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Abstract
Large Language Models (LLMs) have recently emerged as planners for language-instructed agents,
generating sequences of actions to accomplish natural language tasks. However, their reliability re-
mains a challenge, especially in long-horizon tasks, since they often produce overconfident yet
wrong outputs. Conformal Prediction (CP) has been leveraged to address this issue by wrapping
LLM outputs into prediction sets that contain the correct action with a user-defined confidence.
When the prediction set is a singleton, the planner executes that action; otherwise, it requests help
from a user. This has led to LLM-based planners that can ensure plan correctness with a user-
defined probability. However, as LLMs are trained in an uncertainty-agnostic manner, without
awareness of prediction sets, they tend to produce unnecessarily large sets, particularly at higher
confidence levels, resulting in frequent human interventions limiting autonomous deployment. To
address this, we introduce CoFineLLM (Conformal Finetuning for LLMs), the first CP-aware fine-
tuning framework for LLM-based planners that explicitly reduces prediction-set size and, in turn,
the need for user interventions. We evaluate our approach on multiple language-instructed robot
planning problems and show consistent improvements over uncertainty-aware and uncertainty-
agnostic finetuning baselines in terms of prediction-set size, and help rates. Finally, we demonstrate
robustness of our method to out-of-distribution scenarios in hardware experiments.
Keywords: Finetuning of LLMs, Conformal Prediction, Language-instructed Robot Planning

1. Introduction

Task planning is a fundamental capability in robotics, enabling autonomous agents to design se-
quences of actions to accomplish high-level missions. Such missions are typically specified using
formal languages (Sahin et al., 2019; Kantaros and Zavlanos, 2020; Ye et al., 2024; Kamale and
Vasile, 2024; Vlahakis et al., 2025) or optimization-based formulations (Chen et al., 2017; Kiran
et al., 2021; Zhou et al., 2023; Sachdeva et al., 2024; Wang et al., 2025a). These approaches, while
powerful, require significant user expertise and manual effort to craft correct task specifications.1

In contrast, natural language (NL) offers a more intuitive interface for specifying robot mis-
sions. Motivated by the strong generalization abilities of large language models (LLMs), recent
work has introduced a new paradigm of high-level planning from NL instructions (Ahn et al., 2022;
Singh et al., 2023; Shah et al., 2023; Ding et al., 2023; Liu et al., 2023; Yang et al., 2024; Rana
et al., 2023; Garg et al., 2024; Wang et al., 2024; Li and Zhou, 2025; Zhang and Kantaros, 2025; Shi
et al., 2025; Ravichandran et al., 2025; Schwartz et al., 2025; Strader et al., 2025; Xu et al., 2025).

1. Our software implementation of CoFineLLM is available at https://cofinellm.github.io.
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Despite impressive empirical results, LLM-based planners often hallucinate and generate overcon-
fident yet wrong actions. To mitigate this, recent works have leveraged Conformal Prediction (CP)
(Angelopoulos and Bates, 2023; Shafer and Vovk, 2008) to quantify uncertainty in LLM-based
planners (Ren et al., 2023; Wang et al., 2025b). The planning problem is cast as a sequence of
multiple-choice question–answering (MCQA) tasks, where the LLM is queried to select an action
from a finite set. Instead of selecting the action with the highest model’s confidence score, these
works apply CP to produce a prediction set guaranteed, with user-specified confidence, to contain
the correct action. When the set is a singleton, the planner selects the action included in that set;
otherwise, it queries a human to disambiguate. These approaches ensure that the designed plans are
correct with a user-defined probability. However, the larger this probability is, the larger the predic-
tion sets are resulting in frequent human queries. The resulting help rate, i.e., the fraction of steps
requiring user input, can become prohibitively high as LLMs are trained in an uncertainty-agnostic
manner, with CP applied only post hoc (Huang et al., 2025; Chen et al., 2024; Zeng et al., 2025).

We address this limitation by introducing CoFineLLM (Conformal Finetuning for LLMs), the
first uncertainty-aware fine-tuning framework for LLM-based planners that integrates CP during
training. Our method aims to reduce prediction set sizes while preserving CP’s coverage guarantees.
The key idea is to “simulate” CP during training by incorporating both calibration and prediction
steps within mini-batches. We propose a new loss function that combines a cross-entropy term with
a CP-based term penalizing non-singleton prediction sets. To optimize this objective, we employ
Low-Rank Adaptation (LoRA) (Hu et al., 2022) with a curriculum-based training scheme; however,
other fine-tuning methods are compatible. During deployment, CP is applied to the fine-tuned model
as in prior works to enable probabilistically correct planning (Ren et al., 2023; Wang et al., 2025b).
We show empirically that this approach significantly outperforms baselines in terms of help rates.

Related Works: (i) Conformal LLM-based Decision Making: Prior works have applied CP to
quantify uncertainty of LLMs used to address planning, translation, and general MCQA problems
(Ren et al., 2023; Kumar et al., 2023; Su et al., 2024; Cherian et al., 2024; Vishwakarma et al.,
2025, 2024; Liang et al., 2024; Campos et al., 2024; Lin et al., 2025; Wang et al., 2025b,c,d). How-
ever, CP in these methods is used exclusively at test time, leading to frequent human interventions
when prediction sets are non-singleton. A comprehensive survey on how CP has been used to quan-
tify uncertainty of various AI-enabled components can be found in (Lindemann et al., 2024). (ii):
Conformal Training: Several CP-aware training methods have been proposed for neural network
classifiers (Colombo and Vovk, 2020; Bellotti, 2021; Stutz et al., 2022; Noorani et al., 2024; Yan
et al., 2024). Efforts towards developing conformal finetuning methods for graph neural networks
are presented in (Wang et al., 2025e). These works design differentiable loss functions to minimize
prediction set size while preserving the CP coverage guarantees. However, unlike this paper, they
focus on models addressing single-step tasks (e.g., classification) and, therefore, target single-step
prediction-set efficiency. Moreover, our empirical analysis suggests that existing CP-based loss
functions, such as those proposed in (Stutz et al., 2022), can be sensitive to the quality of the initial
model and may not transfer effectively to LLMs. In particular, we observed empirically that when a
pre-trained LLM (e.g., Gemma3-1B) is both incorrect and overconfident, these losses can produce
near-zero gradients, effectively halting learning. As a result, such approaches may be less suitable
for fine-tuning large models that begin far from convergence. Building on these insights, we intro-
duce a new CP-aware fine-tuning framework for sequential, multi-step decision-making tasks with
LLMs. Our formulation explicitly mitigates the gradient sensitivity issue by defining a loss function
that combines the standard cross-entropy objective with a novel CP regularizer.
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Contribution: The contribution of this paper can be summarized as follows: (i) We propose
CoFineLLM, the first CP-aware fine-tuning framework for LLMs in sequential decision-making
tasks. (ii) We instantiate this framework for robot planning and demonstrate substantial reductions
in help rates from users compared to both uncertainty-agnostic and conformal-aware fine-tuning
methods. (iii) We empirically show that the proposed framework is robust to the performance of the
initial model, making it well suited for cases where the model is far from convergence. (iv) We val-
idate the method on hardware experiments, demonstrating robustness in out-of-distribution settings
where test-time tasks and environments differ from those used during finetuning and calibration.

2. Problem Formulation
Robot Agent and Environment. We consider a single robot equipped with a known skill set
S = {s1, . . . , sS} (e.g., ‘move’, ‘turn’, ‘pick up’). The robot operates in a known environment
Ω ⊂ Rd, d ∈ {2, 3}, containing M > 0 semantic objects or regions om, m ∈ {1, . . . ,M}. Each
object om is defined by its location and a semantic label (e.g., ‘box’, ‘key’). Applying a skill sj ∈ S
to an object om yields an action a(sj , om); when it is clear from the context, it is simply denoted
by a. The set of all valid actions a is denoted by A and can be designed offline by enumerating
admissible skill–object combinations.

NL-based Planning Problem: The agent is assigned a mission ϕ, expressed in NL, that can be
completed if the robot executes a plan τ = τ(1), . . . , τ(t), . . . , τ(H), defined as a finite sequence
of actions τ(t) ∈ A, t ∈ {1, . . . ,H} for some horizon H . We formalize this setup by assuming a
distribution D over mission scenarios ξi = {ϕi,Si, Hi,Ωi}, where each scenario bundles together
a mission ϕi, the available skill set Si, the mission horizon Hi, and the environment Ωi. The
distribution D is unknown, but we assume that i.i.d. scenarios can be drawn from it. When clear
from context, we omit the subscript i.

Conformal NL-based Planners: Existing approaches can be employed to design plans τ that
are correct with user-specified probability 1 − α ∈ (0, 1) (Ren et al., 2023; Wang et al., 2025b).
These works frame the planning problem a sequence of MCQA problems solved by an LLM denoted
by g. The MCQA problem at time step t consists of a ‘question’, denoted by ℓ(t), providing a textual
description of the scenario ξ along with past actions (if any) the agent has taken, and the ‘choices’
refer to the available actions a ∈ A of the robot. The solution to this MCQA problem results in
τ(t). To solve it, the confidence scores, denoted by g(a|ℓ(t)), of the employed LLM for each a ∈ A
are extracted. Using these scores, CP is applied to construct a prediction set defined as

C(t) = {a ∈ A | g(a|ℓ(t)) ≥ δ}, (1)

where δ is the threshold computed offline (during a calibration phase; see Section 3.1) that depends
on 1− α and the model. If C(t) is a singleton, the corresponding action is executed; otherwise, the
system queries a human to select the correct action if it lies in C(t), or halts otherwise. Repeating
this procedure for all steps yields a plan τ that satisfies ϕ with probability at least 1− α.

Conformal Finetuning Problem: Our goal is to minimize the help rate, i.e., the fraction of time
steps requiring human assistance, in conformal LLM-based planners through finetuning. Specifi-
cally, our goal is to develop an uncertainty-aware fine-tuning framework that explicitly reduces the
size of the sets C(t) generated at test time without compromising their coverage guarantees. During
deployment, CP is applied to the finetuned model exactly as in standard conformal planners.
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Algorithm 1 ComputeConformalThreshold
1: Input: Calibration DatasetMcal; LLM g; Coverage level 1− α.
2: Compute nonconformity scores {r̄i}Di=1 onMcal using LLM confidence scores g.
3: Compute q̂ = Quantile1−α({r̄i}) and define δ = 1− q̂.
4: Output: Threshold δ.

3. Method
In this section, we present CoFineLLM, our conformal-aware finetuning framework for LLM-based
planners. The key idea is to fine-tune the model using a novel loss function that penalizes prediction
sets, generated via CP, that are non-singleton and fail to include the correct action. Constructing
these sets (and consequently the loss) depends on the threshold δ, introduced in (1), which varies
as the model parameters are updated. Inspired by Stutz et al. (2022), we simulate the conformaliza-
tion process during fine-tuning to dynamically adjust δ. The subsections below provide a detailed
overview of this process, summarized in Algorithm 2. Section 3.1 first describes how prediction
sets C(t) in (1) are constructed for a fixed model. Section 3.2 then presents our fine-tuning method,
which optimizes the proposed loss function while periodically updating δ, by invoking the proce-
dure in Section 3.1, to account for changes in the model parameters.

3.1. Constructing Local Prediction Sets using CP
In this section, we describe how the prediction sets C(t) are constructed for a given mission

scenario ξ ∼ D, following the procedure in (Ren et al., 2023; Wang et al., 2025b); see also Alg. 1.
Constructing these sets requires two components: (i) a calibration dataset comprising mission sce-
narios sampled from D along with their corresponding correct robot plans, and (ii) a nonconformity
score (NCS) that quantifies the “error” of the LLM-based planner with respect to the ground truth.
We first outline the construction of the calibration dataset, followed by the definition of the NCS.

Calibration dataset. We sample D > 0 i.i.d. scenarios ξi ∼ D. As discussed in Sec. 2, gen-
erating a robot plan is framed as solving a sequence of MCQA problems. At each time step t, we
construct the corresponding prompt associated with ξi, denoted by ℓi,cal(t), and identify the correct
action τi,cal(t). This gives rise to the following sequence of prompts ℓ̄i,cal = ℓi,cal(1), . . . , ℓi,cal(Hi)
and the corresponding sequence of correct actions (the ground-truth plan) τi,cal = τi,cal(1), . . . , τi,cal(Hi).
Repeating this process for all scenarios ξi yields the calibration dataset Mcal = {(ℓ̄i,cal, τi,cal)}Di=1 .

Non-conformity score (NCS). Next, we define the NCS, which models the error of the LLM-
based planner in generating a correct plan. This is defined as the worst-case error of the LLM-based
planner across all decision steps of a mission scenario. Specifically, for a calibration scenario ξi, the
NCS is given by

r̄i = 1− min
t∈{1,...,Hi}

g(τi,cal(t) | ℓi,cal(t)) , (2)

where g(τi,cal(t) | ℓi,cal(t)) denotes the confidence score assigned by the LLM g to the correct action
τi,cal(t) given the corresponding prompt ℓi,cal(t), as defined in Section 2. We compute the NCS r̄i
for all calibration scenarios ξi [line 2, Alg. 1]. The 1 − α empirical quantile q̂ = Quantile1−α(r̄i)
yields the threshold δ = 1− q̂ used to form prediction sets [line 3, Alg. 1].

Constructing prediction sets. Consider an unseen test scenario ξtest ∼ D with planning horizon
Htest and unknown true plan. As discussed in Section 2, planning is formulated as a sequence of
MCQA problems. At each time step t, given the prompt ℓtest(t) (associated with an MCQA problem
of time step t), we define the prediction set C(t) introduced in (1) which collects all actions whose
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confidence scores exceed the threshold δ. This is done for all time steps t ∈ {1, . . . , Htest}. As
shown in Ren et al. (2023); Wang et al. (2025b), it holds that P (τtest ∈ C̄) ≥ 1−α, where τtest is the
true plan and C̄ = C(1)× · · · × C(Htest). A formal proof of this guarantee, along with a discussion
of the case with multiple feasible solutions, can be found in Ren et al. (2023).

3.2. CoFineLLM: Conformal Fine-Tuning for LLM-based Planners
In this section, we present our conformal-aware fine-tuning algorithm; see Algorithm 2. The al-
gorithm takes as input: (i) an initial model g; (ii) a training dataset Mtrain (defined below); (iii) a
calibration dataset Mcal; (iv) a desired coverage level 1− α; and (v) hyperparameters λ and K, in-
troduced later. The calibration dataset Mcal = {(ℓ̄i,cal, τi,cal)}Di=1 consists of D > 0 pairs of prompt
sequences and their corresponding ground-truth plans, constructed as described in Section 3.1 by
sampling mission scenarios from D. Note that this calibration dataset is not necessarily the same
as the one used at test time. The training dataset Mtrain = {(ℓ̄i,train, τi,train)}Ti=1 is generated in the
same manner as the calibration dataset, using T > 0 mission scenarios sampled from D2.

The finetuning process runs until convergence where at each training epoch the model param-
eters, denoted by θ, are updated to minimize a loss function L(θ, δ) that will be introduced later.
Given a threshold δ, the model parameters θ are updated using stochastic gradient descent. Specifi-
cally, at each epoch, we sample from Mtrain a mini-batch B consisting ofB pairs (ℓi,train(t), τi,train(t)),
i.e., prompts ℓi,train (i.e., questions in MCQA tasks) and their corresponding true actions τi,train(t) ∈
A, [line 4, Alg. 2]. These individual prompts and actions can be drawn from different sequences i
in Mtrain and do not need to correspond to the same time step t. This process repeats across epochs.
As discussed earlier, the threshold δ used in the loss function L(θ, δ) depends on the model param-
eters which evolve across epochs. To account for that, every K epochs, Algorithm 1 is called to
update δ using Mcal and the current parameters θ [line 5, Alg. 2].

Next, we define the loss function L(θ, δ) that augments the standard cross-entropy objective
with a conformal regularizer as follows:

L(θ, δ) = LCE(θ) + λLCP(θ, δ), λ > 0, (3)

where λ controls the trade-off between optimizing task accuracy and prediction set efficiency. The
cross-entropy term LCE = − 1

B

∑B
j=1 log g(yj |ℓj) increases the probability assigned to the ground-

truth action y across the datapoints ℓ included in B. The conformal term LCP(θ, δ) is designed
to minimize prediction set size only when the ground-truth action is already contained in the set.
Intuitively, this encourages the model to first focus on improving prediction accuracy, when it is
‘wrong’, and to optimize prediction set efficiency once it is ‘right’. This structure avoids conflicts
between the two objectives, particularly during early training when the model’s predictions may be
incorrect, and leads to a more stable finetuning process. We define the conformal loss as below:

LCP(θ, δ) =
1

|B|
∑

(ℓ,y)∈B

ψ(py, δ) [pmax − δ]+, (4)

where (i) py = g(y | ℓ) is the confidence score of the LLM assigned to the correct action y associated
with the prompt ℓ; (ii) pmax = maxa∈A\{y} g(a | ℓ) is the largest probability assigned to any other
action (called hereafter the ‘strongest rival action’) [line 6-7, Alg. 2]; (iii) [·]+ is the ReLU function,

2. To construct the training dataset, we select for each task the plan τi,train with the shortest mission horizon among all
plans that satisfy the corresponding NL instruction.
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Algorithm 2 CoFineLLM: Conformal Finetuning for LLM-based Planners
1: Input: LLM g; Distribution D; Coverage level 1− α; Weight λ; Period K.
2: Sample scenarios from D and construct training datasetMtrain and calibration datasetMcal

3: repeat
4: Sample minibatch B of step-level pairs (ℓi,train(t), τi,train(t)) drawn randomly fromMtrain.
5: Every K epochs, update δ ← COMPUTECONFORMALTHRESHOLD(g,Mcal, 1− α).
6: Compute py = g(y | ℓ) and pmax = maxa∈A\{y} g(a | ℓ) for all pairs (ℓ, y) ∈ B.
7: Compute LCP(θ, δ) =

1
|B|

∑
(ℓ,y)∈B ψ(py, δ) [pmax − δ]+.

8: Update the model’s parameters θ by minimizing L(θ, δ) = LCE(θ) + λLCP(θ, δ), λ > 0.
9: until training converges

10: Output: Fine-tuned model g.

i.e., [a]+ = max{a, 0}; and (iv) ψ(py, δ) = 1(py ≥ δ), i.e., ψ(py, δ) = 1 if py ≥ δ and, therefore,
the correct action is included in the prediction set, and ψ(py, δ) = 0 otherwise. By definition of
ψ(py, δ), we have that LCP does not introduce penalties for those training examples (ℓ, y) ∈ B
where ψ(py, δ) = 0, i.e., y is not in the prediction set. Similarly, LCP introduces penalties only
when (a) ψ(py, δ) = 1, i.e., y is included in the prediction set and (b) [pmax − δ]+ ≥ 0 meaning
that the strongest rival action is included in the set (and, therefore, the set is non-singleton). In
other words, as discussed earlier in this section, LCP introduces penalties only for non-singleton
sets containing the true action. Then θ is update with the loss computed in (3) [line 8, Alg. 2].

A challenge in the above definition of LCP is that it is not differentiable due to ψ. Thus, to
enable gradient-based optimization, we use a smooth sigmoid approximation:

ψ(py, δ) = σ(T (py − δ)), σ(z) =
1

1 + e−z
.

Observe that as T → ∞, ψ(py, δ) converges to the above-mentioned step function 1(py ≥ δ).

4. Experiments
In this section, we evaluate the effectiveness of CoFineLLM on language-instructed robot planning
problems. Section 4.1 describes the setup of our algorithm and baselines. Section 4.2 presents com-
parative experiments showing that our method outperforms both uncertainty-agnostic and uncertainty-
informed (Stutz et al., 2022) baselines across various metrics, such as user help rates. Section 4.3
provides ablation studies demonstrating that CoFineLLM generalizes well to unseen test-time cov-
erage thresholds differing from the one used during finetuning. Finally, Section 4.4 empirically
demonstrates the robustness of our method in out-of-distribution (OOD) hardware experiments.

4.1. Experiment Setup: Distribution of Mission Scenarios, Baselines, & Evaluation Metrics
Distribution: We build on the BabyAI-Text environment (Carta et al., 2023), a language-conditioned
grid-world for grounded instruction following. The distribution D generates scenarios ξ as follows.
(a) Environment: The distribution D produces random grid layouts using the BabyAI (Chevalier-
Boisvert et al., 2018) procedural generator. Each environment is an 8 × 8 grid world composed of
a 6 × 6 navigable workspace surrounded by a one-cell-thick wall boundary (see Fig. 1). The outer
wall cells are fixed and impassable, while the inner 6× 6 region contains the agent and objects. The
environment is populated with objects belonging to four semantic categories: keys, balls, boxes, and
doors. The number, color, and placement of objects for each category are sampled uniformly. Both
the agent and the objects are initialized at random collision-free positions at the start of each episode.
(b) Action Space: The action space of the agent consists of six actions, i.e., A = {ai}6i=1, where
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Figure 1: Example environment from the BabyAI-Text simulator. The agent (red triangle) operates
in a grid world with colored keys, balls, boxes, and walls, and receives NL mission (e.g.,
“pick up the yellow ball”). The simulator provides textual descriptions listing objects and
their relative positions (e.g., “You see a yellow ball 1 step left”) for decision-making.

a1 = turn left, a2 = turn right, a3 = go forward, a4 = pick up, a5 = drop,
a6 = toggle. These six primitive actions enable the agent to move, manipulate objects, and inter-
act with the environment. (c) Tasks: Tasks are sampled uniformly from four categories of increasing
complexity: (i) GoTo — navigate to a randomly selected object in the environment; (ii) PickUp —
navigate to and pick up a randomly selected object; (iii) PickUpThenGoTo — pick up one randomly
selected object and then navigate to another randomly selected object; (iv) PutNext — pick up a
randomly selected object and place it next to another randomly selected goal object. Each mission
is expressed in natural language (e.g., “put the yellow ball next to the red key”).
Prompt Description: As discussed in Section 2, the prompt ℓ(t), corresponding to the question
of the MCQA problem at time t, includes the following components: (1) System description: the
symbolic action space and the decision objective; (2) Environment description: the relative position
of the agent with respect to semantic objects at time t (e.g., ‘You see a yellow ball 1 step left’); (3)
Task description: the natural-language mission ϕ; (4) Response format: instructions specifying how
the LLM should output its decision; (5) Action history: the sequence of past decisions up to time
t− 1; and (6) Step index: the current time step t. Appendix A shows an example prompt.
Training, Calibration, and Validation Datasets: The training (Mtrain), calibration (Mcal), and
validation datasets are constructed by sampling 4,000, 400, and 400 mission scenarios, respectively,
from D. The training and calibration datasets are used during fine-tuning by Alg. 2, while the
validation dataset is reserved exclusively for evaluating the fine-tuned model.
Models and Training Setup: In our evaluation, we consider the Gemma3-1B model (Team et al.,
2025) finetuned using LoRA (Hu et al., 2022) adapters while keeping the pretrained backbone
frozen. This setup preserves the base model’s language understanding while enabling lightweight
adaptation for language-instructed robot planning tasks. To enhance the stability of fine-tuning, we
also employ a phase-based curriculum learning strategy that progressively introduces more com-
plex mission categories while retaining a subset of simpler ones to mitigate catastrophic forgetting.
This enables the LLM-based planner to first master short-horizon tasks before progressing to longer-
horizon, compositional missions. All implementation details—including training hardware, LoRA
configuration, optimizer settings, learning rate, batch sizes, and phase schedules—are provided in
Appendix B. This fine-tuning framework is used to optimize our proposed loss function (3). Alter-
native fine-tuning frameworks could also be adopted.
Evaluation Metrics. We evaluate the models using 4 metrics: (i) Set size: the average size of
prediction sets C(t) across all decision steps and validation scenarios. (ii) Help rate: the fraction
of individual decision steps, aggregated across all validation missions, at which human assistance is
requested (i.e., |C(t)| > 1); (iii) Coverage rate: the percentage of validation scenarios in which the
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Table 1: Comparative evaluations using 1−α=0.95 during both finetuning and validation.
Method Set Size ↓ Help Rate ↓ Coverage Verification Rate ↑

Pre-trained 6.000 100% 100% 0%
UI 6.000 100% 100% 0%
UA 1.138 12.7% 98.7% 41.2%
Ours (λ=0.1) 1.109 (-2.54%) 9.7% (-23.67%) 98.7% (+0%) 49.8% (+21.05%)

LLM-based planner generates a correct plan while asking for help from a user only when |C(t)| > 1;
(iv) Verification rate: the fraction of validation scenarios for which the planner designs the entire

plan without asking for help, i.e., all prediction sets are singletons. All metrics are averaged over 3
independent runs. In cases where multiple feasible plans exist at test time, we apply CP following
the approach proposed in Ren et al. (2023).
Baselines: We consider two baselines to evaluate the effectiveness of our method. To ensure fair
comparisons, both baselines share the same training setup and fine-tuning process described in
Algorithm 2; they differ from our approach only in the loss function they optimize. Uncertainty-
agnostic (UA) baseline: This baseline optimizes only the cross-entropy loss, ignoring prediction set
efficiency entirely. It can be recovered from our formulation in (3) by setting λ = 0. Uncertainty-
informed (UI) baseline: This baseline optimizes the ConfTr loss introduced in (Stutz et al., 2022)
for finetuning image classifiers. For each option (or label) k, a soft set-membership score is de-
fined as Ck(θ) = σ((pk − δ)/β), where pk is the model’s predicted probability for option k (that
depends on the model’s parameters θ), δ is the confidence threshold generated by Alg. 1, β con-
trols the sharpness of the sigmoid σ(·), and Cy(θ) denotes the score for the ground-truth option
y. Then, the ConfTr loss function is defined as LUI(θ, δ) = log

(
(1 − Cy(θ)) +

∑
k ̸=y Ck(θ) +

λmax(0,
∑

k Ck(θ) − 1)
)

encouraging inclusion of the true class while penalizing unnecessarily
large prediction sets. In our experiments, following (Stutz et al., 2022), we set β = 0.1. Observe,
that unlike our formulation, this loss does not include a cross-entropy term; instead, it simultane-
ously penalizes large prediction set sizes, even when the correct action is absent, and prediction sets
that fail to contain the correct action. We also report the performance of the pre-trained model.

4.2. Comparative Evaluation in In-Distribution Mission Scenarios
In this section, we present comparative numerical evaluations of our method and both baselines for
a target coverage level of 1 − α = 0.95 during fine-tuning and validation; see Table 1. The loss
functions of our method and the UI baseline are both configured using this coverage level. In our
loss function (eq. 3), we set λ = 0.1. Before fine-tuning, the pre-trained model performs poorly on
the considered planning tasks. For instance, its help rate is 100%, i.e., human assistance is required
at every decision step across all validation missions to ensure a coverage rate of 95%; see the first
row in Table 1. We also observed that the predictions of the pre-trained model are overconfident
yet wrong in the sense that it assigned a large confidence score to a wrong action across all vali-
dation MCQA problems. After fine-tuning, CoFineLLM yields consistent improvements over both
baselines across all evaluation metrics. Notably, relative to the UA baseline, the help rate decreases
by 23.67% while the verification rate increases by 21.05%, indicating a larger fraction of missions
completed without human intervention; see Table 1. The UI baseline failed to learn any useful pat-
tern and is stuck at 100% help rate with an average prediction size of 6 (i.e., |A|). We observed
empirically that this issue is not solely due to low initial accuracy but rather to the pretrained LLM
producing overconfident yet incorrect predictions early in training. When a confidence score pk
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Table 2: Evaluation of finetuned model on unseen test-time coverage thresholds 1−α.
1−α Method Set Size↓ Help Rate↓ Coverage Verification Rate↑

85% UA 1.037 3.7% 96.1% 76.3%
Ours 1.010 (-2.71%) 1.0% (-72.45%) 97% (+0.95%) 92.2% (+20.87%)

90% UA 1.077 7.2% 97.3% 60%
Ours 1.046 (-2.76%) 4.4% (-39.20%) 97.6% (+0.26%) 70.3% (+17.22%)

96% UA 1.159 14.38% 98.8% 37.8%
Ours 1.154 (-0.45%) 13.3% (-7.36%) 99% (+0.17%) 38.3% (+1.10%)

Table 3: Evaluation under various values for λ with 1−α=0.95 during finetuning and validation.
Method Set Size↓ Help Rate↓ Coverage Verification Rate↑

UA 1.138 12.7% 98.7% 41.2%

λ=0.5 1.131 (-0.63%) 11.5% (-9.82%) 98.8% (+0.17%) 46.2% (+12.15%)
λ=0.3 1.110 (-2.54%) 10.1% (-20.55%) 98.7% (+0%) 48.7% (+18.27%)
λ=0.1 1.109 (-2.56%) 9.7% (-23.67%) 98.7% (+0%) 49.8% (+21.05%)

is either close to 1 or 0 , the corresponding Ck quickly saturates near 1 or 0 under small changes
in the model’s parameters. Consequently, the loss landscape becomes nearly flat with respect to θ,
yielding vanishing gradients and preventing effective learning. This issue does not arise in our setup
particularly because of the cross-entropy term in (3). The coverage rate for all fine-tuned models
remains close to the desired 1 − α = 0.95 across all baselines as expected due to the theoretical
guarantees in (Ren et al., 2023; Wang et al., 2025b).

4.3. Ablation Studies: Effect of Test-time Coverage Threshold 1− α and Parameter λ

Generalization to unseen test-time coverage level 1−α. Here we evaluate the fine-tuned model
from Section 4.2 (trained with 1−α=0.95 and λ=0.1) under test-time coverage targets 1−α ∈
{0.85, 0.90, 0.96}, which differ from the value used during fine-tuning. Comparative results against
the finetuned model obtained in Section 4.2 by the UA baseline are summarized in Table 2. Our
method consistently outperforms the UA baseline across all coverage levels. For example, at a lower
coverage threshold (1−α=0.85), the help rate decreases by 72.45% and the verification improves
by 20.87%. At a stricter coverage level of 1−α=0.96, it reduces help rate by 7.36% and increases
verification rate by 1.1%. These results demonstrate that the benefits of conformal-aware fine-tuning
persist even when the test-time coverage requirement differs from the one used during training,
highlighting strong generalization of uncertainty calibration.

Sensitivity to λ. We fix the coverage level to 1−α=0.95 during both finetuning/calibration and
validation, and vary the penalty coefficient λ ∈ {0.1, 0.3, 0.5}. As shown in Table 3, our method
outperforms the UA baseline across all settings. The best performance is attained at λ=0.1, which
reduces prediction-set size by 2.56%, lowers help rate by 23.67%, and boosts verification rate by
21.05%. An intermediate penalty (λ=0.3) also yields strong improvements, reducing help rate
by 20.55% and increasing verification rate by 21.05%. A larger penalty (λ=0.5) still improves
verification but provides slightly weaker overall gains. Overall, these results show that our approach
is robust to the choice of λ and consistently improves prediction-set size and help rates.
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Figure 2: Evaluation in a physical environment with OOD scenarios sampled from D′. The robot
receives the NL instruction ‘put the fire hydrant next to the red car.’ The left panel shows
the 3×5 grid abstraction used for planning, where each cell represents a discrete naviga-
tion step. Using this representation, the LLM planner generates τ directing the robot to
turn, move to the hydrant, pick it up, move to the red car, and place the hydrant next to it.

Table 4: Evaluation in OOD scenarios using 1−α=0.95 during finetuning and validation.
Method Set Size ↓ Help Rate ↓ Coverage Verification Rate ↑

UA 1.131 11.7% 95.1% 58.9%
Ours (λ=0.1) 1.072 (-5.22%) 6% (-48.67%) 98.1% (+3.16%) 71.7% (+21.70%)

4.4. Hardware Experiments & Comparative Evaluations in OOD Mission Scenarios
OOD Validation Scenarios: In this section, we evaluate the finetuned model obtained in Sec-
tion 4.2 on OOD mission scenarios. Specifically, we consider cases where validation scenarios are
sampled from a distribution D′ that differs from the distribution D, used during calibration and
finetuning, in the environments it generates. The distribution D′ generates 3×5 grid-world envi-
ronments populated with traffic cones, fire hydrants, and cars, where cars may appear in one of
six possible colors. Both D and D′ generate tasks from the same four mission categories, but the
tasks are defined over different objects. The distribution D′ is not accessible and thus cannot be
used for calibration or finetuning. Thus, calibration data during both finetuning and test time, the
LLM-based planner are sampled from D while validation mission scenarios are generated by D′.
The coverage threshold during both finetuning and test time is set to 0.95.
Comparative Results: The comparative results over 80 validation mission scenarios generated by
D′ against the UA baseline are summarized in Table 4. Using the threshold δ calibrated using data
from D, CoFineLLM substantially improves help and verification rates. Specifically, the verification
rate rises by +21.7% and help rate drops by 48.67% compared to the UA baseline. Interestingly,
models finetuned by both methods preserve the 1− α coverage level despite the distribution shift.
Hardware Demonstration: The plans generated by the finetuned LLM-based planner are demon-
strated on real robot platform TurtleBot3 Waffle-Pi equipped with an OpenManipulator-X arm (Open-
Robotics, 2022) in a miniature urban environment modeled as 3×5 grid world, populated with traffic
cones, fire hydrants, and cars. Snapshots from such a demonstration are provided in Fig. 2.
5. Conclusion
This paper introduced the first conformal-aware finetuning framework for LLMs used for language-
instructed robot planning. Our method reduces the size of prediction sets generated by CP at test
time, thereby decreasing the need for user intervention. Our experiments demonstrate that the pro-
posed method consistently outperforms baselines in terms of prediction-set size and help rate.
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report. arXiv preprint arXiv:2503.19786, 2025.

Harit Vishwakarma, Alan Mishler, Thomas Cook, Niccolo Dalmasso, Natraj Raman, and Sumitra
Ganesh. Improving decision-making in open-world agents with conformal prediction and monty
hall. In NeurIPS 2024 Workshop on Open-World Agents, 2024.

Harit Vishwakarma, Alan Mishler, Thomas Cook, Niccolo Dalmasso, Natraj Raman, and Sumi-
tra Ganesh. Prune’n predict: Optimizing llm decision-making with conformal prediction. In
Proceedings of the 42nd International Conference on Machine Learning (ICML), 2025.

Eleftherios E Vlahakis, Lars Lindemann, and Dimos V Dimarogonas. Conformal data-driven con-
trol of stochastic multi-agent systems under collaborative signal temporal logic specifications. In
Proceedings of the IEEE Conference on Decision and Control (CDC), 2025. arXiv:2504.04615.

Jun Wang, Hosein Hasanbeig, Kaiyuan Tan, Zihe Sun, and Yiannis Kantaros. Mission-driven ex-
ploration for accelerated deep reinforcement learning with temporal logic task specifications. In
Proceedings of the 7th Annual Learning for Dynamics & Control Conference, volume 283 of
Proceedings of Machine Learning Research, pages 763–776. PMLR, 04–06 Jun 2025a.

Jun Wang, Guocheng He, and Yiannis Kantaros. Probabilistically correct language-based multi-
robot planning using conformal prediction. IEEE Robotics and Automation Letters, 10(1):160–
167, 2025b. doi: 10.1109/LRA.2024.3504233.

Jun Wang, David Smith Sundarsingh, Jyotirmoy V Deshmukh, and Yiannis Kantaros. Confor-
malnl2ltl: Translating natural language instructions into temporal logic formulas with conformal
correctness guarantees. arXiv preprint arXiv:2504.21022, 2025c.

Jun Wang, Jiaming Tong, Kaiyuan Tan, Yevgeniy Vorobeychik, and Yiannis Kantaros. Conformal
temporal logic planning using large language models. ACM Transactions on Cyber-Physical
Systems, September 2025d. ISSN 2378-962X. doi: 10.1145/3769111.

Shu Wang, Muzhi Han, Ziyuan Jiao, Zeyu Zhang, Ying Nian Wu, Song-Chun Zhu, and Hangxin Liu.
Llm3: Large language model-based task and motion planning with motion failure reasoning. In
Proceedings of the IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS),
2024.

Ting Wang, Zhixin Zhou, and Rui Luo. Enhancing trustworthiness of graph neural networks with
rank-based conformal training. In Proceedings of the AAAI Conference on Artificial Intelligence,
volume 39, pages 21261–21268, 2025e.

Shaojun Xu, Xusheng Luo, Yutong Huang, Letian Leng, Ruixuan Liu, and Changliu Liu.
Nl2hltl2plan: Scaling up natural language understanding for multi-robots through hierarchical
temporal logic task specifications. IEEE Robotics and Automation Letters, 2025.

Ge Yan, Yaniv Romano, and Tsui-Wei Weng. Provably robust conformal prediction with improved
efficiency. In Proceedings of the International Conference on Learning Representations (ICLR),
2024.

14



COFINELLM: CONFORMAL FINETUNING OF LLMS FOR LANGUAGE-INSTRUCTED ROBOT PLANNING

Zejun Yang, Li Ning, Haitao Wang, Tianyu Jiang, Shaolin Zhang, Shaowei Cui, Hao Jiang, Chun-
peng Li, Shuo Wang, and Zhaoqi Wang. Text2reaction: Enabling reactive task planning using
large language models. IEEE Robotics and Automation Letters, 2024.

Bowen Ye, Jianing Zhao, Shaoyuan Li, and Xiang Yin. Prioritize team actions: Multi-agent tempo-
ral logic task planning with ordering constraints. In 2024 IEEE 20th International Conference on
Automation Science and Engineering (CASE), pages 2840–2845. IEEE, 2024.

Weihao Zeng, Yuzhen Huang, Qian Liu, Wei Liu, Keqing He, Zejun Ma, and Junxian He. Simplerl-
zoo: Investigating and taming zero reinforcement learning for open base models in the wild. In
Proceedings of the Conference on Language Modeling (COLM), 2025.

Yuqing Zhang and Yiannis Kantaros. Namo-llm: Efficient navigation among movable obstacles
with large language model guidance. IEEE Robotics and Automation Letters, 2025.

Weitao Zhou, Zhong Cao, Nanshan Deng, Kun Jiang, and Diange Yang. Identify, estimate and
bound the uncertainty of reinforcement learning for autonomous driving. IEEE Transactions on
Intelligent Transportation Systems, 24(8):7932–7942, 2023.

Appendix A. Example Prompt and LLM Scoring Function g

For completeness, we show an example of the complete prompt used to query the LLM planner
during fine-tuning and evaluation. Each prompt encodes (i) the action space and response format,
(ii) the mission goal, (iii) the current textual observation, and (iv) the action history up to the current
step. This structure transforms each decision point into a multiple-choice question where the LLM
selects one symbolic action.

Select an action by its corresponding number:
0: turn left
1: turn right
2: go forward
3: pick up object
4: drop object
5: toggle

Goal of the agent: go to a red ball after you pick up the grey key

Observation: You see a wall 2 steps back and 1 step left. You see
a wall 1 step back and 1 step left. You see a wall 1 step left.
You see a wall 1 step forward and 1 step left. You see a wall 2
steps forward and 1 step left. You see a wall 3 steps forward and
1 step left. You see a wall 4 steps forward and 1 step left. You
see a wall 5 steps forward and 1 step left. You see a wall 2 steps
back. You see a wall 5 steps forward. You see a wall 2 steps back
and 1 step right. You see a red ball 4 steps forward and 1 step
right. You see a wall 5 steps forward and 1 step right. You see
a wall 2 steps back and 2 steps right. You see a yellow key 1 step
forward and 2 steps right. You see a yellow ball 2 steps forward
and 2 steps right. You see a grey key 3 steps forward and 2 steps
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right. You see a wall 5 steps forward and 2 steps right. You see
a wall 2 steps back and 3 steps right. You see a red ball 1 step
forward and 3 steps right. You see a green key 4 steps forward and
3 steps right. You see a wall 5 steps forward and 3 steps right.
You see a wall 2 steps back and 4 steps right. You see a red key
1 step back and 4 steps right. You see a wall 5 steps forward and
4 steps right. You see a wall 2 steps back and 5 steps right. You
see a blue box 5 steps right. You see a green box 2 steps forward
and 5 steps right. You see a red ball 3 steps forward and 5 steps
right. You see a wall 5 steps forward and 5 steps right. You see
a wall 2 steps back and 6 steps right. You see a wall 1 step back
and 6 steps right. You see a wall 6 steps right. You see a wall
1 step forward and 6 steps right. You see a wall 2 steps forward
and 6 steps right. You see a wall 3 steps forward and 6 steps right.
You see a wall 4 steps forward and 6 steps right. You see a wall
5 steps forward and 6 steps right.

Previous Steps:

Your next action (choose number):
Action:

This example corresponds to a mid-episode decision in the PickUpThenGoTo mission family.
We apply a similar idea to extract scores as proposed in Ren et al. (2023). At each time step t,
the LLM-based planner is formulated as a multiple-choice question-answering problem. Given the
current mission description, environment state, and action history, the LLM is prompted to select
the next action from a fixed discrete action set. Each action is represented in the prompt by a
numeric identifier (e.g., ’0’, ’1’, . . . ), forming an action-number pair (e.g., ’0: turn left’) in the
prompt. Specifically, the model does not generate free-form text; instead, we extract the model’s
logits at the final token position, and only the logits corresponding to the discrete action tokens (e.g.,
”0”, ”1”, ..., representing the available actions) are retained. A Softmax operation is then applied
over these selected logits to obtain a probability distribution over the action set. These normalized
probabilities define the confidence scores g used by conformal prediction. During training, only the
observation and history fields evolve over time, while the system description and response format
remain constant across steps.

Appendix B. Implementation Hyperparameters

Table 5 summarizes the core hyperparameters used for CP-aware fine-tuning. All models were
trained with an RTX A100 80GB graphics card. We train with Adam at a learning rate of 5× 10−5

and a batch size of 4, using LoRA adapters (rank 16, scaling 128). We target 95% conformal cov-
erage and introduce the CP loss in phases, gradually increasing the number of calibration samples
retained during training.
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Table 5: Key hyperparameters used in CP-aware fine-tuning.
Hyperparameter Value

Temperature (T ) Hard Indicator 1(py ≥ δ)
Period between updates of δ (K) 10
Batch Size 4
Learning rate 5e–5
Optimizer Adam
LoRA rank (r) 16
LoRA scaling 128
Coverage level (1− α) 0.95
Phase start epochs [1, 6, 11, 21]
Retained samples per phase [100, 100, 500, 1000]
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