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Abstract: Embodied Large Language Models (LLMs) are increasingly used as
reasoning modules in robotic control pipelines to improve human-robot interac-
tion, but their memory and generation latency make real-time deployment diffi-
cult. Pruning can reduce these costs, but for controllers that undergo multiple pre-
and post-training phases, the crucial question is not only how much to prune, but
when pruning should occur.

In this work, we propose Before Parc Fermé (BPF), a pruning strategy performed
during RL that compresses embodied LLM controllers while they are still being
optimized for closed-loop behavior. This allows pruning decisions to account
for the task-specific supervision and closed-loop feedback that shape the final
controller. We propose two variants: BPF-RL, which performs iterative prun-
ing during RL by removing part of the model at predefined training intervals, and
BPF-SFT/RL, which first prunes part of the model structure during SFT and then
further compresses it during RL using the same iterative strategy as BPF-RL until
the target pruning ratio is reached. We evaluate BPF on RobotxR1, an LLM-based
autonomous-driving control pipeline, using an established LLM pruning frame-
work (LLM-Pruner), and compare it against post-training pruning, post-training
pruning with RL recovery, SFT-stage pruning, and smaller dense models from the
same family.

Our results show that BPF provides the best task-performance vs. memory and
throughput trade-off among the considered pruning strategies. When compressing
the larger RobotxR1 models, BPF-SFT/RL achieves a 1.69x better size—end-to-
end performance trade-off than directly selecting a smaller dense model from the
same family, measured as removed parameters per lost percentage point of con-
trol adaptability. On the Jetson AGX Orin mounted on the target robotic platform,
the compact models improve decode throughput by up to 27%. Finally, we fur-
ther show that pruning must be evaluated end-to-end, since changes in generated
output tokens can affect downstream latency and closed-loop behavior.

Keywords: Large Language Models, Embodied AI, RL-Time Pruning, Au-
tonomous Driving

1 Introduction

Large language models (LLMs) are increasingly used in robotic systems as high-level interfaces
between human commands and machine actions [1, 2, 3, 4, 5]. Through large-scale pretraining,
these models acquire broad linguistic, task-level, and commonsense knowledge, which makes them
useful for interpreting underspecified natural-language commands and adapting them to the current
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robotic context. However, even relatively small LLMs introduce non-negligible memory, latency,
and energy overheads, making them a difficult target for real-time local robotic deployment [6].

Recently, RobotxR1 [7] studied the use of LLMs for autonomous driving control, where the model
is used to translate natural language user-specified driving instructions into closed-loop vehicle be-
havior. RobotxR1 uses two LLM-based modules: DecisionxR1 evaluates whether the current driv-
ing behavior matches the user instruction, while MPCxR1 adapts Model Predictive Control (MPC)
parameters to realize the desired behavior. Both modules are trained with supervised fine-tuning
(SFT) followed by GRPO-based [8] reinforcement learning (RL), allowing their behavior to im-
prove through interaction with the driving environment.

Despite the competitive task performance of RobotxR1 [7], the gap highlighted in the results be-
tween larger and smaller models like Qwen2.5-3B and Qwen2.5-1.5B [9] illustrates a central de-
ployment problem: the larger model improves control adaptability by more than 20%, but increases
LLM token generation throughput by more than 60%, making real-time deployment harder. This
creates a trade-off between the model scale that learns robust embodied reasoning and the one that
can be efficiently executed on a constrained robotic platform. Pruning is a natural way to address
this issue, since it can reduce the memory and computational cost of larger LLMs while retaining
part of their task-performance advantage over smaller manually-designed models.

However, the correct way to apply it in an embodied LLM system trained with SFT and RL is not
obvious and has not yet been studied extensively. If pruning is applied after SFT but before RL, the
pruning criterion has no access to the closed-loop feedback that determines which structures matter
for the final driving task. If pruning is applied only after SFT and RL, compression acts on the final
task-adapted model, but the remaining weights have limited opportunity to adapt to the removed
structures. Pruning during RL addresses both issues: the model has already learned the supervised
task format, and further closed-loop feedback is available before training has fully converged.

Based on this observation, we propose Before Parc Fermé' (BPF), a family of RL-coupled pruning
recipes for embodied LLM controllers. BPF compresses the model while it is still being optimized
for closed-loop behavior, rather than treating pruning as a purely post-training operation. We study
two variants: BPF-RL, which performs iterative pruning during RL, and BPF-SFT/RL, which first
prunes part of the model structure during SFT and then further compresses the remaining structures
during RL using the same iterative strategy as BPF-RL until the target compression ratio is reached.
Our central research thesis is that a larger LLM compressed with BPF during adaptation can preserve
more reasoning and control ability than models pruned at other points of the SFT-RL pipeline,
including before RL and after training.

‘We evaluate BPF on both RobotxR1 LLM-based modules, DecisionxR1 and MPCxR1.

Our contributions are summarized as follows. (i) We introduce BPF, a pruning recipe that cou-
ples RL and structured pruning for embodied LLM controllers, using RobotxR1 as a representative
SFT/RL-trained robotic LLM system. We show that this strategy is more effective than pruning
only after training, pruning before RL, or applying post-RL recovery. Our best BPF-SFT/RL strat-
egy improves task performance by up to 11.4% with respect to doing pruning and post-RL recov-
ery. (ii) We characterize the resulting deployment trade-off in terms of task performance, memory
footprint, generation throughput, and latency. In particular, BPF-SFT/RL achieves a 1.69x bet-
ter size—end-to-end performance trade-off than directly selecting the smaller Qwen2.5-1.5B model,
measured as removed parameters per lost percentage point of control adaptability, while improving
decode throughput by 27% on the Jetson AGX Orin mounted on the target robotic platform. (iii)
We show that pruning embodied LLM controllers must be evaluated end-to-end, not only through
task-agnostic metrics (e.g., memory footprint, generation throughput). Since LLM latency depends
on the generated-token count, which can change after pruning, compression can alter downstream
latency and behavior. This is especially relevant in RobotxR 1, where DecisionxR1 outputs condition
MPCxR1 generation.

! Parc fermé refers to the Formula 1 period in which cars are locked from further modification before the
race. Here, it denotes the post-training stage where the model architecture is fixed.



2 Related Work

LLMs for Robot Control and Autonomous Driving: Recent work has studied LLMs as high-
level reasoning modules for robotic systems, where the language model interprets instructions, de-
composes tasks, selects skills, or generates objectives for a downstream controller [1, 2, 3, 4, 5].
In autonomous driving, LLMs and multimodal LLMs have been used for scene interpretation,
decision-making, and planning [10, 11, 12]. Baumann et al. [13] introduces the on-board LLM-
based autonomous-driving pipeline used in this work, where a decision model interprets driving
instructions, and an MPC-oriented language model adapts controller parameters. Boyle et al. [7] ex-
tend this pipeline by adapting the RI-Zero training protocol [8] to the same closed-loop autonomous-
driving environment, bringing reasoning-oriented LLMs into the robotic control setting and show-
ing that they outperform their non-reasoning counterparts. Building on this setup, our work studies
whether pruning during learning is a better alternative to replacing the model with a smaller dense
one from the same family, and investigates the optimal training stage for pruning.

Post-Training LLM Pruning: Recent LLM-specific pruning methods reduce model size and in-
ference cost by applying unstructured or structured sparsification to pretrained models [14, 15, 16,
17, 18, 19]. In particular, RL-Pruner [19] further uses RL to recover from pruning-induced loss in
encoder-based language models without retraining. While all these methods provide practical mech-
anisms for compressing LL.Ms, they treat pruning as a compression step applied to an already-trained
model, rather than as part of task adaptation or reasoning-oriented training.

Learning-Aware LLM Pruning: A more relevant direction for our work is pruning that is inte-
grated with training or fine-tuning. Sheared LLaMA [20] uses targeted structured pruning to reduce
alarger pretrained LLM to a specified smaller architecture, followed by continued pretraining, show-
ing that starting from a larger model can be more effective than training a smaller model directly.
Pruning-Aware Tuning [21] incorporates structured pruning into finetuning by learning pruning de-
cisions jointly with task adaptation, rather than fixing the sparsity pattern before finetuning. Adapt-
Pruner [22] further studies adaptive structured pruning during training for efficient small language
model construction. Closest in spirit to our setting, reinforcement learning has also been used to
learn structured pruning distributions for CNN compression [23], however, this work optimizes a
pruning policy for CNNSs, rather than pruning an LLM during RL-based embodied control training.

Our work studies learning-aware pruning in embodied robotics [7] and in an R1-Zero-style setup [8],
where the model is adapted through SFT and closed-loop RL to acquire reasoning behavior. We
study pruning as a training-time design choice, comparing compression after training, during SFT,
during RL, and across both stages. This distinction matters because the relevant costs in robotics
are not only model size but also inference latency, generated token length, and downstream effects
across the control pipeline.

3 Methodology

This work builds on RobotxR1 [7], which adapts LLMs for robotic reasoning through SFT followed
by closed-loop RL. We keep the controller, prompts, rewards, and evaluation protocol unchanged,
and study how structured pruning can be integrated into the same training pipeline. The key method-
ological question is where to apply pruning so that compression can exploit closed-loop training
feedback without being delayed until adaptation has fully converged.

3.1 RobotxR1 Pipeline

We use the same DecisionxR1-MPCxR1 pipeline as RobotxR1 [7]. DecisionxR1 is a RAG-enhanced
LLM that receives the user command and recent robot state history and determines whether the
current vehicle behavior matches the requested behavior. The state history contains track-relative
information such as vehicle position with respect to the racing line, heading error, steering angle, and
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Figure 1: Overview of the pruning strategies and placement in our pipeline.

longitudinal velocity. MPCxR1 then uses the DecisionxR1 output, the user command, the robot state
history, retrieved context, and the MPC formulation to generate textual updates to the exposed MPC
parameters. The parsed parameters are applied to the low-level MPC controller, which executes the
corresponding behavior in closed loop.

Both modules follow the same high-level adaptation sequence with SFT followed by RL. During
SFT, the models are trained with a next-token prediction loss on task-specific instruction-response
data. During RL, DecisionxR1 is optimized with behavior-adherence and formatting rewards, while
MPCxRI is optimized through closed-loop simulation using driving-performance, formatting, and
parameter-validity rewards. This shared SFT-RL structure defines the training pipeline in which
we introduce pruning. Additional details on the inherited RobotxR1 module inputs, outputs, and
rewards are reported in Appendix A.

Because DecisionxR1 and MPCxR1 are executed sequentially, pruning can have both local and
downstream effects. Pruning DecisionxR1 can change the text received by MPCxR1, while pruning
MPCxR1 directly affects controller-parameter generation. In the experiments, we therefore apply
the same pruning schedules to DecisionxR1, MPCxR1, and both modules jointly.

3.2 BPF Pruning Schedule

BPF defines when pruning is introduced within the SFT-RL training pipeline. Since DecisionxR1
and MPCxR1 share this training structure, we define all schedules for a generic LLM module with
weights 6 and apply them to either module in the experiments.

Following Fig. 1, we compare pruning after the full SFT-RL pipeline, during SFT, during RL, and
across both stages. Our main focus is on the two RL-coupled schedules: incremental pruning during
RL (BPF-RL), and split SFT-RL pruning (BPF-SFT/RL), where part of the model is pruned during
SFT, and the remaining compression follows the same incremental RL schedule as BPF-RL.

Post-training pruning. The simplest pruning schedule is post-training pruning (PTP), denoted as
(D in Fig. 1, where the model is first adapted with the standard SFT and RL, obtaining fry,, and
is then pruned in one-shot. This corresponds to the conventional setting in which compression is
applied only after task adaptation has completed. We consider both the direct post-training variant
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(PTP) and a recovery variant (PTP+R), where the pruned model is further optimized with additional
RL steps to recover the lost performance.

SFT-stage pruning. Fig. 1-2) depicts SFT-stage pruning schedule, where pruning is applied as a
single compression step during SFT, before the RL stage starts. Starting from 6, the model is first
trained for an SFT warmup phase without pruning. After this warmup, the model is pruned with
target ratio pgpr, and the remaining SFT steps continue on the compressed model, yielding 6%
RL is then run on this already compressed model.

BPF-RL. Fig. 1-3) depicts our first RL-coupled pruning schedule, BPF-RL. The model is first
trained with SFT without pruning, obtaining fspr. Compression is then introduced during RL, so
that pruning decisions are made after the model has learned the supervised task format, but while
it is still being optimized with closed-loop feedback. Rather than pruning once, BPF-RL removes
weights iteratively during RL. Let p be the final target pruning ratio and let Jg, be the number of
pruning events. We split the target compression uniformly across pruning events, so that each event
increases the cumulative pruning ratio by p/Jgry,. Starting from fgpr, RL is run for an initial warm-
up interval. Then, every Atgy, RL steps, pruning scores are recomputed on the current model, and
the lowest-scoring parameter groups are removed until the cumulative pruning ratio reaches jp/ Jgry,
at pruning event j. After each pruning event, RL resumes under the same reward objective. This
alternation between RL updates and pruning allows the remaining weights to adapt to the removed
structures while the model is still being optimized for the driving task.

BPF-SFT/RL. Fig. 1-(@ shows our second RL-coupled pruning schedule, BPF-SFT/RL. This
schedule is motivated by the fact that SFT and RL provide complementary information. SFT exposes
the model to task-specific prompts, output formats, and supervised input-output behavior, making it
a useful stage to remove clearly redundant structure. However, SFT does not provide closed-loop
feedback from the final driving task. For this reason, BPF-SFT/RL applies only a partial compres-
sion during SFT and leaves the remaining compression to RL, where pruning scores can reflect the
model after it has started adapting to closed-loop behavior.

Concretely, let p be the final target pruning ratio. BPF-SFT/RL first prunes the model during SFT
up to an intermediate ratio pspr < p, after an SFT warm-up phase. The remaining compression,
p — psET, 1s then reached during RL using the same iterative procedure as BPF-RL. If Jry, prun-
ing events are used during RL, each event adds (p — pspr)/Jrr to the cumulative pruning ratio.
Thus, BPF-SFT/RL combines partial compression after supervised task adaptation with RL-time
compression, allowing the model to access task feedback that determines the final control behavior.

3.3 Taylor-Based Pruning

The pruning schedules described in previous sections are agnostic to the specific pruning criterion
and can be instantiated with either structured or unstructured pruning. In this work, to demonstrate
BPF performance, we adopt LLM-Pruner [16], an LLM pruning framework that can operate at
different granularities. In the structured setting, the method first identifies groups of dependent
parameters that must be removed jointly to preserve architectural consistency after compression.
In the unstructured setting, the same formulation is recovered by treating each scalar weight as an
independent group.

Given a calibration batch of data D and a loss £L(D; ) evaluated at the current parameters 6, the
importance of a scalar parameter w; € 6 is approximated with a first-order Taylor score:

Hg) = |uo, 2ED20) ’

e 1
Wi ey
For a coupled group Gy, we aggregate the scores of its parameters as S(Gr) = >_,, g, I(wi).
Groups with the lowest scores are removed until the target pruning ratio for that pruning point is
reached.

In this work, we focus on structured pruning because it can more straight-forwardly yield practical
inference speedups [24, 18]. This better aligns with common deployment settings for standard



inference runtimes and hardware, whereas unstructured sparsity often requires dedicated kernels
and hardware to achieve practical speedups. We also report unstructured pruning results in the
Appendix C.2.

4 Experiments and Results

All experiments are conducted on the RobotxR1 pipeline [7], using the same controller, prompts,
rewards, and closed-loop evaluation protocol described in Sec. 3.1. Additional setup details are
provided in Appendix B.

4.1 DecisionxR1 Pruning with Fixed MPCxR1

We first isolate the effect of pruning DecisionxR1, while leaving MPCxR 1 unpruned. Following the
control-adaptability metric used in RobotxR1, we report the average percentage improvement over
the default MPC controller across four task errors, (E., E,, E,, Es). Here, the default MPC is the
original hand-tuned racing-line controller before any LLM-generated parameter update. Additional
details are provided in Appendix A.
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Figure 2: Average control-adaptability improvement over
the default MPC controller as in [7] versus model size.

The results show that our novel BPF-RL and -SFT/RL give the best trade-off among the sched-
ules applied to the 3B DecisionxR1 model. In particular, for the smallest architecture, obtained at
45% pruning ratio, BPF-RL improves the average control-adaptability score by 9.7%/15.2% over
PTP+R/PTP, while BPF-SFT/RL improves it by 11.4%/17%. The same point also provides the best
trade-off between the dense 3B and 1.5B models, achieving 0.91B parameter reduction with 7.61%
control-adaptability loss relative to the dense 3B model, corresponding to a ratio of 0.12B param-
eter reduction per lost percentage point. By contrast, moving directly to the dense 1.5B backbone
gives 1.55B parameter reduction losing 21.7% points, yielding only 0.071B parameter reduction
per lost point. Thus, BPF-SFT/RL provides a 1.69x better compression—adaptability trade-off than
selecting the smaller baseline model. Moreover, the BPF-SFT/RL model with a 10% pruning ratio
achieves the same level of control adaptability as the strongest RobotxR1 baseline while reducing
its parameter count by 0.25B.

4.2 Joint DecisionxR1-MPCxR1 Pruning

We next evaluate full-pipeline pruning, where both DecisionxR1 and MPCxR1 are pruned. Since
DecisionxR1 output is passed to MPCxR1, this setting captures how compression propagates
through the full RobotxR1 control pipeline.
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the mid-40% range. Thus, increasing MPCxR1 pruning from 10% to 30% causes a substantially
larger degradation than increasing DecisionxR1 pruning alone. This confirms that MPCxR1 is the
more sensitive module, consistent with its role in directly generating the MPC-parameter update
used by the low-level controller.

The same trend holds when both modules are pruned jointly. Light compression of the full cascade
can even improve over the unpruned 3B baseline. Indeed, the 10/10 configuration achieves the best
Pareto point, suggesting that BPF removes parameters that are not beneficial for the final closed-loop
task. However, the gain is module-dependent. The best trade-off configurations keep MPCxR1 only
mildly pruned, 10%, while allowing larger compression in DecisionxR1, up to 30-45%.

4.3 Embedded Deployment

To assess whether our BPF models provide practical deploy-
ment benefits, we deploy all pruned configurations identified
in Sec . 4.2 on the physical robotic platform shown in Fig. 4.
The vehicle is equipped with a Jetson AGX Orin, which acts as
the onboard inference device for the LLM modules. Additional
measurements reported in Appendix C.4.

The deployment results are summarized in Table 1. For fair-

ness, all dense baselines are redeployed and remeasured on our  Figure 4:  Robotic platform
deployment stack, where they achieve higher throughput than equipped with the Jetson AGX
in the original RobotxR1 implementation [7]. All pruned mod- Orin used for deployment.

els are obtained with the BPF-SFT/RL recipe. After pruning,

each model is quantized to Q5_K_M, exported to GGUF format, and deployed with the 11lama. cpp
runtime [25]. Before deployment, we apply a compilation pass that zero-pads MLP weights so that
output dimensions are multiples of 256, avoiding FP16 fallbacks in 1lama.cpp for non-aligned
layers. Memory footprint and decode throughput are measured with the 11ama-bench utility.

Table 1 shows that BPF consistently improves inference throughput while reducing memory foot-
print. On the Jetson AGX Orin, pruning DecisionxR1 by 45% reduces memory from 2.07GB to
1.51GB and increases decode throughput from 45 to 58 tok/s. A similar trend is observed for
MPCxR1 pruning: at 30% ratio, memory decreases to 1.62GB and throughput reaches 55 tok/s.

While Table 1 reports isolated-model throughput, the robot runs DecisionxR1 and MPCxR1 se-
quentially. We evaluate the complete cascade latency for the BPF-SFT/RL configurations from
Sec. 4.2, measuring the number of tokens generated by each stage. Fig. 5 shows that reducing
parameters alone does not necessarily reduce end-to-end latency. This effect is orthogonal to prun-



ing itself and could be mitigated by training or prompting the modules to produce shorter out-
puts, for example, by asking MPCxR1 to generate only the parameters that need to be changed.
Table 1: Embedded deployment metrics on the 0 this pipeline, pruning DecisionxR1 can
Jetson AGX Orin. change the text passed to MPCxR1, while prun-
ing MPCxR1 can make parameter generation
Module  Configuration Mem. (GB) Dec. tok/s  more verbose. In both cases, longer out-

Baseline 3B 2.07 45 puts can reduce or completely hide the com-
Baseline 1.58 1.04 73 putational savings of a smaller and higher-
g BPE-10% 1.92 49 throughput model. The best latency-wise BPF-
'z BPF-20% 1.77 51 SFT/RL f . Decisi R1b
g BPF-30% 162 56 configuration prunes Decisionx y
A BPF-45% 1.51 58 20% and keeps MPCxR1 unpruned, reducing
O BPFE-10% 1.92 48 latency by 19.5% with only a 0:8% drop in
& BPF-20% 1.77 51 task-performance. Compared with the 1.5B
= BPR30% 1.62 55 ine. thi on i
° : baseline, this configuration is 1.57x slower but

achieves a 21.0% higher task-performance.
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duce the memory footprint and de-  Fjgyre 5: End-to-end latency of thg (fl)lll pipeline. The bot-
code throughput on the target robotic  tom x-axis reports measured latency, while the top x-axis
platform. However, smaller modules reports corresponding task-performance from Fig. 3. Pareto
are not necessarily faster end-to-end: configurations are highlighted in bold.
pruning can change generated-token
length and make the cascaded pipeline slower despite reducing parameter count. This highlights
that compression for modular robotic LLM systems must be evaluated at the full-pipeline level,
jointly considering task performance, model size, generated output length, throughput, and latency.

Limitations

This work presents four main limitations. First, the two LLM modules are adapted and pruned sep-
arately: MPCxRI1 is trained on outputs from the original pipeline, not from pruned DecisionxR1
models. This may reduce robustness to distribution shifts introduced by upstream pruning and may
contribute to the increased verbosity and latency observed for some pruned cascades, motivating
future work on joint or alternating training of compressed modules. Second, we evaluate a limited
set of pruning schedules, with fixed pruning intervals and fixed pruning increments; more frequent,
smaller, or adaptive RL-time pruning policies remain unexplored. Third, our structured pruning pro-
cedure is not quantization-aware, requiring padding to align pruned MLP dimensions with runtime
constraints, which could be avoided by jointly optimizing pruning and quantization. Finally, the RL
objective does not penalize the length of generated tokens, although our deployment results show
that pruning can increase verbosity and end-to-end latency.
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Appendix
A RobotxR1 Pipeline and Evaluation Details

This work uses the RobotxR1 pipeline [7] without modifying the controller, prompts, rewards, or
evaluation protocol. RobotxR1 builds on a 1:10 scaled racecar autonomy stack [26], where a kine-
matic MPC tracks a minimum-curvature racing line in curvilinear coordinates. The robot state con-
tains the longitudinal and lateral displacement with respect to the racing line, heading error, steering
angle, and longitudinal velocity. The MPC exposes cost weights and constraints, such as veloc-
ity bounds and track-boundary inflation, which are the quantities updated by the LLM-generated
parameters.

The pipeline consists of two RAG-enhanced LLM modules executed sequentially. DecisionxR1
receives the user command c, the recent robot state history h;, and auxiliary context zp, including
retrieved memories and formatting instructions:

YD :fé'D(thtsz)a (2)

where 6p denotes the DecisionxR1 weights. The module determines whether the current vehicle
behavior matches the requested behavior. Conditioned on this output, MPCxR1 generates a textual
update to the MPC parameters:

ym = fou (¢ hes YD, 201)s 3)
where z;; includes the MPC formulation, retrieved memories, and output constraints. The parsed
parameters from y, are applied to the low-level MPC controller and evaluated in closed-loop sim-
ulation.

Following RobotxR1, control adaptability is measured as the percentage improvement over the de-
fault MPC controller across four behavior-specific task errors: centerline tracking error ., velocity-
tracking error E,, reversing error F,., and smooth-driving error E/;. The centerline error I, mea-
sures deviation from the centerline over a lap; F,, measures deviation from the target velocity speci-
fied in the prompt; E, measures deviation from the reverse-driving target velocity; and F; measures
deviation from zero acceleration, used as a proxy for smooth driving. For each error E, the improve-
ment is computed relative to the default MPC error, and the final score is the average over the four

errors:
EMPC _ ELLM

100
Avglmprove = e Z
Ee{E.,Ey,E.,Es}

EMPC : “)

Here, EMPC denotes the error obtained with the default MPC parameters, while E““M denotes the
error after applying the LLM-generated MPC update. The closed-loop evaluation uses the same ran-
domized evaluation prompts, simulation setup, and Grand Tour race-track layout as RobotxR1. The
evaluation prompts are unseen during SFT and RL training and include perturbed natural-language
variants for each behavior category.

Both modules are adapted through SFT followed by GRPO-based RL. During SFT, the models are
trained with the standard next-token prediction loss on task-specific instruction-response data. Dur-
ing RL, DecisionxR1 uses behavior-adherence and formatting rewards, while MPCxR1 combines
closed-loop driving-performance, formatting, and parameter-validity rewards.

B Experimental Setup

Both LLM modules, DecisionxR1 and MPCxR1, are instantiated from Qwen2.5 [9]. The dense
baselines are Qwen2.5-3B and Qwen2.5-1.5B models trained with the standard RobotxR1 SFT-
GRPO pipeline; all pruning experiments start from the Qwen2.5-3B checkpoint. SFT is run for 200
steps, with pruning, if applied, after 100 steps. RL is run for 900 steps. When pruning is applied
during RL, we use a 400-step warm-up and split the target pruning ratio p across three pruning
events separated by Atgr, = 100 steps, following Sec. 3.2. For BPF-SFT/RL, the target pruning
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ratio p is split evenly across the two stages: p/2 is applied during SFT, and the remaining p/2 is
applied iteratively during RL. All schedules use the same total number of SFT and RL steps.

C Additional Results

C.1 Additional DecisionxR1 Pruning Results

Fig. 6 extends the DecisionxR1 pruning analysis of Fig. 2 by also applying BPF-SFT/RL to the
1.5B checkpoint. The results show that the smaller dense model has less pruning headroom. Start-
ing from 1.5B, a mild 10% pruning ratio only slightly reduces average control adaptability, from
41.5% to 40.01%. However, at 20% pruning the score drops to 31%, showing that the performance
degradation appears much earlier than when pruning the 3B model.

Fig. 7 reports the same 3B-initialized 65 -
pruning configurations in terms of el ° *
average task-error improvement over ] .—I
the 1.5B baseline. Only models ini- —
tialized from 3B are included. The
plot confirms that BPF-based prun-
ing remains consistently above the
smaller dense baseline across prun-
ing ratios. At the 10% pruning ratio,
BPF-RL slightly outperforms BPF-
SFT/RL on this error-improvement
metric. However, this local advan- ! ‘ ‘ ‘ ‘ ‘ ‘ ‘
tage dOCS not translate intO a bet- 1.25 1.50 1.75 2.00 2.25 2.50 2.75 3.00

# params (B)
ter average control-adaptability score
in Fig. 2, where BPF-SFT/RL pro- Figure 6: DecisionxR1 pruning with fixed MPCxR1, using
vides the strongest overall trade-off. both 3B and 1.5B as starting checkpoints for BPF-SFT/RL.
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In the main paper, we focus on 2.2

structured pruning because it yields
smaller dense architectures and is
therefore better aligned with standard
inference runtimes. For complete-
ness, we also evaluate unstructured
pruning on DecisionxR1. This anal-
ysis is limited to standalone Deci-
sionxR1 accuracy and does not in-
clude end-to-end closed-loop evalua- o 18 20 22 21 26 28 30
tion with MPCxR1. Therefore, these # params (B)

results should be interpreted as a
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Figure 7: Average task-error improvement of pruned De-
module—leyel robustness c.hec.k rather cisionxR1 models initialized from 3B, measured relative to
than as evidence of full-pipeline con- e | 5B bageline. The score averages the relative improve-
trol performance. ment across the four task errors (E,, E,, E,., Ey).

Fig. 8a shows that unstructured prun-

ing preserves standalone DecisionxR1 accuracy over a wide range of parameter budgets. In particu-
lar, the pruned 3B-derived BPF models remain above the dense 1.5B baseline for moderate and high
pruning ratios. BPF-SFT/RL reaches 89.80% standalone accuracy with 2.93B parameters, slightly
outperforming the unpruned 3B DecisionxR1 baseline on this module-level metric. Even at stronger
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Figure 8: Standalone DecisionxR1 results under unstructured pruning.

compression, with 1.85B parameters, BPF-SFT/RL reaches 85.40% accuracy, remaining above the

82.83% accuracy of the dense 1.5B baseline.

Fig. 8b reports the same results as relative accuracy improvement over the dense 1.5B baseline. The
improvement remains positive across the reported unstructured BPF configurations, indicating that
the larger 3B backbone retains useful redundancy even after a substantial fraction of weights is re-
moved. Interestingly, the post-training pruning variants, PTP and PTP+R, fall below the dense 1.5B
baseline, showing that post-training pruning can degrade standalone DecisionxR1 accuracy below
the smaller dense baseline when compression is not integrated into adaptation. However, unlike
structured pruning, unstructured sparsity does not directly produce a smaller dense architecture and
may require sparse kernels or hardware support to translate parameter sparsity into practical infer-
ence speedups. For this reason, we use structured pruning for the main end-to-end and deployment
experiments, while reporting unstructured pruning here as a module-level robustness check.

C.3 Qualitative Closed-Loop Trajectories under DecisionxR1 Pruning

To complement the quantitative results, Fig. 9 and
Fig. 10 show qualitative closed-loop trajectories in the
ROS simulator for the prompt “Stay directly on the
middle of the track”. We compare the original un-
pruned DecisionxR1-MPCxR1 pipeline (Fig. 9) against
four configurations where MPCxR1 is kept unpruned
and DecisionxR1 is pruned with BPF-SFT/RL to 10%,
20%, 30%, and 45%, respectively (Fig. 10). In each
case, the figure overlays the reference path and the tra-
jectory followed by the vehicle.

The results show that the trajectories produced by the
pruned DecisionxR1 models remain visually close to
the unpruned trajectory in Fig. 9. Even at 45% pruning,
the vehicle still follows the centerline behavior with a
trajectory comparable to the unpruned baseline. These
qualitative results are consistent with the end-to-end
control-adaptability scores reported in Sec. 4.1, indi-
cating that the proposed pruning strategy preserves the

Trajectory Overlay | center | subcase 0

y[m]
|

n
Actual trajectory

-10

Figure O:
DecisionxR1-MPCxR1

Original

unpruned
trajectory  for

the centerline-following prompt.

relevant driving behavior despite substantially reducing the DecisionxR1 model size.
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Figure 10: Qualitative ROS trajectories for DecisionxR1 pruned at 10%, 20%, 30%, and 45% with
BPF-SFT/RL, keeping MPCxR1 unpruned.

C.4 Deployment on Multiple Reference Devices

Table 2 extends the deployment results of Sec. 4 by reporting both prefill and decode throughput
on two devices: the Jetson AGX Orin onboard the robotic platform and an RTX A5000 worksta-
tion GPU. All models use the same deployment pipeline described in Sec. 4: BPF-SFT/RL-pruned
checkpoints are quantized to Q5_K_M, exported to GGUF, and executed with 11ama.cpp. As in the
main text, the dense baselines are re-measured on our deployment stack.

Table 2: Deployment metrics for dense and BPF-SFT/RL-pruned models on an RTX A5000 work-
station GPU and on the Jetson AGX Orin onboard the robotic platform.

Module Configuration Memory (GB) RTX A5000 Jetson AGX Orin
Prefill tok/s Decode tok/s Prefill tok/s Decode tok/s

Baseline 3B 2.07 7303 188 1744 45
Baseline 1.5B 1.04 10865 270 3088 73

g BPF-10% 1.92 7514 194 1863 49
Z BPF-20% 1.77 8233 207 1894 51
3 BPF-30% 1.62 7903 209 2073 56
A BPF-45% 1.51 9525 225 2184 58
S BPF-10% 1.92 7890 197 1784 48
% BPF-20% 1.77 7092 200 1985 51
BPF-30% 1.62 8262 210 2124 55
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