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Abstract001

Despite the strong performances of large lan-002
guage models (LLMs) on the temporal rea-003
soning task, recent studies using the Unseen-004
TimeQA benchmark indicates that this profi-005
ciency may stem largely from data contami-006
nation—specifically, memorizing test-set facts007
during pre-training. Notably, even advanced008
LLMs like DeepSeek-V3 struggle on this009
benchmark. To address this limitation, we pro-010
pose NSMATeR, a neuro-symbolic multi-agent011
framework that formalizes the error-prone rea-012
soning steps into executable code. By integrat-013
ing this symbolic component, our approach ef-014
fectively mitigates LLM failures, such as event015
forgetting, rule misunderstanding and halluci-016
nation. To ensure the code correctness, we fur-017
ther introduce a case-verification mechanism018
that iteratively refines the code using a small019
set of annotated cases. Extensive experiments020
on UnseenTimeQA show that our framework021
significantly boosts accuracy, improving even022
DeepSeek-V3’s performance by 27.89% in the023
most challenging scenarios.024

1 Introduction025

Temporal reasoning serves as a crucial evaluation026

for large language models (LLMs) (Piryani et al.,027

2025). For instance, when asked questions like028

“What citizenship did Vladimir Bukovsky hold be-029

tween Jun 1990 and Dec 1990?”, an LLM must030

infer the target person’s status during the specified031

time period from the given documents.032

Although prevailing LLMs, such as GPT-033

4o (OpenAI et al., 2024) and DeepSeek (DeepSeek-034

AI, 2024), demonstrate outstanding performance035

on temporal reasoning tasks (Chu et al., 2024), re-036

cent studies indicate that these capabilities likely037

stem from data contamination (Uddin et al., 2025).038

Specifically, during pre-training, models may learn039

facts from data collected before their release. Con-040

sequently, they often rely on memorization rather041

Context: Attaphol Buspakom was a
Thai national and football coach … his
career as a player at Thai Port FC Authority
of Thailand in 1985 . In his first year , he
won his first championship with the club .
He played for the club until 1989 and in
1987 also won the Queens Cup qualifying
matches. Attaphol began his career as a
player at Thai Port FC Authority of
Thailand in 1985 . In his first …
Question: Which team did Attaphol
Buspakom play for between Apr 1987 and
Nov 1988?

GT: [Port F.C, Thailand national football
team]

Traditional temporal reasoning

Context: Loading package p2 into truck t1
at location l1_1 takes 60 minutes to finish,
truck t1 operates from location l1_1 to location
l1_0 and it requires 5 minutes to complete, at
location l1_0 …
Rules: Loading or unloading a package in a
vehicle is possible if the package and the
vehicle are in the same location. …If any event
is delayed or expedited, all subsequent
dependent events are also delayed or expedited
accordingly…
Question: If loading package p2 into truck t1
at location l1_1 starts at 06:43 PM and flying
airplane a0 from location l2_0 to location l1_0
is delayed by 78 minutes, where is the package
p2 at 09:02 PM?
GT: [l1_0, a0]

Unseen temporal reasoning

Figure 1: The left panel shows an example from TSQA,
where the model reason from the factual context to an-
swer the question. The right panel presents an example
from UnseenTimeQA, where the question is built on
a sequence of artificial events. The model must under-
stand and apply the predefined temporal rules to perform
inference.

than logical reasoning to answer temporal ques- 042

tions. 043

However, memory-independent temporal reason- 044

ing is an indispensable capability for LLMs. Practi- 045

cal applications, such as arranging travel plans, re- 046

quire models to integrate dynamic, real-time condi- 047

tions—like diverse destinations and variable trans- 048

portation schedules—information typically absent 049

from their pre-training data. Thus, to rigorously 050

evaluate this capability, Uddin et al. (2025) recently 051

proposed the UnseenTimeQA benchmark. It dy- 052

namically generates temporal questions by con- 053

structing artificial, unseen events, forcing models 054

to rely on logical reasoning rather than memoriza- 055

tion. Figure 1 illustrates the difference between 056

traditional and unseen temporal reasoning. 057

So far, even advanced large-scale LLMs like 058

GPT-4o perform poorly on this challenging bench- 059

mark, achieving only 42% accuracy (Uddin et al., 060

2025). Our error analysis identifies three primary 061

failure modes: (1) Event Forgetting (25% of 062

errors): Given lengthy sequences (averaging 30 063

events), models frequently overlook events during 064

1



reasoning. (2) Rule Misunderstanding (70% of065

errors): Models often produce reasoning steps that066

violate predefined rules, such as conflating parallel067

and sequential events. (3) Hallucination: Inher-068

ent to LLMs, this involves generating content not069

grounded in the provided event sequence. Cru-070

cially, we observe that the key temporal reasoning071

step, i.e., inferring the start and end times of events,072

are perfectly suited for symbolic reasoning. This073

is due to its deterministic nature and the need to074

strictly adhere to predefined temporal rules. There-075

fore, a correct symbolic procedure can supplement076

or replace the LLM’s reasoning to eliminate errors077

like event forgetting and rule misunderstanding.078

Motivated by these insights, we propose a neuro-079

symbolic multi-agent framework for this unseen080

temporal reasoning task. The core of our frame-081

work is to formalize the key reasoning step, i.e.,082

predicting the timeline of an event sequence, into083

executable code. The framework employs two co-084

operative agents: a symbolic agent that executes085

the code for deterministic reasoning, and a neural086

agent that generates the code, prepares the format-087

ted inputs, and synthesizes the final answer. This088

design leverages the complementary strengths of089

both paradigms. The symbolic component provides090

rigorous, rule-based reasoning to counter inherent091

LLM weaknesses. Conversely, the neural compo-092

nent overcomes the rigidity of symbolic component093

by handling natural language inputs and outputs.094

Since the generated code performs the core rea-095

soning, ensuring its correctness is crucial. However,096

producing flawless code under complex temporal097

rules remains challenging, even for state-of-the-art098

LLMs. To overcome this, we further introduce a099

case-verification mechanism that uses a small set of100

annotated cases to iteratively refine the generated101

code, ensuring it matches each rule.102

Our contributions can be summarized as follows:103

1. We propose a neuro-symbolic multi-agent104

framework for the UnseenTimeQA task. By105

integrating a symbolic component, our ap-106

proach effectively mitigates the issues of event107

forgetting, rule misunderstanding and halluci-108

nation inherent in LLM-based reasoning.109

2. We introduce a case-verification mechanism110

that iteratively refines the code generation us-111

ing a small set of cases to ensure its correct-112

ness and robustness.113

3. Extensive experiments show our framework114

significantly boosts the performance of SOTA 115

models (e.g. GPT-4o, DeepSeek-v3), achiev- 116

ing an accuracy gain of up to 27.89% in the 117

most complex scenarios. 118

2 Related Work 119

2.1 LLMs for Temporal Reasoning 120

With the advancement of LLMs, researchers have 121

recently focused on evaluating their performance 122

on temporal reasoning tasks. Current research pri- 123

marily falls into two lines: traditional and unseen 124

temporal reasoning. 125

Traditional Temporal Reasoning This line eval- 126

uates LLMs on answering temporal questions about 127

factual events, where models are provided with a 128

context (e.g., historical events) and reason directly 129

from it to answer questions. For instance, TG-LLM 130

(Xiong et al., 2024) introduced a two-stage method 131

that first converts natural language into a temporal 132

graph before performing inference. CoTempQA 133

(Su et al., 2024) presented a math-reasoning Chain- 134

of-Thought approach to guide models in solving 135

temporal problems. CoTime (Wu and Hooi, 2025) 136

organizes events into an SQL schema to facilitate 137

deduction from structured data. TempCoT (Song 138

et al., 2025) proposed a three-stage strategy involv- 139

ing constraint extraction, semantic fact retrieval, 140

and a temporal logic reasoning module to enhance 141

model performance. 142

Unseen Temporal Reasoning Recent studies 143

suggest that the strong performance of LLMs on 144

traditional temporal reasoning tasks may be largely 145

attributed to data contamination. To evaluate pure 146

reasoning ability, Uddin et al. (2025) recently in- 147

troduced a new benchmark, UnseenTimeQA. This 148

benchmark generates questions based on artificial, 149

unseen events, forcing models to reason from pro- 150

vided rules rather than memorization. Research in 151

this benchmark remains nascent due to its novelty. 152

To our knowledge, RASTeR (Schumacher et al., 153

2025) is the sole and most recent work, proposing 154

a prompting framework that decouples context eval- 155

uation from answer generation. It first assesses the 156

provided context before constructing a temporal 157

knowledge graph to guide reasoning. Nevertheless, 158

its suboptimal performance underscores the persis- 159

tent challenge of achieving robust unseen temporal 160

reasoning. 161
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2.2 Neuro-Symbolic Methods162

Existing research demonstrates that integrating163

symbolic components is effective to enhance the164

LLMs’ reasoning capabilities (Bhuyan et al., 2024).165

For instance, Logic-LM (Pan et al., 2023) pio-166

neered the incorporation of symbolic agents into167

LLM reasoning pipelines, improving accuracy in168

logical reasoning tasks. Similarly, PEIRCE (Quan169

et al., 2025) introduced a neuro-symbolic frame-170

work, unifying different reasoning modes through171

an iterative conjecture-criticism process. In the172

domain of temporal reasoning, TReMu (Ge et al.,173

2025) applied a neuro-symbolic approach, gener-174

ating executable programs to replace the LLMs’175

step-by-step reasoning. However, existing works176

has yet to address the unseen temporal reasoning177

task, which demands a precise understanding and178

application of the predefined temporal rules. More-179

over, generating symbolic procedures that strictly180

match these intricate rules remains a challenge.181

2.3 Code-based Methods182

Code-based methods aim to translate problems suit-183

able for programming solutions into executable184

code (Xu et al., 2025). For example, POT (Chen185

et al., 2022) first integrated the programming-186

execution process into the chain of thought.187

PAL (Gao et al., 2023) decouples code generation188

from the overall problem-solving steps by delegat-189

ing the programming task to a separate LLM. To190

improve the correctness of generated code, CODE-191

PLAN (Lu et al., 2025) constructed a new mathe-192

matical dataset that pairs natural language reason-193

ing steps with corresponding code. However, the194

majority of existing work focuses on mathematical195

problems. Translating these problems into code is196

relatively straightforward due to their formalized197

rules and operations. In contrast, unseen temporal198

reasoning involves natural language rules that may199

lie beyond the model’s pre-training data, posing a200

significant challenge for code translation.201

3 Problem Definition202

Formally, given a set of rules R in natural language,203

an event sequence E = {e1, ..., en} containing n204

events and a question Q, the model must apply R205

to infer the timing of events in E and ultimately206

answer Q. Specifically, each event ei is described207

in natural language, specifying only its duration,208

while its start and end times are not provided. The209

question Q provides the occurrence time of one210

event in E, along with an expedited or postponed 211

time for another event. Using this information, the 212

model is to determine the start and end times of all 213

other events to arrive at final answer. 214

4 Method 215

Our neuro-symbolic multi-agent framework con- 216

sists of two steps: Code Generation and Neuro- 217

Symbolic Reasoning. First, in Code Generation, 218

a neural agent (the code generator) generate exe- 219

cutable code based on predefined rules to deduce 220

event start and end times. A second neural agent 221

(the debugger) then refines this code through iter- 222

ative verification against several cases. Once the 223

code is finalized, Neuro-Symbolic Reasoning is 224

performed to answer the question. An overview of 225

the framework is illustrated in Figure 2. 226

4.1 Code Generation 227

The core of this temporal reasoning task is to pre- 228

dict the timeline of an event sequence, i.e., lever- 229

aging information about one event’s expedited or 230

postponed time to deduce the start and end times of 231

all other events. This is achieved in code through 232

an initial generation followed by case-verification. 233

4.1.1 Initial Code Generation 234

The code generator is prompted to produce initial 235

code based on the predefined rules R. To clarify 236

the task, we also provide the generator with a few 237

demonstrations. Each demonstration includes three 238

components: an unannotated event sequence E′ as 239

input, a condition H ′ that provides expedited or 240

postponed time of one event, and the correct out- 241

put—a fully annotated sequence Ē′ where all start 242

and end times are deduced from that given condi- 243

tion. This process can be formalized as follows: 244

C(0) = LLMG(PG ⊕R⊕D), (1) 245

where PG denotes the code generation prompt, 246

D = {H ′
1, (E

′
1, ..., E

′
n), (Ē

′
1, ..., Ē

′
n)} denotes the 247

demonstration set containing n examples, and C(0) 248

denotes the initially generated code. For process- 249

ing, the data is formatted as follows: each event 250

in E′
i is a tuple (action, subject, object, location, 251

duration); each event in Ē′
i is a tuple (start time, 252

event string, end time); and each condition H ′
i is a 253

tuple (action, expedited/postponed, subject, object, 254

location, expedited/postponed time). 255

3



Packages can be loaded or unloaded simultaneously 

on the same vehicle, but not both at once.

Rules

Example Inputs:

Formatted events: (“loading”, “p2”, “t1”, “l1_1”, 69)…

Formatted condition: [“transport”, “expedite”, “t1”,  “l1_1”, 

“l1_0”, 2],

Example Outputs:

Timeline: (0, “loading package p2 into truck t1 at location 

l1_1 takes 69 minutes to finish.”, 69)…

Demonstration

Code 

generator

Initial code

DebuggerCurrent code

FAILN Iterations Final code

PASS

1. Loading p1 into truck t1 at l1_1 starts 

at 675, ends at 743.

2. Truck t1 transports p1 from l1_1 to 

l1_0 from 743 to 784.

3. p1 is unloaded from truck t1 at l1_0 

from 784 to 798.

…

<answer>package p2 is in airplane a0 at 

location l0_0</answer>

Final Answer 

Formatted Events: 

[(“transport”, “t2”, “l0_0”, 

“l0_1”, 21),…]

Formatted condition: 

(“loading”, “expedited”, 

“p2”, “a1”,  “l1_0”, 30)

Timeline: 

[(0, “Driving truck t2 

from location l0_0 to 

location l0_1 takes 21 

minutes to finish.”, 

21), …]Final code

Parser Executor Answerer

Example Inputs:

Formatted events: [“loading”, “p2”, “t1”, “l1_1”, 31]…

Formatted condition: [“transport”, “expedite”, “t1”, “l1_1”, “l1_0”, 2]

Example Outputs:

Timeline: [0, “package p2 is loaded into truck t1 at location l1_1 for 31 minutes.”, 31]…

Validation cases

E: Driving truck t2 from location l0_0 to 

location l0_1 takes 21 minutes to finish…

Q: If loading package p2 into truck … and 

loading package p2 into airplane a1 at 

location l1_0 is expedited by 30 minutes, 

where is the package p2 at 08:47 PM?

Inputs

: Neural agent

: Symbolic agent

Verification

Code generation

Neuro-symbolic reasoning

Figure 2: The overview of our neuro-symbolic multi-agent framework.

4.1.2 Case-Verification Mechanism256

Code generation often suffers from rule misunder-257

standing, particularly when rules are complex. In-258

spired by human debugging practices, we introduce259

case-verification to refine the initial code.260

First, we construct a verification set V =261

[{H ′
i, (E

′
1, .., E

′
n), (Ē

′
1, .., Ē

′
n)}], i ∈ [1,m] con-262

taining m cases. These cases are manually selected263

to cover all predefined rules. The debugger agent264

executes the code on each unannotated sequence265

E′
i, predicts timeline Ê′

i. This prediction is com-266

pared against the ground-truth Ē′
i. If a mismatch267

occurs, the debugger receives the rules R, the cur-268

rent code C(i), Ê′
i, H

′
i and Ē′

i, and is prompted to269

analyze the errors and produce a revised code. The270

new code is then validated again using V . This loop271

repeats iteratively until the code’s outputs match272

the annotated timelines for all cases in V . The273

case-verification process can be formalized as fol-274

lows:275

fCASE_VERIFICATION(V,C
(t))

=

{
C(t), if ∀i ∈ {1, . . . ,m}, Ê′

i = Ē′
i

fCASE_VERIFICATION(V,C
(t+1)), otherwise

(4)276

where t is the iteration index, and277

C(t+1)

= fDEBUGGER
(
R,C(t), Ê′

i, H
′
i, Ē

′
i

)
, if Ê′

i ̸= Ē′
i

278

Through a few iterations, the debugger searches 279

in the code space to identify the optimal solu- 280

tion that can pass all cases. This verifies that the 281

code logic may be consistent with the given rules, 282

thereby guaranteeing its accuracy and ensuring the 283

success of the overall framework. 284

4.2 Neuro-Symbolic Reasoning 285

To this end, we employ the final code to conduct 286

neuro-symbolic reasoning. First, a neural parser 287

converts the raw natural language inputs—the event 288

sequence and the question—into the formatted data 289

required by the code. Next, a symbolic agent exe- 290

cutes the code to generate the timeline of the event 291

sequence. Finally, a neural answerer integrates 292

this timeline with the question to produce the final 293

answer. Note that the timeline produced by the 294

code is relative, starting from zero o’clock. The 295

answerer converts this to an absolute timeline by 296

applying a temporal offset, which is derived from 297

the occurrence time of a specific event provided in 298

the question. 299

5 Experiments 300

5.1 Setup 301

Dataset We evaluate our method on the Unseen- 302

TimeQA benchmark (Uddin et al., 2025). The tasks 303

are categorized into three distinct difficulty levels: 304

Easy, Medium, and Hard. Since advanced LLMs 305
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Model Serial Parallel

Static-Time Relative-Time Hypothetical-Time Average Static-Time Relative-Time Hypothetical-Time Average

Gemma-2-27B 13.00 (1.85) 14.66 (0.66) 17.77 (0.77) 15.14 12.99 (1.20) 12.99 (2.90) 15.10 (2.34) 13.69
RASTeR - - - 35.5 - - - 39.1

Llama-3.1-70B 41.50 (1.64) 40.00 (0.47) 33.66 (0.94) 38.38 42.50 (2.12) 36.16 (2.12) 40.33 (0.94) 39.66
GPT-4o 57.11 (1.57) 47.44 (2.87) 44.77 (3.01) 49.77 47.33 (2.60) 39.11 (2.98) 42.11 (1.83) 42.85

DeepSeek-V3 46.56 (2.22) 41.33 (1.19) 40.11 (1.40) 42.67 59.78 (3.03) 57.11 (2.47) 58.44 (3.24) 58.44

Ours w/ DeepSeek-V3 92.00 (1.70) 72.67 (3.14) 70.36 (1.57) 78.34 85.44 (1.93) 75.56 (1.13) 69.78 (2.94) 77.93
Ours w/ GPT-4.1 90.00 (1.24) 83.00 (2.38) 87.00 (1.11) 86.67 88.33 (0.87) 84.33 (1.17) 86.33 (1.85) 86.33

Human 100 93.33 86.66 93.33 93.33 86.66 73.33 84.44

Table 1: Accuracy comparison on the UnseenTimeQA dataset under the Hard setting, with the best and second-best
results highlighted in bold and underline, respectively. Average results from three independent runs are reported,
with standard deviations in parentheses.

such as GPT-4o already achieve high accuracy (ex-306

ceeding 90%) on the Easy and Medium levels, we307

focus our experiments on the Hard setting. A de-308

tailed description of Hard setting dataset is pro-309

vided in Appendix A.310

Implementation Details We evaluate our frame-311

work using two primary LLM backbones:312

DeepSeek and GPT. For DeepSeek, we employ313

DeepSeek-R1 as the code generator and debugger314

in the Code Generation, while DeepSeek-V3 serves315

as the neural agent for natural language processing.316

For GPT, we utilize GPT-o3 for code generation317

and debugging, and GPT-4.1 as the neural agent318

for natural language processing. The selection of319

DeepSeek-R1 and GPT-o3 is based on their supe-320

rior code-specific capabilities.321

Baselines Baseline models include the most re-322

cent work, RASTeR (Schumacher et al., 2025), on323

this benchmark. For comparison, we also consider324

several LLMs, specifically Gemma-2-27B, Llama-325

3.1-70B, GPT-4o, and DeepSeek-V3—all of which326

employ chain-of-thought prompting for this task.327

Some of results are retrieved from (Uddin et al.,328

2025).329

5.2 Main Results330

Performance comparison on the UnseenTimeQA331

benchmark is presented in Table 1. We make sev-332

eral key observations.333

First, our experiments show that a single LLM334

utilizing chain-of-thought reasoning struggles to335

effectively solve the UnseenTimeQA problem. For336

example, both Llama-70B and the large-scale337

model DeepSeek-V3 achieve only 50% accuracy.338

While the RASTer method improves performance339

through context filtering, its results remain rela-340

tively low.341

In contrast, our proposed framework demon- 342

strates a significant advantage over all existing base- 343

lines. It achieves an average accuracy improvement 344

of 36.9% over the second-best method on the Serial 345

dataset, and 27.89% on the Parallel dataset. These 346

results confirm the efficacy of our framework in en- 347

hancing temporal reasoning capabilities. Notably, 348

our method even exceeds human-level performance 349

in certain scenarios, indicating that for complex 350

multi-step temporal reasoning, the logically sound 351

symbolic component can replace humans to per- 352

form stable and accurate reasoning. 353

Furthermore, the consistent performance gains 354

observed with both DeepSeek-V3 and GPT-4.1 as 355

inference backbone verify that our framework is ef- 356

fective across different underlying model architec- 357

tures. Finally, with the robust temporal reasoning 358

provided by the symbolic component, our method 359

maintains high accuracy (above 70%) consistently 360

across scenarios of varying difficulty. 361

5.3 Ablation Study 362

To evaluate the contribution of key components in 363

our framework, we conduct an ablation study using 364

several variants. Due to resource constraints, these 365

experiments are performed using DeepSeek-V3 as 366

the base model. The ablated methods are defined 367

as follows: 368

• w/o Neural: This variant removes all neural 369

components, resulting in a purely code-based 370

approach. Specifically, the model is prompted 371

to generate executable code that directly out- 372

puts the answer. 373

• w/o Symbolic: This variant removes all 374

symbolic components, resulting in a purely 375

neural-based method. The model is directly 376

prompted to solve the question using the pro- 377

vided context and rules. To ensure a fair com- 378
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Variants Serial Parallel

Static-Time Relative-Time Hypothetical-Time Average Static-Time Relative-Time Hypothetical-Time Average

w/o Neural 31.33(2.09) 26.00(1.46) 26.67 (3.89) 28.00 23.00 (3.27) 28.33 (3.40) 20.67 (2.36) 24.00
w/o Symbolic 46.44(1.49) 39.33(2.62) 34.11(2.19) 39.96 56.89 (1.59) 52.67 (1.19) 50.56 (3.71) 53.37

w/o Case-verification 92.00 (1.70) 72.67 (3.14) 70.36 (1.57) 78.34 77.33 (3.14) 65.44 (3.94) 22.77 (2.04) 55.18

Ours 92.00 (1.70) 72.67 (3.14) 70.36 (1.57) 78.34 85.44 (1.93) 75.56 (1.13) 69.78 (2.94) 77.93

Table 2: Results of the ablation study evaluating key components of our framework, using DeepSeek-V3 as
backbone.

parison, we employ few-shot prompting with379

the same number of annotated cases used in380

the validation set of our framework.381

• w/o Case-verification: This variant removes382

the case-verification mechanism from our383

framework while retaining all other compo-384

nents.385

The ablation results are presented in Table 2. The386

“w/o Neural” model achieves an accuracy of only387

around 20%. This demonstrates that in complex388

scenarios, prompting the model to generate exe-389

cutable code for direct problem-solving is ineffec-390

tive. The model often fails to produce syntactically391

or logically correct code.392

The results for the “w/o Symbolic” model indi-393

cate that incorporating few-shot prompting does394

not enhance reasoning performance; in fact, it per-395

forms worse than zero-shot chain-of-thought rea-396

soning (see Table 1). A possible reason is that397

the original input context is already substantial.398

Since each demonstration itself contains a lengthy399

token sequence, adding multiple demonstrations400

further extends the context. This increased length401

heightens the risk of event forgetting, ultimately402

degrading performance.403

“w/o Case-verification” achieves strong perfor-404

mance in Serial scenarios, matching the results of405

our full method. This is because the underlying log-406

ical rules in Serial scenarios are relatively straight-407

forward, allowing the model to frequently generate408

correct code in a single attempt that satisfies all409

validation cases. However, as the complexity in-410

creases in Parallel scenarios, the performance of411

this variant declines significantly. This sharp drop412

underscores the critical role of the case-verification413

mechanism, which becomes essential for ensuring414

high-quality code generation.415

5.4 Impact of Case-Verification416

To study the effectiveness of the case-verification417

mechanism, which iteratively refines the generated418

code, we measured the performance of the code 419

produced in each round on the validation set. The 420

accuracy of output timeline (measured on event 421

level) was used as the evaluation metric, with the 422

results shown in Figure 3. 423

2 4 6 8 10 12 14 16
Rounds

0.0

0.2

0.4

0.6

0.8
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A
cc
ur
ac
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Parallel
Serial

Figure 3: Timeline accuracy over successive case-
verification iterations for the Parallel and Serial datasets.

As shown in Figure 3, the model successfully 424

generates code that passes all validation cases in 425

a single iteration for Serial rules. In contrast, for 426

the more complex Parallel rules, the initial code 427

passes only a small fraction of cases. This disparity 428

suggests that complex logical structures require 429

further refinement. 430

Furthermore, the accuracy of the generated code 431

fluctuates during the initial debugging phases (from 432

the first to the 12-th iteration) before demonstrating 433

a clear upward trend. Through this iterative process, 434

the model eventually produces a logical representa- 435

tion that matches all validation cases, proving the 436

efficacy of our case-verification mechanism. 437

5.5 Impact of Different Validation Cases 438

As discussed, the case-verification mechanism is 439

crucial for the performance of our framework on 440

the Parallel dataset. While we used a manually 441

constructed validation set to refine the generated 442

code, such careful curation may not be feasible 443

in all real-world scenarios. To assess robustness 444

under less controlled conditions, we conducted an 445

additional evaluation using validation cases ran- 446
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domly selected from the dataset, with the tempera-447

ture constraint of the code generator disabled. We448

report the performance of the generated code using449

the DeepSeek-V3 backbone on the Parallel dataset,450

with results detailed in Table 3.451

Static-Time Relative-Time Hypothetical-Time Average

Random 1 82.67 72.67 76.67 77.34
Random 2 85.67 73.33 76.67 78.56
Random 3 83.00 73.33 74.33 76.89

Manual 85.44 75.56 69.78 77.93

Table 3: Performance evaluation (i.e., accuracy) using
different validation case sets on the Parallel dataset.

As shown in Table 3, three randomly selected452

validation sets also yield comparable performance453

with manual selected cases. These results demon-454

strate that our framework remains effective even455

when validation cases are chosen at random.456

5.6 Error Analysis457

To better understand the performance improve-458

ments of our framework, we conducted an exten-459

sive error analysis comparing our method with a460

pure neural-based baseline (directly prompting an461

LLM for chain-of-thought reasoning) on the Par-462

allel dataset, using DeepSeek-V3 as the backbone463

model. Specifically, we randomly sampled 60 er-464

roneous cases from all errors made by the baseline465

DeepSeek-V3 method and performed manual er-466

ror classification. The errors were categorized into467

three primary types: event forgetting, rule misun-468

derstanding, and hallucination. The distribution of469

cases across these error types is presented in Figure470

4.471

Event Forget Rule Misunderstand Hallucination
Error Type

0

10

20

30

C
ou

nt

24

31

54

10

0

Deepseek-v3
Ours w/Deepseek-v3

Figure 4: Error distribution comparison between the
baseline DeepSeek-V3 model and our framework.

As shown in Figure 4, rule misunderstanding472

constitutes the most frequent error type, highlight-473

ing a persistent bottleneck in the model’s ability to474

understand complex temporal logic. Event forget- 475

ting is the second most common issue, indicating 476

challenges in maintaining consistent reasoning over 477

long event sequences. Notably, hallucination oc- 478

curs infrequently, appearing in only 5 of the 60 479

sampled cases. Critically, our framework demon- 480

strates substantial error reduction across all three 481

categories. This indicates that the same underlying 482

model, when equipped with the symbolic compo- 483

nent, can effectively overcome these core reasoning 484

limitations. 485

To investigate the remaining performance bottle- 486

necks, we conducted an error analysis on our frame- 487

work’s failures. From all incorrect predictions, we 488

randomly sampled 86 cases for manual inspection. 489

These errors were categorized into three main types: 490

parsing errors, reasoning errors and answer errors. 491

The breakdown is as follows: parsing errors consti- 492

tute 51.16% of the total, reasoning errors account 493

for 46.51%, and answer errors represent the remain- 494

ing 2.33%. 495

Parsing errors constitute the most prevalent fail- 496

ure mode in our framework, representing 51.16% 497

of all erroneous cases. This type of error occurs 498

when the parser neural agent fails to produce a valid 499

structured output (e.g., returning None), which im- 500

mediately halts the entire reasoning pipeline. These 501

failures can stem from various sources, such as net- 502

work request issues or malformed output genera- 503

tion, reflecting inherent limitations in the reliability 504

of neural agents. 505

Reasoning errors represent the second most 506

common failure type in our framework. These 507

errors occur when the neural agent successfully 508

parses and outputs valid data, but the timeline sub- 509

sequently generated by the code deviates from the 510

ground truth. We analyze this category below with 511

a representative example (see Figure 5). 512

Figure 5: A case of reasoning error.

In this case, the final answer is consistent with 513

7



the output timeline, yet differ from the ground truth.514

The discrepancy arises because the timeline pro-515

duced by the generated code is incorrect. Specifi-516

cally, in the correct timeline, the unloading opera-517

tion should have been completed by the given times-518

tamp. This type of error originates from partial519

logical flaws in the generated code. Since natural520

language descriptions of rules cannot exhaustively521

cover every detail, and the validation cases used in522

the case-verification mechanism cannot guarantee523

full coverage of all branching scenarios, the code524

fails to accurately capture the rules for some edge525

cases. However, this type of error is addressable:526

by analyzing failure cases, selecting representative527

misclassified samples, and adding them to the vali-528

dation set, the corresponding code can be refined529

through further iterations of the case-verification530

process.531

Answer errors are the least frequent failure type.532

As shown in Figure 6, their defining characteris-533

tic is that the code generates a correct timeline,534

yet the final answer produced by the neural an-535

swerer agent—based on this timeline—is wrong.536

The cause of such errors is relatively specific, pri-537

marily stemming from the answerer agent’s failure538

to correctly locate or interpret the required infor-539

mation within the timeline.

Figure 6: A case of answer error.

540

In summary, parsing errors and answer errors541

together account for approximately 53% of all fail-542

ures, both stemming from the inherent instability543

in the neural agent’s generation process. This rep-544

resents the primary performance bottleneck of our545

current framework. In contrast, the reasoning er-546

rors, which constitute 46.51% of cases, are more547

tractable and can be effectively addressed by ex-548

panding the validation case set to cover a wider549

range of cases.550

5.7 Inference Cost Comparison551

To evaluate the runtime efficiency of our method,552

we measured the average execution time and token553

consumption per sample on the Parallel dataset. 554

The results are summarized in Table 4. 555

As the data indicate, our framework incurs a 556

modest increase in inference time and token us- 557

age compared to a single-pass LLM method. This 558

overhead stems from the multiple calls to neural 559

agents required for different subtasks within our 560

pipeline. In comparison to the deep-thinking model 561

DeepSeek-R1, our approach demonstrates signifi- 562

cantly lower costs in both execution time and token 563

consumption. 564

Model Question type Times(s) Tokens

DeepSeek-v3
Static 21.76 1976.7

Relative 18.29 1935.8
Hypothetical 23.44 1982.8

Ours w/ DeepSeek-v3
Static 94.04 6944.9

Relative 88.17 7488.7
Hypothetical 88.74 7346.8

GPT 4.1
Static 13.41 2245.6

Relative 22.11 2181.6
Hypothetical 23.31 2543.5

Ours w/ GPT 4.1
Static 39.86 6761.0

Relative 41.02 7373.6
Hypothetical 37.16 6868.6

DeepSeek-R1
Static 645.45 18181.8

Relative 626.37 16216.2
Hypothetical 997.06 24537.6

Table 4: Average inference time and token consumption
per sample on the Parallel dataset across different meth-
ods.

6 Conclusion 565

In this paper, we introduce NSMATeR, a neuro- 566

symbolic multi-agent framework to address the Un- 567

seenTimeQA problem. Our approach harnesses 568

the code generation capabilities of large language 569

models (LLMs) to transform complex temporal 570

reasoning steps into executable code. To ensure 571

the robustness of the generated code, we further 572

propose a case-verification mechanism that itera- 573

tively refines the code using few annotated cases. 574

Through extensive experiments, we demonstrate 575

that our framework significantly outperforms av- 576

danced models like DeepSeek-V3 and GPT-4o up 577

to 27.89% accuracy. Ablation study result validate 578

the effectiveness of each core module within our ar- 579

chitecture and underscore the advantage of integrat- 580

ing symbolic reasoning with neural language un- 581

derstanding for complex temporal reasoning tasks. 582
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7 Limitation583

Our framework has only been tested on the Unseen-584

TimeQA task, future research can extend its appli-585

cation to other reasoning tasks with complex rules.586

Furthermore, although our framework has signifi-587

cantly improved reasoning accuracy, the overhead588

incurred by invoking multiple agents has increased589

the overall inference cost.590
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A Dataset details701

Within the Hard setting, there are two subsets: Se-702

rial and Parallel. In the Serial subset, all events703

occur sequentially. In the Parallel subset, events704

may occur concurrently, as permitted by the prede-705

fined scheduling rules. Questions in both subsets706

are further divided into three types: (1) Static-Time:707

The question refers to a fixed, absolute time point708

(e.g., “Where is the package p1 at 12:23 AM?”);709

(2) Relative-Time: The question refers to a time710

point relative to another event (e.g., “Where is711

the package p3 5 hours before 03:41 PM?”); (3)712

Hypothetical-Time: The question involves a hy-713

pothetical change to the schedule (e.g., “If flying714

airplane a0 from location l2_0 to location l1_0 is715

delayed by 78 minutes, where is the package p2716

at 09:02 PM?”). The dataset statistics are summa-717

rized in Table 5.

Dataset Q-Type Number of Samples Number of Events (Avg)

Serial
Static 900 26.93

Relative 900 26.72
Hypothetica 900 26.56

Parallel
Static 900 26.41

Relative 900 26.38
Hypothetica 900 26.51

Table 5: Statistic of UnseenTimeQA dataset under the
Hard setting.

718

B Prompts for the Parser719

We show our prompts for parser agent in Figure 7720

and Figure 8721

C Prompts for the Code generator and722

Debugger723

We show our prompts for coder generator in Figure724

9. The prompts utilized in the debugger module725

are presented in Figure 10726

D Prompts for the Answerer727

The prompts utilized in the answerer module are728

presented in Figure 11 and 12729

10



Figure 7: Prompt for events parser

Figure 8: Prompt for question parser

Figure 9: Prompt for coder generator

Figure 10: Prompt for debugger

Figure 11: Prompt for absolute time conversion

Figure 12: Prompt for answer question
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