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001

Abstract002

As LLMs are increasingly integrated into agen-003
tic systems, they must adhere to dynamically004
defined, machine-interpretable interfaces. We005
evaluate LLMs as in-context interpreters: given006
a novel context-free grammar, can LLMs gener-007
ate syntactically valid, behaviorally functional,008
and semantically faithful outputs? We intro-009
duce ROBOGRID, a framework that disentan-010
gles syntax, behavior, and semantics through011
controlled stress-tests of recursion depth, ex-012
pression complexity, and surface styles. Our ex-013
periments reveal a consistent hierarchical degra-014
dation: LLMs often maintain surface syntax015
but fail to preserve structural semantics. De-016
spite the partial mitigation provided by CoT rea-017
soning, performance collapses under structural018
density, specifically deep recursion and high019
branching, with semantic alignment vanishing020
at extreme depths. Furthermore, "Alien" lexi-021
cons reveal that LLMs rely on semantic boot-022
strapping from keywords rather than pure sym-023
bolic induction. These findings pinpoint critical024
gaps in hierarchical state-tracking required for025
reliable, grammar-agnostic agents.026

1 Introduction027

Large language models (LLMs) are increasingly028

deployed as autonomous agents that interact029

with their environment through tool-calling (Yao030

et al., 2022), API orchestration (Hou et al.,031

2025), and the generation of domain-specific lan-032

guages (Mazrouei, 2025). In these agentic work-033

flows, the LLM’s output must conform to rigid,034

machine-interpretable interfaces (Shorten et al.,035

2024), such as JSON schemas or function signa-036

tures defined dynamically within the prompt (Geng037

et al., 2025). This practical requirement implic-038

itly asks LLMs to function as in-context gram-039

Code and evaluation framework will be made publicly
available upon publication.

mar interpreters: given a novel context-free gram- 040

mar (CFG) (Chomsky and Schützenberger, 1959) 041

specification at inference time, can a LLM produce 042

outputs that are syntactically valid, behaviorally 043

functional, and semantically faithful? 044

While LLMs show apparent fluency in common 045

languages like Python (Jain et al., 2024), much of 046

this competence may be attributable to extensive 047

pre-training exposure (Liang et al., 2025). This 048

raises a fundamental challenge for agentic reliabil- 049

ity: do LLMs truly internalize the formal logic of 050

a provided grammar, or are they merely retrieving 051

surface regularities from memory? In real-world 052

tool-use, "almost correct" is insufficient (Yehudai 053

et al., 2025). A single missing delimiter or a logical 054

misalignment in a nested loop can lead to catas- 055

trophic execution failure (Dou et al., 2024). To 056

build robust agents, we must understand the LLM’s 057

capacity for systematic generalization: the abil- 058

ity to induce and apply structural rules from novel, 059

in-context definitions without relying on familiar 060

semantic cues. 061

To rigorously investigate this, we propose a con- 062

trolled evaluation hierarchy that disentangles gram- 063

mar interpretation into three distinct layers: (1) 064

Syntax Validity: Does the output conform to the 065

CFG production rules? (2) Behavioral Equiva- 066

lence: Does the executed program achieve the in- 067

tended state change? (3) Semantic Correctness: 068

Is the induced abstract syntax tree (AST) struc- 069

turally identical to the ground-truth logic? This 070

decomposition enables a fine-grained diagnosis of 071

failure modes: whether a LLM fails due to syn- 072

tactic fragility, planning errors, or a reliance on 073

semantic anchors. 074

We operationalize this hierarchy through three 075

tasks: grammaticality judgment, goal-conditioned 076

generation, and instruction-to-code generation, con- 077

ducted within ROBOGRID. ROBOGRID is a de- 078

terministic grid-world environment designed to 079

provide unambiguous execution semantics and a 080
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Figure 1: Architecture of the evaluation framework. It illustrates the transition from controllable synthesis of novel
grammars to the hierarchical assessment of LLMs’ in-context interpretation capability.

clear mapping between code and behavior, fol-081

lowing recent trends in utilizing synthetic envi-082

ronments for precise behavioral evaluation (Yang083

et al., 2025b). Our framework supports system-084

atic stress-testing across recursion depth, expres-085

sion complexity, and surface realizations. Notably,086

we introduce "Alien" lexicons, which replace fa-087

miliar keywords with opaque tokens, to force the088

LLM to rely exclusively on the provided grammar,089

thereby isolating pure symbolic reasoning from090

semantic priors.091

Through systematic experiments, we find that092

LLMs exhibit a consistent hierarchical degradation093

in grammar interpretation, where syntactic validity094

does not guarantee behavioral or semantic correct-095

ness under complex constraints. Specifically, even096

the strongest LLMs struggle with structural align-097

ment, showing a significant gap between surface098

parsing and logical execution. Furthermore, our ab-099

lations reveal that performance is highly sensitive100

to recursion depth and lexical familiarity. Sharp101

non-linear decay occurs as depth increases, consis-102

tent with findings on the limitations of LLMs in103

maintaining deep reasoning chains (Rodkin et al.,104

2025). The sharp decline in performance when us-105

ing Alien tokens further indicates that LLMs strug-106

gle with pure symbolic induction once stripped of107

familiar lexical priors.108

In summary, our contributions are as follows:109

• We develop ROBOGRID, a diagnostic bench-110

mark that utilizes a three-layer evaluation hi-111

erarchy (Syntax, Behavior, Semantics) to lo-112

calize failures in structural reasoning.113

• We formalize the task of in-context grammar114

interpretation for LLMs, shifting the evalu-115

ation focus from surface pattern matching to116

formal rule induction.117

• We characterize the operational limits of 118

SOTA LLMs, revealing a massive gap be- 119

tween syntactic adherence and semantic 120

alignment. While LLMs may follow formal 121

rules at the surface level, their ability to main- 122

tain logical fidelity collapses as complexity 123

increases, exposing a heavy reliance on se- 124

mantic priors rather than pure symbolic induc- 125

tion. 126

2 Preliminaries 127

2.1 ROBOGRID Environment 128

ROBOGRID is a deterministic grid-world designed 129

to decouple a LLM’s understanding of task logic 130

from its adherence to formal syntax. In this en- 131

vironment, a robot navigates the grid to pick up 132

objects which are then stored in its inventory. The 133

robot maintains a state (x, y, facing, inventory), 134

representing its 2D coordinates, orientation, and 135

the collection of held items respectively. The in- 136

struction set is as follows: 137

138
Move(dir, n) #forward/backward n steps 139
Turn(dir) #left/right 90 deg 140
Grab(item) #pick up item|key|box 141
Loop(n, body) #repeat body n times 142
If(cond, then, else?) #conditional branch 143
Holding(item) #state-query predicates 144
And | Or | Not #logical operators 145146

2.2 Grammar Specification via EBNF 147

To interact with ROBOGRID, LLMs must gener- 148

ate code conforming to a specific CFG provided in 149

the prompt. We specify these grammars using Ex- 150

tended Backus-Naur Form (EBNF) (McCracken 151

and Reilly, 2003). A representative EBNF snippet 152

for ROBOGRID is shown below: 153
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Category Parameter Conf. Space Evaluation Purpose

RECURSION
Max Nesting Depth (D) {2, . . . , 20} Probes hierarchical state tracking horizon
Else-Branch Prob. (p) [0.0, 1.0] Modulates control flow branching density

EXPRESSION Expression Depth (E) {1, 2, 3} Controls nested arithmetic and boolean predicates

SURFACE
Syntactic Style {Block, C-style, S-expr} Tests robustness to structural delimiters
Lexical Familiarity {Natural, Alien} Isolates syntactic reasoning from semantic priors

Table 1: Controllable parameters for procedural data generation. By systematically varying these dimensions
(D, p,E), we isolate specific aspects of grammar interpretation capability.

start: stmt+
stmt: action_stmt | loop | if_stmt

action_stmt: DO action END
loop: LOOP INT TIMES LBR stmt+ RBR
if_stmt: IF cond THEN LBR stmt+ RBR (ELSE LBR

stmt+ RBR)?

action: MOVE MOVE_DIR INT? | TURN TURN_DIR |
GRAB ITEM

cond: HOLDING ITEM

DO: "exec" END: "end"
LOOP: "loop" TIMES: "times"
IF: "when" THEN: "after"
LBR: "[" RBR: "]"

154

This EBNF defines the legal hierarchical structure155

of the language. Specifically, it specifies:156

• Recursive Composition: The stmt non-157

terminal expands into actions, loops, or con-158

ditionals, where loop and if_stmt can recur-159

sively contain stmt+ to enable nesting.160

• Explicit Delimiters: Actions are wrapped by161

DO/END and control blocks by LBR/RBR, provid-162

ing anchors for tracking recursion levels.163

• Dynamic Terminals: Bottom-level mappings164

(e.g., LOOP: "loop") define the lexicon.165

By substituting terminals, e.g., replacing "loop"166

with an opaque token like "v_xkqm", we decou-167

ple pure syntactic induction from semantic priors.168

This formalizes LLMs as in-context interpreters,169

where the EBNF acts as a dynamic protocol that170

LLMs must interpret on the fly.171

3 Controllable Data Generation172

To rigorously evaluate LLMs’ ability to induce173

novel CFGs, we developed a controllable gen-174

eration pipeline that disentangles structural com-175

plexity from surface representation. Unlike static176

benchmarks, our framework dynamically syn-177

thesizes instances by sweeping across a multi-178

dimensional configuration space (see Table 1).179

3.1 Structural Complexity: Recursion and 180

Expressions 181

The core difficulty of a CFG language lies in its 182

hierarchical depth. We control this via two primary 183

dimensions. 184

Hierarchical Depth The Max Nesting Depth (D) 185

limits the recursion level of control structures such 186

as Loop and If. This parameter probes the model’s 187

ability to maintain a deep stack of nested execution 188

states. We further modulate control-flow density 189

using Else-Branch Probability, which determines 190

the structural branching factor of the program. 191

Expression Complexity To decouple high-level 192

logic from local computation, we parameterize the 193

Expression Depth (E), which controls the nesting 194

level of arithmetic and boolean predicates. This 195

ensures that a LLM’s failure in deep recursion can 196

be distinguished from its inability to resolve com- 197

plex nested logic. By varying E, we isolate the 198

impact of local predicate resolution on the overall 199

program’s behavioral and semantic correctness. 200

3.2 Surface Realization: Styles and Lexicons 201

To isolate symbolic reasoning from the effects of 202

pre-training exposure, we vary the surface realiza- 203

tion of program through two key mechanisms. 204

Syntactic Style We implement three distinct for- 205

matting conventions: Block (verbose keywords 206

like do/end), C-style (braces {} and semicolons), 207

and S-expr (Lisp-like prefix notation). This varia- 208

tion tests whether LLMs are biased toward specific 209

structural delimiters inherited from common pro- 210

gramming languages. 211

Lexical Familiarity This is a critical control in 212

our framework. While Natural mode employs 213

standard keywords (e.g., loop), Alien mode maps 214

all grammar terminals to randomized, opaque to- 215

kens (e.g., v_xkqm). This Alien setting necessi- 216

tates pure in-context induction, as the LLM cannot 217
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Algorithm 1 Controllable Grammar and Program
Generation
Require: Styles S , LexiconsL, Max depth Dmax, Max block

size Bmax, Else-prob pe
Ensure: Grammar G, Code y, AST T

1: function GENERATEINSTANCE
2: s ∼ S, ℓ ∼ L ▷ Sample style and lexicon
3: K ← MAPLEXICON(ℓ)
4: G ← BUILDGRAMMAR(s,K)
5: T ← SAMPLENODE(d = 0)
6: y ← LINEARIZE(T, s,K)
7: return (G, y, T )
8: end function

9: function SAMPLENODE(d)
10: if d ≥ Dmax then
11: return SAMPLEACTION ▷ Base case: leaf node
12: end if
13: t ∼ Categorical({Act, Loop, If})
14: if t = Act then
15: return SAMPLEACTION
16: else if t = Loop then
17: e← SAMPLEEXPR(d)
18: B ← SAMPLEBLOCK(d+ 1)
19: return Node(Loop, e,B)
20: else if t = If then
21: c← SAMPLECOND(d)
22: Tb ← SAMPLEBLOCK(d+ 1)
23: Eb ← Bernoulli(pe)?SAMPLEBLOCK(d + 1) :

None
24: return Node(If, c, Tb, Eb)
25: end if
26: end function

27: function SAMPLEBLOCK(d)
28: n ∼ Uniform(1, Bmax) ▷ Number of statements
29: return [SAMPLENODE(d) for i = 1 . . . n]
30: end function

leverage semantic priors to infer the function of a218

command, forcing a reliance on the provided EBNF219

specification.220

3.3 Synthesis Procedure221

Algorithm 1 formalizes the generation process. The222

pipeline first samples a grammar variant G by bind-223

ing a syntactic style to a lexicon. It then performs a224

constrained recursive walk to construct a valid AST225

within the specified depth limits. Finally, the AST226

is linearized into a code string y according to the227

chosen style and mapping. This ensures that every228

generated instance is guaranteed to be syntactically229

valid and possesses a deterministic execution trace.230

4 Evaluation Framework231

To rigorously assess LLMs as in-context grammar232

interpreters, we propose a diagnostic framework233

that disentangles the multi-faceted process of gram-234

mar induction. Our framework combines three235

progressively difficult tasks with a three-layered236

hierarchy of evaluation metrics.237

4.1 Task Definitions 238

We design three tasks to evaluate the LLM’s abil- 239

ity to recognize, plan, and implement logic under 240

a novel grammar G provided in the prompt. De- 241

tailed examples of each task are provided in Ap- 242

pendix A.2. 243

Task 1: Grammaticality Judgment This task 244

probes the LLM’s capacity for syntactic recogni- 245

tion. Given G and a candidate string s, the LLM 246

must classify it as VALID or INVALID. We construct 247

the test set with a balanced distribution of valid 248

programs and strings containing various perturba- 249

tions (e.g., delimiter mismatches, illegal nesting, or 250

lexical violations). This task isolates pure syntactic 251

induction from semantic-related reasoning. 252

Task 2: Goal-Conditioned Generation This 253

task evaluates behavioral planning under syntactic 254

constraints. Given G and a target environment state 255

g (e.g., the robot’s final coordinates and inventory), 256

the LLM must synthesize a program ŷ that reaches 257

g. This assesses whether the LLM can map ab- 258

stract goals to the provided EBNF primitives, even 259

if the synthesized program structure differs from 260

ground-truth solution. 261

Task 3: Instruction-to-Code Generation The 262

most demanding task, requiring procedural align- 263

ment. Given G and a natural language instruction x 264

(e.g., "Move forward 3 steps, then repeat the grab 265

action twice"), the LLM must generate code ŷ that 266

faithfully implements the specified logic. To ensure 267

a precise mapping between instructions and ground- 268

truth code, these natural language descriptions are 269

deterministically synthesized using templates cor- 270

responding to the underlying AST structure. This 271

requires the LLM to map the hierarchical structure 272

of natural language to the nested syntax of G while 273

maintaining semantic fidelity. 274

4.2 Evaluation Metrics 275

We evaluate performance across the tasks using a 276

hierarchy of three metrics. 277

Syntax Validity Rate (SVR) SVR measures the 278

proportion of LLM’s outputs that conform to the 279

production rules of G. For Task 1, SVR is the 280

classification accuracy of the judgment. For Tasks 281

2 and 3, it is defined as the parseable rate: 282

SVR = E[1{parse(ŷ,G) ̸= error}]. (1) 283

where ŷ denotes the program string synthesized 284

by LLM. The parse(·) function is implemented via 285
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Lark library, which provides a standard parser to286

validate ŷ against G.287

Behavioral Equivalence Rate (BER) Applied to288

Tasks 2 and 3, BER measures the ratio of generated289

programs that, when executed from an initial state290

s0, result in a final environment state identical to291

the ground truth:292

BER = E[1{exec(ŷ, s0) = exec(y∗, s0)}]. (2)293

Here, y∗ represents the ground-truth program, and294

exec(·, s0) denotes a deterministic execution func-295

tion that maps a program and an initial environment296

state s0 to a final state. This metric captures func-297

tional correctness, rewarding any valid program ŷ298

that achieves the intended outcome regardless of299

its internal implementation.300

Semantic Correctness Rate (SCR) The strictest301

metric, primarily utilized for Task 3. SCR measures302

whether the induced AST of the generated output303

is structurally identical to the ground-truth AST:304

SCR = E[1{AST(ŷ) = AST(y∗)}]. (3)305

SCR ensures that a LLM has correctly internalized306

the hierarchical logic and structural intent defined307

by the grammar, precluding "semantic shortcuts"308

where a LLM reaches the correct state through an309

incorrect execution path.310

By construction, these metrics follow a strict311

containment: SCR ≤ BER ≤ SVR. This allows312

us to localize exactly where the LLM’s reasoning313

fails—whether at the level of surface syntax, func-314

tional execution, or structural semantics.315

We further define the conditional metrics as316

CBER = BER/SVR and CSCR = SCR/SVR.317

These scores isolate the LLM’s logical and struc-318

tural performance from its basic syntactic profi-319

ciency, revealing its reasoning quality specifically320

on validly formatted outputs.321

5 Experimental Results and Findings322

We conduct a comprehensive evaluation of LLMs323

on ROBOGRID to assess their ability to handle324

recursive syntax and semantic constraints.325

5.1 Main Experiments326

We evaluate LLMs across three progressively dif-327

ficult tasks: Grammaticality Judgment, which328

tests syntactic recognition; Goal-Conditioned329

Generation, which assesses behavioral planning330

under constraints; and Instruction-to-Code Gen- 331

eration, which requires full alignment across syn- 332

tax, behavior, and semantics. 333

Configurations. We establish a high-difficulty 334

benchmark with 200 distinct samples per task, 335

fixing a recursion depth of D = 10 and a 0- 336

shot Chain of Thought (CoT) (Wei et al., 2022) 337

prompting strategy. To isolate symbolic rea- 338

soning from semantic memorization, we utilize 339

the block syntactic style paired with an Alien 340

lexicon, where all functional keywords are re- 341

placed by opaque tokens. We evaluate a di- 342

verse suite of LLMs, including the Qwen3 fam- 343

ily (8B, 32B, 235B) (Yang et al., 2025a), rea- 344

soning LLMs (DeepSeek-V3.2 (Team, 2025a), 345

Mimo-V2-flash (Xiaomi, 2025), GLM4.7 (Team, 346

2025b), MiniMax M2.1) (Team, 2025c), and the 347

GPT-5 series (OpenAI, 2025). 348

Results and Analysis. As reported in Table 2, 349

performance consistently follows a hierarchical 350

degradation of SCR < BER < SVR, highlight- 351

ing the challenge of maintaining structural fidelity 352

under deep recursion. Three prominent findings 353

emerge: (1) Model Scale vs. Task Consistency: 354

Increased model scale does not consistently trans- 355

late to better structural alignment. For instance, 356

GPT-5-mini significantly outperforms the larger 357

GPT-5.2 in Task 2 BER (90.0% vs. 60.0%). (2) 358

Syntactic Mastery vs. Logical Fidelity: The con- 359

ditional metrics CBER and CSCR reveal that syn- 360

tax is a necessary but insufficient condition for 361

correctness. Notably, DeepSeek-V3.2 maintains a 362

high Task 3 CBER (87.6%), whereas GPT-5-mini 363

exhibits a severe semantic collapse with a CSCR of 364

only 9.23% despite its high SVR. (3) Functional 365

Heuristics vs. Structural Alignment: The sharp 366

drop in CSCR across all models under the Alien 367

lexicon suggests that without semantic anchors, 368

LLMs rely on surface-level workarounds rather 369

than pure symbolic state-tracking, failing to main- 370

tain a consistent mapping between nested instruc- 371

tions and recursive production rules. 372

5.2 Ablation Studies 373

To further isolate the factors governing in-context 374

grammar induction, we conduct a series of system- 375

atic ablations across the three dimensions defined 376

in Table 1. For these experiments, we focus on 377

the Instruction-to-Code Generation task as our pri- 378

mary testbed, as it requires the most comprehensive 379

alignment across syntax, behavior, and semantics. 380
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Model
Grammaticality Goal-Conditioned Instruction-to-Code

Judgment Generation Generation
SVR SVR BER CBER SVR BER SCR CBER CSCR

Open Source Models
Qwen3-8B 47.0 1.00 1.00 100 0.00 0.00 0.00 – –
Qwen3-32B 51.0 62.5 58.5 93.6 0.50 0.50 0.00 100 0.00
Qwen3-235B 92.0 96.0 76.5 79.7 40.0 34.5 19.0 86.3 47.5
Mimo-V2-flash 79.5 69.5 54.0 77.7 21.5 17.5 9.00 81.4 41.9
DeepSeek-V3.2 86.0 100 96.5 96.5 68.5 60.0 39.5 87.6 57.7
GLM4.7 65.0 74.5 68.5 91.9 44.5 38.5 24.5 86.5 55.1
MiniMax M2.1 41.0 91.5 85.5 93.4 8.50 6.00 2.50 70.6 29.4
Closed Source Models
GPT-5-nano 70.0 76.5 71.5 93.5 9.50 1.50 0.00 15.8 0.00
GPT-5-mini 83.5 100 90.0 90.0 65.0 60.5 6.00 93.1 9.23
GPT-5.2 75.0 95.5 60.0 62.8 38.0 16.0 10.0 42.1 26.3

Table 2: Main results under the Alien Lexicon setting at Depth 10. All metrics are reported in percentage (%). Bold
indicates the best performance per column.

Dimension Configuration SVR BER SCR

Baseline Standard 21.5 17.5 9.00

Control Flow
Density (p)

No Else (p = 0.0) 24.5 22.5 15.0
All Else (p = 1.0) 13.0 11.5 8.50

Expression
Complexity

Shallow (E = 1) 22.5 20.0 10.5
Deep (E = 3) 16.5 14.0 4.00

Syntactic Style
C-style 19.5 16.0 6.50
S-expr 16.0 13.5 4.50

Lexical Fam. Natural 24.5 21.5 10.5

Table 3: Ablation results on Mimo-V2-flash (D = 10,
0-shot CoT). All metrics are in %. E denotes Expres-
sion Depth and p denotes Else-branch probability. The
Standard baseline uses Block style with Alien lexicon,
E = 2, and p = 0.5.

We employ Mimo-V2-flash as the representative381

model for ablation experiments.382

Hierarchical Depth and Recursive Scaling The383

recursive nature of CFGs poses a significant chal-384

lenge for hierarchical state-tracking. By evalu-385

ating LLMs across Max Nesting Depths (D ∈386

{2, 5, 10, 15, 20}), we observe a sharp, non-linear387

decay across all metrics (Figure 2). At D = 2, the388

model achieves a moderate SVR of 42.0% and an389

SCR of 39.0%, indicating relatively stable struc-390

tural alignment at shallow levels. However, as the391

depth increases to 20, SVR drops to 10.0%, while392

SCR nearly vanishes at 0.50%. This widening gap393

between syntax and semantics, where the CSCR394

falls from 92.8% to a negligible 5.0%, suggests395

that while LLMs can occasionally produce locally396

parseable code at high depths, they almost entirely397

lose the global state-tracking required to faithfully398

Figure 2: Impact of recursion depth on model perfor-
mance under the Alien lexicon.

implement the intended hierarchical logic. 399

This structural collapse is further exacerbated 400

by the Else-Branch Probability (p). As shown in 401

Table 3, forcing p = 1.0 causes SVR to plunge 402

to 13.0%, a nearly 40% reduction compared to 403

the baseline. In contrast, removing else-branches 404

(p = 0.0) restores SCR to 15.0%. This confirms 405

that tracking multiple execution paths significantly 406

exhausts the LLM’s capacity to maintain the cur- 407

rent context. As the density of these branches in- 408

creases, the model often fails to track the active 409

scope, resulting in incomplete control blocks or the 410

premature termination of nested structures. 411

Predicate Complexity and Logic Resolution 412

Beyond the global structure, the complexity of 413

nested predicates within control flow serves as a 414

critical bottleneck. By modulating the Expression 415

Depth (E), we find that BER and SCR are more 416

sensitive than SVR. As shown in Table 3, increas- 417

ing the complexity from the baseline (E = 2) to 418
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Figure 3: Comparison of CoT and Direct generation
across recursion depths.

the deep setting (E = 3) causes SCR to drop by419

more than half, from 9.00% to 4.00%. Conversely,420

simplifying predicates to E = 1 improves SCR421

to 10.5% and BER to 20.0%. The fact that SVR422

remains relatively high (16.5%) even at E = 3 in-423

dicates that while LLMs can still generate syntacti-424

cally valid shells, they fail to resolve the underlying425

logical operations. This suggests that nested arith-426

metic and boolean predicates constitute a distinct427

reasoning hurdle that persists even when the model428

successfully adheres to the global grammar rules.429

Structural Delimiters and Lexical Priors The430

impact of surface realization reveals the extent to431

which LLMs rely on pre-training biases versus432

formal rules. As shown in Table 3, among the433

tested Syntactic Styles, the Block used in our base-434

line is the most robust, while C-style and S-expr435

lead to consistent performance drops. Specifically,436

switching to S-expr reduces SVR from 21.5% to437

16.0% and nearly halves the SCR to 4.50%. This438

suggests that without familiar semantic cues, the439

repetitive parentheses of S-expr become harder440

for the model to track than explicit keywords. A441

more profound effect is observed through Lexical442

Familiarity. Moving from the Alien baseline to443

the Natural lexicon improves SVR to 24.5% and444

BER to 21.5%. This performance gain confirms445

that LLMs employ semantic bootstrapping, leverag-446

ing familiar keywords like loop to guess behavior,447

rather than performing pure in-context induction448

from the provided EBNF specification.449

6 Diagnostic Analysis and Discussion450

6.1 Prompting Strategies and ICL Efficiency451

We evaluate the impact of different prompting con-452

figurations, specifically comparing zero-shot and453

Figure 4: Impact of few-shot examples on performance
at fixed recursion depth with CoT reasoning.

few-shot in-context learning (ICL) (Brown et al., 454

2020) both with and without CoT reasoning. 455

The Dominance of CoT in Novel CFGs. Fig- 456

ure 3 reveals that CoT is a critical factor for en- 457

abling LLMs to function as grammar interpreters. 458

In the direct (without CoT) setting, performance is 459

consistently abysmal across all depths, with SVR 460

rarely exceeding 10% and SCR dropping to near 461

zero even at shallow depths (D = 5). In stark 462

contrast, enabling CoT provides a massive perfor- 463

mance boost, lifting SVR at D = 2 from 9.5% to 464

42.0% with zero-shot setting. This suggests that the 465

external reasoning trace is a functional necessity 466

for the model to maintain the hierarchical state- 467

tracking required by EBNF production rules. 468

Diminishing Returns of Few-shot Prompting. 469

To isolate the impact of few-shot examples, we 470

analyze performance variations under the CoT set- 471

ting specifically at a fixed complexity of D = 10 472

(Figure 4). We observe diminishing returns as the 473

number of shots increases. Moving from 0-shot 474

(21.5% SVR, 9% SCR) to 1-shot actually results 475

in a performance dip (20.0% SVR, 6.0% SCR). 476

While 2-shot and 5-shot trials show minor recover- 477

ies in SVR (20.5% and 21.0% respectively), they 478

fail to consistently surpass the 0-shot baseline. This 479

indicates that while ICL might assist with surface- 480

level alignment in simpler tasks, for deep recursive 481

structures, additional examples do not provide a 482

clear reasoning advantage and may even introduce 483

distracting noise into the context window. 484

Universal Fragility at Depth. Regardless of the 485

prompting strategy, all configurations exhibit a 486

sharp performance decay as recursion depth in- 487

creases (Figure 3). Even with CoT, SCR plunges 488

from 39.0% at D = 2 to a negligible 0.5% at 489
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D = 20. This universal downward trend confirms490

that current LLMs remain fundamentally limited491

in their ability to maintain deep symbolic abstrac-492

tions, with neither CoT nor ICL fully mitigating the493

structural collapse at extreme hierarchical depths.494

6.2 Failure Mode and Case Studies495

To diagnose the operational limits of LLMs, we496

categorize the observed failures into a three-layered497

taxonomy, analyzing how reasoning chains break498

down at each level of the evaluation hierarchy. A499

detailed taxonomy and abstracted case studies for500

each category are provided in Appendix A.4.501

Syntactic Fragility Syntactic failures manifest502

as a fundamental breakdown in following formal503

production rules. LLMs frequently suffer from504

lexical mapping collapses, operator confusion,505

scoping violations, and delimiter imbalances, ex-506

posing LLMs’ struggle to maintain structural in-507

tegrity under strict symbolic constraints.508

Behavioral Misalignment Behavioral failures509

occur when predicted code is syntactically valid but510

fails to achieve the target. These typically manifest511

as logical predicate inversions or arithmetic sim-512

ulation collapses where mathematical expressions513

are miscalculated. we also observe a planning514

horizon collapse where LLMs prematurely termi-515

nate the execution flow after navigating sub-tasks,516

leaving the final actions unimplemented.517

Semantic Drift The most subtle failure mode518

is semantic drift, where the generated code is be-519

haviorally functional but semantically non-aligned.520

This is primarily driven by two phenomena: (1)521

AST flattening bias in arithmetic and boolean con-522

texts, where LLMs prematurely evaluate expres-523

sions into simplified results. (2) Autoregressive524

Echoing, where the model loses its position within525

deep nested sequences and redundantly duplicates526

entire logical blocks. These failures reveal that527

LLMs often prioritize simulative success over struc-528

tural fidelity, acting as independent executors rather529

than faithful in-context grammar interpreters.530

7 Related Work531

7.1 Computational Expressivity and532

Grammar Interpretation533

While Transformers with polynomial-length CoT534

theoretically possess the expressivity to recog-535

nize CFGs (Merrill and Sabharwal, 2023), poten-536

tially via attention heads simulating dynamic pro-537

gramming (Allen-Zhu and Li, 2023) or MLP neu- 538

rons tracking states (Zhang et al., 2025), a signif- 539

icant gap exists in practice. LLMs often struggle 540

with deep recursion (Schulz et al., 2025) and re- 541

vert to shallow heuristics over compositional pars- 542

ing (Petty et al., 2025), failing at explicit metalin- 543

guistic deduction from formal specifications (Liu 544

et al., 2025). These limitations suggest a reliance 545

on statistical pattern matching rather than abstract 546

rule internalization. We extend these insights by 547

using a 3-layered evaluation and Alien lexicons to 548

isolate pure symbolic induction from lexical priors. 549

7.2 Formal Constraint Enforcement 550

To bridge the gap between probabilistic genera- 551

tion and rigid machine interfaces, researchers have 552

developed enforcement frameworks that ensure 553

syntactic validity. Grammar-Constrained Decod- 554

ing (GCD) engines, such as XGrammar (Dong 555

et al., 2025), SynCode (Ugare et al., 2024), and 556

TreeCoder (Princis et al., 2025), use pushdown 557

automata to mask output distributions, while 558

Grammar-Aligned Decoding (Park et al., 2024) 559

aims to guarantee EBNF adherence without seman- 560

tic distortion. Complementarily, Rule-Following 561

Fine-Tuning (RFFT) methods (Hu et al., 2024, 562

2025) attempt to internalize these constraints by 563

shifting model behavior from pattern matching to- 564

ward deterministic symbolic execution. 565

8 Conclusion 566

In this work, we formalize the task of in-context 567

grammar interpretation, evaluating LLMs across 568

the three layers of syntax, behavior, and semantics. 569

Through our ROBOGRID framework, we demon- 570

strate that while SOTA LLMs can maintain surface 571

syntactic validity, they suffer from a severe syntax- 572

logic gap as structural density increases. Our find- 573

ings highlight that CoT reasoning is a functional 574

necessity for following formal rules, yet LLMs 575

remain heavily dependent on semantic bootstrap- 576

ping from familiar keywords. The rapid collapse 577

of semantic alignment under deep recursion and 578

high branching factors pinpoints a fundamental lim- 579

itation in current hierarchical state-tracking. Ulti- 580

mately, our results suggest that achieving reliable, 581

grammar-agnostic agents requires moving beyond 582

surface-level prompt engineering toward capabili- 583

ties of robust symbolic induction and reliable state- 584

tracking across dense hierarchical structures. 585
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Limitations586

Despite the insights provided by our evaluation587

hierarchy, this work has certain limitations that588

open avenues for future research.589

First, while ROBOGRID provides a deterministic590

and controllable environment for isolating struc-591

tural reasoning, it relies on template-synthesized592

instructions. In real-world agentic deployments,593

LLMs often encounter a complex interleaving of594

nuanced natural language and highly intricate struc-595

tured interfaces. The interplay between linguistic596

ambiguity and formal rigidity may introduce addi-597

tional failure modes. Future work will extend our598

framework to more heterogeneous environments599

to evaluate LLMs as in-context interpreters under600

open-domain constraints.601

Second, although our study exposes a massive602

gap between syntactic adherence and semantic603

alignment in novel grammars, we do not propose604

a specialized architecture or decoding strategy to605

bridge this divide. Current solutions often either606

rely on model-internal knowledge or sacrifice se-607

mantic flexibility for syntactic validity. Develop-608

ing a grammar-agnostic reasoning mechanism that609

maintains both structural integrity and logical fi-610

delity without over-reliance on semantic priors re-611

mains a critical challenge for the community.612

Ethics Statement613

All experiments in this work are conducted on fully614

synthetic datasets generated by predefined rules.615

These datasets do not correspond to real individuals616

or real-world text and therefore contain no person-617

ally identifiable information or offensive content.618

During the preparation of this manuscript, AI-619

assisted tools were used for minor tasks, including620

text polishing and code debugging.621
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A Appendix760

A.1 EBNF Examples761

A.1.1 Different Syntactic Styles762

We implement three distinct syntactic styles to eval-763

uate the LLMs’ sensitivity to structural delimiters764

and formatting conventions.765

The block style utilizes explicit, verbose key-766

words to demarcate action and control boundaries,767

providing clear anchor points for hierarchical pars-768

ing:769

770
start: stmt+771
action_stmt: DO action END772
loop: LOOP expr TIMES LBR stmt+ RBR773
if_stmt: IF cond THEN LBR stmt+ RBR (ELSE LBR774

stmt+ RBR)?775
...776777

The C-style mimics common imperative pro-778

gramming languages, employing curly braces for779

scoping and semicolons for statement termination:780

781
start: stmt*782
action_stmt: action SEMI783
loop: LOOP PAR_L expr PAR_R LBR stmt* RBR784
if_stmt: IF PAR_L cond PAR_R LBR stmt* RBR785

(ELSE LBR stmt* RBR)?786
...787788

The S-expr style adopts a Lisp-like prefix nota-789

tion with extensive parenthesization:790

791
start: stmt+792
loop: PAR_L LOOP expr stmt+ PAR_R793
if_stmt: PAR_L IF cond THEN stmt+ (ELSE794

stmt+)? PAR_R795
...796797

A.1.2 Different Surface Realization798

To investigate the impact of lexical priors, we vary799

the mapping of grammar terminals while keeping800

the underlying production rules constant.801

The Natural lexicon employs familiar, seman-802

tically meaningful English keywords to represent803

operations and control flow.804

805
start: stmt+806
action_stmt: DO action END807
...808
DO: "do"; END: "stop";809
LOOP: "repeat"; TIMES: "times";810
IF: "when"; THEN: "next";811
...812813

The Alien lexicon replaces these familiar terms814

with randomized, opaque tokens. This configura-815

tion forces the model to rely exclusively on the 816

provided EBNF specification for symbolic induc- 817

tion, as the semantic cues are entirely stripped. 818

819
start: stmt+ 820
action_stmt: DO action END 821
... 822
DO: "v_qnuc"; END: "v_ojrp"; 823
LOOP: "v_takv"; TIMES: "v_gqge"; 824
IF: "v_abgh"; THEN: "v_xhfm"; 825
... 826827

A.2 Task Examples 828

In this section, we provide concrete examples for 829

the three tasks. 830

Task 1: Grammaticality Judgment The model 831

is provided with a complete EBNF grammar and a 832

code snippet. It must determine if the code is syn- 833

tactically valid according to the production rules. 834

[PROMPT INPUT]
You are a strict syntax checker
Your task is to determine if the provided code is strictly

valid according to the EBNF grammar.
EBNF:
start: stmt+
stmt: action_stmt | loop | if_stmt
action_stmt: "act" action "fin"
loop: "repeat" expr "iters" "{" stmt+ "}"
if_stmt: "when" cond "next" "{" stmt+ "}"
...

Code to Check:
repeat (3 + 4) iters {
repeat ((1 + 0) * 4) iters {
...

}
}

If the code can be parsed by the grammar, output 'VALID'

835

Task 2: Goal-Conditioned Generation The 836

model receives the EBNF grammar, a start state 837

and a target state description. It must synthesize a 838

valid program that achieves this state. 839

840
You are a strict code generator. 841
You are given a NEW programming language definition (EBNF). 842
EBNF: 843
start: stmt+ 844
stmt: action_stmt | loop | if_stmt 845
action_stmt: "act" action "fin" 846
loop: "repeat" expr "iters" "{" stmt+ "}" 847
if_stmt: "when" cond "next" "{" stmt+ "}" 848
... 849

850
Start state: pos (0, 0), facing N, inventory empty. Target 851

final state: pos (0, 46), facing W, inventory empty. 852
853

Your task is to synthesize a valid code according to the 854
EBNF that guides the robot to the target state. 855856

Task 3: Instruction-to-Code Generation The 857

model is given the EBNF grammar and a natural 858

language instruction generated by template. It must 859
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generate a program that is both syntactically valid860

and semantically faithful.861

[PROMPT INPUT]
You are a strict code generator.
You are given a NEW programming language definition (EBNF).
EBNF:
start: stmt+
stmt: action_stmt | loop | if_stmt
action_stmt: "act" action "fin"
loop: "repeat" expr "iters" "{" stmt+ "}"
if_stmt: "when" cond "next" "{" stmt+ "}"
...

Instructions:
Step 1: Move backward ((4 times 4) times (4 plus 3)) steps.

Step 2: Move forward (5 plus 1) steps. Step 3: Repeat
((4 times 0) plus 4) times: [ If (not (holding key))
and ((holding box_0) and (holding cube)), then: [ Turn
left. ] Otherwise: [ Move backward 3 steps. ] ] Step

4: If not ((holding box_2) and (holding ball_0)), then:
[ If not ((holding box) and (holding key)), then: [

Grab the key_2. ] ] Otherwise: [ Turn right. ]

Your task is to faithfully translate the instructions into
code. You must strictly adhere to the provided EBNF
syntax and ensure the hierarchical structure of the
generated program exactly matches the logical nesting
of the instructions.

862

A.3 Generated Data Examples863

We illustrate the diversity of our generated data864

with examples covering different recursion depths,865

syntactic styles, and lexical variations.866

A.3.1 Recursion Depth Variations867

We vary the maximum nesting depth of the AST868

to probe the LLM’s ability to handle hierarchical869

structures. At depth 2, programs consist of shallow870

control structures, typically single loops or condi-871

tionals.872

# Low Recursion Depth (Depth 2)
loop (3 + 4) iters {

loop ((1 + 0) * 4) iters {
act turn left end

}
}
loop 3 iters {

loop (4 * (4 * 2)) iters {
act turn left end

}
}
act turn left end
act take box_4 end
if not ((has cube_0 and has cube_4)) after {

act turn left end
}

873

At depth 5, programs exhibit moderate nesting,874

requiring the model to track state across multiple875

indentations.876

# Medium Recursion Depth (Depth 5)
if (no (has ball_3) alt (has item and has

ball_2)) next {
if (no (has key_4) alt (has ball_2 alt has

ball)) next {
do go forward (3 * (1 * 1)) end

}
} else {

if ((has box and has key_2) and (has ball_0
and has box_0)) next {
do go backward ((2 + 1) * 4) end

}
}
loop ((4 * 4) + 3) times {

do turn left end
}
...

877

At depth 10, programs feature deep recursion 878

chains, challenging the LLM’s ability to maintain 879

hierarchical state-tracking. 880

# High Recursion Depth (Depth 10)
loop ((1 * 1) + (0 + 0)) x [

exec go forward 5 stop
]
exec go forward 5 stop
loop ((0 * 3) * (3 * 3)) x [

exec turn left stop
]
loop ((0 + 4) + (0 + 1)) x [

loop 1 x [
loop 4 x [
loop ((2 * 1) * 1) x [

loop 0 x [
loop 1 x [

if ((holding ball_4 alt holding
item_1) alt not (holding key_2)) then [

...
]

]
]

]
]

]
]

881

A.3.2 Expression Complexity Variations 882

We also control the complexity of arithmetic and 883

boolean expressions nested within the control flow. 884

Shallow expressions (depth 1) involve simple arith- 885

metic or boolean operations. 886
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# Shallow Expressions (Depth 1)
run (3 + 2) times [

if (holding ball or holding box) then [
go forward 3 end

]
]

Deep expressions (depth 3) involve nested opera-
tions, requiring correct operator precedence han-
dling.

# Deep Expressions (Depth 3)
run ((3 * (2 + 1)) + (4 * (0 + 1))) times [

if ((holding ball and holding box) or (not
(holding key) and holding item)) then [
go forward (2 * (1 + 1)) end

]
]

887

A.3.3 Syntactic Style Variations888

We generate the same underlying AST in different889

surface forms to test robustness to syntax. The890

Block style uses explicit keywords like do/end and891

repeat to delimit scope.892

# Block Style
run ((0 + 1) * 4) times {

if ((has cube plus_and has key_1) plus_and
(has box_4 or has key_1)) after {
do go forward 2 end

}
}

The C-style mimics C-like syntax with curly
braces {} and semicolons.

// C-Style
run(((0 + 1) * 4)){

if(((holding(cube) and holding(key_1)) and
(holding(box_4) alt holding(key_1)))){
go(forward,2);

}
}

893

The S-expr style uses Lisp-like prefix notation894

with fully parenthesized expressions.895

; S-Expression Style
(repeat (* (+ 0 1) 4)

(if (and (and (has cube) (has key_1)) (or
(has box_4) (has key_1))) next
(go forward 2)

)
)

896

A.3.4 Lexical Familiarity Variations 897

We vary the lexicon to disentangle syntactic rea- 898

soning from semantic priors. Natural lexicon uses 899

familiar English keywords. 900

# Natural Lexicon
if ((has item_3 and has box_4) and not (has

ball_1)) after [
if ((has ball_4 and has ball) and (has

box_0 alt has key)) after [
repeat (0 + (1 * 0)) x [
repeat 4 x [ ... ]

]
]

]

901

Alien lexicon replaces keywords with random- 902

ized nonsense tokens, stripping semantic cues. 903

# Alien Lexicon
v_pipo ((v_gsqe item_3 v_vvyj v_gsqe box_4)

v_vvyj v_tkik (v_gsqe ball_1)) v_oklp [
v_pipo ((v_gsqe ball_4 v_vvyj v_gsqe ball)

v_vvyj (v_gsqe box_0 v_lwmz v_gsqe key))
v_oklp [
v_zmew (0 v_vyht (1 v_lbke 0)) v_buty [
v_zmew 4 v_buty [ ... ]

]
]

]

904

A.4 Typical Failure Modes and Case Studies 905

Following the three-layered evaluation hierarchy, 906

we provide abstracted case studies to localize spe- 907

cific reasoning failures. For clarity of presentation, 908

the examples below utilize the Natural lexicon 909

style rather than the Alien mode to ensure the 910

underlying logic remains interpretable. Further- 911

more, to accommodate the structural complexity of 912

programs at extreme depths, we present only the 913

critical segments of the code where errors occur. 914

Non-essential instructions are omitted to focus ex- 915

clusively on the breakdown of syntactic, behavioral, 916

or semantic reasoning. 917

A.4.1 Syntactic Fragility 918

Case Study 1: Lexical Mapping Failure This 919

failure identifies a symbolic binding gap where the 920

model tracks the AST structure but fails to replace 921

EBNF non-terminal with their terminal strings. 922
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# [Model Output]
DO MOVE forward 5 END
IF ( NOT ( HOLDING item_2 ) ) ...
THEN [ DO GRAB cube_3 END ]

# [Ground Truth]
do move forward 5 stop
if (not (has item_2)) ...
next [ do take cube_3 stop ]

923

Case Study 2: Hierarchical Scoping Failure924

This failure demonstrates a breakdown in recur-925

sive state-tracking, where the model applies a flat926

encapsulation heuristic to hierarchical structures.927

# [Model Output]
run 3 iters {

exec if (no has box_0) next {
exec go backward 5 fin

} fin
}

# [Ground Truth]
run 3 iters {

if (no (has box_0)) next {
exec go backward 5 fin

}
}

928

Case Study 3: Lexical Operator Confusion929

This failure occurs when the model fails to trans-930

late arithmetic descriptors into the formal math-931

ematical operators required by the grammar, de-932

spite correctly identifying the calculation logic.933

# [Model Output]
exec go forward (3 times 2) fin
exec go backward ((2 times 4) plus (1 plus 3))

fin

# [Ground Truth]
exec go forward (3 * 2) fin
exec go backward ((2 * 4) + (1 + 3)) fin

934

Case Study 4: Premature Scope Termination935

This failure occurs when the model loses track of936

deep nesting levels, causing it to close an outer con-937

trol block prematurely or omit trailing delimiters938

as the sequence length increases.939

# [Model Output]
if (has item_1) {

if (no (has box_2)) {
...

}
}
// Missing second brace ’}’

# [Ground Truth]
if (has item_1) {

if (no (has box_2)) {
...

}
}

940

A.4.2 Behavioral Misalignment 941

Case Study 1: Logical Predicate Inversion 942

This failure occurs when a model produces syn- 943

tactically valid code that adheres to all EBNF rules 944

but fails to faithfully simulate the conditional logic 945

of the instructions. The model correctly identifies 946

the predicates but substitutes the wrong logical con- 947

nective, leading to an incorrect execution path. 948

# [Model Output]
when (not (has ball)) plus_and ((has key_3

plus_and has key_4)) next [
...

]

# [Ground Truth]
when (not (has ball) alt (has key_3 plus_and

has key_4)) next [
...

]

949

Case Study 2: Arithmetic Simulation Collapse 950

This failure occurs when the model generates syn- 951

tactically correct expressions but fails to accurately 952

simulate the underlying mathematical or procedural 953

state, leading to a divergence in the final environ- 954

ment state. 955

# [Model Output]
exec go backward (4 * 5 + 1) end

# [Ground Truth]
exec go backward (4 * 5 * 1) end

956

Case Study 3: Planning Horizon Collapse This 957

failure identifies a collapse where the model suc- 958

cessfully navigates a high-complexity sub-task but 959

fails to resume the global execution plan, leaving 960

the robot stranded before reaching the goal. 961
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Abstracted Behavioral Truncation

# [Model Output (Syntactically Valid)]
if (has box plus_and has key) then {

if no (has item_2) then { ... }
}
// ERROR: Program terminates here

# [Ground Truth / Expected Behavior]
if (has box plus_and has key) then { ... }
act move forward 5 fin

962

A.4.3 Semantic Drift963

Case Study 1: Arithmetic AST Flattening This964

failure identifies a "computation-over-alignment"965

bias where the model prioritizes behavioral suc-966

cess over structural adherence. While the resulting967

program achieves the correct environment state, it968

fails the Semantic Correctness check because the969

model simplifies complex expressions into literal970

results, discarding the original AST structure.971

# [Model Output]
# The model evaluates the expression instead

of preserving its structure
run 19 iters {

exec turn left end
}

# [Ground Truth]
run ((4 * 4) + 3) iters {

exec turn left end
}

972

Case Study 2: Boolean AST Flattening This973

failure occurs when the model correctly identifies974

all logical predicates but collapses the hierarchical975

nesting of a boolean expression into a single-level976

chain.977

Abstracted Boolean Structure Merging

# [Model Output]
if (not holding item_1) plus_and (holding

cube_4) plus_and (holding box_1) then {
...

}

# [Ground Truth]
if (not (holding item_1) plus_and (holding

cube_4 plus_and holding box_1)) then {
...

}

978

Case Study 3: Structural Redundancy via Au-979

toregressive Echoing This failure stems from980

the nature of autoregressive decoding, where pre-981

viously generated complex blocks act as strong982

distractors in the context. The model’s attention 983

mechanism may loop by re-predicting the same 984

high-probability sequence instead of advancing the 985

execution plan. While behaviorally idempotent, 986

this redundancy creates a structural mismatch with 987

the ground-truth AST. 988

Abstracted Structural Redundancy

# [Model Output]
if no ( ... ) then { run 4 times { ... } }
if no ( ... ) then { run 4 times { ... } }
do turn left fin

# [Ground Truth]
if no ( ... ) then { run 4 times { ... } }
do turn left fin

989
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