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Abstract001

Recent advances in large language models002
(LLMs) have improved logical reasoning by003
injecting formal logic or explicit structured004
representations. However, such methods of-005
ten lose track of what is true now in multi-006
step reasoning, failing to maintain a coherent007
global state and its logical consequences. Mo-008
tivated by Situation Model Theory in cogni-009
tive psychology, which views comprehension010
as constructing and updating a mental model011
of events along key dimensions (time, space,012
causality, intention, protagonist), we propose013
Situation Working Memory (SituW), a cogni-014
tively inspired method for contextual reasoning015
in LLMs. SituW first builds a situation repre-016
sentation by decomposing text along these five017
dimensions, then guides LLM inference with018
this evolving state. Keeping an explicit, dynam-019
ically updated situation memory instead of a020
static logical form encourages globally consis-021
tent reasoning over the situation model rather022
than raw text. Evaluated in both supervised and023
unsupervised settings, SituW improves accu-024
racy by 23.3%p and 15.93%p while reducing025
“uncertain” predictions, suggesting that explicit026
situation modeling supports more globally con-027
sistent LLM reasoning.028

1 Introduction029

Understanding context in human language process-030

ing is not strictly sequential. Instead, humans con-031

struct a mental representation of the described sit-032

uation while comprehending individual sentences.033

For instance, in figure 1 upon reading "Peter took034

the elevator to the fifth floor," the reader infers035

that Peter has arrived at the fifth floor. When en-036

countering "He went to talk to his professor," they037

naturally deduce that the professor’s office is likely038

on the fifth floor. This inferential process reflects039

the dynamic nature of human comprehension. In040

cognitive psychology, such mental representations041

are known as situation models (Zwaan and Radvan-042

sky, 1998), which structure information along key043

Peter took the elevator to the fifth floor. He went to talk to his
professor. He was anxious to find out how the professor liked his 
draft. He walked up to the professor’s office and knocked on the 
door. The professor looked up from his work.

Human Reasoning

past
elevator, fifth floor
(none)
elevator▷fifth floor
Peter

Context
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Context LLM

Situation Working Memory

: Time           : Space           : Causality           : Intention           : Protagonist

Objective Indexing Subjective Indexing
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⋯

Figure 1: Motivation for situation working memory.
In sentence understanding and reasoning, humans com-
press text into a situation model using cues like time,
space, causality, intention, and protagonist.

dimensions such as time, space, causality, intention, 044

and protagonist. Effective reasoning occurs when 045

information from multiple sources is integrated into 046

a unified situation model (Kintsch, 1995). 047

Despite the remarkable performance of large 048

language models (LLMs) in various reasoning 049

tasks, challenges remain in complex logical infer- 050

ence (Parmar et al., 2024; Sun et al., 2024; Sinha 051

et al., 2019). A common strategy involves con- 052

verting intermediate reasoning steps into formal 053

logic (Pan et al., 2023; Ye et al., 2024; Wang et al., 054

2024a; Gao et al., 2023), but this approach has 055

two key limitations: (1) accurately translating nat- 056

ural language into formal logic while preserving 057

contextual nuances is inherently difficult (Wang 058

et al., 2024a; Sen et al., 2022), and (2) reliance 059

on external symbolic solvers leads to errors due to 060

their rigid dependence on precise logical represen- 061
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tations (Pan et al., 2023; Chae et al., 2024).062

To address these limitations, we propose Sit-063

uation Working Memory(SituW), a cognitively064

grounded method that enchances contextual rea-065

soning in LLM. SituW improves logical reasoning066

by dynamically constructing and leveraging both067

objective and subjective indexing to capture evolv-068

ing contextual dependencies. Our method consists069

of two key phases: (1) situation construction, where070

the system incrementally builds a objective and sub-071

jective indexing while processing a passage, and (2)072

situation reasoning, where the model leverages the073

constructed SituW to guide and enhance reasoning.074

This structured yet flexible method allows SituW075

to achieve superior performance on various logical076

reasoning benchmarks. Our main contributions are077

as follows:078

• Incorporation of situation models into079

LLM: To the best of our knowledge, this is080

among the first work to incorporate situation081

models from cognitive psychology into LLM-082

based reasoning, introducing a structured in-083

ference method.084

• Beyond the rigidity of symbolic logic: Un-085

like formal logic-based methods, our method086

dynamically constructs and updates a situa-087

tion working memory, enabling adaptive and088

context-aware reasoning.089

• Enhanced logical inference: Using situa-090

tion modeling, SituW achieves significant im-091

provements over existing symbolic and con-092

ventional LLM reasoning approaches.093

2 Situation Working Memory094

Situation model theory in cognitive psychology095

explains how humans construct mental representa-096

tions of described events during language compre-097

hension (Zwaan and Radvansky, 1998). Building098

on this foundation, we propose Situation Working099

Memory (SituW), a method that enables large lan-100

guage models to maintain and update a situation101

representation during reasoning. SituW represents102

each situation using two complementary indexing103

components: objective indexing and subjective in-104

dexing, which together form a dynamic, context-105

sensitive situation representation. However, it re-106

mains unclear whether current LLMs actually con-107

struct such situation-level representations during108

text processing. Before detailing the architecture109

of SituW, we therefore first probe this question110

empirically by adapting a classic confusable-pair 111

paradigm from cognitive psychology to the LLM 112

setting. 113

2.1 Confusable Pair Identification as a Test of 114

Situation Modeling 115

Setup To probe this question, we adapt the men- 116

tal model paradigm introduced in (Garnham, 1981) 117

to the LLM setting. In the original experiment, 118

participants heard sentences presented by an ex- 119

perimenter and were later asked to recognize the 120

sentence they had heard by selecting it from a set 121

of options. Because this auditory recognition pro- 122

cedure cannot be applied directly to LLMs, we 123

reformulate the paradigm as a text-based discrimi- 124

nation task. 125

In our setup, each trial consists of four sentences, 126

and the model’s task is to select the confusable pair, 127

that is, the two sentences whose interpretations 128

most strongly overlap and are therefore most likely 129

to be taken as describing the same underlying event. 130

Our task uses the 24 sentence sets introduced in 131

(Garnham, 1981); the full set of materials is listed 132

in Appendix B. These sentence sets were originally 133

designed to exploit minimal changes in a key prepo- 134

sition (e.g., at vs. by, from vs. in) in order to trigger 135

two distinct event interpretations, thereby induc- 136

ing competing situation-model representations. An 137

example item and the corresponding instruction 138

prompt are shown below: 139

Example for Confusable Pair Identification

A confusable pair refers to two expressions
that are similar in meaning or used in
similar contexts, making them easy for
learners to confuse.

Among the options (a), (b), (c), and (d)
below, choose the confusable pair.

(a) The girl was given a complete pedicure
at the chiropodist’s.
(b) The girl was given a complete pedicure
by the chiropodist.
(c) The girl had her handbag stolen at the
chiropodist’s.
(d) The girl had her handbag stolen by the
chiropodist.

140

2



Results For comparison with human behavior,141

we also ran the same paradigm with 11 graduate142

student participants. As shown in Figure 2, hu-143

mans achieved an accuracy of 89.28%, whereas144

the LLM’s performance was substantially lower.145

These human evaluation results align with those146

reported in (Garnham, 1981). They indicate that, in147

identifying written sentences, humans go beyond148

grammatical analysis and instead integrate linguis-149

tic input into a coherent situation model, enabling150

reliable judgments of event identity even when sur-151

face realizations differ.152

By contrast, baseline LLMs appear to depend153

more on surface-level correspondences, suggest-154

ing that they solve the task through superficial155

cues rather than human-like semantic understand-156

ing. To test whether making situational structure157

explicit can mitigate this limitation, we further ap-158

plied our method to closed-source GPT models:159

for each trial, the model was first prompted to160

extract objective indices (time, location, protag-161

onists) and subjective indices (cause, intention),162

and then to choose the confusable pair conditioned163

on this extracted situation description. This explicit164

situation-index prompting substantially improved165

accuracy on GPT models (e.g., 20.8%p for GPT-3.5166

and 8.3%p for GPT-4o-mini). Motivated by these167

findings, we propose Situation Working Memory168

(SituW), a mechanism that enables LLMs to main-169

tain and update event-level context during reason-170

ing through objective and subjective indexing.171

GPT-3.5 GPT-4o0
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89.28
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+20.8
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Llama3
(8B)

Llama3
(70B)

Llama3.3
(70B)

Mistral
(7B)

Closed LLM(w/o SituW) Closed LLM(w/ SituW) Open LLM Human

Figure 2: Accuracy on the confusable pair identifica-
tion task. Closed-source GPT models with and without
situation-index prompting, open-source LLMs, and hu-
mans.

2.2 Situation Memory Construction172

Building on this foundation, Situation Working173

Memory (SituW) provides a way for large language174

models to maintain and update a situation repre-175

sentation during reasoning. The situation-level rep-176

resentation maintained by SituW is referred to as177

situation memory. We implement two pipelines 178

for constructing situation memory: (1) an unsuper- 179

vised, prompt-based pipeline and (2) a supervised 180

pipeline based on dataset synthesis and model dis- 181

tillation. In the unsupervised pipeline, situation 182

memory is generated from prompts at inference 183

time. In the supervised pipeline, we first use GPT 184

to synthesize a training dataset and then fine-tune a 185

smaller model to generate situation memory. 186

Composition As illustrated in Figure 3, SituW 187

consists of two indexing components: objective in- 188

dexing and subjective indexing. Objective indexing 189

encodes explicit aspects of a situation, such as time, 190

space, and protagonists. In contrast, subjective in- 191

dexing captures implicit aspects of a situation, such 192

as causality and intention, which often require inter- 193

pretation based on prior knowledge and experience. 194

Situation Working Memory

Time (None)

Space sugar pines

Protagonist Zhu Hong, Red squirrels, Lina

Causality The low concentration of sugar in sugar pine sap,
Red squirrels searching for water or sugar

Intention

Searching for water or sugar,
To discuss the dietary habits of red squirrels 

regarding sugar pine sap,
To absorb sap from sugar pines

Objective Indexing

Subjective Indexing

Figure 3: Example of situation working memory. Ob-
jective indices (time, space, protagonists) and subjective
indices (causality, intention) encode a given context.

Unsupervised construction To construct the sit- 195

uation memory, we decompose the semantic rep- 196

resentation of an input sentence S into two dis- 197

tinct indexing processes: objective indexing and 198

subjective indexing. Each process is executed via 199

a large language model (LLM), and contributes 200

complementary components to the final memory 201

representation. Objective indexing extracts entity- 202

independent, factual information directly observ- 203

able in the sentence. Specifically, the LLM identi- 204

fies three key components: time (t), space (s), and 205

the main protagonist(p). Formally, the objective 206

index O is defined as: 207

O = LLMobj(S) = {t, s, p} (1) 208

Subjective indexing, in contrast, involves infer- 209

ential reasoning based on the previously extracted 210
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Premise
Since the beginning of winter,
haze, which contains a large
number of toxic particles, has
frequently attacked some areas of
our country. Surveys show that
continuous exposure to high
concentrations of pollutants can
cause 10% to 15% of people to
suffer from chronic eye
inflammation and xerophthalmia.
…

Conclusion
65% of the above surveyed
patients with eye diseases are
men between the ages of 20 and
40 best supports the opinions of
the above-mentioned experts.

Since the beginning of winter, haze, which
contains a large number of toxic particles, has
frequently attacked some areas of our country.

Surveys show that continuous exposure to high
concentrations of pollutants can cause 10% to
15% of people to suffer from chronic eye
inflammation and xerophthalmia.

Sentence 1

⋯

Sentence 2

Prompt

Since the beginning of
winter, haze, which
contains …

Sentence 1

Causality

Protagonist

Extract NEW 
information from the
Sentence 1 :

Time              Space

Protagonist

Time              Space

Intention       Causality

Protagonist

Long-term SituW

Causality

Protagonist

Final SituW Reasoning

+
Since the …

Sentence 1
+  ⋯  +

SituW Memory

+ +
Surveys …

Sentence 2 Conclusion
+

Entailment or 
Not-entailment ?

Figure 4: Overview of situation working memory construction. The input context is split into sentences and
processed sequentially. For each sentence, an LLM extracts newly implied situational elements and incrementally
updates situation working memory.

objective elements. It targets the extraction of211

causality (c) and intention (i), which are inherently212

interpretative and context-sensitive. The subjec-213

tive index U is therefore conditioned on both the214

original sentence and its objective structure:215

U = LLMsubj(S,O) = {c, i} (2)216

The final situation memory M is the union of217

these two sets, capturing both factual and interpre-218

tive dimensions of the situation:219

M = O ∪ U = {t, s, p, c, i} (3)220

This formulation allows for a modular and inter-221

pretable memory structure that can be utilized in222

downstream tasks requiring contextual understand-223

ing, temporal reasoning, or agent modeling. The224

prompts used to extract information are shown in225

Table 1.226

Element Prompt Template

Time Extract the time: When does this occur? Reply
with a short phrase or None.

Space Extract the location: Where does this occur?
Reply with a short phrase or None.

Causality Extract the cause: What triggered this? Reply
with a short phrase or None.

Intention Extract the intention: What is the purpose?
Reply with a short phrase or None.

Protagonist Extract the protagonist: Who is involved? Re-
ply with a short phrase or None.

Table 1: Prompt templates used to extract situational
memory from text.

Supervised construction To construct situation227

memory in a supervised manner, we use a GPT-228

based reasoning model as a teacher model. Given229

an input context X , we first split it into an ordered 230

sequence of sentences:X = {S1, . . . , Sn}. 231

For each sentence Sn, it extracts a situation- 232

model snippet mn consisting of five scales, using 233

the same annotation as previously defined: 234

mn =
(
{tn, sn, pn}, {cn, in}

)
. (4) 235

When moving from sentence Sn to Sn+1, we pass 236

forward the proposition and protagonists to main- 237

tain cross-sentence coherence. We denote these 238

carried-over variables as 239

πk = Proposition(mn),

ρk = Protagonists(mn).
(5) 240

and condition the next-step extraction on them. For- 241

mally, the teacher generates mn conditioned on the 242

current sentence, the preceding sentences, the pre- 243

vious memory state, and the carried-over variables, 244

where π0 = ∅ and ρ0 = ∅. 245

mn = fteacher(Sk |S<n,Mn−1, πn−1, ρn−1) , (6) 246

These snippets are accumulated into a running 247

memory state via an update rule: 248

Mn = Update(Mn−1,mn), M0 = ∅. (7) 249

After all sentences are processed, we obtain the 250

final memory Mn. 251

To construct the final reasoning prompt, we 252

store a memory trace T by concatenating each seg- 253

mented sentence with its extracted situation-model 254

snippet: 255

T =
{
S1 ⊕m1, S2 ⊕m2, . . . , Sn ⊕mn

}
, 256
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where ⊕ denotes the concatenation operator.257

An inference module then produces the predic-258

tion using the final memory and the memory trace259

with reasoning prompt (Appendix D):260

ŷ = gϕ(Mn, X, T ). (8)261

To ensure high-precision pseudo-labels, we keep262

a generated memory trace only when the final pre-263

diction matches the ground-truth label y, yielding264

the pseudo-labeled dataset265

D̃ = {(X,T, y) : ŷ = y}. (9)266

Finally, we fine-tune an open-source large lan-267

guage model on D̃ using unsloth (Hu et al., 2022).268

Situation Memory Construction Prompt

You are reading a logical context sentence-
by-sentence.
Return ONLY a valid JSON object.
—–
sentence:
{premises}

memory statements:
{situation memory}

memory protagonists:
{situation memory protagonists}

269

2.3 Situation Reasoning270

To extract the final answer in an unsupervised set-271

ting, we proceed through the following pipeline.272

Once the situation memory M = {t, s, p, c, i} is273

constructed, we transform each of its components274

into natural language statements that can be ap-275

pended to the original context. This step enables276

downstream models to reason over the enriched277

context using explicit, interpretable cues grounded278

in time, space, agency, causality, and intention. For-279

mally, we denote the original context as C, and280

each memory component mi ∈ M is processed281

in a predefined order—objective dimensions first282

(t, s, p), followed by subjective ones (c, i). Each283

component is verbalized using an LLM:284

Cj+1 = Cj+LLMverbal(mj), for j = 0, 1, . . . , 4
(10)285

Here, LLMverbal(mi) refers to the natural language286

description generated from memory element mi.287

After 5 iterations, we obtain an enriched context288

C5 that incorporates all five situational dimensions. 289

The final context C5 can be integrated with a wide 290

range of reasoning strategies. The model then per- 291

forms iterative reasoning over C5 using four steps: 292

Plan, Action, Update, and Process. 293

In a supervised setting, we construct a synthetic 294

training set D̃. Given an instance in D̃, we train the 295

model to predict the corresponding target y. 296

3 Experiments 297

We evaluate logical reasoning in both supervised 298

and unsupervised settings. 299

Datasets We conducted experiments on the fol- 300

lowing logic-oriented datasets. 301

PrOntoQA (Saparov and He, 2023) is a syn- 302

thetic deductive FOL benchmark (modus ponens). 303

Following (Pan et al., 2023), we use the hardest 304

fictional-characters split (5-hop subset). 305

ProofWriter (Tafjord et al., 2021) tests deduc- 306

tive reasoning under the open-world assumption 307

(True/False/Unknown). We evaluate the depth-5 308

subset with 600 balanced instances and additionally 309

report results stratified by reasoning depth (0-5). 310

FOLIO (Han et al., 2024) is an open-domain 311

dataset requiring naturalistic FOL reasoning. We 312

use the full test set (204 examples). 313

LogiQA 2.0 (NLI) (Liu et al., 2023a) casts exam- 314

style logic into NLI. We evaluate 3,840 premise- 315

hypothesis pairs (Entailed vs. Not Entailed). 316

Baselines We compare against four representa- 317

tive reasoning baselines. Standard LLM directly 318

predicts the answer from the given context and 319

query without explicit intermediate steps. CoT 320

(Wei et al., 2022) elicits step-by-step natural lan- 321

guage reasoning before producing the final an- 322

swer. SymbCoT (Xu et al., 2024) converts the 323

input into symbolic representations and performs 324

structured, logic-guided reasoning. Logic-LM (Pan 325

et al., 2023) translates natural language into formal 326

logic expressions and uses a symbolic solver to 327

derive the prediction. 328

Models For closed-source backbones, we use 329

GPT-3.5-turbo and GPT-4o-mini (Achiam et al., 330

2023). In the supervised setting, we gener- 331

ate training data with GPT-3-nano and fine-tune 332

instruction-tuned open LLMs (Llama-3.1-Instruct 333

8B/70B, Llama-3.3-Instruct 70B, Mistral-Instruct 334

8B, Qwen2.5-Instruct 72B). In the unsupervised 335

setting, we conduct ablations on memory construc- 336
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Method PrOntoQA ProofWriter FOLIO AVG

GPT-3.5-turbo
Standard 47.40 40.00 45.09 50.20
CoT 67.80 49.17 57.35 57.78
SymbCoT 74.20 53.67 39.71 55.86
Logic-LM 58.80 51.66 50.98 53.71

SituW 82.20 54.67 53.43 63.43

GPT-4o-mini
Standard 58.20 39.33 61.76 53.16
CoT 72.60 44.16 64.22 61.46
SymbCoT 68.20 62.00 65.69 65.29
Logic-LM 77.40 37.33 62.25 58.99

SituW 79.00 64.33 72.06 71.79

Table 2: Performance comparison on logical reasoning
benchmarks under unsupervised settings. Best accuracy
is in bold, second best is underlined.

0-shot 2-shot FT

Size Direct Direct CoT Vanilla SituW ∆

Llama-3.1-instruct
8B 47.78 36.95 44.33 38.92 60.10 + 21.18
70B 61.58 67.98 74.38 38.42 76.35 + 37.93

Llama-3.3-instruct
70B 64.04 65.02 67.00 35.54 74.88 + 39.34

Mistral-instruct
7B 47.29 44.33 51.23 51.23 62.56 + 11.33

Qwen2.5-instruct
72B 67.49 69.95 55.67 71.14 78.00 + 6.86

Table 3: Performance comparison on FOLIO under
prompting and supervised settings. Best accuracy is
in bold, second best is underlined. ∆ is the gain over
Vanilla FT.

tion and reasoning modules using open-source337

backbones such as Gemma3 and Llama3.338

3.1 Quantitative Results339

Consistent improvements under unsupervised340

evaluation Table 2 shows the performance of341

various reasoning methods on three benchmarks:342

PrOntoQA, ProofWriter, and FOLIO, using GPT-343

3.5-turbo and GPT-4o-mini. Our method, SituW,344

achieves the highest average accuracy with both345

models, 63.43% with GPT-3.5-turbo and 71.79%346

with GPT-4o-mini. SituW achieves the best results347

on PrOntoQA and ProofWriter for both backbone348

models, and also delivers strong gains on FOLIO,349

outperforming most baselines.350

SituW Enables Stronger Supervision Table 3351

shows the performance of supervised results on352

FOLIO, comparing prompting (0-/2-shot) to fine-353

Method Setting Vanilla (%) SituW (%) ∆

Human – 86.63 – –

GPT3.5-turbo Standard 50.49 54.81 + 4.40
CoT 56.20 58.30 + 2.10

GPT4o-mini Standard 57.41 61.97 + 4.56
CoT 61.45 65.78 + 4.33

Table 4: Performance comparison on LogiQA in an un-
supervised setting across different models and prompt-
ing strategy. Best accuracy is in bold.
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Standard Standard+SituW CoT CoT+SituW

Figure 5: Category-wise accuracy on LogiQA.

tuning(FT). SituW fine-tuning consistently out- 354

performs both prompting baselines and vanilla 355

fine-tuning across all backbones, achieving 60.10 356

(Llama-3.1 8B), 76.35 (Llama-3.1 70B), 74.88 357

(Llama-3.3 70B), 62.56 (Mistral 7B), and 78.00 358

(Qwen2.5 72B). Compared to Vanilla FT, SituW 359

yields substantial absolute gains ranging from 360

+6.86 to +39.34%p, with the largest improvements 361

on the Llama 70B models where vanilla FT under- 362

performs even few-shot prompting. This highlights 363

that SituW offers more effective supervision for 364

logical reasoning than standard fine-tuning by con- 365

structing, iteratively updating, and reasoning over 366

a sentence-level situation model. 367

Improves zero-shot and category-wise accuracy 368

on LogiQA Table 4 shows the zero-shot accu- 369

racy on the LogiQA dataset. Our method, SituW, 370

improves accuracy from 54.81% to 61.97% under 371

the standard prompting setting and from 58.30% 372

to 65.78% with CoT prompting. Figure 5 further 373

breaks down the performance by reasoning cate- 374

gory, including categorical, conjunction, disjunc- 375

tion, necessity, and sufficiency. In both prompt- 376

ing settings, SituW improves accuracy consistently 377

across all categories. These results suggest that 378

SituW contributes to better handling of diverse log- 379

ical reasoning types in a zero-shot context. 380
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Figure 6: Response Distribution and Accuracy on
LogiQA. Left: class-wise accuracy (%). Right: the
number of predicted labels (solid) and correct predic-
tions (striped).

Objective Causality Intention Accuracy (%)

✓ 54.38
✓ ✓ 54.41
✓ ✓ 54.93
✓ ✓ ✓ 64.81

Table 5: Ablation results of situation components.

3.2 Qualitative Results381

More confident, less "uncertainty" responses382

In Figure 6, the left panel shows accuracy for383

true/false inference, whereas the right panel vi-384

sualizes the number of predictions for each la-385

bel (true/false/uncertain; solid bars) and the cor-386

responding number of correct predictions (striped387

bars). Logic-LM attains lower accuracy overall and388

produces a relatively higher proportion of “uncer-389

tain” predictions. By contrast, SituW makes more390

true/false decisions and achieves higher accuracy,391

with fewer “uncertain” outputs. This pattern is392

consistent with the idea that converting statements393

into logical expressions can omit or weaken some394

contextual cues. Moreover, the reduced rate of395

“uncertain” predictions with SituW suggests that396

incorporating situation-level understanding help397

the model interpret sentences more reliably than398

relying primarily on structural parsing alone.399

Full components needed for coherent situation400

reasoning Table 5 shows the contribution of each401

component through an ablation study. Using only402

the objective yields 54.38% accuracy. Adding the403

causality term alone provides virtually no improve-404

ment (54.41, 0.03%p), while adding the intention405

term alone gives a small gain (54.93, 0.55%p). In406

contrast, enabling both causality and intention si-407

multaneously results in a large jump to 64.81%408

(10.43%p over the base objective). This non-409

Cons \ Inf Gemma3(27B) Llama3(70B) GPT3.5

Gemma3(4B) 62.19 65.15 54.78
Gemma3(27B) 60.65 63.73 54.78
Llama3(8B) 60.43 63.33 54.69
Llama3(70B) 61.45 64.85 54.87

Table 6: Cross-Model Construction–Inference Pairing.
Accuracy (%) for open-source LLMs across construc-
tion (Cons) and inference (Inf) combinations.

Method Accuracy (%) Tokens Time (s)

in out

Direct 44.16 132 13.33 0.1072
CoT 58.10 318 176 0.4824
SymbCoT 55.86 4655 426 0.4187
SituW 63.43 4790 425 0.57

Table 7: Performance comparison of methods in accu-
racy and efficiency. Best accuracy is in bold, second
best is underlined.

additive gain indicates strong complementarity: the 410

causality constraint is most effective when coupled 411

with intention/goal alignment, and vice versa, sug- 412

gesting that all components are required for a co- 413

herent, task-relevant situation representation. 414

Construction/inference combinations for unsu- 415

pervised reasoning Table 6 shows additional ex- 416

periments in which we combine open-source LLMs 417

for situation-model construction and for reason- 418

ing/inference in unsupervised setting. Rows repre- 419

sent the construction model and columns represent 420

the reasoning model, which facilitates analysis of 421

how different pairings affect accuracy. Overall, 422

Llama3-70B as the inference model delivers the 423

strongest performance, achieving the best score 424

when paired with Llama3-70B for construction. 425

Gemma3-27B inference is slightly weaker but re- 426

mains relatively stable across construction choices. 427

These results show that, beyond closed-source mod- 428

els, combining open-source models alone can also 429

yield strong performance in an unsupervised set- 430

ting. 431

Accuracy-efficiency trade-off Table 7 compares 432

methods in terms of average accuracy, token usage, 433

and runtime across ProntoQA, ProofWriter, and 434

FOLIO. Direct prompting is the most efficient (132 435

input tokens, 13.33 output tokens, 0.107,s) with 436

the lowest computational cost, but it also achieves 437

the lowest accuracy (44.16%). CoT substantially 438

improves accuracy to 58.10% with a moderate in- 439

crease in cost (318/176 tokens, 0.482,s). SymbCoT 440
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Time (None)
Space sugar pines

Protagonist Zhu Hong, Red squirrels

Causality Red squirrels searching 
for water or sugar

Intention
Searching for water or 
sugar, To absorb sap 

from sugar pines

① Objective Indexing
Time: (None)
Space: sugar pines
Protagonist: Lina, Red squirrels

③ Subjective Indexing
Causality:
The low concentration of sugar 
in sugar pine sap
Intention:
To absorb sap from sugar pines

② Read

Situation Working Memory

④ Update

Zhu Hong: red squirrels make holes in the bark of sugar pines to 
absorb sap. Since the sap of sugar pine is mainly composed of water 
and a small amount of sugar, it is roughly certain that red squirrels 
are looking for water or sugar. Water is easily available in other ways 
where pine trees grow. Therefore, red pine trees are not trying to dig 
holes because they are looking for water, they may be looking for 
sugar. Lina: it must not be looking for sugar but something else,
because the concentration of sugar in sugar pine sap is so low that
red squirrels have to drink a lot of sap to get a little sugar.

Context

Figure 7: Overview of SituW’s workflow.

attains comparable accuracy (55.86%) but requires441

far more input tokens (4655) and similar runtime442

(0.419,s), reflecting the overhead of symbolic con-443

version. Our approach achieves the best accuracy444

overall: SituW reaches 63.43% with 4790 input445

tokens and 0.57,s.446

Visualization of SituW Figure 7 illustrates the447

end-to-end workflow of unsupervised SituW. Given448

a context, SituW first performs objective indexing449

to extract explicit situational attributes such as time,450

space (location), and protagonists. It then performs451

subjective indexing to infer latent but decision-452

critical factors, including causal relations (e.g., why453

an event happens) and intentions/goals (e.g., what454

an agent is trying to achieve). These extracted455

fields are written into a structured situation working456

memory with fixed slots (time, space, protagonist,457

causality, intention), and the memory is updated458

iteratively as more evidence is read. The resulting459

working memory provides a compact, structured460

state representation that conditions subsequent rea-461

soning/planning, enabling the model to focus on462

relevant variables and their causal-goal structure463

rather than re-processing the full context.464

4 Related Work465

Logical reasoning with LLMs Chain-of-466

Thought(Wei et al., 2022) improves the reasoning467

ability of LLMs by guiding them through step-468

by-step process. However, it struggles with tasks469

requiring strict logical adherence(Han et al., 2024;470

Parmar et al., 2024; Sinha et al., 2019). Recent471

studies address this by using LLMs as semantic472

parsers, converting natural language into logical473

expressions processed by external reasoning474

engines(Wang et al., 2024b; Pan et al., 2023). 475

Although this reduces logical errors, it introduces 476

dependencies and potential information loss. To 477

overcome these issues, recent methods integrate 478

symbolic reasoning within LLMs, enabling 479

internal logical processing even when expressions 480

are imprecise(Sun et al., 2024; Xu et al., 2024). 481

LLMs with external memory LLMs achieve 482

strong performance across many tasks (Comanici 483

et al., 2025; Dubey et al., 2024), but still strug- 484

gle with multi-step reasoning and grounding over 485

long-context documents (Plaat et al., 2025). To 486

mitigate these limitations, recent work augments 487

LLMs with external memory (Hu et al., 2023; 488

Wang et al., 2024c). For multi-hop reasoning, 489

symbolic-memory approaches (Hu et al., 2023), 490

(Wang et al., 2024c) either use database-backed 491

memory, which can be domain-dependent (Hu 492

et al., 2023), or build predicate–object working 493

memory with rule/fact bases (Wang et al., 2024c). 494

Although the latter is related to our approach, it 495

mainly applies when text can be reliably converted 496

into rules and may lose information during sym- 497

bolic conversion. Scratchpad-based methods (Nye 498

et al.) improve step-by-step computation, but are 499

less directly applicable to general reasoning. In 500

contrast, our method targets broader reasoning set- 501

tings without requiring domain-specific schemas 502

or strict rule-based transformations. 503

5 Concluding Remarks 504

In this paper, we proposed SituW, a method that 505

integrates situation models from cognitive psychol- 506

ogy into LLM-based reasoning. By dynamically 507

constructing a situation memory, SituW enables 508

adaptive and context-aware inference, addressing 509

key limitations of formal logic-based methods. Ex- 510

perimental results show significant improvements 511

across multiple benchmarks, enhancing LLMs’ in- 512

trinsic reasoning abilities without relying on exter- 513

nal solvers. SituW is effective in both unsupervised 514

and supervised settings: in the unsupervised set- 515

ting, it serves as a plug-and-play inference method 516

via prompt-based situation-memory construction, 517

while in the supervised setting, we distill situation- 518

memory traces as structured supervision to improve 519

fine-tuning stability and generalization over vanilla 520

fine-tuning. Overall, these results highlight SituW 521

as a practical and effective method for robust con- 522

textual reasoning in LLMs. 523
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6 Limitations524

While SituW demonstrates strong performance in525

logical reasoning tasks, certain aspects warrant526

further exploration. First, the iterative process of527

situation memory construction and reasoning can528

substantially increase token usage due to repeated529

generation steps. This may raise overall compute530

and cost, especially in long-context settings where531

the memory grows over time. Second, the multi-532

step structure introduces additional latency at in-533

ference time, since situation memory construction534

and subsequent reasoning require multiple sequen-535

tial decoding passes. Improving runtime efficiency536

without compromising reasoning quality remains537

an important direction for future work.538
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A Experimental Setup: Datasets

To evaluate the validity of the situation model
in actual reasoning processes, we conducted
experiments on three logical reasoning datasets:

PrOntoQA (Saparov and He, 2023) is a synthetic
dataset designed to evaluate LLMs’ deductive
reasoning abilities, focusing on first-order logic
(FOL) with modus ponens. Following prior work
(Pan et al., 2023), we use the hardest fictional
characters version, specifically the 5-hop subset,
which requires multi-step inference. Each instance
involves verifying the truth value of a new fact in a
question-answering format.

ProofWriter (Tafjord et al., 2021) is a benchmark
for deductive reasoning under the open-world as-
sumption (OWA), where each (Context, Question)
pair is labeled as True, False, Unknown. We use
the depth-5 subset, requiring multi-step inference,
and follow in sampling 600 balanced instances for
evaluation. Additionally, we select instances from
the OWA subset, categorized by reasoning depth
(0–5 steps), to compare performance at different
levels of reasoning depth.

FOLIO (Han et al., 2024) is an open-domain
dataset designed to evaluate complex first-order
logic (FOL) reasoning in natural language. The
problems align with real-world knowledge and
feature highly natural linguistic expressions. For
evaluation, we use the full test set of 204 examples,
which requires intricate logical inference.

LogiQA 2.0 (NLI) (Liu et al., 2023b) recasts the
original LogiQA passages into a Natural-Language-
Inference setting to probe complex logical reason-
ing. Given a premise drawn from a civil-service-
exam passage and a hypothesis sentence, the task
is to determine whether the hypothesis is Entailed
or Not Entailed. A single premise can be paired
with several alternative hypotheses, yielding a total
of 3,840 premise–hypothesis pairs.

B Confusable Pair Identification Task

Examples of confusable pair identification ques-
tions from (Garnham, 1981).

Questions

In each set of sentences, a and b are
the confusable pair and c and d are the
nonconfusable pair.

1. (a) The girl was given a complete pedi-
cure at the chiropodist’s.
(b) The girl was given a complete pedi-
cure by the chiropodist.
(c) The girl had her handbag stolen at the
chiropodist’s.
(d) The girl had her handbag stolen by
the chiropodist.

2. (a) The clerk was going to have the wood
cut up for him at the joiner’s.
(b) The clerk was going to have the wood
cut up for him by the joiner.
(c) The clerk was informed about the rail
strike at the joiner’s.
(d) The clerk was informed about the rail
strike by the joiner.

3. (a) The judge got his contact lenses from
the optician.
(b) The judge got his contact lenses in the
optician’s.
(c) The judge answered a telephone call
from the optician.
(d) The judge answered a telephone call
in the optician’s.

4. (a) The leader purchased three loaves
from the baker.
(b) The leader purchased three loaves in
the baker’s.
(c) The leader got a punch on the nose
from the baker.
(d) The leader got a punch on the nose in
the baker’s.
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5. (a) The salesman was given two pounds
for the coat at the pawnbroker’s.
(b) The salesman was given two pounds
for the coat by the pawnbroker.
(c) The salesman was bumped into on the
step at the pawnbroker’s.
(d) The salesman was bumped into on the
step by the pawnbroker.

6. (a) The teacher wanted her clock repaired
at the watchmaker’s.
(b) The teacher wanted her clock repaired
by the watchmaker.
(c) The teacher was saved from falling
down at the watchmaker’s.
(d) The teacher was saved from falling
down by the watchmaker.

7. (a) The politician bought his wife a ring
from the jeweller.
(b) The politician bought his wife a ring
in the jeweller’s.
(c) The politician received congratula-
tions from the jeweller.
(d) The politician received congratula-
tions in the jeweller’s.

8. (a) The bishop bought a new pipe from
the tobacconist.
(b) The bishop bought a new pipe in the
tobacconist’s.
(c) The bishop heard an account of the
state of the nation from the tobacconist.
(d) The bishop heard an account of the
state of the nation in the tobacconist’s.

9. (a) The servant had a tooth removed at
the dentist’s.
(b) The servant had a tooth removed by
the dentist.
(c) The servant was injured on the knee
at the dentist’s.
(d) The servant was injured on the knee
by the dentist.

10. (a) The student bought some spring cab-
bage from the greengrocer.
(b) The student bought some spring cab-
bage in the greengrocer’s.
(c) The student heard about the concert
from the greengrocer.
(d) The student heard about the concert
in the greengrocer’s.

11. (a) The writer collected his manuscript
from the publisher.
(b) The writer collected his manuscript
in the publisher’s.
(c) The writer got an invitation to a wed-
ding from the publisher.
(d) The writer got an invitation to a wed-
ding in the publisher’s.

12. (a) The matron got three pork chops
from the butcher.
(b) The matron got three pork chops in
the butcher’s.
(c) The matron heard an account of the
cricket match from the butcher.
(d) The matron heard an account of the
cricket match in the butcher’s.

13. (a) The worker had her prescription
made up at the chemist’s.
(b) The worker had her prescription
made up by the chemist.
(c) The worker was made to look foolish
at the chemist’s.
(d) The worker was made to look foolish
by the chemist.

14. (a) The chairman bought a cup for the
prize from the silversmith.
(b) The chairman bought a cup for the
prize in the silversmith’s.
(c) The chairman heard about the epi-
demic from the silversmith.
(d) The chairman heard about the epi-
demic in the silversmith’s.
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15. (a) The vicar went to have a suit fitted at
the tailor’s.
(b) The vicar went to have a suit fitted
by the tailor.
(c) The vicar was given an old lamp-
shade at the tailor’s.
(d) The vicar was given an old lamp-
shade by the tailor.

16. (a) The actress was given a shampoo and
set at the hairdresser’s.
(b) The actress was given a shampoo
and set by the hairdresser.
(c) The actress’s brother was discovered
at the hairdresser’s.
(d) The actress’s brother was discovered
by the hairdresser.

17. (a) The woman was given a thorough
examination at the doctor’s.
(b) The woman was given a thorough
examination by the doctor.
(c) The woman was told about the new
traffic scheme at the doctor’s.
(d) The woman was told about the new
traffic scheme by the doctor.

18. (a) The secretary bought some curtains
from the draper.
(b) The secretary bought some curtains
in the draper’s.
(c) The secretary got an invitation to a
party from the draper.
(d) The secretary got an invitation to a
party in the draper’s.

19. (a) The husband bought some sugar
from the grocer.
(b) The husband bought some sugar in
the grocer’s.
(c) The husband received a message
from the grocer.
(d) The husband received a message in
the grocer’s.

20. (a) The policeman had a bouquet made
up at the florist’s.
(b) The policeman had a bouquet made
up by the florist.
(c) The policeman was attacked from
behind at the florist’s.
(d) The policeman was attacked from
behind by the florist.

21. (a) The hostess bought a mink coat from
the furrier.
(b) The hostess bought a mink coat in
the furrier’s.
(c) The hostess received a telegram from
the furrier.
(d) The hostess received a telegram in
the furrier’s.

22. (a) The farmer bought his copy of
“Farmer’s Weekly” from the newsagent.
(b) The farmer bought his copy of
“Farmer’s Weekly” in the newsagent’s.
(c) The farmer borrowed a pound from
the newsagent.
(d) The farmer borrowed a pound in the
newsagent’s.

23. (a) The academic took a book to be
bound at the bookbinder’s.
(b) The academic took a book to be
bound by the bookbinder.
(c) The academic was taken to an exhi-
bition at the bookbinder’s.
(d) The academic was taken to an exhi-
bition by the bookbinder.

24. (a) The detective was advised not to
go and inspect the house at the estate-
agent’s.
(b) The detective was advised not to
go and inspect the house by the estate-
agent.
(c) The detective was tipped off at the
estate-agent’s.
(d) The detective was tipped off by the
estate-agent.
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C Human Evaluation

We conducted the human evaluation after ob-
taining informed consent from all participants.
The consent form explained that participation
was voluntary and that we would collect and
analyze only anonymized evaluation data (i.e., no
personally identifiable information was stored or
used). Participants were recruited on a voluntary
basis and were not monetarily compensated. The
evaluation was then carried out using the interface
shown in Figure 8.

Figure 8: Interface for human evaluation

D Additional Prompts

Prompts Used in the Memory Step

You are reading a logical context sentence-
by-sentence. Return ONLY a valid JSON object.
No extra text.

Given:
- sentence: the next sentence to read
- memory_statements: list of normalized

propositions accumulated so far
- memory_protagonists: list of protagonists

accumulated so far

Extract NEW information from the sentence:
1) time: explicit time expressions in the

sentence; if none, ["none"]
2) space: explicit location expressions;

if none, ["none"]
3) intention: explicit goal/purpose;

if none, ["none"]
4) proposition: a short normalized propo-

sition for the sentence
- keep negation
- keep quantifiers roughly

(every/each/are/is)
5) protagonists_in_sentence: entities/kinds

mentioned in the sentence
(can include ones already in memory)

Output JSON schema:
{

"time": [...],
"space": [...],
"intention": [...],
"proposition": "...",
"protagonists_in_sentence": [...],
"confidence": 0.0-1.0

}

sentence:
[[SENTENCE]]

memory_statements:
[[MEM_STATEMENTS]]

memory_protagonists:
[[MEM_PROTAGONISTS]]
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Prompts for Final Reasoning from Memory

You are a careful reasoner.
Use the MEMORY (accumulated statements +
reading log) to determine whether the
QUESTION's conclusion is:
- True: entailed by the MEMORY
- False: contradicted by the MEMORY
- Uncertain: neither entailed nor

contradicted (insufficient information)

You must output exactly ONE of:
True, False, Uncertain.

Then end with exactly:
Final Answer: <True/False/Uncertain>

MEMORY_STATEMENTS:
[[STATEMENTS]]

READING_LOG:
[[READING]]

QUESTION (conclusion to evaluate):
[[QUESTION]]

OPTIONS:
[[OPTIONS]]
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