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Abstract

Autonomous agents running on edge hardware need dependable task-planning but can-
not afford the compute footprint of frontier Large Language Models (LLMs). We show
that a single pass with a 4-bit quantized Llama 3.1 8B Small Language Model (SLM)
can generate valid plans in the Planning Domain Definition Language (PDDL) while re-
specting tight memory and latency budgets. VOLTS combines three ideas: (1) Action-
token fine-tuning on a custom vocabulary where every token encodes a complete
grounded action; (2) A real-time symbolic validator that checks each candidate
token against the current state during decoding; and (3) Parallel branching search
that explores promising alternatives within the same forward pass. On 2,000 IPC prob-
lems (Blocksworld, Logistics, DriverLog, Rover), VOLTS achieves 76.4% plan validity
with plans averaging 1.08 x the length of Fast Downward solutions, demonstrating that a
fine-tuned 8B SLM augmented with in-loop validation drastically narrows the capability
gap to frontier LLMs that are orders of magnitude larger (GPT-40: 7.2%), at a frac-
tion of the compute cost. The ablation baseline-an identically fine-tuned SLM without
in-loop validation, achieves only 0.13%, confirming the integrated validation-and-search
mechanism is essential.

Keywords: Automated Planning, PDDL, Small Language Models, Neuro-Symbolic
Al Tree Search, Edge Deployment

1. Introduction

Large Language Models (LLMs) have spurred intense interest in automated planning,
often formalized using the Planning Domain Definition Language (PDDL) [1]. Yet a growing
consensus [2—4] indicates that even frontier models struggle with strict constraint adherence,
verifiable correctness, and reliable multi-step reasoning. They hallucinate actions [5], lack
self-verification mechanisms [2], and their performance on planning benchmarks remains
limited [6]. Iterative hybrid approaches such as ReAct [7], Tree of Thoughts [8], Tree-
Planner [9], and LLM-Modulo frameworks [2] improve reliability but require costly multi-
pass interactions and still cannot guarantee plan validity during generation. In parallel,
frontier LLMs are inaccessible to latency- and memory-constrained edge agents (robots,
drones, embedded IoT), motivating reliable on-device planning with Small Language Models
(SLMs).

This paper introduces VOLTS (Validated Output through Logit Tree Search), a frame-
work that enables a fine-tuned, 4-bit quantized Llama 3.1 8B SLM to generate PDDL plans
with proven validity in a single inference pass. As illustrated in Figure 1, VOLTS uniquely
combines: (1) fine-tuning on a custom vocabulary where each token encodes a grounded
PDDL action, enabling (2) real-time, per-token symbolic validation during decoding, inte-
grated within (3) a logit-guided parallel tree search. This synergy guarantees that every
retained partial plan is symbolically valid, eliminating hallucinations without sacrificing
search breadth.

VOLTS does not aim to replace classical planners. Rather, it targets two complementary
gaps: (i) classical search must ground and evaluate an action space that grows combi-
natorially with domain objects, whereas a fine-tuned SLM compresses this into a learned
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distribution proposing only a few probable next actions; and (%) pre-trained language mod-
els encode cross-domain world knowledge that may enable generalization to novel tasks with
limited retraining, a form of transfer absent from classical planning.
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Figure 1. VOLTS explores multiple promising paths in parallel while guaranteeing that
every retained partial plan remains symbolically valid. Green nodes = primary actions
(highest logit), yellow nodes = secondary branches (within S threshold), red-crossed
nodes = invalid actions rejected by the PDDL validator, pruned nodes = low-score
actions eliminated.

Our central hypothesis is that fine-tuning equips SLMs with effective planning heuristics
discernible in their output logits [10]. VOLTS manages a set of active plan branches; in each
step the SLM proposes next actions for all branches simultaneously, which are immediately
validated. New branches are spawned from promising alternatives whose logit scores fall
within a S-ratio of the leading choice, subject to a limit of ky.x concurrent branches. Our
evaluation across 2,000 benchmark problems yields 76.4% average plan validity, strongly
supporting this approach. The main contributions are:

(1) A novel framework enabling fine-tuned SLMs on a custom domain vocabulary to
generate valid PDDL plans through a parallel, validated, logit-guided tree search.

(2) A custom PDDL grounding module for STRIPS [11] domains, designed for real-time
action validation inside the decoding loop.

(3) Empirical demonstration that an 8B SLM with VOLTS achieves high planning suc-
cess across standard PDDL domains, closing most of the capability gap to frontier
LLMs (GPT-40, GPT-03-mini) at orders-of-magnitude lower compute cost, and
vastly outperforming ablated baselines.

The full source code, training scripts, and evaluation pipeline are publicly available at https:
//github.com/R3CKO/Volts.

2. Methodology

VOLTS enables reliable PDDL planning with a 4-bit quantized Llama 3.1 8B by com-
bining domain-specific fine-tuning with in-loop symbolic validation. The fine-tuning uses
LoRA adapters initialized via PiSSA [12, 13], reducing computational requirements. Ounly
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the adapter weights and vocabulary-related layers are updated; the quantized base model
remains frozen. The training objective is standard autoregressive next-token prediction on
valid PDDL plan sequences, using datasets derived from Blocksworld, Logistics, DriverLog,
and Rover (~20,000 examples each).

2.1. Custom Vocabulary

Standard sub-word tokenization fragments PDDL actions across multiple tokens (e.g.,
analyze_rock_sample becomes seven sub-tokens), making per-token validation impossible.
We construct a custom vocabulary by extracting all unique grounded actions and parameter
instances from the target PDDL domains, assigning each a unique token ID. The model’s
embedding and output layers are resized to accommodate this vocabulary and trained along-
side the LoRA adapters. With each complete action encoded as a single token, the validator
can check every candidate immediately at each decoding step.

2.2. Action Grounding Module

We developed a custom PDDL action validator in Python that dynamically assesses
candidate action tokens at each generation step. Given the current symbolic state and a
candidate action, the validator checks whether the corresponding PDDL preconditions are
satisfied, returning a Boolean and, if valid, the resulting state. Its speed is critical for real-
time integration within the decoding loop; existing PDDL validators are too slow due to
subprocess overhead or library dependencies not designed for rapid per-action grounding.

2.3. Logit-Based Tree Search Inference

The VOLTS inference strategy manages a set B of active branches, each consisting of
a partial plan P; and its current symbolic state s;. At each step, a batched input from
all active branches is processed by the SLM in a single forward pass, yielding logit vectors
for each branch. For each branch, candidate next-action tokens are validated against the
current state by the grounding module. If no valid action exists, the branch is pruned.
Otherwise, the highest-scoring valid action a@primary €xtends the branch and the state is
updated; if the new state satisfies the goal, the plan is returned. To explore alternatives,
any other valid action whose logit score falls within a S-ratio (< 1.15) of aprimary SPawns
a new branch, subject to kyax concurrent branches. The loop terminates when a solution
is found, all branches are pruned, or the maximum plan length Ty, is reached. This
batched parallel processing with dynamic S-controlled branching efficiently explores diverse
valid plan trajectories while guaranteeing PDDL-semantic correctness by construction. A
detailed step-by-step algorithm and worked example are provided in Appendix A.

3. Experimental Setup

We evaluate on four PDDL benchmark domains from PlanBench [3] and the IPC STRIPS
track: Blocksworld, Logistics, DriverLog, and Rover (500 problems each, 2,000 total). Fine-
tuning datasets comprise ~20,000 problem—plan pairs per domain generated by the classical
planner Fast Downward [14].

Baselines include: Fast Downward [14] (classical planner; 100% validity reference);
GPT-40 and GPT-03-mini (zero-shot prompted with the PDDL domain and problem
files; the exact prompt templates used are given in Appendix B); Vanilla Llama 3.1 8B (no
fine-tuning); and a Fine-tuned Llama 3.1 8B ablation using identical PEFT techniques
and custom vocabulary as VOLTS but with standard autoregressive decoding (no in-loop
validation or branching).



The branching factor § was set to 1.15 (calibrated by reducing from 10 until perplexity
reached at most 3 [15]; values above 1.45 caused significant quality degradation). Maximum
concurrent branches kyax = 4 (hardware-limited). All local inference used an NVIDIA RTX
4090 (24 GB VRAM). Performance is measured by plan validity (percentage of plans that
are semantically valid and achieve the goal) and plan length ratio (generated plan length
divided by Fast Downward’s solution; 1.0 is optimal).

4. Results
Table 1 summarizes overall performance across all four domains.

Table 1. Overall performance summary across all four PDDL domains (2,000 problems).
Plan length ratio is relative to Fast Downward; values below 1.0 indicate shorter plans,
but only the validity column controls whether the plan is actually usable.

Method Avg. Validity Plan Length Ratio
Fast Downward (Symbolic) 100% 1.00
Vanilla Llama 3.1 8B 0.0% —
Fine-tuned Llama 3.1 8B (Ablation) 0.13% 5.88
GPT-40 (zero-shot) 7.2% 0.52
GPT-03-mini (reasoning, zero-shot) 48.9% 0.55
VOLTS (Ours, 8B SLM) 76.4% 1.08

SLM vs. frontier LLM. The primary motivation behind comparing VOLTS against
GPT-40 and GPT-03-mini is deployability: frontier LLMs with hundreds of billions of pa-
rameters cannot be deployed on edge hardware, where autonomous agents actually need to
plan. VOLTS, running on a 4-bit quantized 8B model that fits on a single consumer GPU,
achieves 76.4% validity, substantially higher than GPT-4o0 (7.2%) and noticeably higher
than GPT-03-mini (48.9%). The comparison is asymmetric: the GPT models are evaluated
zero-shot, whereas VOLTS benefits from domain-specific fine-tuning on ~20,000 examples
per domain. Rather than a confounder, we view this as the point: the edge-deployment
thesis of VOLTS is that when the target is a small, resource-constrained model, investing a
modest offline fine-tuning budget plus in-loop validation yields better plans than calling a
frontier model that cannot run on the device anyway. Prompt templates used for GPT-40
and GPT-03-mini are reproduced in Appendix B to allow exact replication.

The ablation is the critical comparison. The identically fine-tuned baseline with-
out VOLTS’s validation-and-search layer achieves only 0.13% validity (Blocksworld: 0.02%,
Logistics: 0.15%, DriverLog: 0.13%, Rover: 0.22%). The 76.4% vs. 0.13% gap confirms
that fine-tuning alone is insufficient; the integrated validation and guided parallel search are
what make the SLM a reliable planner.

Domain-specific validity. VOLTS achieves 64.6% on Blocksworld, 74.6% on Logistics,
83.6% on DriverLog, and 82.8% on Rover. The lower Blocksworld validity likely reflects the
tighter action interdependencies in stacking domains, where a single suboptimal early choice
cascades into dead-end branches more readily than in transport-style domains. The high
Rover and DriverLog scores reflect their more loosely coupled structure: in transport- and
mission-style domains, most early mistakes can be recovered by later actions, so S-guided
branching more easily finds a valid trajectory.

Plan length quality. Valid VOLTS plans average 1.08x Fast Downward’s solution
length. Domain-specific ratios: Blocksworld (1.4x), Logistics (1.01x), DriverLog (1.12x),
Rover (0.77x). The Rover ratio below 1.0 arises because Fast Downward’s heuristic oc-
casionally returns suboptimal plans in this domain, while VOLTS’s branching sometimes
discovers shorter valid paths. The fine-tuned ablation baseline averages 5.88x baseline



length on the rare occasions it produces a valid plan. GPT-40 (0.52%x) and GPT-03-mini
(0.55x) show shorter ratios, but these reflect their low validity rates, they solve only the
simplest problems with inherently short plans.

5. Conclusion

We presented VOLTS, a neuro-symbolic framework that enables a 4-bit quantized Llama
3.1 8B to generate valid PDDL plans through a single-pass, logit-guided tree search with
integrated real-time validation. The key finding is that the VOLTS architecture, not fine-
tuning alone, is what makes reliable SLM-based planning possible, as demonstrated by the
76.4% vs. 0.13% validity gap against the ablation baseline. Unlike iterative LLM-Modulo or
critique-and-revise approaches [2, 7, 16], VOLTS validates per token inside a single inference
pass, eliminating costly external cycles. The custom PDDL vocabulary enables instant
action-level validation, and dynamic S-controlled branching explores promising alternatives
efficiently within a batch. By aligning with the LLM-Modulo paradigm 2] in a particularly
tight integration, VOLTS opens a practical path to reliable on-device planning for resource-
constrained agents where frontier LLMs [17] cannot be deployed.

Limitations and Future Work. VOLTS’s reliance on substantial domain-specific
training data (20k-50k examples) is a bottleneck for new domains, motivating few-shot
PEFT and cross-domain transfer techniques. Future work will target explicit plan-cost
optimization, support for richer PDDL features (numeric fluents, temporal actions), adap-
tive branching strategies, and broader application to structured generation on edge devices,
including agentic systems combining VOLTS-planned actions with learned perception [18].
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Appendix A. VOLTS Algorithm

Algorithm 1 presents the full VOLTS inference procedure. At each iteration the fine-
tuned SLM proposes candidate actions for every active branch in a single batched forward
pass; the grounding-based validator filters these candidates, the primary action extends
each branch, and [-controlled spawning creates new branches from promising alternatives.
Figure 2 shows a Blocksworld trace illustrating how primary paths, S-spawned branches,
and pruned branches are produced across multiple steps within single-pass batch inference.

Algorithm 1 VOLTS Inference (Parallel Validated Logit Tree Search)

Require: Initial PDDL state sy, Goal GG, Fine-tuned SLM My, PDDL Validator V', Max
branches kn,ax, Branching factor 8, Max plan length Ty,.x
Ensure: Valid PDDL plan Rgyccess Or Failure
1: Initialize active branches B < {(0, so)} > Set of (plan, state) tuples
2: Initialize iteration step t < 0
3: while B # () and t < Ty,ax do

40 Bpext < 0 > Branches for the next iteration
5. Bpew <& 0 > Branches newly spawned this iteration
6:  Prepare batch input Z from all (P;,s;) € B
7. Compute logits for the batch: £ = My(Z) > Returns ¢; per branch i
8. for all branch (P, s;) € B with logits ¢; € £ do
9: Find top candidates Acana < TopKTokens(¢;)

10: Identify valid actions Ayaig < {(a,score(a)) | a € Acana, V(8;,a) = True}

11: if Avalid = () then

12: continue > Prune this branch
13: end if

14: Select primary action a@primary ¢ argmax,c 4 .. score(a)

15: Update primary branch state s; «— ApplyAction(s;, Gprimary)

16: Update primary branch plan P} <— P, + [aprimary]

17: if s} = G then

18: return P/ > Goal reached in this branch
19: end if

20: Add updated primary (P}, s}) to Bpext

21: for all other valid (Gother, SCOT€(Gother)) € Avalid; Gother 7 Gprimary dO

22: if score(aprimary)/score(Gother) < 8 and |B| + |Byew| < kmax then

23: St ow < ApplyAction(s;, dother); Prow < Pi + [Gother)

24: if st = G then

25: return FPj_, > Goal reached in new branch

26: end if

27: Add (Pr., Stew) 10 Bhew

28: end if

29: end for

30: end for

31: B < Bpext UBpew; t+t+1

32: end while

33: return Failure > No plan found
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Figure 2. VOLTS logit-based tree-search trace on a Blocksworld problem. The SLM
emits logit vectors over the custom action vocabulary; the grounding module validates
top candidates, promoting the highest-scoring valid action (green), spawning S-branches
(yellow), rejecting invalid candidates (red), and pruning dead-end branches. All branches
are processed simultaneously via batched inference.

Appendix B. Prompt Templates for GPT-40 and GPT-03-mini

For the zero-shot baselines we prompt GPT-40 and GPT-03-mini with the full PDDL
domain, one worked example problem with its known valid plan, and the target problem.
The model is asked to return only the plan, as a flat list of grounded actions in the form
action_name, param_1, param_2, ..., param_k, one per line. No chain-of-thought or
commentary is accepted; any deviation is parsed as a malformed plan.

System: You are a PDDL plan generator. Given a PDDL domain, an example
problem with its valid plan, and a target problem, you output only the plan
for the target problem, with one action per line, in the format action_name,
param_1, param_2, ..., param_k. Do not produce any other text, explanation,
or formatting.

User:
<PDDL domain definition>
Example problem:
<PDDL problem instance>
Example plan:
pick-up, a
stack, a, b
pick-up, c
stack, c, a

Target problem:
<PDDL problem instance>
Plan:

The same template is used across all four domains with domain-specific PDDL text
substituted in.
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