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Abstract001

Large language models (LLMs) are increas-002
ingly used to generate task instructions for003
grounded agents, yet linguistic fluency does004
not guarantee physical or operational feasibil-005
ity. We reveal an executability gap: LLMs often006
produce instructions that sound plausible but vi-007
olate environment constraints (e.g., nonexistent008
entities or invalid preconditions). Mechanisti-009
cally, we observe a layer-wise preference shift010
where early representations favor grounded011
candidates, while deeper layers increasingly012
promote linguistically coherent but less con-013
strained continuations. We then introduce014
a constraint-aware evaluation protocol with015
execution-verifiable constraints, and propose016
a training-free generation-time intervention017
that injects execution-aware constraints with-018
out retraining the downstream agent. Across019
code, tool-use, and embodied benchmarks,020
this simple adjustment consistently improves021
executability and task success (e.g., Virtual-022
Home executability 41.3→46.0, correctness023
42.6→47.0). Our results suggest that align-024
ing generation with environment-verifiable con-025
straints is a key bottleneck for grounded task026
generation.027

1 Introduction028

Large language models (LLMs) have become a cen-029

tral interface for specifying goals and procedures030

for grounded agents, ranging from code genera-031

tion and tool invocation to embodied planning in032

simulated or physical environments.(Huang et al.,033

2022a)(Schick et al., 2023)(Ahn et al., 2022)(Chen034

et al., 2021a) In many applications, an LLM is ex-035

pected to translate a user intent into a concrete task036

description or an executable workflow, which is037

then carried out by a downstream executor (e.g., a038

compiler, an API runtime, or an embodied environ-039

ment). While modern LLMs can produce instruc-040

tions that are fluent, coherent, and syntactically041

well-formed, grounded execution imposes an ad-042

ditional requirement that is easy to overlook: the 043

generated task must be feasible under environment- 044

defined constraints. 045

Despite the apparent simplicity of this require- 046

ment, we observe a recurring failure mode in 047

practice: LLMs frequently generate tasks that 048

sound right but are execution-invalid(Huang et al., 049

2025)(Zhou et al., 2024)(Liu et al., 2022). Such 050

instructions may reference nonexistent entities, call 051

unavailable tools, violate interface specifications, 052

or break prerequisite and state-transition rules (e.g., 053

using an object before acquiring it, or placing an 054

item into a container that has not been opened). 055

These errors are not merely corner cases. They per- 056

sist across task domains and remain noticeable even 057

for large-scale models, suggesting that the bottle- 058

neck is not only downstream reasoning, but also a 059

misalignment between language-driven generation 060

and environment-grounded feasibility. We argue 061

that this phenomenon can be understood from a 062

constrained-generation perspective(Lu et al., 2021). 063

Let x denote a generated task (instruction, pro- 064

gram, or action sequence) conditioned on a con- 065

text c, and let F(c) be the set of feasible tasks 066

determined by execution semantics and environ- 067

ment constraints. Standard decoding implicitly 068

seeks high-probability sequences under the lan- 069

guage model pθ(x | c), yet it does not explicitly 070

enforce x ∈ F(c). As a result, the model may 071

allocate substantial probability mass to linguisti- 072

cally frequent patterns that are weakly grounded, 073

while feasible solutions occupy only a small por- 074

tion of the distribution. In other words, improving 075

linguistic modeling (e.g., scaling) does not nec- 076

essarily increase the probability mass over F(c), 077

because feasibility is defined by external seman- 078

tics rather than surface-level plausibility(McKenzie 079

et al., 2024). This tension also manifests inter- 080

nally: we find evidence that model preference can 081

drift from constraint-compatible candidates toward 082

more fluent continuations as representations be- 083
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Figure 1: This figure illustrates how model preference shifts across layers between two types of lexical candidates:
physically or operationally grounded tokens and linguistically fluent but less constrained ones. In early layers,
the model favors tokens that better satisfy execution-level constraints, whereas in deeper layers it increasingly
prefers more fluent expressions. This transition highlights a gradual shift from constraint-aware reasoning to
language-driven coherence in the model’s internal representations.

come deeper, indicating a systematic bias toward084

linguistic coherence when constraints are not made085

explicit at generation time.086

Motivated by this view, our key insight is sim-087

ple: grounded task generation should treat fea-088

sibility constraints as first-class signals during089

generation, rather than hoping they emerge from090

generic language modeling.(Huang et al., 2022b)091

Concretely, we (i) introduce a constraint-aware092

evaluation protocol that augments instances with093

execution-verifiable constraints, enabling a princi-094

pled measurement of constraint compliance and095

executability; and (ii) propose a training-free,096

minimal generation-time intervention that injects097

execution-aware constraints without retraining the098

downstream agent.(Li et al., 2020) This design di-099

rectly targets the mismatch between “what sounds100

plausible” and “what is executable”, and can be101

plugged into diverse grounded settings.102

Our contributions are summarized as follows:103

• We identify and systematically characterize an104

executability gap in grounded task generation,105

where fluent instructions can be execution-106

invalid under environment constraints.107

• We provide a mechanistic perspective suggest-108

ing a drift toward linguistic coherence when109

constraints are not enforced, offering an expla-110

nation for why scaling alone may not resolve111

infeasibility.112

• We propose a constraint-aware evaluation pro-113

tocol with execution-verifiable constraints,114

and a training-free generation-time constraint115

injection method that improves executabil-116

ity and task success across grounded bench-117

marks.118

2 Related Works 119

2.1 LLMs for Grounded Task Generation 120

LLMs are increasingly deployed as high-level task 121

generators for grounded agents, spanning program 122

synthesis, tool-use orchestration, and embodied 123

planning(Rozière et al., 2024)(Wang et al., 2023). 124

In these settings, the model must translate user 125

intent into an executable artifact (code, API-call 126

traces, or action sequences) that is consumed by a 127

downstream executor. While recent progress in in- 128

struction tuning and scaling improves fluency and 129

local coherence, a persistent failure mode is the 130

executability gap: generations can be linguistically 131

plausible yet invalid under environment-defined se- 132

mantics, e.g., violating API schemas, calling tools 133

out of order, referencing nonexistent entities, or 134

breaking state-dependent preconditions. Prior stud- 135

ies typically treat such errors as hallucinations or 136

insufficient reasoning. In contrast, our work em- 137

phasizes a mechanistic perspective: even when con- 138

straints are present in context, feasibility-consistent 139

preferences can be attenuated along depth, motivat- 140

ing explicit constraint signals during generation. 141

2.2 Training-Time Constraint Alignment 142

A common approach to improve constraint com- 143

pliance is to embed feasibility into the model via 144

training-time alignment, including instruction fine- 145

tuning, domain adaptation, and preference-based 146

optimization (e.g., RLHF-style objectives(Ouyang 147

et al., 2022)(Qin et al., 2023)) with constraint- 148

aware feedback. These methods can internalize 149

frequent or well-specified constraints, but face 150

two practical bottlenecks in grounded environ- 151

ments. First, retraining and repeated alignment 152
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are costly, which limits rapid iteration when tools,153

APIs, or environment dynamics change. Second,154

grounded constraints are often combinatorial and155

non-stationary: feasibility depends on evolving156

states, temporal ordering, and hidden preconditions,157

making it difficult for a fixed training distribution158

to cover the long tail of runtime configurations. As159

a result, purely training-based alignment can overfit160

to observed constraint patterns and degrade when161

the executor or environment shifts.162

2.3 Inference-Time Constraint Enforcement163

and Verifier-in-the-Loop Decoding164

Complementary to training-time alignment, a grow-165

ing line of work enforces feasibility at inference166

by coupling decoding with external structure or167

feedback, such as grammar-/schema-constrained168

decoding for code and tool calls(Scholak et al.,169

2021)(Poesia et al., 2022), compiler/interpreter170

checks, symbolic validators, or lightweight sim-171

ulators for embodied action feasibility(Ni et al.,172

2023). These approaches share the principle of173

executor-grounded verification: using environment-174

verifiable signals to prune or re-rank candidate con-175

tinuations. EXECGATE follows this paradigm176

but differs in two key aspects. First, it performs177

token-level, online constraint injection with a soft178

gating mechanism, approximating constrained de-179

coding as a product-of-experts between the LLM180

distribution and an environment verifier. Second,181

to keep latency practical, it adopts a verify-on-182

demand strategy over a small top-K candidate set,183

enabling broad applicability across code, tool-use,184

and embodied settings without retraining the down-185

stream agent.186

3 Methodology187

In this section, we formally address the chal-188

lenge of aligning Large Language Model (LLM)189

(Llama Team, 2024)generation with physical ex-190

ecutability. We first formulate the grounded task191

generation problem as a constrained decoding ob-192

jective in §3.1. In §3.2, we investigate the internal193

mechanisms of LLMs, identifying a phenomenon194

we term Layer-wise Preference Drift, where mod-195

els progressively lose track of constraints in deeper196

layers. Motivated by these findings, we introduce197

EXECGATE in §3.3, a generation-time intervention198

that injects execution-aware constraints via prob-199

abilistic gating. Finally, we provide a theoretical200

interpretation of our method and detail its domain-201

specific instantiations in §3.5. 202

3.1 Preliminaries: The Constrained Decoding 203

Objective 204

Autoregressive Generation. Let c denote the 205

generation context, which encompasses the user 206

request and environment-specific information such 207

as API definitions, object inventories, and state de- 208

scriptors. A standard LLM generates a sequence 209

x = (x1, . . . , xT ) autoregressively, modeling the 210

probability of the next token xt given the prefix 211

x<t: 212

pθ(x | c) =
T∏
t=1

pθ(xt | x<t, c), (1) 213

where θ represents the model parameters. At each 214

step, the model produces logits zt ∈ R|V| over the 215

vocabulary V , converting them to probabilities via 216

the softmax function. 217

The Executability Gap. While standard LLMs 218

optimize for linguistic fluency, grounded environ- 219

ments impose strict, environment-verifiable con- 220

straints. We formalize these constraints as a set 221

of predicates {ϕj}mj=1, where ϕj(x, c) ∈ {0, 1} 222

indicates whether sequence x satisfies the j-th con- 223

straint (e.g., entity existence, API schema com- 224

pliance). The feasible set F(c) is defined as the 225

collection of sequences that satisfy all constraints: 226

F(c) = {x | ∀j ∈ [m], ϕj(x, c) = 1}. (2) 227

Standard decoding implicitly seeks high- 228

probability sequences under pθ(x|c) but does not 229

explicitly enforce x ∈ F(c). This leads to an 230

executability gap: models often allocate substantial 231

probability mass to linguistically plausible but 232

execution-invalid sequences. 233

Ideal Constrained Objective. Ideally, grounded 234

generation should sample from the target poste- 235

rior p⋆(x|c), which reweights the base model dis- 236

tribution by a feasibility indicator Ifeas(x, c) = 237∏
j ϕj(x, c): 238

p⋆(x | c) ∝ pθ(x | c) · Ifeas(x, c). (3) 239

Solving Eq. 3 directly is intractable due to the vast 240

search space. EXECGATE aims to approximate this 241

objective efficiently during inference. 242

3.2 Analysis Motivation: Layer-wise 243

Preference Drift 244

Why do powerful models fail to respect Ifeas im- 245

plicitly? We hypothesize that the tension between 246
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Figure 2: Given an input with explicit execution-grounded constraints, the LLM proposes candidate next tokens at
each step. An environment verifier—instantiated per domain (e.g., AST parsing for code, trajectory/lookup checks
for tool use, or shadow simulation for embodied tasks)—incrementally evaluates candidates and produces a gating
score gt(v) / penalty rt(v). These signals are fused with the base model probability pθ(v) to reweight the decoding
distribution, so sampling favors constraint-satisfying continuations while pruning infeasible ones.

"linguistic plausibility" and "physical feasibility"247

manifests internally within the transformer layers.248

To verify this, we employ a logit-lens analysis.249

Let h(ℓ)t be the hidden state at layer ℓ. We decode250

the intermediate token distribution p
(ℓ)
t by project-251

ing h
(ℓ)
t via the unembedding matrix WU . We com-252

pare the model’s preference for two distinct types253

of candidates:254

1. Precise (xP ): A constraint-compatible candi-255

date (grounded).256

2. Fluent (xF ): A linguistically coherent but257

weakly grounded candidate (ungrounded).258

We quantify the preference drift via the average259

log-probability gap ∆(ℓ):260

∆(ℓ) =
1

T

T∑
t=1

[
log p

(ℓ)
t (xPt )− log p

(ℓ)
t (xFt )

]
.

(4)261

Insight: As illustrated in our analysis (Figure 1),262

∆(ℓ) tends to decrease in deeper layers. This263

indicates a preference drift: early layers favor264

constraint-aware tokens, but deeper layers increas-265

ingly promote linguistically smooth but uncon-266

strained continuations. This suggests that feasibil-267

ity signals are attenuated by the language modeling268

objective, necessitating external re-injection at the 269

decoding stage. 270

3.3 EXECGATE: Generation-Time Constraint 271

Injection 272

To bridge the executability gap, we propose EX- 273

ECGATE, a training-free decoding mechanism. It 274

approximates the posterior p⋆ by modulating the 275

next-token distribution with an explicit feasibility 276

gate. The process follows Algorithm 1. 277

Efficient Incremental Verification (Lines 3–5, 278

Alg. 1). Evaluating constraints over the entire vo- 279

cabulary is computationally prohibitive. We adopt 280

a verify-on-demand strategy. At step t, we restrict 281

our attention to the top-K candidates K proposed 282

by the base model. For each candidate v ∈ K, we 283

run an environment verifier on the incremental pre- 284

fix (x<t⊕v) to check for constraint violations. We 285

define a cumulative penalty score rt(v) based on 286

the weighted sum of violations: 287

rt(v) =
m∑
j=1

wj (1− ϕj(x<t ⊕ v, c)) , (5) 288

where wj ≥ 0 controls the importance of constraint 289

j. 290
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Soft Gating and Hard Masking (Line 6, Alg. 1).291

We transform the penalty into a probabilistic gate292

gt(v). For deterministic constraints (e.g., syntax or293

tool availability), we apply a hard mask to eliminate294

provably invalid candidates. For soft or partial con-295

straints, we use an exponentially decaying weight:296

gt(v) = exp
(
− λ rt(v)

)
·

∏
j∈Jhard

ϕj(x<t ⊕ v, c),

(6)297

where λ acts as an inverse temperature parameter298

regulating the strictness of the constraints.299

Posterior Approximation (Lines 8–9, Alg. 1).300

The final distribution p̃t is obtained by reweighting301

the base logits with the gate:302

p̃t(v) =
pθ(xt = v | x<t, c) · gt(v)

Zt
, (7)303

where Zt is the partition function. This mechanism304

implements an online approximation to the con-305

strained posterior Eq. 3, effectively "correcting"306

the preference drift observed in standard models.307

3.4 Theoretical View308

Our formulation in Eq. 7 can be rigorously in-309

terpreted through the lens of Energy-Based Mod-310

els (EBMs). Let the energy of a token v be de-311

fined as E(v) = ELM(v) + λEPhys(v), where312

ELM(v) = − log pθ(v) represents the linguistic313

cost, and EPhys(v) = rt(v) represents the physi-314

cal violation cost. EXECGATE effectively samples315

from the Gibbs distribution p(v) ∝ e−E(v). This316

perspective highlights that our method is not merely317

a heuristic, but a principled Product-of-Experts ap-318

proximation combining a learned linguistic expert319

(pθ) and a symbolic physical expert (ϕ).320

3.5 Instantiation and Verifier Implementation321

While the EXECGATE framework is general, the322

concrete mechanism of the verifier ϕj depends on323

the domain-specific state representation. We detail324

the implementation for three key settings:325

Code Generation (Static Analysis): Here, ϕj326

acts as an incremental parser. For a candidate token327

v, we form the partial code x<t ⊕ v. The verifier328

checks if this partial code violates the grammar of329

the target language (e.g., Python). Crucially, we330

employ incremental abstract syntax tree (AST)331

parsing to detect syntax errors early (e.g., unclosed332

parentheses, indentation errors) and API schema333

matching to ensure function arguments align with334

Algorithm 1 EXECGATE: Generation-Time Con-
straint Injection

Require: context c, model pθ, constraints {ϕj},
weights {wj}, strength λ, candidate size K

1: Initialize x<1 = ∅
2: for t = 1 to T do
3: Compute base probs pθ(· | x<t) and select
K ← TopK(pθ,K)

4: for each candidate v ∈ K do
5: Evaluate constraints ϕj(x<t ⊕ v, c)
6: Compute penalty rt(v) =

∑
j wj(1−

ϕj) ▷ Eq. 5
7: Compute gate gt(v) = exp(−λrt(v))

▷ Eq. 6
8: Reweight p̃t(v) ∝ pθ(v) · gt(v) ▷ Eq. 7
9: Sample xt ∼ p̃t and update prefix

x<t+1 ← x<t ⊕ xt

10: return Sequence x

defined signatures (e.g., preventing a string argu- 335

ment where an integer is required). 336

Tool-Use Planning (Schema Validation): The 337

constraints are derived from the API documenta- 338

tion. When the model generates a tool call (e.g., 339

‘Tool(arg=...‘), ϕj performs a lookahead check. If 340

the candidate v starts an argument value, the ver- 341

ifier checks it against the allowed type enum or 342

range defined in the schema. For dependency con- 343

straints (e.g., “login before query”), ϕj maintains a 344

lightweight execution trace; if ‘query‘ is proposed 345

but ‘login‘ is absent from the trace, ϕorder(x<t⊕v) 346

returns 0, triggering a penalty. 347

Embodied Planning (State Simulation): This 348

setting requires dynamic state tracking. We run 349

a shadow simulator that mirrors the environ- 350

ment state. For an action candidate v (e.g., 351

‘grab(apple)‘), ϕj queries the simulator state: Is 352

the agent reachable to the apple? Is the agent’s 353

hand empty? If the preconditions are not met in 354

the current simulated state, the action is marked as 355

physically infeasible (ϕ = 0), and the penalty rt 356

is applied immediately, preventing the agent from 357

hallucinating impossible moves. 358

4 Experiments 359

4.1 Experiment Setup 360

Benchmark To evaluate the ability of the model 361

to generate executable workflows under constraint 362

guidance, we consider a set of downstream tasks 363

covering code generation, tool usage, and embod- 364
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Table 1: Performance comparison across different backbone models. Results are reported on code generation,
tool-use, and embodied reasoning benchmarks. Improvements over the base model are marked in red.

HumanEval MBPP VirtualHome
Model

HE HE+ MBPP MBPP+
API-Bank API-Bench Nexus

Exec LCS Corr
Qwen2.5-7B 52.8 46.2 73.6 59.6 80.6 32.4 48.7 64.2 24.3 61.3
+ EXECGATE 54.7+1.9 49.6+3.4 74.8+1.2 61.4+1.8 81.5+0.9 34.0+1.6 49.1+0.4 65.8+1.6 25.6+1.3 63.7+2.4

Qwen2.5-14B 54.6 48.6 76.4 61.8 82.7 36.3 52.3 71.4 28.6 68.2
+ EXECGATE 56.2+1.6 51.9+3.3 77.3+0.9 63.0+1.2 84.0+1.3 37.5+1.2 52.9+0.6 73.7+2.3 30.7+2.1 71.4+3.2

Qwen2.5-72B 56.3 50.8 81.9 68.3 89.6 39.6 56.7 76.8 32.3 74.3
+ EXECGATE 57.8+1.5 53.4+2.6 82.6+0.7 69.7+1.4 90.2+0.6 40.4+0.8 57.0+0.3 78.9+2.1 34.0+1.7 77.1+2.8

LLaMA3-8B 32.6 27.6 53.4 42.4 70.4 9.1 35.6 46.2 18.4 49.3
+ EXECGATE 34.8+2.2 30.4+2.8 54.8+1.4 44.5+2.1 71.6+1.2 12.9+3.8 36.5+0.9 48.1+1.9 20.0+1.6 51.4+2.1

LLaMA3-70B 46.2 41.8 67.2 56.2 76.4 28.4 43.7 58.4 22.6 54.2
+ EXECGATE 48.2+2.0 45.1+3.3 68.4+1.2 58.0+1.8 77.8+1.4 30.3+1.9 44.3+0.6 60.4+2.0 24.4+1.8 56.6+2.4

ied execution. For code generation, the model365

is required to produce executable programs from366

natural language descriptions, where violations of367

syntax rules, API specifications, or implicit con-368

straints result in execution failure. We evaluate369

this setting using HumanEval(Chen et al., 2021b)370

and MBPP(Austin et al., 2021), as well as their371

constrained variants, HumanEval+ and MBPP+,372

which introduce stricter constraints to assess the373

model’s compliance ability. For tool usage tasks,374

the model must generate sequences of tool invoca-375

tions that satisfy interface specifications and depen-376

dency constraints; errors such as incorrect tool se-377

lection, parameter mismatch, or invalid invocation378

order lead to task failure. We evaluate this setting379

on API-Bank(Li et al., 2023),API-Bench(Patil380

et al., 2023) and Nexus(team, 2023). For embodied381

tasks, the model is required to generate executable382

action sequences under explicit physical and tem-383

poral constraints. We follow the experimental setup384

of Wenlong Huang et al(Huang et al., 2022a). and385

adopt the VirtualHome platform (Puig et al., 2020)386

to evaluate whether the generated plans satisfy con-387

straints related to object existence, spatial relations,388

and action preconditions.389

Baseline To systematically evaluate the general-390

izability of EXECGATE across different model391

architectures, we select two representative open-392

source foundation models, Qwen2.5(Qwen et al.,393

2025) and LLaMA 3(Llama Team, 2024), as com-394

parative backbones and apply EXECGATE un-395

der a unified experimental setting. Beyond cross-396

architecture evaluation, we further assess the ro-397

bustness of EXECGATE across models of vary-398

ing parameter scales. Specifically, we consider399

three model sizes (7B, 14B, and 72B) within the400

Qwen2.5 family and two model sizes (8B and 70B) 401

within the LLaMA 3 family. This design enables a 402

comprehensive analysis of the transferability and 403

general effectiveness of EXECGATE along both 404

architectural diversity and model scale dimensions. 405

4.2 Main Results 406

As shown in the results(Table 1), our proposed 407

EXECGATE consistently achieves stable and con- 408

sistent performance gains across different back- 409

bone architectures (Qwen2.5 and LLaMA 3) and 410

model scales, demonstrating strong transferabil- 411

ity and generalization capability. Specifically, EX- 412

ECGATE yields consistent improvements on stan- 413

dard code generation benchmarks (HumanEval and 414

MBPP), and achieves even more pronounced gains 415

on their constraint-enhanced variants (HE+ and 416

MBPP+), such as +3.4 on HE+ for Qwen2.5-7B 417

and +3.3 for LLaMA3-70B. These results indi- 418

cate that EXECGATE effectively mitigates models’ 419

over-reliance on surface-level language patterns 420

and enhances their ability to adhere to explicit con- 421

straints during generation. 422

On tool-oriented benchmarks (API-Bank, API- 423

Bench, and Nexus), EXECGATE also deliv- 424

ers systematic improvements, with particularly 425

notable gains on the more compositional and 426

execution-sensitive API-Bench benchmark (e.g., 427

+3.8 on LLaMA3-8B). This suggests that enforc- 428

ing execution-aware constraints effectively reduces 429

invalid tool invocations and mismatched action se- 430

quences, narrowing the gap between syntactic plau- 431

sibility and actual executability. 432

More importantly, in the embodied environment 433

VirtualHome, EXECGATE consistently improves 434

Executability, LCS, and Correctness metrics (typi- 435

cally by +1–3 points across models), directly val- 436
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Table 2: Performance comparison across different backbone models under explicit constraint-aware settings.
Results are reported on code generation, tool-use, and embodied reasoning benchmarks. Improvements over the
corresponding base models are highlighted in red, demonstrating the effectiveness of incorporating execution-level
constraints into the generation process.

VirtualHome
Model HumanEval MBPP API-Bank API-Bench Nexus

Exec LCS Corr
Qwen2.5-7B 30.6 42.3 53.6 21.4 31.4 41.3 13.4 42.6
+ EXECGATE 32.8+2.2 46.3+4.0 57.4+3.8 23.9+2.5 33.5+2.1 46.0+4.7 15.3+1.9 47.0+4.4

Qwen2.5-14B 34.2 46.2 55.3 24.6 34.2 47.2 16.8 46.8
+ EXECGATE 37.0+2.8 50.1+3.9 58.9+3.6 26.7+2.1 36.9+2.7 51.4+4.2 17.3+1.5 50.8+4.0

Qwen2.5-72B 36.8 48.2 59.4 26.8 37.6 51.8 19.6 52.4
+ EXECGATE 39.2+2.4 51.8+3.6 62.6+3.2 29.2+2.4 39.9+2.3 55.7+3.9 20.7+1.1 56.0+3.6

LLaMA3-8B 20.6 32.7 41.7 2.6 24.2 31.3 8.4 37.2
+ EXECGATE 24.2+3.6 37.1+4.4 45.7+4.0 6.1+3.5 26.4+2.2 36.1+4.8 10.0+1.6 41.7+4.5

LLaMA3-70B 24.8 26.2 32.6 13.4 28.4 43.6 14.8 44.5
+ EXECGATE 28.0+3.2 30.3+4.1 36.1+3.5 16.5+3.1 31.2+2.8 47.9+4.3 16.2+1.4 48.7+4.2

idating our central hypothesis: task generation437

driven purely by language modeling objectives438

tends to overlook physical and environmental con-439

straints, whereas explicitly injecting execution-440

aware constraints during generation substantially441

alleviates this mismatch. As a result, the perfor-442

mance bottleneck shifts from the agent’s reason-443

ing capability to the alignment between generated444

plans and their real-world executability.445

4.3 Constraint-Based Evaluation446

To systematically evaluate a model’s ability to com-447

ply with explicit environmental constraints, we con-448

struct a constraint-aware evaluation subset derived449

from the original dataset. Specifically, we ran-450

domly sample a subset of instances and augment451

them with explicitly defined, execution-grounded452

constraints, while preserving the original task se-453

mantics. These constraints are formulated such that454

they can be directly verified by the execution envi-455

ronment, including but not limited to: restricting456

available API calls to a predefined set, enforcing457

the existence of referenced entities in the environ-458

ment, and requiring action sequences to satisfy pre-459

requisite and state-transition conditions (e.g., an460

object must be acquired before being placed, or a461

container must be opened before an item can be re-462

trieved). By comparing model performance under463

unconstrained and constrained settings, we assess464

the extent to which model behavior is governed by465

executable constraints rather than surface-level lan-466

guage patterns. This evaluation protocol enables467

a principled analysis of whether models can adapt468

their generation strategies in response to explicit469

feasibility requirements, thereby providing a more 470

faithful measure of their true reasoning and execu- 471

tion capabilities. 472

The results(Table 2) indicate that under settings 473

with stronger constraints and stricter executabil- 474

ity requirements, the proposed method more ef- 475

fectively encourages models to adhere to explicit 476

constraints, which is consistent with our original 477

motivation. In particular, stronger constraints typi- 478

cally require more structured and fine-grained rea- 479

soning to encode prerequisite relations and state 480

dependencies, making baseline models more sus- 481

ceptible to being misled by superficially plausible 482

but execution-invalid patterns. 483

Taking highly constrained scenarios as an exam- 484

ple, on the VirtualHome benchmark, the proposed 485

approach leads to consistent improvements in ex- 486

ecutability (e.g., from 41.3 to 46.0 on Qwen2.5- 487

7B), while simultaneously improving overall task 488

correctness (from 42.6 to 47.0). Similarly, on API- 489

Bench—where errors frequently arise from invalid 490

tool usage or incorrect action ordering—models 491

with weaker baselines benefit more substantially 492

(e.g., an improvement from 2.6 to 6.1 on LLaMA3- 493

8B). These results demonstrate that by explicitly 494

incorporating execution-aware constraints, 495

4.4 Ablation Study 496

To assess the independent contribution of each 497

component in EXECGATE, we conduct component- 498

wise ablations under identical settings—fixing the 499

backbone model, data, prompts, and decoding hy- 500

perparameters (e.g., temperature, Top-K, and max- 501

imum generation length)—and evaluate all vari- 502

7



Figure 3: Ablation results of EXECGATE. Results
on HumanEval+ and MBPP+ with Qwen2.5-7B and
LLaMA-3-8B show that combining hard masking and
soft gating is critical for performance, while removing
either component leads to degradation, underscoring the
importance of fusion-based constraint-aware decoding.

ants with the same protocol. Full EXECGATE per-503

forms constraint verification for candidate tokens at504

each decoding step to obtain a penalty score rt(v),505

and reweights the next-token distribution via hard506

mask plus soft gate. We further consider: (1) w/o507

Hard Mask (only soft): removing the hard prun-508

ing and retaining only the continuous penalty term509

exp(−λrt(v)); (2) w/o Soft Gate (only hard): ap-510

plying only hard-constraint filtering without the511

soft penalty; (3) Uniform-weights: using an equal-512

weight aggregation rt(v) =
∑

j(1−ϕj) (i.e., wj =513

1); and (4) Penalty-only scoring: discarding the514

base-model probabilities and selecting/reranking515

candidates solely according to rt(v). We evaluate516

these variants on QWEN2.5-7B and LLAMA3-8B517

across HUMANEVAL+, MBPP+, API-BANK, and518

API-BENCH.519

The ablation study(Figure 3) indicates that the520

synergy between hard mask and soft gate is a pri-521

mary driver of EXECGATE’s gains. On QWEN2.5-522

7B, removing the hard mask (only soft) drops523

HUMANEVAL+/MBPP+ to 46.8/60.3 (vs. Full:524

−2.8/− 1.1), while removing the soft gate (only525

hard) yields 47.2/60.1 (−2.4/ − 1.3). A con-526

sistent degradation is observed on LLAMA3-8B,527

where the corresponding scores fall to 28.6/43.1528

(−1.8/ − 1.4) and 28.9/42.8 (−1.5/ − 1.7), re-529

spectively. These results suggest that continuous530

penalties alone are insufficient to reliably prune cer-531

tainly infeasible candidates, whereas hard filtering532

alone lacks the granularity to discriminate and rank 533

borderline candidates; combining both achieves a 534

better trade-off between constraint satisfaction and 535

generation quality. 536

Moreover, constraint importance weighting fur- 537

ther improves discriminability. Switching to uni- 538

form aggregation (Uniform-weights) leads to a 539

small but consistent regression: QWEN2.5-7B 540

reaches 48.8/60.8 (vs. Full: −0.8/ − 0.6) and 541

LLAMA3-8B reaches 29.4/43.6 (−1.0/ − 0.9). 542

This suggests that different constraint types (e.g., 543

ordering dependencies, argument validity, entity 544

consistency) are not equally critical for executabil- 545

ity, and prioritizing more consequential violations 546

provides stronger guidance. 547

5 Limitations. 548

While our approach consistently improves con- 549

straint satisfaction at generation time, several as- 550

pects deserve further exploration. First, our frame- 551

work assumes access to an executability signal (e.g., 552

lightweight verifiers or environment checks); ex- 553

tending it to more implicit, underspecified, or par- 554

tially observable constraints is a promising direc- 555

tion. Second, the current instantiation performs 556

incremental verification during decoding; although 557

it is designed to be lightweight and plug-and-play, 558

efficiency can be further improved via caching, ver- 559

ifier distillation, or early-exit gating. Finally, con- 560

straint injection naturally trades off strict feasibility 561

and expressive freedom; developing more adaptive 562

schedules or data-driven calibration of the gating 563

strength is left for future work. 564

6 Conclusion 565

In this work, we identify and characterize the 566

executability gap in grounded task generation, 567

revealing a mechanistic preference drift where 568

LLMs progressively prioritize linguistic fluency 569

over physical feasibility in deeper layers. To bridge 570

this gap, we propose EXECGATE, a training-free 571

inference-time intervention that dynamically in- 572

jects execution-aware constraints via a product-of- 573

experts mechanism. By synergizing hard masks 574

for deterministic rules and soft gates for dynamic 575

states, our method consistently improves exe- 576

cutability and correctness across code generation, 577

tool use, and embodied planning benchmarks with- 578

out requiring parameter updates. Our findings sug- 579

gest that for grounded agents 580
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A Datasets731

HumanEval. HUMANEVAL is a widely adopted732

benchmark for evaluating code generation and pro-733

gram synthesis. It consists of hand-crafted Python734

programming problems paired with unit tests that735

automatically verify functional correctness. Each736

task requires the model to generate a complete func-737

tion implementation that satisfies the given spec-738

ification. Execution correctness is determined by739

whether the generated code passes all unit tests,740

making HUMANEVAL a standard testbed for as-741

sessing reasoning-driven code generation beyond742

surface-level syntax.743

HumanEval+. HUMANEVAL+ extends HU-744

MANEVAL by introducing additional execution-745

level constraints. Beyond passing unit tests, gener-746

ated programs must also satisfy stricter syntactic747

and semantic requirements, such as valid control-748

flow structure and adherence to predefined API749

usage rules. This variant is designed to explicitly750

evaluate a model’s ability to comply with execution-751

verifiable constraints rather than relying solely on752

functional correctness.753

MBPP. MBPP (Mostly Basic Programming754

Problems) focuses on short, entry-level Python pro-755

gramming tasks that test fundamental programming756

concepts, including loops, conditionals, and basic757

data structures. Compared to HUMANEVAL, tasks758

in MBPP are generally shorter and more localized,759

providing a complementary evaluation of execution760

correctness under simpler problem formulations.761

MBPP+. MBPP+ augments MBPP with explicit762

constraint annotations to assess compliance be-763

havior. In addition to producing functionally cor-764

rect code, the model must respect stricter execu-765

tion constraints, such as function signature con-766

sistency, restricted operation sets, and syntactic767

validity throughout generation. Violations of these768

constraints result in execution failure, enabling a769

finer-grained evaluation of constraint adherence.770

API-Bank. API-BANK is a tool-use benchmark771

that evaluates a model’s ability to generate valid772

API invocation sequences. Each task provides a773

natural language goal along with a set of avail-774

able APIs defined by explicit schemas. Successful775

execution requires correct API selection, valid pa-776

rameter instantiation, and adherence to interface777

specifications. Errors such as calling unavailable778

APIs or supplying mismatched argument types are 779

treated as execution failures. 780

API-Bench. API-BENCH emphasizes composi- 781

tional and dependency-aware tool usage. Tasks 782

often require generating multi-step API invocation 783

sequences that satisfy ordering and dependency 784

constraints, such as invoking prerequisite APIs be- 785

fore downstream calls. This benchmark is particu- 786

larly sensitive to invalid invocation order and partial 787

constraint violations, making it suitable for evaluat- 788

ing execution-aware planning under strict interface 789

semantics. 790

Nexus. NEXUS provides complex tool-use sce- 791

narios that integrate multiple APIs with heteroge- 792

neous schemas. In addition to basic interface cor- 793

rectness, tasks involve cross-tool dependencies and 794

state tracking across calls. The benchmark evalu- 795

ates whether generated tool-use plans can be exe- 796

cuted end-to-end without violating schema, type, 797

or dependency constraints, highlighting the gap be- 798

tween linguistically plausible and executable action 799

sequences. 800

VirtualHome. VIRTUALHOME is an embodied 801

planning benchmark set in a simulated household 802

environment. The model is required to generate 803

sequences of symbolic actions that can be executed 804

by an embodied agent. Each action is governed 805

by explicit physical and temporal constraints, in- 806

cluding object existence, spatial reachability, and 807

state-dependent preconditions (e.g., an object must 808

be acquired before being placed, and containers 809

must be opened before interaction). A plan is con- 810

sidered valid only if it can be executed without vio- 811

lating any environment-defined constraints, making 812

VIRTUALHOME a rigorous testbed for evaluating 813

physical executability. 814

B Robustness to Verifier Precision 815

To demonstrate that the effectiveness of EXEC- 816

GATE arises from the general paradigm of con- 817

straint injection rather than from the sophistication 818

of any particular verifier, we investigate the model’s 819

sensitivity to verifier precision. Specifically, on 820

code generation benchmarks (HUMANEVAL+ and 821

MBPP+), we replace the default high-precision 822

Incremental AST Parser with two simplified con- 823

straint strategies while keeping all other compo- 824

nents unchanged. All variants are evaluated using 825

the QWEN2.5-7B backbone. 826
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Heuristic Regex (Medium Precision). This827

variant employs a lightweight verifier based on reg-828

ular expressions, enforcing only coarse structural829

patterns such as indentation consistency and ba-830

sic keyword constraints. It does not perform full831

syntactic parsing or maintain an explicit abstract832

syntax tree.833

Vocabulary Masking (Low Precision). This834

variant adopts a minimal verifier that filters out to-835

kens that are invalid in Python source code (e.g.,836

arbitrary non-code symbols), but performs no struc-837

tural or semantic checks beyond vocabulary-level838

validity.839

We compare these simplified verifiers against840

both the baseline model and the full AST-based841

EXECGATE, allowing us to isolate the contribu-842

tion of constraint injection itself from the accuracy843

of the underlying verifier.844

Table 3: Performance sensitivity to verifier imple-
mentation (Qwen2.5-7B). We evaluate the impact of
verifier precision on code generation benchmarks. ∆ de-
notes the absolute improvement over the unconstrained
baseline.

Verifier Implementation Precision HumanEval+ ∆ MBPP+ ∆

Baseline (No Constraints) – 46.2 – 59.6 –
Vocabulary Masking Low 48.4 +2.2 60.5 +0.9
Heuristic Regex Medium 49.0 +2.8 61.0 +1.4
Incremental AST (Default) High 49.6 +3.4 61.4 +1.8

The results clearly indicate that EXECGATE is845

insensitive to the specific implementation of con-846

straints. Remarkably, even the coarse Heuristic847

Regex strategy achieves performance parity with848

the rigorous Incremental AST (49.0% vs 49.6%849

on HE+), and significantly outperforms the uncon-850

strained baseline (46.2%). Even the simplest Vo-851

cabulary Masking captures the majority of the per-852

formance gain (+2.2%). This finding confirms that853

the primary driver of success is the EXECGATE854

framework itself—specifically, the mechanism of855

injecting external feedback to correct preference856

drift—rather than the complexity or perfection of857

the constraint verifier. As long as the system pro-858

vides a directional feasibility signal, the model can859

effectively align its generation.860

C Sensitivity to Candidate Set Size (K)861

To determine the optimal search space required to862

recover physically feasible tokens, we analyzed the863

performance sensitivity to the candidate set size864

K (as defined in Algorithm 1, Line 3). Using the865

Qwen2.5-7B backbone on HumanEval+ (HE+) and866

VirtualHome benchmarks, we varied K within the 867

set {1, 5, 10, 20, 50} while keeping the constraint 868

strength fixed at λ = 1.0. This experiment tests the 869

hypothesis that due to "layer-wise preference drift", 870

valid grounded tokens are often suppressed to lower 871

probability ranks by the base model. Therefore, 872

K = 1 (equivalent to standard greedy decoding) 873

serves as the baseline, and we measure how ex- 874

panding the search scope enables the retrieval of 875

these suppressed but executable candidates. 876

Table 4: Effect of candidate size K on executability
and latency. Results are reported on HUMANEVAL+
(Pass@1) and VIRTUALHOME (Executability), with
inference latency measured relative to greedy decoding
(K=1).

Candidate Size (K) HumanEval+ VirtualHome Latency (Rel.)

K = 1 (Greedy) 46.2 61.3 1.00×
K = 5 46.5 62.0 1.12×
K = 10 (Default) 49.6 63.7 1.25×
K = 20 49.8 64.1 1.48×
K = 50 49.9 64.3 2.15×

The results exhibit a clear upward trend, indicat- 877

ing that a moderate expansion of the search space 878

is sufficient to bridge the executability gap. When 879

K = 1, the verifier has no alternative tokens to 880

select from, and performance remains at the base- 881

line level (HE+ = 46.2%). As K increases to 10, 882

we observe a substantial performance improvement 883

(HE+ rises to 49.6%), suggesting that physically 884

feasible tokens are typically present among the 885

top-10 predictions but are often overshadowed by 886

more linguistically fluent candidates due to inter- 887

nal model biases. Beyond this point, further in- 888

creasing K yields diminishing returns: for exam- 889

ple, at K = 50, HE+ improves only marginally 890

to 49.9%, while inference latency increases signifi- 891

cantly. These results indicate that K = 10 achieves 892

a favorable Pareto trade-off, delivering strong ex- 893

ecutability gains while maintaining efficient infer- 894

ence. 895

D Comparison with Iterative 896

Self-Correction Strategies 897

To demonstrate the efficiency and efficacy of EX- 898

ECGATE compared to prompt-based repair meth- 899

ods, we benchmarked it against an Iterative Self- 900

Correction baseline on the HumanEval+ (Code 901

Generation) dataset using Qwen2.5-7B. The Self- 902

Correction baseline follows a "Generate-Verify- 903

Refine" loop: if the generated code fails the 904

AST/Schema check, the error message is fed back 905
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def first_unique_char(s):


    for char in s:


       :


            return char


    return ""



 if s.count(char) == 1

def first_unique_char(s):


    state = [0] * 26

    prev  = [-1] * 26


    nxt   = [-1] * 26


    head = tail = -1


    for ch in s: 

        i = ord(ch) - 97


        if state[i] == 0:


            state[i] = 1


            prev[i] = tail; nxt[i] = -1


            if tail != -1: nxt[tail] = i


            else: head = i


            tail = i


        elif state[i] == 1:


            state[i] = 2


            p, n = prev[i], nxt[i]


            if p != -1: nxt[p] = n


            else: head = n


            if n != -1: prev[n] = p


            else: tail = p


            prev[i] = nxt[i] = -1


    return "" if head == -1 else chr(head + 97)



Implement first_unique_char(s) to return the 
first non-repeating character in s, or "" if 
none. Constraints: no imports; no 
collections/Counter/set/dict; 

 ; constant extra space.
exactly one 

linear pass

LLaMA3-8B

LLaMA3-8B

+ EXECGATE

O(n²)

session = login("username", "password") 
if session: 
    stock = get_stock(session, "A17") 
    if stock: 
        if stock["stock"] >= 2: 
            order = place_order(session, "A17", 2) 
            if order: 
                print(order["order_id"]) 
        else: 
            print("") 
    logout(session)

def solve():


    session = login("username", "password")


    result = ""





    if session:


        stock = get_stock(session, "A17")


        if stock and stock.get("stock", 0) >= 2:


            order = place_order(session, "A17", 2)


            if order and order.get("ok"):


                result = order.get("order_id", "")


        logout(session)





    return result



Use only these tools: login, get_stock, 
place_order, logout. Constraints: call order 

; get_stock and place_order each 
exactly once; place_order must use qty=2 and 
satisfy 2 <= stock, otherwise return "" but still 
call logout; no other functions/tools and 

.

must be exactly login → get_stock → 
place_order → logout (no insert/reorder/
repeat)

no 
extra text—only tool calls and the final result

No further action

LLaMA3-8B

LLaMA3-8B

+ EXECGATE

token = auth("username", "password")


if token:


    user_status = fetch_user(token, 42)


    if user_status["status"] == "active":


        set_status(token, 42, "banned")


        


    end(token)



print(set_status["ok"])

def solve():


    token = auth("username", "password")


    ok = False





    if token:


        user = fetch_user(token, 42)


        if user["status"] == "active":


            res = set_status(token, 42, "banned")


            ok = (res["ok"] == True)


        end(token)





    return ok



Only four tools are allowed: auth(u,p)->t, 
fetch_user(t,uid)->{status}, 
set_status(t,uid,status)->{ok}, and end(t)-
>{ok}. Set uid=42 to "banned" and return 
whether it succeeded. Constraints: calls 
must follow the exact order auth → 
fetch_user → set_status → end, each called 
exactly once; set_status is allowed only if 
fetch_user returns status=="active", 

; no 
other functions/tools and 

.

otherwise return False but still call end
no extra output 

text

LLaMA3-8B

LLaMA3-8B

+ EXECGATE

WalkTo(cabinet) → Open(cabinet) → 
Grab(coffee_jar) → Close(cabinet) →


WalkTo(coffee_table) → PutIn(coffee_jar, mug) 
→ PutOn(coffee_jar, coffee_table) →


Grab(mug) → WalkTo(microwave) → 
Open(microwave) → PutIn(mug, microwave) → 
Close(microwave) →


SwitchOn(microwave) → 
SwitchOff(microwave) →


Open(microwave) → Grab(mug) → 
Close(microwave) →


WalkTo(coffee_table) → PutOn(mug, 
coffee_table)



LLaMA3-8B

LLaMA3-8B

+ EXECGATE

no extra text no extra text

Without return False 

Task: Take coffee_jar from closed cabinet, 
, heat mug in powered-

off closed microwave, then place heated mug on 
coffee_table. 
Only actions: [WalkTo][Open][Close][Grab][PutIn]
[PutOn][SwitchOn][SwitchOff]. 
Constraints: no other actions; 

; Open(cabinet) before 
Grab(coffee_jar) and Open(microwave) before 
PutIn(mug,microwave); heat via 
SwitchOn(microwave) then SwitchOff(microwave); 

; end with cabinet & microwave Close 
and mug on coffee_table.

pour 
into mug (on coffee_table)

every interaction 
must follow WalkTo(target)

hold ≤1 object

Without pour 
into mug

WalkTo(cabinet) → Open(cabinet) → 
 → Close(cabinet) → 

WalkTo(microwave) → Open(microwave) → 
 → SwitchOn(microwave) 

→ SwitchOff(microwave) → 
WalkTo(coffee_table) → PutOn(mug, 
coffee_table) → Close(cabinet) → 
Close(microwave) → return True



Grab(coffee_jar)

PutIn(mug, microwave)

hold ≤ 1 object

Figure 4: Qualitative comparisons of constraint compliance across coding, tool-use, and embodied tasks. The
base LLaMA3-8B frequently violates explicit constraints (e.g., hidden O(n2) scans, illegal API call order or extra
outputs, and invalid VirtualHome action preconditions/holding limits), whereas EXECGATE enforces the specified
constraints and produces executable, verifier-consistent solutions.
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Figure 5: EXECGATE vs. iterative self-correction
(Qwen2.5-7B). Comparison in terms of executability,
inference latency, and token cost. Token cost is reported
relative to standard greedy generation.

to the model via a prompt to regenerate the solu-906

tion (allowing up to 1 refinement turn). The ex-907

periment highlights a fundamental advantage of908

EXECGATE: efficiency. While Self-Correction909

significantly improves performance over the base-910

line (46.2% → 48.5%) by reacting to errors, it911

comes at a steep price—nearly doubling the la-912

tency and 2.4x token cost due to the need for re-913

generation and processing long error contexts. In914

contrast, EXECGATE achieves slightly superior 915

performance (49.6%) by preventing errors before 916

they occur. By shaping the probability distribu- 917

tion during the initial decoding pass, EXECGATE 918

avoids the wasteful "generate-fail-retry" cycle, of- 919

fering a much more scalable solution for real-time 920

grounded tasks where latency and compute budgets 921

are constrained. 922

E Qualitative Analysis 923

Figure 4 presents representative failure cases of 924

the base model and the corresponding fixes en- 925

abled by EXECGATE under explicit, execution- 926

checkable constraints. Across code generation, 927

tool-use, and embodied planning settings, we ob- 928

serve a consistent pattern: the base model tends 929

to satisfy the surface task intent while silently vi- 930

olating hard constraints that are only detectable 931

by a verifier/executor, whereas EXECGATE re- 932

liably steers decoding toward verifier-consistent 933

action/code sequences. 934

Code generation: hidden constraint violations. 935

In the “first unique character” example, the base 936

model outputs a seemingly correct solution but re- 937

lies on s.count(char) inside a loop, which in- 938

duces a hidden O(n2) scan and violates the exactly- 939
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one linear pass constraint. In contrast, EXEC-940

GATE produces a verifier-compliant implementa-941

tion that maintains a constant-size state and avoids942

disallowed constructs, illustrating that constraint in-943

jection can correct complexity- and structure-level944

violations that are non-obvious from functional out-945

puts alone.946

Tool-use: protocol errors and output contam-947

ination. For the ordering task, the base model948

exhibits typical protocol drift: it either introduces949

extra outputs (e.g., print) or fails to return the re-950

quired value, and may skip required steps under951

conditional branches, breaking the mandated call952

order. With EXECGATE, the generated program953

follows the exact tool invocation schema (order,954

cardinality, and argument constraints) and cleanly955

returns the final result without extraneous side ef-956

fects, demonstrating improved adherence to inter-957

action protocols.958

Embodied planning: precondition failures and959

state inconsistency. In the VirtualHome-style960

coffee-making task, the base model often omits961

prerequisite actions (e.g., manipulating the mug962

without first reaching/grabbing it, or violating the963

one-object holding limit) and may leave contain-964

ers in invalid terminal states. EXECGATE cor-965

rects these errors by enforcing action preconditions966

and terminal-state constraints (e.g., Open before967

Grab/PutIn, SwitchOn then SwitchOff, and clos-968

ing containers at the end), yielding executable se-969

quences consistent with environment dynamics.970

Takeaway. These cases highlight that the gains971

of EXECGATE stem from explicit constraint in-972

jection during decoding rather than the sophisti-973

cation of any particular verifier: by continually974

aligning generation with execution-grounded con-975

straints, EXECGATE mitigates protocol drift and976

improves reliability in settings where “plausible”977

generations are insufficient.978
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