prompt is semantically simplified and
syntactically divergent from the original BW.

Another limitation of MYSTERY BW lies in the
specific lexical substitutions chosen. Verbs like
“succumb” or “feast” evoke strong affective and sit-
uational associations. These words are not seman-
tically neutral but instead grounded in the distribu-
tional representations encoded during pre-training.
Thus, any evaluation involving them is contami-
nated by latent semantic biases.

To illustrate the linguistic implications of this,
consider PropBank (Pradhan et al., 2022), a frame-
work for semantic role labeling that provides an
authoritative lexicon of syntactic verbal arguments.
The verb “stack,” which appears in the original
BW, is characterized by three syntactic arguments:
a stacker, thing stacked, and thing stacked onto.'?

Verb: stack-01
Arg0-PAG: stacker
Argl1-PPT: one thing
Arg2-GOL: the other thing Argl is
stacked onto (destination)

2Gee https://propbank.github.io/v3.4.0/frames/
stack.html#stack.01.

In this case, the human or robot performing the
stacking is the Arg@, the block being stacked is the
Arg1, and the surface it is stacked onto is the Arg2.

In MYSTERY BW, however, “stack” is replaced
by “overcome” (see Table 1). According to Prop-
Bank, the verb “overcome” is characterised by just
two syntactic arguments, an overcomer and the
thing-overcome or difficulty.'3

Verb: overcome-01
Arg@-PAG: overcomer
Argl1-PPT: difficulty

Unlike “stack,” the verb “overcome” lacks a third
syntactic argument; thus, its predicate-argument
structure is non-equivalent. It cannot encode a goal
or destination argument, thereby changing the en-
tire semantic class of the event. Even if one were
to substitute “stack” with a semantically similar
class of verbs, such as “spray” (Palmer et al., 2005;
Schuler, 2005), inherent differences in verbal se-
mantics, such as telicity or instrumentality, would
persist. Because LLMs encode such distinctions
in their vector spaces, random lexical substitutions
necessarily alter the distributional semantics of the
task.

In short, this demonstrates that the use of ar-
bitrary real words introduces unwanted semantic
sentiment. It is not linguistically informed to as-
sume that replacing verbs and predicates without
regard to their predicate-argument structure will
leave model reasoning unaffected. These discrep-
ancies, along with similar inconsistencies observed
between MYSTERY BW and RANDOMIZED BW,
motivated our development of LINGO-BW. The
goal of our project is to actually retain the semantic
and syntactic integrity of the original prompt while
removing prior lexical associations through the in-
troduction of nonce words within the traditional
BW framework.

C Nonce Words Additional Background

The linguistic foundation for nonce-word use orig-
inates from the “Wug Test,” first introduced by
Jean Berko (1958) to study children’s morphologi-
cal generalisation. Nonce words—phonotactically
valid but invented words such as “wug”—are de-
signed to follow the sound patterns of a target lan-
guage without conveying meaning. Datasets of
nonce words have since been developed for numer-
ous languages (Ferrand et al., 2010; Aguasvivas

BSee https://propbank.github.io/v3.4.0/frames/
overcome.html#overcome.01.
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et al., 2018; Soares et al., 2018; Acha et al., 2014,
Keuleers and Brysbaert, 2010) and are used widely
in psycholinguistics as well as in recent computa-
tional studies probing the linguistic and morpho-
logical capabilities of LLMs (Weissweiler et al.,
2023; de Varda et al., 2024; Bunzeck et al., 2025;
Arps et al., 2024; Anh et al., 2024).

de Varda et al. (2024) show that even pseu-
dowords elicit systematic semantic associations in
both humans and LLMs due to sublexical regular-
ities. This suggests that, when reading, meaning
construction can emerge dynamically from form.
We acknowledge this as a caveat that nonce words
may not be entirely semantically neutral, and some
emergent structure inevitably arises from phonotac-
tic similarity and learned linguistic patterns, which
may be interpreted as typos amongst other things.

However, this residual regularity is far prefer-
able to the alternative employed in the RANDOM-
1IZED BW, where words are replaced with random
alphanumeric strings that violate the phonotactic
and grammatical conventions of English. Such
randomised substitutions strip away not only mean-
ing but also the linguistic scaffolding that enables
compositional reasoning, rendering the prompts
unnatural and hard to read for both humans and
language models.

In contrast, nonce words preserve linguistic co-
herence while minimising semantic contamination.
They retain the grammatical cues necessary for
reasoning, allowing us to evaluate planning and
generalisation independently of lexical familiarity
or memorised associations. LINGO-BW thus of-
fers a linguistically principled compromise that is
syntactically valid and phonotactically plausible,
yet semantically novel. The intention here is to
converge upon the two goals of having naturalis-
tic language while still retaining a controlled ex-
perimental design, which other planning problem
datasets, such as MYSTERY BW, have struggled to
reconcile between.

D Parallels between Psycholinguistic
Research and Model Results

Looking at the results in Table 3, §5.3 of the paper,
there are clear trends that mirror patterns found
in human language processing, though the present
results do not by themselves establish human-like
processing mechanisms. Psycholinguistic research
distinguishes between “open” (e.g., nouns, verbs)
and “closed” (e.g., prepositions, pronouns) classes

of words (Van Petten and Kutas, 1991; Kutas and
Hillyard, 1983) and open-class words are easier
to learn. Studies have also shown that verbs are
typically more difficult to learn and replace than
nouns because they encode relational and argument-
structure information that organises the clause
(Gentner, 1982, 2006; Mitzig et al., 2009). The fact
that the models are most sensitive to verb-like and
relational terms implies that they, like human learn-
ers, might rely on the distributional regularities that
tie meaning and syntax most strongly to the verbal
core of the sentence. Our results demonstrate a
striking similarity to this prior work in psycholin-
guistics. Based on these findings, we hypothesised
that nonce substitutions of “Names” (colour adjec-
tives) and “Objects” (nouns such as blocks) would
be easier for models to handle than substitutions
involving “Predicates” or “Actions,” both of which
disrupt the verbal core of the sentence. Moreover,
the “Predicates” substitutions also involved replac-
ing prepositions such as “on” or “on top of,” which
are typically closed-class elements. Because these
words encode spatial and structural relationships,
their replacement with nonce forms likely added
an additional layer of difficulty for models.

The fact that the models are most sensitive to
verb-like and relational terms implies that they, like
human learners, might rely on the distributional reg-
ularities that tie meaning and syntax most strongly
to the verbal core of the sentence. At the same
time, our error analysis highlights important di-
vergences: while human solvers may ground new
words in known conceptual frameworks such as
through strategies like translation, the models tend
to reason symbolically through state transitions
without appealing to lexical meaning.

E Prompt Examples and Dataset Statistic

The LINGO-BW dataset we create uses English
and nonsense words to obfuscate problems in the
blocksworld planning domain. Tables 7, 8, 9 and 10
show examples of the obfuscated prompt in the easy
setting. Table 11 shows an example of a fully ob-
fuscated prompt from the Super-hard setting. The
medium and hard settings are not explicitly shown
here as examples but have different combinations
of actions, names, objects and predicates obfus-
cated, similar to what is displayed in these example
prompts.

For Experiment 1, where we vary the number
of blocks in the planning problems, we have 200
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instances for each number of blocks (4, 5, 6 and 12
blocks), so a total of 800 examples.

For Experiment 2, where we obfuscate vocabu-
lary, in our experiments for the easy, medium, hard
and super-hard settings, we test on 200 examples
for each combination of obfuscation. Table 6 shows
a breakdown of the number of examples for each

setting.
Setting Number of Examples
Actions 200
%‘ Names 200
K | Objects 200
Predicates 200
A+N 200
= A+O 200
._,g A+P 200
§ O+N 200
P+N 200
P+O 200
A+O+N 200
T | P+A+N 200
T | P+A+O 200
P+O+N 200
Super-hard ANOP 200
Challenge Super-hard 200
ANOP and 12 blocks

Table 6: Number of examples in the LINGO-BW dataset
for Experiment 2 in which we systematically alter which
classes of words (A: Actions, N: Names, O: Objects,
P: Predicates) are swapped out for nonce words in the

prompt.
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Setting

Prompt

Actions

I am playing with a set of blocks where I need to arrange the blocks into cornintes . Here are the actions I can
do

Laral a block
Uncorninte a block from on top of another block
Braine a block

Corninte a block on top of another block

I have the following restrictions on my actions:

I can only laral or uncorninte one block at a time.

I canonly laral or uncorninte a block if my hand is empty.

I can only laral a block if the block is on the table and the block is clear. A block is clear if the block has no
other blocks on top of it and if the block is not laralled .

I can only uncorninte a block from on top of another block if the block I am uncorninting was really on top
of the other block.

I can only uncorninte a block from on top of another block if the block I am uncorninting is clear.

Once I laral or uncorninte a block, I am holding the block.

I can only braine a block that I am holding.

I can only corninte a block on top of another block if I am holding the block being corninted .

I can only corninte a block on top of another block if the block onto which I am corninting the block is clear.

Once | braine or corninte a block, my hand becomes empty.

Once you corninte a block on top of a second block, the second block is no longer clear.

[STATEMENT]

As initial conditions I have that, the blue block is clear, the hand is empty, the blue block is on top of the orange
block, the orange block is on top of the yellow block, the yellow block is on top of the red block and the red
block is on the table.

My goal is to have that the blue block is on top of the red block.

What is the plan to achieve my goal? Just give the actions in the plan.

Table 7: Prompt example with obfuscated actions.
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Setting

Prompt

Names

I am playing with a set of blocks where I need to arrange the blocks into stacks. Here are the actions I can do

Pick up a block

Unstack a block from on top of another block
Put down a block

Stack a block on top of another block

I have the following restrictions on my actions:

I can only pick up or unstack one block at a time.

I can only pick up or unstack a block if my hand is empty.

I can only pick up a block if the block is on the table and the block is clear. A block is clear if the block has no
other blocks on top of it and if the block is not picked up.

I can only unstack a block from on top of another block if the block I am unstacking was really on top of the
other block.

I can only unstack a block from on top of another block if the block I am unstacking is clear.

Once I pick up or unstack a block, I am holding the block.

I can only put down a block that I am holding.

I can only stack a block on top of another block if I am holding the block being stacked.

I can only stack a block on top of another block if the block onto which I am stacking the block is clear.

Once I put down or stack a block, my hand becomes empty.

Once you stack a block on top of a second block, the second block is no longer clear.

[STATEMENT]|

As initial conditions I have that, the facizer block is clear, the michime block is clear, the tegust

block is clear, the hand is empty, the tegust block is on top of the westoor block, the facizer block is on
the table, the michime block is on the table and the westoor block is on the table. My goal is to have that
the facizer block is on top of the tegust block, the michime block is on top of the facizer block and the

westoor block is on top of the michime block.

What is the plan to achieve my goal? Just give the actions in the plan.

Table 8: Prompt example with obfuscated names.
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Setting

Prompt

Objects

I 'am playing with a set of facizers where I need to arrange the facizers into stacks. Here are the actions I can do

Pick up a facizer
Unstack a facizer from on top of another facizer
Put down a facizer

Stack a facizer on top of another facizer

I have the following restrictions on my actions:

I can only pick up or unstack one facizer at a time.

I can only pick up or unstack a facizer if my hand is empty.

I can only pick up a facizer if the facizer is on the table and the facizer is clear. A facizer is clear if the
facizer has no other facizers on top of it and if the facizer is not picked up.

I can only unstack a facizer from on top of another facizer if the facizer I am unstacking was really on top
of the other facizer .

I can only unstack a facizer from on top of another facizer if the facizer I am unstacking is clear. Once I
pick up or unstack a facizer , I am holding the facizer .

I can only put down a facizer that I am holding.

I can only stack a facizer on top of another facizer if I am holding the facizer being stacked.

I can only stack a facizer on top of another facizer if the facizer onto which I am stacking the facizer is
clear.
Once I put down or stack a facizer , my hand becomes empty.

Once you stack a facizer on top of a second facizer , the second facizer is no longer clear.

[STATEMENT]

As initial conditions I have that, the blue facizer is clear, the hand is empty, the blue facizer is on top of the
orange facizer , the orange facizer is on top of the yellow facizer , the yellow facizer is on top of the red
facizer and the red facizer is on the table.

My goal is to have that the blue facizer is on top of the red facizer .

What is the plan to achieve my goal? Just give the actions in the plan.

Table 9: Prompt example with obfuscated objects.
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Setting

Prompt

Predicates

I am playing with a set of blocks where I need to arrange the blocks into stacks. Here are the actions I can do

Pick up a block
Unstack a block from syntwards another block

Put down a block
Stack a block syntwards another block

I have the following restrictions on my actions:
I can only pick up or unstack one block at a time.

I can only pick up or unstack a block if my michime is daydendate .
I can only pick up a block if the block is syntwards the facizer and the block is hummony . A block is
hummony if the block has no other blocks syntwards it and if the block is not picked up.

I can only unstack a block from syntwards another block if the block I am unstacking was really syntwards

the other block.
I can only unstack a block from syntwards another block if the block I am unstacking is hummony .

Once I pick up or unstack a block, I am abathitcrying the block.

I can only put down a block that I am abathitcrying .

I can only stack a block syntwards another block if I am abathitcrying the block being stacked.

I can only stack a block syntwards another block if the block onto which I am stacking the block is hummony .
Once I put down or stack a block, my michime becomes daydendate .

Once you stack a block syntwards a second block, the second block is no longer hummony .

[STATEMENT!] As initial conditions I have that, the blue block is hummony , the michime is daydendate ,
the blue block is syntwards the orange block, the orange block is syntwards the yellow block, the yellow
block is syntwards the red block and the red block is syntwards the facizer .

My goal is to have that the blue block is syntwards the red block.

What is the plan to achieve my goal? Just give the actions in the plan.

Table 10: Prompt example with obfuscated predicates.
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Setting

Prompt

Super-hard ANOP

I am playing with a set of tegusts where I need to arrange the tegusts into chrits . Here are the
actions I can do

Astley a tegust
Unchrit a tegust from aneouswards another tegust
Limigrow a tegust

Chrit a tegust aneouswards another tegust

I have the following restrictions on my actions:
Ican only astley or unchrit one tegust ata time.

Icanonly astley or unchrit a tegust if my michime is hardery .

Icanonly astley a tegust if the tegust is aneouswards the facizer and the tegust is expokerory .
A tegust is expokerory if the tegust has no other tegusts aneouswards it and if the tegust is not
astleyed .

Ican only unchrit a tegust from aneouswards another tegust if the tegust Iam unchritting was
really aneouswards the other tegust .

I can only unchrit a tegust from aneouswards another tegust if the tegust [ am unchritting is
expokerory . Once I astley or unchrit a tegust,lam balacing the tegust .

Ican only limigrow a tegust thatlam balacing .

I can only chrit a tegust aneouswards another tegust if I am balacing the tegust being
chritted .

Ican only chrit a tegust aneouswards another tegust if the tegust onto which I am chritting the
tegust is expokerory.

Once I limigrow or chrit a tegust , my michime becomes hardery .

Once you chrita tegust aneouswards asecond tegust , the second tegust is no longer expokerory .
[STATEMENT]

As initial conditions I have that, the wilchip tegust is aneouswards the corpastion tegust , the
corpastion tegust is aneouswards the consvia tegust, the consvia tegust is aneouswards
the westoor tegust, the westoor tegust is aneouswards the facizer , the wilchip tegust is
expokerory and the michime is hardery .

My goal is to have that the wilchip tegust is aneouswards the westoor tegust .

What is the plan to achieve my goal? Just give the actions in the plan.

Table 11: Prompt example with obfuscated actions, names, objects and predicates.
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F Baseline Experiments

For direct performance comparison with di-
rectly comparable work, we replicate the exper-
iments of Valmeekam et al. (2023b) using the
more recent models gpt-4.1-mini-2025-04-14
and gpt-5-mini-2025-08-07 representing a non-
reasoning model and reasoning model respectively.
We do this for the BW, MYSTERY BW and RAN-
DOMIZED BW domains and refer to these as the
baseline experiments. These experiments consist
of 600 instances, the number of blocks in each in-
stance ranging from 3 to 5, with 4 blocks being the
most represented. We compare the perfomance of
baseline results with the addition of the DeepSeek-
R1 results taken from (Valmeekam et al., 2023b)
and the same models’ performance on our Lingo-
BW in the fully obfuscated super-hard setting with
4 blocks. The results are shared in Table 12.

F.1 Results: Baseline

The results for 4. 1-mini appear to be consistent
with results reported for similar models in the BW
domain; however, the model’s performance of 9%
accuracy on Mystery BW is marginally higher
than the model’s predecessors. Models including
gpt-4 and gpt-4o get an accuracy of 0% on the
obfuscated BW benchmarks (Valmeekam et al.,
2023b). All selected models perform the worst
on our Lingo-BW benchmark.

Domain Accuracy (%)
4.1- 5-mini | Deepseek-
mini R1
BW 48.0 98.2 99.2
Mystery BW | 9.0 74.7 43.3
Random BW | 1.0 67.5 25.8
Lingo-BW 0.0 524 15.0

Table 12: Results for the BW, MYSTERY BW, RAN-
DOMIZED BW baseline experiments and the Lingo-BW
benchmark.

The performance of the reasoning model 5-mini
is substantially better than 4.1-mini in the 3 do-
mains, showing similar performance to other rea-
soning models on BW and Mystery BW, includ-
ing Deepseek-R1 and o1-preview, but superior
performance in the RANDOMIZED BW domain
(Valmeekam et al., 2023b). To summarise, we
benchmark on models that outperform leading mod-
els on past obfuscated planning benchmarks.

When compared to the other obfuscated ap-
proaches, models achieve the lowest perfor-
mance in the Lingo-Bw domain. 5-mini and
Deepseek-R1 drop from near-perfect accuracy on
standard BW to 52.4% and 15.0%, respectively,
while the non-reasoning 4.1-mini collapses from
48% to 0.0%. These scores are consistently lower
than those in Mystery and Randomized BW. The
Lingo-BW setting chosen for comparison is the
Super-hard setting as this is the closest setting to
the existing Mystery Blocksworld and Randomized
Blocksworld benchmarks. In addition to this, our
dataset allows for a more granular evaluation of
model performance as we provide different levels
of obfuscation to isolate where a model’s perfor-
mance degrades.

G LLM Verification Experiments

Additional experiments were conducted with the
two non-reasoning models using two performance-
enhancing techniques: zero-shot CoT prompting
where we instruct the model to "think through the
plan step by step,” and LLLM verification where we
send the generated plan back to the LLM, ask it
to verify the correctness of the plan, and produce
an updated plan if necessary. We restricted the
CoT and verification experiments to the two non-
reasoning models as the reasoning model, 5-mini,
already leverages CoT in its response process. The
results of these experiments are presented in Figure
2.

——

—8— GPT-4.1-mini

’\'\ —8— GPT-5-mini
08 N Llama 4 Maverick
A & B- GPT-4.1-mini
— ~ -B- -4.1-mini CoT
N e '\.\ Llama 4 Maverick CoT
\ A N &+ GPT-4.1-mini Verified
0.6 N ., Llama 4 Maverick Verified
L § ~

- GPT-4.1-mini Verified CoT
. Llama 4 Maverick Verified CoT

Accuracy
< c
£
7’
td
4
Fd
7
>

Number of Blocks

Figure 2: Performance of LLMs on BW problems with
4,5, 6 and 12 blocks with 200 instances each using the
base prompt, chain-of-thought (CoT) or verification.
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H Model Parameters and
Hyperparameters

We use the default hyperparameters for all models
apart from temperature. For non-reasoning mod-
els, we use a temperature of 0 to ensure maximum
reproducibility. For reasoning models we use a
temperature of 0.6 or 1 for coherent outputs that
avoid endless repetition based on experimentaion
and recommendations from the model suppliers.
Table 13 displays the models we used, the num-
ber of parameters for each model and the value of
temperature we selected.

GPT experiments were run using the OpenAl
API, costing approximately $50 USD. Llama and
deepseek experiments were run using the Open-
Router API, costing approximately $300 USD.

I Experiment 2 Results

In Experiment 2 we systematically obfuscate
words in the BW domain. The results pre-
sented in §5.3 of the paper are a selection of the
full set of models we test that represent mod-
els of a similar size and family. This includes
Llama-3.3-70B, GPT-4.71-mini, Qwen2.5-32B,
Deepseek-R1-Distill-Llama, GPT-5-mini and
Qwen3-32B. We also evaluate additional mod-
els on a subset of the data. These models are
Llama 4 Maverick, GPT-4.1-mini, o4-mini,
GPT-5-mini and Deepseek-R1. The subset of the
data for the easy, medium and hard settings is 40 ex-
amples for each combination of obfuscation and 80
examples for the Super-hard setting. We do three
runs for each model on this subset. A summary of
the results is presented in Table 14. Tables 15, 16
and 17 show the results from each of the three runs
for the additional models.

In §5.3 of the paper we also present the results
as the mean of three runs of the experiments with
the standard deviation. Tables 18, 19 and 20 show
the results from each of the three runs where each
setting has 200 instances.

J Few-shot Experiment

We report our main findings in a zero-shot set-
ting, but we have also experimented with one-shot
prompts specifically for non-reasoning models in
the easy setting of Experiment 2 to observe any po-
tential improvements in performance. The results
have been shared in Table 21, showing a boost in
performance for these non-reasoning models across
all easy settings. More experiments in a one-shot
setting may reveal interesting patterns, but we leave
this to future work.

Setting Accuracy (%)
Llama4 ¢ 4.1-mini ¢
Actions 20.0 183 15.0 132
? Names 65.0 1375  42.5 +118
M | Objects 55.0 t208  57.5 1223
Predicates | 30.0 +100  20.0 +143

Table 21: Results for non-reasoning models with one-
shot prompting for Experiment 2 in the easy settings
with A: Actions, N: Names, O: Objects, P: Predicates
are swapped out for nonce words in the prompt. The ar-
rows and following number show the percentage differ-
ence in accuracy compared to the zero-shot experiments
in the same setting. The zero-shot results for 4. 1-mini
are reported in 5.3 Table 3 and the zero-shot results for
Llama 4 are from Table 14 in Appendix 1.

J.1 Overthinking Effect

In Figure 3, we observe an interesting pattern: as
the difficulty of linguistic obfuscation increases,
not only does overall planning accuracy decrease,
consistent with the main results of this paper, but
the time the model spends producing these incor-
rect solutions increases. We refer to this phe-
nomenon as the overthinking effect. In these cases,
the model appears to spend substantially more time
generating responses when it does not ultimately
arrive at the correct solution.

This effect becomes clearer when comparing dif-
ferent difficulty settings. For easier cases, longer
response times tend to correlate with higher accu-
racy. However, in the Super-hard setting the pattern
reverses: longer response times are associated with
lower accuracy. In other words, the model spends
the most time on problems it ultimately answers
incorrectly.

From a psycholinguistic perspective, this be-
haviour is particularly interesting. One might ex-
pect that spending additional time reasoning about
a problem, especially in a planning task, would
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Model Parameters | T | Source

llama-4-maverick 400B (total) | O | https://openrouter.ai/meta-1lama/
17B (active) 1lama-4-maverick
gpt-4.1-mini-2025-04-14 | Unreported 0 | https://developers.openai.com/api/
docs/models/gpt-4.1-mini
04-mini-2025-04-16 Unreported 1 | https://developers.openai.com/api/
docs/models/o4-mini
gpt-5-mini-2025-08-07 Unreported 1 | https://developers.openai.com/api/
docs/models/gpt-5-mini

deepseek-r1-0528 671B (total) 1 | https://openrouter.ai/deepseek/
37B (active) deepseek-r1-0528
1lama-3.3-70@b-instruct 70B 0 | https://huggingface.co/meta-1lama/
Llama-3.3-70B-Instruct
Qwen2.5-32B-Instruct 32B 0 | https://huggingface.co/Qwen/Qwen2.
5-32B-Instruct
deepseek-r1-distill- 70B 0.6 | https://huggingface.co/deepseek-ai/
1lama-70b DeepSeek-R1-Distill-Llama-70B
Qwen3-32b 32B 0.6 | https://huggingface.co/Qwen/
Qwen3-32B

Table 13: Parameters and hyperparameters for models used in the research where T is the hyperparameter Temper-
ature, total refers to the “total” parameter size of the model and “active” refers to the number of parameters per
inference pass.

Setting % Mean Accuracy (sp)
Llama4 ¢ 4.1-mini ¢ | o4-mini A 5-mini A Deepseek-R1 A
Actions 11.7 a4 10.8 (1.9 99.2 (1.4 90.0 4.3 100 ©.0)
5 Names 27.5 ©.6) 29.2 95) 59.2 aon  82.5 (109 98.3 (1.4
K | Objects 34.2 (3.8 32.5 6.6 62.5 43 90.0 2.5 97.5 25
Predicates 20.0 87 6.7 712 82.5 43 94.2 .9 96.7 1.4
A+N 11.7 52 7.5 (109 98.3 (1.4 98.3 (2.9 99.2 (1.9
= A+O 2.5 (0.0 20.8 6.3) 93.3 29 94.2 (1.4 91.7 38
._g A+P 1.7 a4 0.8 (1.9 72.5 173 80.8 3.8 75.8 (12.3)
§ O+N 27.5 (109 29.2 (118 70.0 6.6) 88.3 6.3) 98.3 2.9
P+N 8.3 29 5.8 2.9 73.3 6.3 95.8 (2.9 99.2 (1.9
P+O 8.3 8.0 15.0 5 80.0 5 97.5 5 95.8 2.9
A+O+N 2.5 0.0 9.2 3.8 92.5 43 94.2 (1.4 93.3 52
'{% P+A+N 1.7 a4 1.7 29 85.0 0.0 94.2 (5.8) 91.7 1.4
T | P+A+0O 2.5 0.0 0.0 0.0 70.0 5.0 67.5 (109 60.0 5.2
P+O+N 3.3 9 3.3 9 72.5 @s) 96.7 3.3) 92.5 ©.6)
Super-hard ANOP 2.1 ©on 1.3 22 37.9 32 52.1 5.0 15.0 )

Table 14: Results across additional models for Experiment 2 in which we systematically alter which classes of words
(A: Actions, N: Names, O: Objects, P: Predicates) are swapped out for nonce words in the prompt. Non-reasoning
models are indicated with ¢ and reasoning models with A. This table reports the mean accuracy across three runs of
the experiment with standard deviation (SD) in brackets.

improve accuracy. This intuition holds for hu-  difficulty increases. Indeed, when solving these
mans and appears to hold for the easier prompts in ~ problems manually, it typically takes substantially
our dataset. However, this trend would normally  longer to work through a Super-hard prompt (such
be expected to persist or even strengthen as task  as the example shown in Table 11) than an easy
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Setting Accuracy (%)
Llama4 ¢ 4.1-mini ¢ | o4-mini A 5-mini A Deepseek-R1 A
Actions 10.0 12.5 97.5 85.0 100
? Names 27.5 40.0 57.5 95.0 97.5
M | Objects 325 25.0 60.0 92.5 100
Predicates 5.0 15.0 71.5 97.5 95.0
A+N 2.5 20.0 97.5 95.0 97.5
g | A+O 2.5 27.5 90.0 92.5 87.5
._g A+P 2.5 2.5 52.5 77.5 90.0
§ O+N 17.5 425 62.5 87.5 95.0
P+N 10.0 7.5 67.5 97.5 100
P+O 5.0 15.0 71.5 97.5 97.5
A+O+N 0.0 12.5 90.0 92.5 97.5
'g P+A+N 0.0 5.0 85.0 87.5 92.5
T | P+A+O 2.5 0.0 65.0 60.0 77.5
P+O+N 2.5 5.0 72.5 100 97.5
Super-hard ANOP 3.8 3.8 35.0 57.5 12.5

Table 15: Results for the first run of the experiment across additional models for Experiment 2 in which we
systematically alter which classes of words (A: Actions, N: Names, O: Objects, P: Predicates) are swapped out for
nonce words in the prompt. Non-reasoning models are indicated with ¢ and reasoning models with A.

Setting Accuracy (%)
Llama4 ¢ 4.1-mini ¢ | o4-mini A 5-mini A Deepseek-R1 A
Actions 12.5 10.0 100 92.5 100
%‘ Names 325 22.5 70.0 71.5 97.5
M | Objects 30.0 35.0 60.0 87.5 97.5
Predicates 25.0 2.5 85.0 92.5 97.5
A+N 17.5 0.0 97.5 100 100
s | A+O 2.5 15.0 95.0 95.0 95.0
._g A+P 2.5 0.0 82.5 80.0 67.5
ﬁ O+N 22.5 20.0 72.5 82.5 100
P+N 10.0 2.5 72.5 97.5 97.5
P+O 2.5 17.5 80.0 100 92.5
A+O+N 2.5 5.0 97.5 95.0 95.0
'C% P+A+N 2.5 0.0 85.0 97.5 90.0
T | P+A+O 2.5 0.0 70.0 80.0 50.0
P+O+N 5.0 5.0 70.0 92.5 95.0
Super-hard ANOP 2.5 0.0 413 47.5 17.5

Table 16: Results for the second run of the experiment across additional models for Experiment 2 in which we
systematically alter which classes of words (A: Actions, N: Names, O: Objects, P: Predicates) are swapped out for
nonce words in the prompt. Non-reasoning models are indicated with ¢ and reasoning models with A.

one, especially if there is any hope of reaching the
correct solution.

The model seemingly exhibiting the opposite
pattern may offer insight into its internal reasoning
processes. While further investigation is needed,
one possible explanation is that the model can more
reliably apply learned planning strategies from pos-

sible fine-tuning on this task in simpler settings but
struggles to adapt those same strategies when the
linguistic surface form becomes highly obfuscated.
In such cases, additional reasoning time may re-
flect unsuccessful attempts to reconcile conflicting
interpretations of the problem. A deeper investiga-
tion into this behaviour is beyond the scope of the
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Setting Accuracy (%)
Llama4 ¢ 4.1-mini ¢ | o4-mini A 5-mini A Deepseek-R1 A
Actions 12.5 10.0 100.0 92.5 100.0
? Names 30.0 25.0 50.0 75.0 100.0
M | Objects 35.0 37.5 67.5 90.0 95.0
Predicates 25.0 2.5 85.0 92.5 97.5
A+N 7.5 2.5 100.0 100.0 100.0
g | A+O 2.5 20.0 95.0 95.0 92.5
._g A+P 2.5 0.0 82.5 85.0 70.0
§ O+N 40.0 25.0 75.0 95.0 100.0
P+N 5.0 7.5 80.0 92.5 100.0
P+O 17.5 12.5 82.5 95.0 97.5
A+O+N 2.5 10.0 90.0 95.0 87.5
'g P+A+N 2.5 0.0 85.0 97.5 92.5
T | P+A+O 2.5 0.0 75.0 62.5 52.5
P+O+N 5.0 0.0 75.0 97.5 85.0
Super-hard ANOP 2.5 0.0 37.5 51.3 15.0

Table 17: Results for the third run of the experiment across additional models for Experiment 2 in which we
systematically alter which classes of words (A: Actions, N: Names, O: Objects, P: Predicates) are swapped out for
nonce words in the prompt. Includes Super-hard condition from follow-up experiment. Non-reasoning models are

indicated with ¢ and reasoning models with A.

Setting % Accuracy
Llama¢ 4.1-mini¢ Qwen< | Llama A 5-mini A Qwen A
Actions 15.0 12.5 5.0 44.0 92.5 78.5
§ Names 63.5 30.0 24.0 65.5 88.0 82.0
M | Objects 57.5 34.5 28.0 47.5 94.0 60.0
Predicates 19.5 7.5 16.5 35.5 96.5 56.0
A+N 3.5 10.5 6.0 45.5 97.5 80.0
£ A+O 23.5 16.5 5.5 35.5 94.5 66.0
._5 A+P 0.5 0.5 4.5 14.0 77.5 13.0
§ O+N 64.0 32.0 21.5 53.5 88.5 57.5
P+N 23.5 6.5 16.5 36.5 96.5 63.0
P+O 17.0 12.0 17.5 40.5 95.5 77.0
A+O+N 21.5 8.0 3.0 39.0 91.0 72.0
'g P+A+N 1.0 1.0 1.0 8.0 92.0 6.0
T | P+A+O 0.0 0.5 5.0 18.0 55.5 13.5
P+O+N 9.0 9.0 6.5 19.0 95.0 53.5
Super-hard ANOP | 0.0 1.5 3.0 4.5 55.5 8.0

Table 18: Results for the first run of the main models for Experiment 2. Each setting has 200 instances. The
non-reasoning models are L1lama-3.3-70B, GPT-4.1-mini and Qwen2.5-32B indicated with ¢ and the reasoning
models are Deepseek-R1-Distill-Llama, GPT-5-mini and Qwen3-32B indicated by A.

current work and is left for future research.

J.2  Self-Consistency Experiment

We conduct one follow-up experiment in which we
prompt 5-mini and deepseek-r1 to answer the
same Super-hard 12 block problem 80-200 times

in order to determine if there is any determinism
to the reasoning and problem-solving strategies of
the model. If there were some consistency to its
approach, we might expect that the model would
largely either get the problem right or largely get it
wrong, having taken the same reasoning steps (even
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Setting % Accuracy
Llama¢ 4.1-mini¢ Qwen< | Llama A 5-mini A Qwen A
Actions 13.0 12.5 5.5 40.0 93.5 82.0
%‘ Names 58.0 32.5 23.5 66.5 82.5 75.0
M | Objects 62.5 36.0 27.5 47.0 93.5 62.5
Predicates 18.0 4.5 16.0 37.0 97.0 64.5
A+N 4.0 5.5 6.0 38.5 97.0 82.5
£ A+O 21.5 14.5 5.0 31.5 93.0 64.5
'—5 A+P 0.0 0.0 4.0 13.0 82.5 11.5
é) O+N 64.5 27.5 22.0 60.0 89.5 62.5
P+N 24.5 6.0 15.0 335 96.0 63.5
P+O 19.0 13.5 18.0 39.0 97.5 74.5
A+O+N 22.5 55 3.0 40.0 92.0 71.5
g P+A+N 0.0 0.0 1.0 9.0 96.5 9.5
T | P+A+O 0.0 0.5 4.5 11.0 61.5 12.5
P+O+N 7.0 8.0 7.0 19.5 90.5 56.5
Super-hard ANOP | 0.0 0.0 3.0 4.5 51.0 6.0

Table 19: Results for the second run of the main models for Experiment 2. Each setting has 200 instances. The
non-reasoning models are L1lama-3.3-70B, GPT-4.1-mini and Qwen2.5-32B indicated with ¢ and the reasoning
models are Deepseek-R1-Distill-Llama, GPT-5-mini and Qwen3-32B indicated by A.

Setting % Accuracy
Llama¢ 4.1-mini¢ Qweno | Llama A 5-mini A Qwen A
Actions 15.0 10.5 5.5 42.0 95.0 79.0
%‘ Names 61.5 29.5 20.5 70.5 81.5 78.0
K | Objects 57.5 35.0 27.0 47.5 94.0 55.5
Predicates 21.5 5.0 14.5 35.0 96.5 64.5
A+N 4.5 4.5 5.5 49.0 98.5 77.0
£ A+O 21.0 14.0 5.0 37.0 93.0 68.5
‘-5 A+P 0.0 0.0 4.0 11.0 84.5 9.5
ﬁ O+N 65.5 33.0 20.5 50.5 91.0 56.5
P+N 22.0 7.5 16.5 41.0 95.5 56.5
P+O 18.0 16.0 16.0 38.0 94.5 75.5
A+O+N 19.5 8.0 3.0 40.0 93.5 70.0
'c% P+A+N 0.0 0.5 1.0 8.5 96.0 9.5
T | P+A+O 0.0 0.5 4.0 11.0 55.5 13.0
P+O+N 8.5 10.5 6.5 17.5 94.5 55.5
Super-hard ANOP | 0.0 0.0 3.0 4.5 52.0 9.0

Table 20: Results for the third run of the main models for Experiment 2. Each setting has 200 instances. The
non-reasoning models are L1lama-3.3-70B, GPT-4.1-mini and Qwen2.5-32B indicated with ¢ and the reasoning
models are Deepseek-R1-Distill-Llama, GPT-5-mini and Qwen3-32B indicated by A.

if incorrect) to arrive at the same solution. We find
that 5-mini provides a distinct, incorrect answer
in 47.0% of the 200 instances of the same problem.
We note that this is somewhat similar to the error
rate of the model on 200 distinct problems, which
is 50.5%. We find that deepseek-r1 provides a
distinct, incorrect answer in 86.2% of the 80 in-

stances of the same problem. This is somewhat
better accuracy (13.8%) on a single problem than
the 200 distinct problems, where deepseek-r1 ob-
tains only 1.0% accuracy. This suggests a lack of
determinism in how the models approach and solve
these problems, suggesting that performance may
depend on unstable or problem-specific features.
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GPT-5-mini_chat: Correlation Between Response Time and Correctness by Difficulty

30,658

Correlation of Time vs Correctness

49.78s

casy medium hard
Difficulty Level

superhard

Figure 3: GPT-5mini correlation between the time the
model took to respond and the percent of correct an-
swers across each setting type.

K Quantitative Error Analysis

To provide a clear categorisation of error types
under Lingo-BW obfuscation, we conducted a two-
part analysis starting with a qualitative step to build
the error categorisation taxonomy, followed by the
automation of categorisation based on the qualita-
tively derived taxonomy.

K.1 Qualitative Taxonomy (Manual
Annotation)

We first conducted a hand-annotated analysis of 65
instances, focusing on the 23 incorrect cases to de-
velop a formal taxonomy of five distinct planning
errors. Table 22 shows the definitions of the 5 error
types as well as the results from the manual cate-
gorisation. Note that although we did not require
models to provide plans in well-formed PDDL, the
cases that we term “malformed” here are genuinely
unrecoverable plans, not extraction losses.

K.2 Automated Error Parsing

To scale the error identification and classification,
we implemented a rule-based parsing script to eval-
uate 871 incorrect plans from four models. The
script identifies structural violations including miss-
ing arguments for malformed errors, or repetitive
loops for redundant actions and semantic errors
such as skipping mandatory hand-emptying steps

for fused hand-management. Table 23 shows the
results.

This quantitative error categorisation aligns with
the qualitative observations from section 7 while
exposing how rigid parsing constraints dictate
architecture-specific failure modes. For the se-
lected non-reasoning model, the manual observa-
tion that it fails to model the initial world state
and collapses into action loops is reflected in this
categorisation, with 67.3% of its failures falling
into the "Redundant/self-cancelling" category. Con-
versely, reasoning models generally represent the
initial state correctly but struggle to enforce opera-
tional constraints. The qualitative finding that these
models frequently skip transitional steps, such as
conceptually merging continuous actions and fail-
ing to insert a "put-down" after an "unstack", is
quantified by the 152 recorded instances (22.6%)
of "Fused hand-management" errors, representing
the second-highest category of errors for reasoning
models. Furthermore, this categorisation reveals
a 57.4% "Malformed/local-only" error rate among
reasoning models, indicating a widespread failure
to adhere to strict PDDL syntactic constraints.

L Qualitative Analysis of Human
Planning in Lingo-BW

Although we do not expect models to reason in
the same ways as people (and do not believe that
success relies upon this), to better understand the
reasoning and problem-solving strategies of this
domain, we presented six 4-block problems to one
author of this paper with classical-planning exper-
tise. The problems spanned the Easy, Medium, and
Super-hard settings. Specifically, we present four
Easy problems with each word class swapped out
one at a time, one Medium problem with Actions
and Predicates swapped out, and one Super-hard
problem with all word classes swapped out. We
did not provide any instructions or constraints on
how to solve the task outside of the same prompt
and problem description (which includes varying
levels of swapped vocabulary, depending upon the
setting) presented to the models.

The human planner provided valid steps leading
to a plan for 100% of the problems over the course
of a two-hour sitting. However, the planner had to
leverage extensive documentation and visualisation
tools, including drawing the labelled objects, draw-
ing out the initial state, moving objects for each
potential step until arriving at the goal state. Given

11652



Category Description Example R | NR| Total
Fused hand- | Treats unstack as | unstack bl b12 — unstack b12 b4 [6 |3 |9
management| if it includes put- | (no put-down between)

down (or stack as if

it includes pick-up),

dropping the hand-

emptying step.
Action con- | Uses pick up where | pick up b2 when b2 is on top of b3 2 |4 |6
fusion unstack is required

(or the stack/put-

down mirror); cor-

rect count, wrong

verb.
World-state | Acts on precondi- | stack b3 b2 when b3 is under b2 0 |3 |3
disconnect | tions the current

state does not sat-

isfy (e.g., moving a

covered block).
Redundant/ | Action pairs that | pick up b3 — put down b3 2 0 2
self- undo each other or
cancelling | produce no forward

progress.
Malformed/ | Missing arguments, | unchrit b7 (missing second block) 3 10 |3
local-only or pairwise rela-

tions look right but

the plan cannot exe-

cute.
Total 13|10 | 23

Table 22: Qualitative categories of true planning errors for Reasoning (R) and Non-reasoning (NR) models.

Category Deepseek-R1 | 5-mini | 04-mini | Llama 4 Maverick | Total
(R) (R) (R) (NR)

Fused hand-management 100 37 15 35 187
Action confusion 14 13 3 12 42
World-state disconnect 25 10 2 6 43
Redundant/self-cancelling 52 10 2 134 198
Malformed/local-only 237 77 72 12 398
Unknown error 2 0 1 0 3
Total 430 147 95 199 871

Table 23: Automated categorisation of error types across 871 failures for Reasoning (R) and Non-reasoning (NR)
models.
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expertise with classical planning, the human plan-
ner recognised this as the BW domain and therefore
wrote out a vocabulary mapping for each problem
setting, explicitly grounding the novel vocabulary
in the known problem space. Thus, we see that vi-
sualisation and translation from a known problem
space to the novel problem space are strategies for
effective human planners.

M Tokenization Investigation

We have conducted an investigation into how mod-
els tokenize the different blocksworld domains.
We found that nonsense words are sometimes seg-
mented in ways that split words into morphologi-
cally meaningful units, but this is not always the
case depending on the specific nonsense word and
tokenizer. Cases that we observe where the mor-
phological affixes and prefixes are preserved may
indeed provide additional structural cues, espe-
cially when compared to the random alphanumeric
strings that appear in randomized Blocksworld (e.g.
"J4gv801gnu2itOyj").
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