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Abstract

Transformer architectures have become the
backbone of domains such as language model-
ing but often suffer in many inference settings
due to their quadratic self-attention. Recently
proposed subquadratic architectures, such as
State Space Models (SSMs), reveal promis-
ing results ranging from more efficient com-
pute to outperforming transformer-based mod-
els on certain benchmarks. Theory of Mind
(ToM)–the ability to reason about one’s own
and other’s mental states–is a complex task that
poses significant challenges to state-of-the-art
models. While previous works have focused
on ToM reasoning solely in transformer-based
models, we evaluate a leading transformer-
based model and a leading SSM on various
long context ToM tasks. Through our evalua-
tion, we reveal that although the SSM gener-
ally performs worse on ToM tasks compared to
the transformer-based model, the SSM exhibits
less performance degradation on more difficult
tasks, indicating potential advantages for SSMs
in difficult and long-context ToM reasoning.

1 Introduction

Transformers have been considered the state-of-
the-art architecture for Large Language Models
(LLMs) (Wolf et al., 2020) in tasks such as lan-
guage, image, and video processing (Raffel et al.,
2023; Dosovitskiy et al., 2021; Chen et al., 2023).
Notably, GPT-4o, as one of the most advanced
LLMs to date (Bubeck et al., 2023), has shown
high proficiency in tasks requiring few-shot learn-
ing (Shahriar et al., 2024), part of this success stems
from the self-attention mechanisms that transform-
ers benefit from (Vaswani et al., 2023). However,
this self-attention mechanism has led to a limita-
tion of the transformer architecture itself (Keles
et al., 2022). This mechanism requires computa-
tions that scale quadratically with the length of the
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input sequence, creating challenges in computa-
tional efficiency and higher demands with long se-
quence processing (Tay et al., 2020). Additionally,
transformer architectures have performed poorly
on abstract reasoning and fluid intelligence tasks,
such as the ConceptARC Benchmark (Moskvichev
et al., 2023; Kumar et al., 2023).

State Space Models (SSMs) are sequence models
that are designed to process long-range dependen-
cies (Gu et al., 2021). Unlike transformers, SSMs
maintain structured latent states that continuously
update, allowing them to process long sequences
with reduced computational demands (Patro and
Agneeswaran, 2024). (Iapăscurtă et al., 2024)

Theory of Mind (ToM) is the cognitive ability
to attribute mental states, enhancing fundamental
capability for human-like reasoning (Premack and
Woodruff, 1978; Apperly, 2010; Baker et al., 2017).
The ability of language models to interpret ToM
is crucial for improving a model’s ability to an-
ticipate intentions, reduce misinterpretations, and
enhance safety in applications like self-driving cars
and virtual assistants (Kosinski, 2024). Despite
the evolving improvements in ToM capabilities of
transformer models, they remain significantly far
behind compared to human proficiency (Xu et al.,
2024). This gap has opened up many possibilities
for alternatives for long-context reasoning, where
beliefs must dynamically update based on new in-
formation (Rabinowitz et al., 2018b; Peskin, 1992).

Belief modeling, part of human-like reasoning,
is still an area with significant gaps in dealing with
embedded irrelevant information (distractors), en-
suring temporal consistency, as well as changing
from formatting to realistic conversation dialogues
(Zhang et al., 2021, 2024).

1.1 Contributions

In this paper, we contribute:

• New evaluations on the OpenToM dataset for



the models GPT-4o Mini and Phi-Mamba.

• Evaluations for new alterations of the Open-
ToM dataset, introducing the Dig-Dis bench-
mark formed by two datasets and a framework
for a third:

– Di-ToM (Dialogue-Theory of Mind) –
dialogue formatting.

– Dis-ToM (Distractor-Theory of Mind) –
interjected irrelevant information.

– TC-ToM (Temporal Consistency-Theory
of Mind) - changes in temporal consis-
tency.

• These datasets and code for replicating the
evaluations will be made public. The bench-
mark contains 596 unique stories across Di-
ToM and Dis-ToM datasets.

• Analysis of results and inferences on the ef-
fect of architectural differences on evaluation
metrics.

2 Related Works

Long-Context Processing and Belief Stability:
Transformers consist of self-attention mechanisms
enabling them to process long-range dependencies
(Brown et al., 2020; Dasgupta et al., 2022; Bubeck
et al., 2023). However, as context length increases,
transformers degrade due to attention-collapsing
(Liu et al., 2021; Press et al., 2022). Various adapta-
tions have been proposed, such as sparse attention,
but their effectiveness remains an active area of
research (Zaheer et al., 2020; Ainslie et al., 2023;
Bulatov et al., 2023). In contrast, State Space Mod-
els (SSMs) operate sequentially, but their ability to
maintain belief consistency over extended reason-
ing chains is less understood (Gu et al., 2021; Goel
et al., 2022). This study assesses the limitations of
transformers and SSMs retaining belief consistency
across long-context reasoning tasks.

Resilience to Distractors: In real-world inter-
actions, agents must distinguish between relevant
and irrelevant information, filtering out distractions
while preserving core belief representations (Rabi-
nowitz et al., 2018a; Baker et al., 2017). Transform-
ers are resilient to distractors, yet remain vulnerable
to adversarial inputs that manipulate contextual un-
derstanding (Zellers et al., 2019; Lin et al., 2021).

Research has shown that even state-of-the-art trans-
former models can be misled by subtle perturba-
tions (Geva et al., 2023; He et al., 2023a). SSMs
process information incrementally, making them
more susceptible to distractors that disrupt belief
trajectories over time (Gu et al., 2021; Mitchell
et al., 2022). This study systematically evaluates
the susceptibility of transformers and SSMs to dis-
tractors in belief tracking tasks.

Multiagent Interactions and Conversational
ToM: Conversational ToM requires reason-
ing about nested mental states across multiple
turns,where beliefs evolve through dialogue ex-
changes (Dinan et al., 2020; Zhou et al., 2021).
Although transformers have been used in dialogue
systems and belief tracking, their ability to han-
dle multi-agent recursive beliefs remains underex-
plored (Shuster et al., 2022; Sun et al., 2023). This
study assesses how well transformers and SSMs
maintain recursive beliefs within real-world conver-
sational contexts, by framing belief-tracking tasks
as interactive dialogues.

Evaluating Model Scale in ToM and Long-
Context Reasoning: Large-scale transformers,
such as GPT-4o, require significant computational
resources for long-context tasks (Brown et al.,
2020; Tay et al., 2022). Smaller models, such
as GPT-4o mini, face challenges in recursive be-
lief tracking due to reduced parameter capacity
(Liu et al., 2021; Gururangan et al., 2023). While
SSMs, like Phi-Mamba, offer promising scalability
advantages, their ability to model deep recursive
ToM reasoning is limited (Gu et al., 2021; Peng
et al., 2023). This study examines the trade-offs
between model efficiency, long-context reasoning,
and belief-tracking fidelity.

3 Methodology

SSM’s ability to model long-range dependencies
matches the recursive nature of reasoning in ToM
tasks (He et al., 2023b). Motivated by these ad-
vancements, we explored the SSM framework, in
particular, to address local problems requiring con-
textual depth and nuanced reasoning in the ToM
domain. We use Phi-Mamba, an SSM distilled
from the transformer-based model Phi-1.5K.(Bick
et al., 2024)

To compare the performance of Phi-Mamba, we
chose Gpt-4o mini as a representative transformer-
based model due to its similar token size to Phi-



Figure 1: Process utilized for OpenToM dataset

Mamba.

3.1 Distractors Construction
An entry from the original OpenToM consists of
two characters, an entity-of-interest (EOI), and sev-
eral locations and containers. One of the characters
will be a "mover" who may shift the EOI. The other
is stated to be the witness who may or may not view
the mover take action. Each character has a set of
beliefs and values which they follow.

Distractors consist of information that may or
may not be relevant to the text. The task was then
divided into 2 sections, one that would contain
distractors distorting the final answer, and the other
with distractors that do not change the final answer.
We use the OpenToM dataset as the baseline to
then add distractors within the prompt, to test how
the addition of distractors within the prompt would
effect the models response.

Original Question
Format

Reformatted Question
with Distractor

As Amir, what
is your attitude
towards Diego’s
action of moving
scarf from basket to
a donation bin?

As Amir, who has been
encouraging residents to
donate items to a local
charity, what is your atti-
tude towards Diego’s ac-
tion of moving the scarf
from the basket to the do-
nation bin?"

Table 1: Adding distractor information into prompting

3.2 Dialogue Format
In order to test how different models respond to a
dialogue format, the dialogue structure was used.
The OpenToM data set was manipulated to refor-
mat each scenario as a conversation.

Original Prompt Reformatted Dialogue
Diego entered the
room. He noticed
a book on the table.
Amir then walked
in and saw Diego
holding the book.

Diego: I entered the room
and noticed a book on the
table.
Amir: I walked in and saw
Diego holding the book.

Table 2: Shift from narrative to dialogue format.

This was done by assigning each person to ei-
ther be an "observer" or a "mover". Then we had
them form their own set of dialogues based on the
prompt. Next, we reorganized each scenario into
a dialogue format, where the name of the observer
and mover would be replaced with the names of
the characters.

3.3 Temporal Consistency

We constructed a systematic evaluation method
which analyzed how well the models utilized their
capabilities to deal with narrative temporal coher-
ence which underlies Theory of Mind (ToM). The
model needs to reconstruct chronological depen-
dencies including event order and causal chains
together with evolving character perceptions from
prompts which present unresolved inconsistencies.

We applied temporal perturbations to the stories
present within the OpenToM dataset using patterns
and searches to identify the relevant information
given the parameters of OpenToM prompts. These
perturbations fell into three categories:

• Event Reordering: Researchers modified the
event order of the plot by placing "Amir left
the room" before "Diego entered.".

• Preference Swapping: The system generates



incongruence between stated opinions and sur-
rounding circumstantial details.

• Belief Editing: A change made to belief con-
tent reduced clarity regarding a belief’s tem-
poral relationship to other events.

Our methodology produced consistent datasets
that incorporate matching original entries with their
corresponding perturbed versions. The dataset
would include OpenToM data such as narrative of
what has occurred in the story– including character
beliefs– plot info, and plot. We include separate
sections along side the dataset for the rest attaching
new distracted question and answers, logical and
flipped clauses, or dialogue-formatted entries. Due
to the nature of the OpenToM dataset, this allows
for retrieving and working with the data functional
and easy since most extractions from the situation
are pre-saved.

4 Experiments

4.1 Data Collection and Processing

Dataset. We utilized a publicly available dataset
in the Theory of Mind. OpenToM contains a
large library of rich hand-written and machine-
generated stories, comprising of 696 stories de-
signed specifically for prompting ToM understand-
ing. The dataset was accessed from the project’s
public Github. In this piece we have used 254
entries from the short context subset. The exact
replication of the experiment will be uploaded to
github soon. (Xu et al., 2024; He et al., 2023b)

The aim is to assess their effectiveness in rea-
soning over dynamic external knowledge and mod-
eling recursive cognitive processes. SSM models
are quite superficial in their current state though
we use Phi-mamba, as discussed before, to evalu-
ate claims. The model brings granular control to
the SSM model’s functionality while also bring-
ing transformer level generations. We build off the
large OpenToM datasets and test how SSMs per-
form on altered data. We also distill the OpenToM
model into logical clauses and prepare them for ac-
tivities regarding temporal consistency. Finally we
evaluate a series of practicals on both phi-mamba
and the similarly sized GPT-4o Mini.

We proceed with creating distinct additions to
existing entries and updated the answer values as re-
quired. We create a dataset that includes insightful
additions to modify subtle details visible in higher

ToM levels by targeting the sentences with high in-
fluence of the situation. ToM levels can be thought
of as: "He thinks, that I think, that she knows..." in
which each theoretical belief is considered a ToM
level; each level adds more uncertainty. Such dis-
tractions are tuned to change beliefs, preferences,
or unstated inferences that require pulling from the
input data in question rather than relying on train-
ing data which cannot match the novel context.

We report results for both Phi-Mamba and
GPT-4o-mini evaluation using Chain-of-Thought
Prompting on long context lengths, extra long con-
text lengths, altered dialogues, and inserted irrele-
vant clauses. Each of these categories was tested
on different question types in the OpenToM dataset.
Factual Location Reasoning (Locc(F )) tracks the
explicit and factual location of the objects in the
narrative. Social Location Reasoning (Locc(s))
infers the socially relevant information of the ob-
ject’s location based soley on beliefs. Temporal
Factual Location Reasoning (Locf (F )) tracks the
factual object locations overtime as they sequen-
tially change. Temporal Social Location Reasoning
(Locf (S)) tracks the socially relevant object’s lo-
cations overtime including beliefs of past events.
Multihop Factual Reasoning (MHop(F)) connects
multiple pieces of factual evidence to deduce con-
clusions. Multihop Social Reasoning (MHop(S))
performs multi-step reasoning in social contexts in
order to infer beliefs. Attribution Based Reasoning
(Att) interprets the attitudes or intentions of charac-
ters. F1 in the charts displays a model’s ability to
make correct predictions in complex scenarios. The
∆F1 demonstrates the change in the model’s perfor-
mance from the model’s performance on OpenToM
Long context lengths.

5 Results and Discussion

5.1 Interpretation

In Factual Reasoning (Locc(F ) and (MHop(F)))
GPT-4o Mini unwaveringly outperforms Phi-
Mamba. In Table 3 GPT-4o Mini scores 0.892
compared to Phi-Mamba’s 0.571. In Table 4 GPT-
4o Mini remains relatively stable (∆F1 = -0.045)
while Phi-Mamba shows a slight decrease (∆F1 = -
0.007). Even in distractors, GPT-4o mini maintains
its performance with ∆F1 = 0.000.

In Social Reasoning (Locc(S) and (MHop(S)))
both models are challenged but GPT-4o mini out-
performs Phi-Mamba. In table 3 GPT-4o Mini
is able to achieve 0.754 on Locc(S) while Phi-



Mamba scores 0.482. On MHop(S), GPT-4o Mini
remains ahead in all scenarios but shows minor de-
clines with altered dialogues and distractors (∆F1
= -0.012 in Table 6). This might be due to the fact
that social reasoning needs multi-level belief track-
ing, which GPT-4o Mini handles better because of
its global attention mechanism.

In Temporal Reasoning (Locf (F ) and Locf (S))
both models are significantly challenged. In table
4 Phi-Mamba improves slightly on temporal tasks
showing a positive ∆F1 for Locf (F ) (+0.077) and
Locf (S) (+0.064) while GPT-4o Mini drops sig-
nificantly. Despite temporal consistency being an
issue for both models, Phi-Mamba’s structured la-
tent state allows it to be better suited for tracing
sequences better over time-thus its slight improve-
ment in longer contexts.

In handling Distractors GPT-4o Mini demon-
strates better robustness especially in Table 4. GPT-
4o mini maintains stable performance on factual
tasks and improves slightly in MHop(F) and Att
tasks as well. Meanwhile Phi-Mamba sees a slight
drop in most tasks such as Locc(F ) (∆F1 = -0.044).
GPT’s ability to selectively pick out relevant infor-
mation probably makes it better prepped to deal
with distractors.

In handling the altered formatting to dialogues
in table 5 GPT-4o Mini was more successful
with stronger adaptability to the altered format-
ting with minimal performance drops compared to
Phi-Mamba which demostrated higher sensitivity
to the changes.

5.1.1 Overall Trends
GPT-4o Mini excels in tasks that use robust con-
textual reasoning as well as distractor filtering as
well as when in a dialogue format. Phi-Mamba
shows similar potential for long-sequence tasks,
but struggles with distractors and altered formatting
indicating limited flexibility. Despite Phi-Mamba’s
overall worse performance than GPT-4o mini, its
∆F1 across longer contexts and irrelevant clauses
were on average less than Gpt-4o mini’s change in
performance. This indicates that state space mod-
els like Phi-Mamba experience less performance
degradation on more difficult theory of mind tasks
relating to longer context lengths and irrelevant
clauses.

6 Conclusion

In this paper, we introduce 3 new ToM benchmark-
ing methods derived from the OpenToM dataset:

interjected irrelevant information(distractors), re-
formatted dialogue from narrative to first person,
and temporal consistency. We also provide re-
sults from novel evaluations using GPT-4o mini
and Phi-Mamba on the OpenToM dataset Long
and ExtraLong context lengths, and two of the new
benchmarking methods derived from the OpenToM
dataset(distractors and reformatted dialogue). In
these evaluations we find that although Phi-Mamba
had overall worse performance than GPT-4o mini,
in longer context prompts and prompts containing
distractors there was a significant gap in perfor-
mance degradation between Phi-Mamba and GPT-
4o mini in which Phi-Mamba experiences less de-
gredation than GPT-4o mini. This gap suggests that
SSMs could have an inherently greater ability to
reason more difficult theory of mind tasks, even if
it is currently lagging behind, as there still remains
a large gap in research between transformer based
models and state-space models.

7 Limitations

While our controlled experimental setup ensures
consistency, it also introduces several constraints.
The OpenToM dataset, while useful, does not fully
capture the complexity of real-world Theory of
Mind (ToM) reasoning, limiting external validity.
There is also a risk of overfitting, as certain archi-
tectures may perform better due to dataset biases.

Additionally, our evaluation methodology,
which relies on structured question-answering and
consistency tests, does not fully account for im-
plicit belief inference or multi-agent interactions,
both crucial for real-world ToM. Furthermore, com-
paring GPT-4o Mini (a fixed pre-trained model) to
Phi-Mamba, which requires task-specific tuning, is
not entirely equivalent.

Lastly, since the OpenToM dataset was gener-
ated using GPT-4o, we acknowledge the potential
risks of LLM-generated biases or unsuitable con-
tent, though we did not observe any harmful ma-
terial. Future research should carefully consider
dataset construction methods to minimize biases
introduced by human annotation and automated
generation.
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Table 3: Macro F1 score of LLMs GPT-4o mini and Phi-Mamba evaluated on the OpenToM Long split using CoT
prompting.

Question GPT-4o-Mini Phi-Mamba
Locc(F ) 0.892 0.571
Locc(S) 0.754 0.482
Locf (F ) 0.438 0.301
Locf (S) 0.150 0.179
MHop(F) 0.767 0.632
MHop(S) 0.699 0.575
Att 0.558 0.285

Table 4: Macro F1 score of LLMs GPT-4o mini and Phi-Mamba evaluated on the OpenTom ExtraLong split. The
relevant performances compared to the OpenToM Long split are shown as relative increase , relative decrease , or
approximately equal (∆F1 < 0.010).

Question GPT-4o-Mini Phi-Mamba
F1 ∆F1 F1 ∆F1

Locc(F ) 0.501 -0.391 0.311 -0.260
Locc(S) 0.358 -0.396 0.402 -0.080
Locf (F ) 0.505 +0.067 0.378 +0.077
Locf (S) 0.252 +0.102 0.243 +0.064
MHop(F) 0.429 -0.338 0.406 -0.226
MHop(S) 0.353 -0.346 0.414 -0.161
Att 0.423 -0.135 0.284 -0.001

Table 5: Macro F1 score of LLMs GPT-4o mini and Phi-Mamba evaluated on the OpenTom Long split
dataset with altered dialogues. The relevant performances are shown as relative increase , relative decrease ,
or approximately equal (∆F1 < 0.010).

Question GPT-4o-Mini Phi-Mamba
F1 ∆F1 F1 ∆F1

Locc(F ) 0.847 -0.045 0.564 -0.007
Locc(S) 0.704 -0.050 0.447 -0.035
Locf (F ) 0.412 -0.026 0.293 -0.008
Locf (S) 0.136 -0.014 0.160 -0.019
MHop(F) 0.776 +0.009 0.626 -0.006
MHop(S) 0.687 -0.012 0.565 -0.010
Att 0.578 +0.020 0.292 +0.007

Table 6: Macro F1 score of LLMs GPT-4o mini and Phi-Mamba evaluated on the OpenTom Long split dataset
with inserted irrelevant clauses. The relevant performances are shown as relative increase , relative decrease , or
approximately equal (∆F1 < 0.010).

Question GPT-4o-Mini Phi-Mamba
F1 ∆F1 F1 ∆F1

Locc(F ) 0.892 0.000 0.527 -0.044
Locc(S) 0.628 -0.126 0.423 -0.059
Locf (F ) 0.359 -0.079 0.247 -0.054
Locf (S) 0.143 -0.007 0.147 -0.032
MHop(F) 0.649 -0.118 0.581 -0.051
MHop(S) 0.583 -0.116 0.516 -0.059
Att 0.464 -0.094 0.252 -0.033
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