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Abstract

Tool use in stateful environments presents unique challenges for large language
models (LLMs), where existing test-time compute strategies relying on repeated
trials in the environment are impractical. We propose dynamics modelling (DyMo),
a method that augments LLMs with a state prediction capability alongside function
calling during post-training. This enables LLMs to predict the future states of
their actions through an internal environment model. On the Berkeley Function
Calling Leaderboard V2, DyMo improves success rates and significantly reduces
hallucinations. We further integrate the internal environment model into self-
verification sampling (SVS), and show that this substantially improves pass*k over
number of trials &, and allows the model to refuse unreliable outputs. Together,
DyMo and SVS greatly enhance the effectiveness and reliability of LLMs for tool
use. We believe this work charts a path towards scalable planning RL methods for
LLM inference without repeatedly querying the oracle environment.

1 Introduction

Large language models (LLMs)
have demonstrated remarkable
performance in a wide range of
applications [1H6]]. In addition to
conventional natural language tasks,
recent advances have shown that
LLMs also achieve breakthrough
performance in formal language
tasks, notably code generation [[7H9]]
and tool use [10-12]]. Recent work
has shown that scaling the test-time
compute can further improve the
performance of LLMs on complex
tasks such as mathematical rea-
soning [13H17]. To achieve better
performance by scaling up test-time
compute, existing methods assume
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Figure 1: The proposed dynamics modelling (DyMo) that
trains an LLLM to predict the resulted states of the environ-
ment after tools execute function calls via either

or over online RL loops (blue arrows).

that a verifier, e.g. a process reward model (PRM) or an outcome reward model (ORM), can be

queried multiple times during inference [[L1} |13} (16} [14]].

However, many real-world applications may not rely on a verifier to improve test-time sampling,
especially when the LLM interacts with the world as in Agentic scenarios. One may not execute k
payments and be satisfied that one of the payments is correct among the k£ ones, whereas one may
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Figure 2: The proposed self-verification sampling (SVS) strategy for test-time compute scaling. For a
given user prompt x, the model: 1) generates k candidate completions y; 2) predicts the subsequent
states 2 of the k candidates; 3) selects a completion to output by a specified scoring function score.

verify k times if a mathematical solution is correct without ramifications. In this spirit, we consider
tool-use tasks, where the agent must execute a single trajectory. In particular, such constraints are
often inherent to the statefulness of environments, i.e., the environment status states after executing
an action and cannot be easily reverted - the bank account is reduced after a payment!

Inspired by the Generative Verifier [18] (GenRM), which formulates the reward function as a next
token prediction task, as illustrated in Figure|l| we propose dynamic modelling (DyMo) to fine-tune
LLMs to generate not only the functions calls for a given user prompt, but also the subsequent states
of tool engines after executing the generated function calls. This has two advantages: 1) at training
time, this state prediction provides an additional training signal; 2) at test time, this state prediction
can be used in the decision-making process to execute the roll-out, similar to one-step planning
methods.

We first explore the impact of DyMo into both the supervised fine-tuning (SFT) and RL stages in
LLM post-training [3H3], and investigate its effectiveness. Our results on the Berkeley Function
Calling Leaderboard [19] V2 (BFCL-V2) show that DyMo alleviates the hallucination problem of
the SFTed model, and improves the success rate of the RLed models. Incorporating DyMo, our
results suggest that an 8B model, when given access to the environment during training, can match
and occasionally surpass the performance of GPT-40 on BFCL-V2.

Second, we explore the planning capabilities of DyMo through self-verification sampling (SVS)
strategy [20Q] at test time. Specifically, the models generate k tool calls for a given user prompt, predict
the respective states resulting from those actions, and proceed with the most promising trajectory
based on a ranking mechanism: sample, predict, then proceed. Our experiments demonstrate that
(1) increasing the number of trajectories keeps increasing the LLMs score, (ii) the outcome of the
state prediction can be used to select a successful trajectory without access to the oracle environment,
thereby offering a novel schema for scaling test-time compute in stateful environments. Furthermore,
SVS enables models to effectively “refuse” requests that exceed their capabilities based on their state
prediction, substantially improving the precision of the final output. We interpret this precision as
“reliability”, as it represents the proportion of outputs verified as correct by the oracle environment.

In summary, the proposed DyMo method coupled with the SVS strategy significantly enhances the
success rate and reliability of LLMs in tool use tasks.

2 Background

Tool Use by LLMs: Recent works have demonstrated the capability of LLMs to achieve notable
performance in API usage through supervised fine-tuning (SFT) using demonstrations provided either
by human experts or generated by advanced models such as GPT-4 [21H23]]. This capability positions
LLMs as back-ends for agents interacting with environments consisting of various tools |19} 24, [25]]
and simulated user interactions [26]. However, existing approaches are mainly based on imitation
learning for training [21H23]], while the evaluation relies on interactions between environments
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and LLMs [26,[19]]. Similar to some recent works [27, [28]], we focus on learning directly through
interacting with the environments, as detailed in Section[3.2]

Reinforcement Learning for Fine-tuning LLMs: Existing RL methodologies for fine-tuning LLMs
primarily address alignment tasks [29-31]] or reasoning-oriented tasks, such as mathematics and
programming challenges [32]]. Nonetheless, we posit that RL techniques can effectively extend to tool
use scenarios, especially when scaling the quantity of generated tool interactions, given that LLMs
have already achieved promising performance in real-world tool use tasks [33} 25, [26]]. Furthermore,
recent studies indicate a substantial performance gap between online/on-policy RL methods and
their offline/off-policy counterparts [34-37]]. Although rigorous online interactions can be traded
for enhancing wall-clock efficiency, strictly online RL methods still represent an optimal Pareto
frontier 37, 138]. Hence, to fully harness the capabilities of RL in tool use contexts, our experiment
setup is strictly online and on-policy in this work. Additionally, our method enables models to do
one-step planning based their internal learnt environment model during inference time, as illustrated
in Section[3.3

Test-time Compute Scaling: It is well-established that LLMs enhance their performance on logi-
cal reasoning tasks by generating extended responses that include explicit intermediate reasoning
steps [39]]. Further research highlights the importance of explicitly learning these intermediate
reasoning stages guided by Policy Reward Models (PRMs) to achieve superior outcomes [[14]. While
scaling test-time computes by lengthening generated completions has proven beneficial [40, [16],
environmental interactions remain critical for achieving optimal results in agent-based tasks [[11]].
Recent advances also investigate multiple self-rewarding [17]], or self-verification [20] steps to scale
test-time compute in mathematical reasoning contexts. Unlike these works which query the environ-
ment multiple times during inference, we propose to utilise the internal environment models of LLMs
to increase the number of completions for scaling test-time computes, as introduced in Section 3.3

3 Methodology

3.1 Formulation

We used pre-trained Transformer [41] models 7ty parameterised by 6 that predict tokens in an
autoregressive manner. After post-training by SFT and RL and given a user prompt x, the models
can then generate completions/responses y from the distribution y ~ 7y (-|x). Since we focus on
the tool use scenario in this work, we assume the user prompts x are all about requesting function
calls, whereas the completions y can be either natural languages or formatted formal languages.
For completions that call functions, they will then be passed to the environment £ to execute, and
the resulted state is z = £(x, y) whose complete set is Z. Note that using no-tool environment is
sometimes available in some experiments measuring hallucination.

Following RL terminology, we refer to & as the input state, y as the generated action from the model
7y, and z as the resulted next state. The transition dynamics are specified by the environment £, and
the reward function r : Z > [0, 1] assigns a binary score to a pair (x, y) according to their resultant
state z. From this RL perspective, our model 7y can:

* generate a tool call (action) y given a user prompt (state)  as input state, i.e. y ~ mwy(-|x);

* predict next-state z given a user prompt x and a tool call y, i.e. z ~ my(-|x, y).

3.2 DyMo: Dynamics Modelling

The learning objective of the proposed DyMo is not only the tool use function but the environment
function £. As illustrated below, we introduce the DyMo into both the SFT and RL stages.

3.2.1 Dynamics Modelling by Supervised Fine-tuning

During the SFT stage, we construct two distinct datasets — one for the tool use function and one for
the environment function — which are described in detail below.

For the tool use function, we train the model 7ty on a dataset of function calls represented by function

call (fc) pairs in the form <prompt , completion>, i.e. Dg, = {(x;, y;) f\i“l. To train the model on

these pairs, we minimise the cross-entropy loss [42] of the model’s completion prediction distribution
7y (+|x) over them:
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Lec (Dre; 0) = =Y > " log 7o (yi,ili, i, <) (1)
i=1 t=1
where y; . is the ¢-the element in the target completion y;, y; < represents the partial target sequence
preceding y;, and T}, is the length of y;.

Regarding the environment function, we represent it by a dataset of state prediction (sp) triplets in

the form <prompt, completion,result>,ie. Dy, = {(x;, ¥i, zz)} - Such data can be gathered
and curated from the accumulated run logs of the target environment functlon &, which we argue is a
under-explored source for data scaling. Similar to the tool use function, we minimise the cross-entropy
loss of the model’s state prediction distribution 7y (-|2, y) over these triplets:
sp %
Lop(Dep; 0) = =Y Y " log (2 |, yi, i <1) @)
i=1 t=1
where the indices 4 and ¢ follow the same meanings as in Equation [T} and 7%, is the length of z;.

3.2.2 Dynamics Modelling over Online Reinforcement Learning
In addition to the SFT stage, DyMo can also be incorporated into the RL fine-tuning of LLMs.

Startlng from a prompt set D, = {:cl}Z 1, we first sample rwo completions from the model, i.e.
9}, 92 ~ my(-|x;). The two completions along with the prompt z; are then passed as inputs to the
environment function to get the next states, i.e. 2} = £(z;,9}) and 22 = £(x;, §?). Binary scores
are then assigned to the <prompt , completion> pairs by the reward function r, i.e. r; = r(x;, 9})
and ro = r(x;,9?). Subsequently, we sample predicted next states 2} and 2? from the model, i.e.
2l ~ my(|xi, 9}) and 22 ~ 7y (-|zi, §?), to track the state prediction performance. Per RL training
step, we update the parameter 6 of the model 7y to simultaneously minimise the online two-sample
REINFORCE Leave-One-Out (RLOO) loss [43| 44] given in Equation [3] and the cross-entropy
sample loss given in Equation

Ny
Lrroo(Dn; 0) = — Z[ (r;;;g(wi, i) — 5, y?)) log (7o (9;|:))
i=1 3

Ny ZZ
Lpm(Dy1; 0 Z log 7o zt‘m“yﬂ i, <t) @
i=1 j=1t=1

where 6 is the detached initial parameter in the RL stage, [3 is a constant hyperparameter, and

77372 (yi) is the regularised reward defined as ; — Slog % for j € {1,2}.

3.3 Self-Verification Sampling by Internal Environment Model

After undergoing DyMo in both the SFT and
RL phases, our model 7y is capable of both
generating tool calls and predicting the sub-
sequent states after executing them. Leverag- . . . .
ing this capability, we propose to query the legn :a pre-specified scoring function score
internal environment model of 7y multiple fori < 1tokdo

times to do Self-Verification Sampling (SVS), yl ~ mo(|2);

as illustrated in Algorithm[I] Given multi- zi ~ o (@, 9i);

ple completions per prompt, SVS selects a  €nd

single output based on a specified scoring J < SCOV@(W6(21|$17 Y1) - - o2k, Q}c))§
function score and the internal environment Y < ¥;;

model of 7y. Notably, unlike existing ap-
proaches, SVS scales test-time compute without querying the oracle environment £. This approach is
reminiscent of the Best-of- NV search strategy described in [16], but avoids querying the environment
& multiple times, thereby preventing unintended state changes caused by repeated trials. In addition,
SVS aligns with the notion of mental simulation in decision-making, a concept explored in cognitive
science [45], thereby establishing a conceptual bridge between research in RL and cognitive science.

Algorithm 1: Self-verification sampling (SVS)

Input: =, number of candidate completions k
Output: a completion y
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4 Experiments

4.1 Setup

Environment: We evaluate tool-use performance using the Berkeley Function Calling Leaderboard
V2 (BFCL-V2) [19]], which offers comprehensive coverage of function call types, diverse tasks,
programming languages, and executability, and has been widely adopted in recent works [46, |6]].
As our work is the first to investigate LLMs’ ability to model environment dynamics, we begin
with single-turn interactions to ensure a clean and tractable problem formulation, in a serverised
BFCL-V?2 environment in order to run online RL training. Regarding the base model, considering
the constraints of our computes, we choose Cohere’s R7B, given its leading performance on various
agent benchmarks [6].

SFT Data: During the SFT stage, to constitute the function call (fc) SFT dataset Dy, inspired
by [47., 48], we synthesised pairs of <prompt , completion> following the distribution of BFCL-V2.
Regarding the state prediction (sp) SFT dataset D, we first split the state space Z into two subsets:
1) pass states Z where the completions successfully passed the check of BFCL-V2 and received a
score of 1; 2) error states Z~ where the completions failed on the BFCL-V2’s check and received
a score of 0. Given the format of BFCL-V2’s return messages, we denote the shared prefix of pass
states in Z7 as Zpass, and similarly zerror. Note that, under this setup, there exhibits a bijection
between the BFCL-V2’s resulted state subspaces {Z*,Z~} and the scores from the reward function
{0, 1}, which we utilise later to truncate the generation when running SVS during inference time.
Following this procedure, we constitute Dy, of <prompt,completion,result> triplets from our
accumulated run-logs of BFCL-V?2 tests.

RL Data: In the following RL stage, to maintain the online RL training and validation distributions
as independent and identical, we use 80% from the original BFCL-V2 prompt set as the training set,
and keep the remaining 20% to validate the generalisation performance. Note that we intentionally
keep at least 20 test prompts per category in the final validation set, as certain categories contain
< 50 samples, thus 20% of them lacks of statistical significance.

SVS Scoring Function: During the inference time, following GenRM [[18]], we use a scoring function
score in the following Equation [5]to run SVS illustrated in Algorithm I}

score(mo(-|@1,91), ..., mo(|Tk, Yr)) £ arg max ({mo(zpass|®;, 9;)}) - 5
Examples of all the above types of data are provided in Appendix [A]

4.2 How proficient is the model at dynamics modelling?

Since we partition the state space Z to Z* and Z~, the state prediction task can be framed as a
binary classification problem. A model 75 SFTed on the combined data Dy U Dsyp,, achieves a
precision of 90.00%, recall of 87.71%, Fl-score of 88.84%, and accuracy of 93.62%. Detailed
results are provided in Table [3]in Appendix[B] Notably, the success rate of this model on BFCL-V2 is
only 72.77%, which is significantly lower than its discriminative performance, highlighting the gap
between accurate state prediction and successful functions calls. Therefore, a foundation is laid for
improving a model’s generative capability by leveraging its discriminative capability [[17} 35]].

We also track these metrics during online RL training with the DM loss function for 7. Under
this setting, precision, recall, F1-score, and accuracy further improve to 92.55%, 96.28%, 94.34%,
and 90.36%, respectively. The corresponding curves are presented in Figure[6]in Appendix [B] For
comparison, we SFT an additional model, quft, on the function call dataset Dy only. As a result,
it learns to roll out states solely through the DM loss during online RL training. We observe a
consistent performance gap between this baseline model ¢* and 75, highlighting the necessity of
incorporating D, in the SFT stage.

4.3 How does dynamics modelling benefit SFT and RL for tool-use?

During the experiments in Section[d.2] we observe that incorporating the additional state prediction
data Dy}, also leads to a difference in tool use performance. We compare the the performance of
¢ - which can do only tool use - with 75 - which is capable of both using tools and predicting
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Model Method Overall (UW) Overall (W) Rel. Irrel. AST Exec

Baselines # samples (18)  (1122) (2501)

GPT-4o [1] - 82.38 82.14 83.33 8131 82.51 -
Command-A [6] - 80.57 84.14 7222  86.19 83.30 -
Command-R7B - 70.50 76.70 55.56 81.02 74.92 -
xLAM-2 [48] - 72.36 71.69 7778 64.34 7495 -
ToolACE-2 [23] - 81.95 85.49 7222 90.11 83.51 -
watt-tool [49] - 82.54 81.76 83.33 83.15 81.13 -
BigAgent [50] - 82.27 81.50 83.33 8238 81.10 -
SFT # samples (18)  (1122) (2501)

Pt Dy, only 66.35 66.50 70.73 58.05 70.26 76.25
st Dy U Dy 70.87 73.89 63.41 7632 7288 7753
SFT + RL # samples (20) (206) (457)

" ¢ RLOO 80.31 80.22 75.00 89.81 76.13 96.25
¢4 ¢** -RLOO + DyMo 82.13 83.16 75.00 91.75 79.65 97.50
'l w5 S RLOO 81.23 81.99 75.00 90.00 78.68 96.25
rd w1 RLOO + DyMo 83.62 86.68 75.00 90.29 85.56 96.25
SFT + RL + SVS (with k£ candidates) # samples (20) (206) (457)

7rd 'l SVS with k = 1 85.77 84.26 88.20 85.65 83.46 96.33
7rd w'd— SVS with k = 2 88.20 86.71 91.30 86.86 86.44 96.55
7rd w'd— SVS with k = 4 88.94 87.67 91.80 87.41 87.61 96.45
7rd w4 SVS with k = 8 89.73 88.18 93.10 88.10 88.00 96.25
7rd w'd— SVS with k = 16 89.90 88.29 9330 88.38 88.03 96.15
7rd w'd— SVS with k = 32 90.18 88.26 94.10 8859 87.86 96.25
7rd w'd— SVS with k = 64 90.69 88.43 95.00 89.32 87.75 96.25

Table 1: Comprehensive category-wise performance comparison across baselines, SFT, SFT+RL,
and SFT+RL+SVS models, on BFCL-V2. For each section, the number of evaluation examples
per column is shown in the second row. (W) indicates metrics weighted by the number of samples,
whereas UW indicates unweighted. Missing results are marked as ‘—‘. The “Exec” column is provided
to show the improvement from RL training on it, but is never counted for the overall performance.

next states - across all categories of BFCL-V2. The results in the “SFT” section of Table [I] show
that 75 achieves significant improvements on the “Irrelevance” category where the models are not
expected to generate function calls when the available tools cannot satisfy the user request. Since the
“Irrelevance” is specifically designed to evaluate hallucination of models [[19], these results suggest
that incorporating the state prediction task helps mitigate hallucination by LLMs [51].

Similarly, we compare the two models — ¢ and 75 — both fine-tuned by online RL with and
without our DyMo loss, resulting in four variants: "9, ¢4 (with DyMo), and 7*1, ¢*! (without
DyMo). Take 7™ for example, the model is first SFTed on Dy, U Dg, (thus notated as ), then further
fine-tuned by online RL together with DyMo loss (thus superscripted by “rd”). The “SFT + RL”
section of Table[T|shows the success rates of these models across different BFCL-V2 categories. For
analytical clarity, we preserve the “Exec” category to show the substantial performance gains over it
due to RL training. The results indicate that incorporating the DyMo loss yields a > 5% improvement
in success rate over the AST category, contributing to an overall performance boost.

4.4 How does the RL/SFT models perform when scaling up test-time compute?

Since the results in the “SFT” and “SFT + RL” sections of Table[T]are based on a greedy decoding
strategy, we further examine whether and how the on-policy distribution over completions for a given
prompt, i.e., wy(-|x), changes under different training pipelines. We begin by analysing the impact
of online RL training, comparing the RL-trained models — 7™ and ¢ — with their corresponding
SFT-only baselines — 7% and ¢*f* — using the number of completions per request as the variable.
In Figure|3| we report pass @k and pass™k [26] as the evaluation metrics.

As shown in Figure[3] online RL significantly improves pass@k when k < 8. More importantly,
online RL consistently improves pass”k over all k values, as evidenced by the consistent gap between
the RL-trained models — 7™ and ¢™ — over their SFT-only counterparts — 75 and ¢*. These
results suggest that the on-policy distributions induced by the RL models yields a more consistent
and reliable function calling performance than the distributions induced by the SFT models.

We also note that our pass @£ curves align with the findings in mathematical reasoning tasks [52]],
where Yue et al. conclude that “base models can achieve a comparable or even higher pass@#k score
compared to their RL counterparts at large k values”. However, in our setup, we found that base
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BFCL-V2. ¢*4 - vs without DyMo loss - 7™ and ¢! - on
BFCL-V2.

4.5 How does dynamics modelling impact the test-time compute scaling of RL models?

Building on the observation that RL models achieve higher success rates over test-time compute
scales, we further investigate the impact of incorporating the DyMo loss during online RL training.
Similarly, we report pass @k and pass”k for RL models trained with the DyMo loss — 7™ and ¢
— compared to those trained without it — 7™ and ¢"'.

As shown in Figure ] adding the DyMo loss during online RL improves pass@k when k < 8, while
it consistently improves pass*k over all numbers of completions per prompt. Note that SVS is not
utilised in the experiments so far, thus the improvements are solely due to the DyMo loss. More
notably, incorporating the DyMo in both the SFT and RL stages results in 7™9, which achieves
the highest pass”k for all values of k. The consistent gap between pass"k curves of 7"4/¢"d and
7/ also indicate the DyMo loss can help to further improve the consistency and reliability of
function calling performance on top of RL. These results demonstrate the effectiveness and benefits
of integrating DyMo into both the SFT and RL phases.

4.6 How does self-verification sampling scale over test-time compute?

So far, we have focused primarily on the benefits of incorporating DyMo during model training.
However, as introduced in Section [3.3] during inference time, self-verification sampling (SVS)
actually unifies the policy (as in model-free RL), the environment model (as in model-based RL), and
the value function (under our specific state-space split) into a single LLM. This paradigm enables the
model to scale test-time compute by generating more candidate completions per user request without
querying the oracle environment function £. To evaluate the effectiveness of SVS, we compare
pass™k with SVS against pass™k without SVS of model ™. For pass*k with SVS, we sample ¢
candidates for each trial and k trials per prompt, thus £ x ¢ candidate completions in total for each
prompt. Further, per candidate group for each trial, following GenRM [16], we adopt the scoring
function defined in Equation [5|as the metric to select just one output from the ¢ candidates (thus k
outputs in the end).

k 1 2 4 8 16 32
with SVS 89.02% 87.97% 87.19% 86.14% 84.05% 78.05%
pass™k  (c for each trial) (64) (32) (16) (8) @ 2)

without SVS 87.68% 82.38% 79.14% 75.58% T71.61% 67.11%

Table 2: Pass"k with and without SVS over k trials in the oracle environment. Augmented with SVS,
per prompt, we first generate ¢ candidate completions for each trial, then select just one to output by
the scoring function defined in Equation [5]for all k trials. Therefore, there are k x ¢ candidates in
total for each prompt, by querying the oracle environment also k times as to pass"k without SVS.
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As shown in Table 2] SVS achieves improved pass"k over all k values, demonstrating that self-
verification enables effective scaling with additional computes. More importantly, the consistent
improvement of SVS performance with increasing & highlights our method as a novel test-time
compute scaling strategy — one that leverages the model’s internal environment approximation to
self-verify and select the most reliable candidate completion. In Section[4.7)and Section[5} we provide
further insights about our current SVS setup.

Beyond the above experiment, we also compare pass@k of the “Best-of- N test-time compute
scaling strategy with the pass@ I performance of ' using SVS with k candidate completions per
prompt, thus both methods operate under the same inference compute budget. As shown in the results
provided in the “SFT + RL + SVS” section of Table[I] increasing number of candidates & in SVS
consistently improves the pass@ I, which demonstrated the effectiveness of the model’s internal
environment model. It is unsurprising to observe that querying the model’s internal environment
model is less efficient than accessing the oracle environment function under the same compute budget,
and should be seen as an upper-bond. However, we also argue that relying on the oracle may be
impractical in many real-world applications involving stateful environments. For example, the model
is not expected to place k parallel orders for a single shopping request or to book k tickets on the
same flights for a travel planning request.

4.7 What if the model is allowed to refuse?
“I’m sorry, Dave. I'm afraid I can’t do that.” —2001: A Space Odyssey

As may already be observed, a notable limitation of the scoring function defined in Equation [5]is that
the model is still required to output a completion, even in cases where all candidate completions are
self-verified as failed trials. That is, our model might roll-out zerror for all generated candidates. In
such cases, we argue that it is both reasonable and desirable for the model to “refuse” the request
by returning a message that informs the user the query cannot be completed reliably. Formally, we
define the revised scoring function as follow:

score(m"4 (21]®1,91), - .., ™ (Zr| @k, Yi)) £ arg max ({7 (%|9;,2;)}) ©

S.t. Zpass < ﬁj and Tl'rd(ZpaSSkl:[j, ZBJ‘) > T
where zpass < Z; means that £; starts with Zpass as the prefix, and 7 is the threshold hyperparameter.

Using Equation [6] as the scoring function, the ‘ —os%
model 7' classifies a completion 9 as positive . N
if and only if Wrd(Zpass|'g, x) > 7; otherwise, h
it is classified as negative. By sweeping across a o5 :
range of thresholds 7 € [0.5,0.99], we find that o
7 = 0.92 offers a favourable trade-off between
precision and refusal. Fixing 7 = 0.92, we .
then examine how precision and refuse rate vary RN
with the number of candidate completions k, as
shown in Figure 5]
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Surprisingly, the model maintains a precision of Number of candidate completions
~ 94.5% across values of k, while the refuse Figure 5: Precision and refuse rate over k for SVS
rate decreases notably from 23.79%(k = 1) to

13.33%(k = 64). Since precision reflects the proportion of correct completions among all non-
refused outputs, we interpret it as a proxy for the reliability of the model’s responses. Under
this view, our results suggest that reliability remains stable as the number of candidates increases,
while the refusal rate drops significantly — indicating improved solution coverage without sacrificing
correctness. These findings highlight the practical value of combining DyMo with SVS: by generating
more candidates, the model achieves higher success rates while maintaining high reliability. We
further discuss the broader implications of this observation in Section [5}

5 Discussion

Internal environment model by DyMo: Recent advances in RL have shown that incorporating
world models can substantially improve performance in complex domains such as board games [53]]
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and video games [54]. Building on this line of work, our approach takes a further step by unifying the
world model and the policy into a single LLM through DyMo, and demonstrates the practical benefits
of this unification in tool use scenarios. We also note that similar motivations have emerged in reward
modelling, where LLMs are fine-tuned either into stand-alone reward models [[18]], or into generative
models capable of self-rewarding by reasoning over multiple steps in a single completion [17]].
Our work extends this broader trend by showing how DyMo can enhance function calling beyond
reasoning, particularly in stateful environments.

Low true negative ratio problem of SVS: In our analysis of the results in Section we observe
that the model "¢ exhibits surprisingly low true negative ratio (< 50% TNR), despite achieving
strong precision and recall. As the model’s success rate increases through online RL training, the
proportion of correct completions steadily rises. This leads to a highly imbalanced distribution
between completions beginning with zpass and zerror, thus introduces a bias toward predicting states
in Z™. Consequently, we observe that the model tends to “over-refuse” its own completions, i.e.
it incorrectly verifies many correct completions as failures via its internal environment model. A
straightforward mitigation strategy would be to incorporate additional negative samples from Dy,
thereby exposing the model to a more balanced distribution during DyMo in RL training. Due to
time and research scope constraints, we leave this direction for future work. Nonetheless, we argue
that our method significantly enhances the reliability of model outputs: higher precision implies that
completions self-verified by the model are more likely to be correct. This property is particularly
valuable in high-stakes or safety-critical domains, such as healthcare or finance, where even a few
incorrect outputs can lead to undesirable or irreversible outcomes.

Test-time compute scaling via DyMo and SVS: As discussed in previous sections, the proposed
DyMo and SVS provide a novel strategy for test-time compute scaling. Here, we offer additional
reflections from both data-centric and modelling perspectives. First, we highlight that DyMo can
benefit from failed completions, since a complete environment model should be capable of handling
both successful and failed trajectories. Given the vast amount of run logs accumulated from software
systems over decades, we argue that DyMo unlocks a largely under-explored data source: rich,
naturally occurring software run logs. In particular, the ability of DyMo to learn from failed
completions helps improve the fidelity of the internal environment model — a capability, to the best
of our knowledge, not explicitly addressed in prior works from the LLM community. Secondly,
from the perspective of world modelling, we hypothesise that programs are often written with an
implicit and internal world model of the developers who coded upon assumptions about environment
dynamics, constraints, and expected behaviours. These implicit world models are then reflected in the
run logs, which can then be captured and fitted by the proposed DyMo method. Through SVS, this
learned environment model can be exploited at test time, enabling the model to improve its decision
quality without external feedback. While this hypothesis is promising, a deeper exploration of the
relationship between program execution and world modelling lies beyond the scope of this work, and
we leave it for future investigation.

6 Conclusion

In this work, we investigate the challenge of tool use in stateful environments, where existing test-
time compute strategies become impractical due to repeated environment queries. To address this,
we propose DyMo, a method that augments LLM fine-tuning with an additional state prediction
task during both the SFT and RL stages, enabling a next-state prediction capability of the model.
Experiments on the BFCL-V2 benchmark show that incorporating DyMo significantly reduces
hallucinations during SFT and improves the success rate over RL training loops. Notably, we
also observe that RL models consistently outperform SFT models in mitigating hallucinations.
Furthermore, we demonstrate that correct tool calls are retrievable for over 93% of prompts using
a parallel Best-of-N decoding strategy, indicating that both SFT and RL models have learned
sufficiently expressive on-policy distributions. Building on this insight, we introduce a self-verification
sampling (SVS) strategy, which consistently improves pass"k and pass@ 1 performance by leveraging
the model’s internal environment model. Crucially, by allowing the model to refuse uncertain
completions, our approach produces more reliable outputs in scenarios where correctness is essential.
Overall, our findings highlight a promising direction for extending planning algorithms from the RL
community to LLMs in dynamic and stateful environments.
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A Examples of Data Used for Training LLMs

In this section, we present examples of the datasets curated for supervised fine-tuning (SFT) of large
language models (LLMs) on the tool use and state prediction tasks, as described in Section[3.2.1]and
Section 4.l

A.1 Example of Function Call Supervised Fine-tuning Dataset Dy,

Below, we provide an example of the function call SFT data. The completion shown in the yellow box
corresponds to the ground-truth output used for supervised training and is guaranteed to be correct.
Importantly, our function call SFT dataset Dy. does not include any data from the original BFCL
benchmark; the following example is provided solely for illustrative purposes.

Example 1: Humidity Forecast Query

System Preamble

You are a large language model Al assistant. Your knowledge cutoff date is ...

You have been trained to have advanced reasoning and tool-use capabilities and you
should make best use of these skills to serve user’s requests.

Here is the list of tools that you have available to you. You can ONLY use the tools
listed here. When a tool is not listed below, it is NOT available and you should
NEVER attempt to use it. Each tool is represented as a JSON object with fields like

non

"name", "description", "parameters" (per JSON Schema), and optionally, "responses"
(per JSON Schema).

[

{"name": "weather.humidity_forecast", "description": "Retrieve

a humidity forecast for a specific location and time frame.",
"parameters": {"type": "object", "properties": {"location":
{"type": ‘"string", "description": "The city that you want to get the
humidity for."}, "days": {"type": "integer", "description": "Number
of days for the forecast."}, "min_humidity": {"type": "integer",
"description": "Minimum level of humidity (in percentage) to filter
the result. Optional parameter. Default is 0."}}, "required":
["location", "days"]}, "responses": null},

{"name": ‘"get_team_score", "description": "Retrieves the latest game
score, individual player stats, and team stats for a specified sports
team.", "parameters": {"type": "object", "properties": {"team_name":
{"type": ‘"string", "description": "The name of the sports team."},
"league": {"type": "string", "description": "The league that the
team is part of."}, "include_player_stats": {"type": "boolean",
"default": false, "description": "Indicates if individual player
statistics should be included in the result. Default is false."}},
"required": ["team_name", "league"]}, "responses": null}

]

User Prompt

What is the humidity level in Miami, Florida in the upcoming 7 days?
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Completion

I’ll query the weather .humidity_forecast to give user an answer. The call is

{"weather.humidity_forecast": {"location": ["Miami", "Miami,
Florida", "FL"], "days": [71, "min_humidity": [, 01}

570

571 A.2  Examples of State Prediction Supervised Fine-tuning Dataset Dy,

s72  Below, we present an example of the state prediction SFT data. Example 2 corresponds to a previously
573 successful call to the humidity forecast function.

N

Example 2: A Successful Call to the Humidity Forecast Query

System Preamble

You are a large language model Al assistant. Your knowledge cutoff date is ...

(Identitcal to exmpale 1 above, thus we skip the following content to save pages.)

User Prompt

What is the humidity level in Miami, Florida in the upcoming 7 days?

Completion

I’ll query the weather .humidity_forecast to give user an answer. The call is

{"weather.humidity_forecast": {"location": ["Miami", "Miami,
Florida", "FL"], "days": [71, "min_humidity": [, 01}

<lIpass|>
{ "status": 1, "forecast": [ { "date": "2025-04-11",
"min_humidity": 62, "max_humidity": 78 }, ... 1 }

574

575 Example 3 corresponds to a previously failed call to the humidity forecast function and is used as a
576 negative example in the state prediction task.

Example 3: A Failed Call to the Humidity Forecast Query

System Preamble

You are a large language model Al assistant. Your knowledge cutoff date is ...

(Identitcal to exmpale 1 above, thus we skip the following content to save pages.)

User Prompt

What is the humidity level in Miami, Florida in the upcoming 7 days?

577
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I’ll query the weather .humidity_forecast to give user an answer. The call is

{"weather.humidity_forecast": {"location": ["Miami", "Miami,
Florida", "FL"], "days": [-71, "min_humidity": [, 01}}

<lerrorl>
{ "status": O, "error": "Invalid input to argument ’days’, expected
a positive integer, but got -7...." }

B Results of Binary Classification

In Table 3] we present a detailed breakdown of the model’s performance on the binary classification
task formulated in Section[d.2] The table includes the confusion matrix, with values normalized
to sum to 100 for interpretability, as well as confidence intervals (in brackets) for precision, recall,
F1-score, and accuracy. As previously discussed, there exists a statistically significant gap between
the model’s discriminative performance on the state prediction task and its actual success rate in
generating correct completions. These findings suggest a promising direction for leveraging the
model’s discriminative strength to improve its generative behaviour, which has been explored by Guo
et al. [35].

Actual | Predicted | Metrics
| Positive Negative \
Positive | 25.40 3.56 Precision: 90.00%(86.02% — 93.78%)
Negative | 2.82 68.22 Recall: 87.71%(83.46% — 91.47%)

Accuracy | 93.62%(91.90% — 95.21%) | Fl-score: 88.84%(84.72% — 92.61%)

Table 3: Confusion matrix of predicting next states by the model 7% SFTed on both function call
and state prediction data.

As discussed in Section@ we track precision, recall, F1-score, and accuracy throughout the course
of online RL training. The corresponding curves are shown in Figure[6] The red curves represent
the model 75, which is initialized from SFT on Dy U Dy, while the blue curves correspond to the
baseline model ngft, fine-tuned only on D¢.. As shown in the figure, gf)S“, which lacks initial state
prediction capability, consistently underperforms 75 across all metrics throughout training. Even
after 600 steps of RL training, ™9 fails to match the performance of the SFT-only model 7%, which
indicates the necessary of the state prediction data. These results suggest that the benefits of g,
cannot be compensated for by relying solely on the downstream DyMo loss during RL training.
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Figure 6: Performance metrics of results prediction over online RL training with DM loss (Equation.

ss  NeurIPS Paper Checklist

597 1. Claims

598 Question: Do the main claims made in the abstract and introduction accurately reflect the
599 paper’s contributions and scope?

600 Answer: [Yes]

601 Justification: Each key experimental finding is clearly articulated and corresponds directly
602 to the claims made, ensuring a coherent and faithful representation of the work’s outcomes.
603 Guidelines:

604 * The answer NA means that the abstract and introduction do not include the claims
605 made in the paper.

606 * The abstract and/or introduction should clearly state the claims made, including the
607 contributions made in the paper and important assumptions and limitations. A No or
608 NA answer to this question will not be perceived well by the reviewers.

609 * The claims made should match theoretical and experimental results, and reflect how
610 much the results can be expected to generalize to other settings.

611 * It is fine to include aspirational goals as motivation as long as it is clear that these goals
612 are not attained by the paper.

613 2. Limitations

614 Question: Does the paper discuss the limitations of the work performed by the authors?
615 Answer: [Yes]

616 Justification: We discuss the limitations of our work and outline potential future directions
617 to address them in Section [3

618 Guidelines:

619 * The answer NA means that the paper has no limitation while the answer No means that
620 the paper has limitations, but those are not discussed in the paper.
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 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justification: We do not include theoretical results in this work.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide comprehensive details of our experimental setup, ensuring that
our main results can be reproduced. Additionally, we will release the simulator used in our
experiments to further facilitate reproducibility.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
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* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: Due to proprietary restrictions, we are unable to share the dataset used in
our experiments. However, to facilitate reproducibility, we will release the simulator code
employed in our study, along with comprehensive documentation and instructions. This will
enable others to replicate our experimental setup and validate the main findings of our paper.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
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6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide comprehensive details of our training and testing procedures
in Sections [3]and 4] This includes information on data splits, hyperparameter settings
and selection strategies, optimizer types, and other relevant configurations. These details
are provided to ensure that readers can fully understand and, if desired, replicate our
experimental results.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: In Section[4.2] we report confidence intervals for the binary classification
experiments, which are computationally less intensive. These intervals were calculated
using bootstrapping, capturing variability due to sampling randomess. However, for more
computationally demanding experiments presented in other sections, we did not include
error bars due to resource constraints. We acknowledge this limitation and plan to provide
comprehensive statistical significance analyses for these experiments in future work.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:
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Justification: Due to space constraints in the main body, we were unable to include detailed
information about the computational resources used for each experiment. However, we
acknowledge the importance of such details for reproducibility.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: We have diligently ensured that our research aligns with the NeurIPS Code
of Ethics. Our study does not involve human subjects or sensitive personal data, thereby
avoiding concerns related to privacy, consent, or bias.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:

Justification: Our research focuses on enhancing the capabilities of LLMs through tool
use—a topic that has been extensively explored in prior studies. Given this context, the
societal impacts of our work are largely influenced by the specific tools integrated with
the LLMs rather than our methodology itself. While our approach aims to improve the
efficiency and versatility of LLMs, we acknowledge that the broader societal implications,
both positive and negative, are contingent upon the applications of these tools. We encourage
practitioners to consider these factors when deploying such systems.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.
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* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our research utilises proprietary datasets and models that, due to licensing
restrictions, cannot be publicly released. Consequently, there is no risk of misuse associated
with their release. The components we do share, such as simulator code, are built upon
existing tools that have been extensively studied and are not associated with high-risk misuse
scenarios. Therefore, we believe this question is not applicable to our work.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We have ensured that all third-party assets utilised in our research are properly
credited. In the code repository accompanying our paper, we explicitly acknowledge the
original repositories and their authors. Additionally, we have reviewed and adhered to
the licenses and terms of use associated with these assets, ensuring compliance with their
respective conditions.

Guidelines:

» The answer NA means that the paper does not use existing assets.

 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We have released our customised simulator code under the same license as the
original repository, following the original terms of use. To facilitate reproducibility and ease
of use, we provide comprehensive documentation alongside the code, including detailed
setup instructions, usage examples, and configuration guidelines. This documentation is
included in the code repository and is designed to assist users in effectively utilising the
simulator.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: We do not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: We do not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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936 * We recognize that the procedures for this may vary significantly between institutions

937 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
938 guidelines for their institution.

939 * For initial submissions, do not include any information that would break anonymity (if
940 applicable), such as the institution conducting the review.

941 16. Declaration of LLM usage

942 Question: Does the paper describe the usage of LLMs if it is an important, original, or
943 non-standard component of the core methods in this research? Note that if the LLM is used
944 only for writing, editing, or formatting purposes and does not impact the core methodology,
945 scientific rigorousness, or originality of the research, declaration is not required.

946 Answer: [NA]

947 Justification: In our research, we utilised LLMs solely for the purpose of refining the
948 language and grammar of the manuscript. These models were not employed in any aspect of
949 the research methodology, data analysis, or experimental design. NeurIPS

950 Guidelines:

951 * The answer NA means that the core method development in this research does not
952 involve LLMs as any important, original, or non-standard components.

953 * Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
954 for what should or should not be described.
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