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Abstract

Large Language Models (LLMs) face the
“knowledge cutoff” challenge, where their
frozen parametric memory prevents direct in-
ternalization of new information. While Su-
pervised Fine-Tuning (SFT) is commonly used
to update model knowledge, it often updates
factual content without reliably improving the
model’s ability to use the newly incorporated
information for question answering or decision-
making. Reinforcement Learning (RL) is essen-
tial for acquiring reasoning skills; however, its
high computational cost makes it impractical
for efficient online adaptation. We empirically
observe that the parameter updates induced by
SFT and RL are nearly orthogonal. Based on
this observation, we propose Parametric Skill
Transfer (PaST), a framework that supports
modular skill transfer for efficient and effec-
tive knowledge adaptation. By extracting a
domain-agnostic Skill Vector from a source
domain, we can linearly inject knowledge ma-
nipulation skills into a target model after it
has undergone lightweight SFT on new data.
Experiments on knowledge-incorporation QA
(SQuAD, LooGLE) and agentic tool-use bench-
marks (ToolBench) demonstrate the effective-
ness of our method. On SQuAD, PaST outper-
forms the state-of-the-art self-editing SFT base-
line by up to 9.9 points. PaST further scales to
long-context QA on LooGLE with an 8.0-point
absolute accuracy gain, and improves zero-shot
ToolBench success rates by +10.3 points on
average with consistent gains across tool cate-
gories, indicating strong scalability and cross-
domain transferability of the Skill Vector.

1 Introduction

Large Language Models (LLMs) (Vaswani et al.,
2017; Brown et al., 2020) have demonstrated
remarkable capabilities in static benchmarks,
yet their utilization in real-world scenarios is
constrained by the “knowledge cutoff” problem
(Cheng et al., 2024)—the inherent limitation that

their parametric memory remains frozen after pre-
training, preventing them from natively internaliz-
ing new information or tools on the fly (Ouyang
et al., 2022; Touvron et al., 2023). Retrieval-
Augmented Generation (RAG) (Lewis et al., 2020)
attempts to mitigate this by injecting external con-
text at inference time; however, it often struggles
with long-range dependency modeling over large
corpora and incurs substantial inference-time over-
head due to repeated processing of retrieved con-
texts(Shao et al., 2023). Consequently, recent re-
search has shifted towards Parametric Knowledge
Updating, aiming to efficiently internalize new in-
formation directly into model weights. Techniques
such as Knowledge Editing (Meng et al., 2022;
Yao et al., 2023; Mao et al., 2025) and Test-Time
Training (TTT) (Liu et al., 2021; Osowiechi et al.,
2023; Gandelsman et al., 2022; Hong et al., 2023)
have emerged as promising directions, attempting
to keep the model’s parametric memory synchro-
nized with the evolving world.

However, a critical limitation of existing adap-
tation paradigms is the functional disconnect be-
tween knowledge and skills. Prevailing methods
largely rely on Supervised Fine-Tuning (SFT) to
inject new domain knowledge. Recent work (Chu
et al., 2025) highlighted a fundamental distinction
in optimization dynamics: SFT memorizes, RL
generalizes. Supported by our experiments, SFT
tends to induce surface-level memorization of the
training distribution, without explicitly teaching the
model how to reason over the acquired knowledge
in downstream tasks. While Reinforcement Learn-
ing (RL) is essential for acquiring robust reasoning
and execution skills (Guo et al., 2025), it remains a
bottleneck for efficient online adaptation to novel
scenarios. The high cost of collecting interaction
data and the computational burden of on-policy
exploration make it infeasible to perform RL for
every new environment the model encounters.

To bridge this gap, we propose Parametric Skill
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Motivation: Functional Disconnect between Knowledge and Reasoning

I'm trying to download a post and a reel from Instagram. Can you 
provide me with the download links for the post and reel? The 
post link is [post link] and the reel link is [reel link].

Standard SFT
(Knowledge Only)

Thought: I should call the 'posts_for_instagram_
reels_and_post_downloader' function with the 
argument 'link' set to [post link]… 
Action: posts_for_instagram_reels_and_post_
downloader
Action Input: {"link": [post link]}

Observation: {"error": "", "response": "{ Sorry but this 
instagram account is private }"}

Observation: {"error": "Invalid API name: 'newapi'. 
Please check the API name.", "response": ""}

Thought: I am calling the 'posts_for_instagram_
reels_and_post_downloader' function with the 
argument of 'link' set to [post link]…
Action: posts_for_instagram_reels_and_post_
downloader 
Action Input: {"link": [post link]}

PaST (Ours)
(Knowledge + Skill)

Observation: {"error": "Invalid API name: 
get_tiktok_video_info_for_tiktok_download_video. 
Please check the API name.", "response": ""}

Methodology: Parametric Skill Transfer (PaST)

Thought: The response for the reel download link is 
the same as for the post, indicating that the Instagram 
account is also private…
Action: Finish 
Action Input: {"final_answer": "The Instagram account 
is private, so I am unable to retrieve the download links 
for the post and reel… “}

Thought: The API call to download the Instagram post 
failed because the account is private. To proceed, I 
should try another approach. 
Action: newapi
Action Input: {"url": [post link]}

Thought: …try using the 'tiktok_download_video' 
function instead. 
Action: get_tiktok_video_info_for_tiktok_
download_video 
Action Input: {"hd": "False", "url": [post link]}

Thought: The response indicates that the Instagram 
account is private, which is why I am unable to retrieve 
the download link for the post. It seems that the user 
needs to make the account public in order to access 
the download link. 
Action: posts_for_instagram_reels_and_
post_downloader
Action Input: {"link": [reel link]}

Stage II: Target Domain Skill Injection

Target SFT Model

(𝜃𝑇
𝑠𝑓𝑡

)

Final PaST Model
(𝜽𝒇𝒊𝒏𝒂𝒍)

𝜃𝑓𝑖𝑛𝑎𝑙 = 𝜃𝑇
𝑠𝑓𝑡

+ 𝜆 ∙ 𝑣𝑠𝑘𝑖𝑙𝑙

Stage I: Source Domain Skill Extraction

Source RL Model
(𝜃𝑠

𝑟𝑙)

－ =
Source SFT Model

(𝜃𝑠
𝑠𝑓𝑡

)

Skill Vector
(𝒗𝒔𝒌𝒊𝒍𝒍)

Observation: {"error": "", "response": "{ Sorry but this 
instagram account is private }"}

Observation: {"error": "", "response": "{ Sorry but this 
instagram account is private }"}

Blind Guessing & Hallucination…

Motivation: Orthogonality of Parameter Updates

Knowledge
(Δ𝑊𝑆𝐹𝑇)

Skill
(Δ𝑊𝑅𝐿)

Orthogonal!

Parameter Space

Figure 1: Overview of Parametric Skill Transfer (PaST). The motivation (left) illustrates how standard SFT fails
to handle environmental errors, leading to hallucinations, while PaST enables robust execution by incorporating
reasoning skills. Our approach is based on the empirical finding (top right) that parameter updates for knowledge
(∆WSFT ) and skills (∆WRL) are nearly orthogonal and reside in disentangled subspaces. PaST first extracts a
domain-agnostic skill vector vskill = θrlS − θsftS from a source domain and then linearly injects it into a target model
via θfinal = θsftT + λ · vskill, enabling efficient and effective knowledge adaptation without requiring expensive
reinforcement learning in the target domain.

Transfer (PaST), a modular framework that injects
RL-optimized reasoning capabilities into models
adapted to new knowledge, without explicitly per-
forming RL on the new knowledge. Our approach
is driven by the empirical observation that the pa-
rameter updates induced by SFT and RL occupy
nearly orthogonal spaces. Therefore, we hypoth-
esize that the SFT and RL updates are natively
decoupled, where the RL-learned skills need not be
bound to specific SFT knowledge but can be trans-
ferred to new domains. Subsequently, we introduce
a mechanism to extract the domain-agnostic skill
vector by subtracting the parameters of an SFT-
anchored model from its RL-refined counterpart in
a source domain. This vector, which captures the
“gradient” direction of reasoning improvement, can
then be linearly added to a target model during the
adaptation phase, immediately after it has under-
gone lightweight SFT on new target data, which
avoids the expensive RL process in the new domain.
Figure 1 illustrates the idea.

We empirically evaluate PaST across two pri-
mary capability domains: Knowledge Incorpora-
tion (covering both short- and long-context sce-
narios via SQuAD (Rajpurkar et al., 2016) and
LooGLE (Li et al., 2024)) and Closed-Book Tool
Use (via ToolBench (Qin et al., 2023; Guo et al.,
2024)). Extensive experiments demonstrate the ef-
ficacy of our framework. First, on the SQuAD
knowledge incorporation task, PaST achieves
56.9% accuracy, surpassing the state-of-the-art self-
adapting baseline SEAL (47.0%, Zweiger et al.
(2025)) by a substantial margin. Second, on the
LooGLE long-context benchmark, we demonstrate
that our approach scales to massive documenta-
tion (over 24k tokens), enabling more precise in-
formation retrieval from parametric memory than
standard SFT. Finally, in ToolBench cross-domain
evaluation, PaST enables zero-shot transfer of tool-
use skills to RL-unseen categories, successfully
activating execution capabilities in target domains.

Our contributions are summarized as follows:
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• We identify the Reasoning-Knowledge Discon-
nect in knowledge adaptation, highlighting the
insufficiency of SFT for transferring procedural
logic to new domains.

• We provide empirical evidence that parameter
updates induced by skill learning (via RL) and
knowledge acquisition (via SFT) are nearly or-
thogonal and reside in disentangled subspaces
of the parameter landscape, enabling separate
optimization and linear composition.

• We propose Parametric Skill Transfer (PaST), a
novel method that utilizes task vector arithmetic
to transfer RL-learned skills from a source do-
main to a target domain, bypassing the need for
test-time RL.

• We empirically demonstrate the effectiveness of
PaST across diverse tasks, including knowledge-
intensive QA and agentic tool use, proving that
knowledge manipulation and execution skills can
be effectively decoupled and transferred to enable
robust adaptation in data-scarce target domains.

2 Related Work

2.1 Knowledge Updating

Many works aim to inject new knowledge into pre-
trained Large Language Models (LLMs) by directly
updating their parameters. Some works (Meng
et al., 2022, 2023) seek to precisely locate and
modify specific neurons or weight matrices respon-
sible for storing entity relationships. Others fo-
cus on text-based adaptation, where meaningful
implications or synthetic Question-Answer (QA)
pairs are generated from new documents to fine-
tune the models (Yehudai et al., 2024; Lampinen
et al., 2025; Mao et al., 2025). SEAL (Zweiger
et al., 2025) advanced this direction by optimizing
the generation of self-editing data through meta-
training. Our work generally follows the latter
paradigm, while advancing previous methods with
a critical insight: beyond merely improving fine-
tuning data, enabling the model to effectively uti-
lize the injected knowledge is more important.

2.2 Reinforcement Learning for LLMs

Reinforcement learning (RL) is a critical post-
training paradigm for LLMs. Recent advances,
such as RL with verifiable rewards, have demon-
strated the ability to elicit reasoning behaviors:
DeepSeekMath introduces GRPO and improves
mathematical reasoning (Shao et al., 2024), and
DeepSeek-R1 further demonstrates that large-scale

RL can yield strong reasoning capability with only
limited cold-start (Guo et al., 2025). Beyond single-
turn reasoning, end-to-end RL is increasingly ex-
plored for training agentic LLMs that must plan
over multi-turn interactions in external environ-
ments, including web search (Wei et al., 2025)
and tool-use agents (Qian et al., 2025). Recent
analyses also suggest that RL induces favorable
update dynamics—e.g., parameter updates concen-
trate in relatively small subnetworks (Mukherjee
et al., 2025), generalize better than SFT under
distribution shift (Chu et al., 2025), and exhibit
reduced catastrophic forgetting (Shenfeld et al.,
2025). These properties make RL a natural candi-
date for injecting reusable procedural skills; how-
ever, the need for on-policy rollouts makes RL ex-
pensive to rerun for each knowledge update. We
aim to reconcile this conflict: keeping RL’s bene-
fits without sacrificing the efficiency required for
continual adaptation.

2.3 Task Vectors

Recent studies on task arithmetic view fine-tuning
updates as vectors in weight space that can be com-
posed to transfer capabilities. Concretely, a task
vector is the parameter delta between a fine-tuned
model and its base model, and can be added or
subtracted to steer model behavior (Ilharco et al.,
2022). Building on this idea, some works (Du et al.,
2025; Cao et al., 2025) treat such deltas as mod-
ular “patches” to transplant instruction-following
or other reusable skills across compatible check-
points without full fine-tuning. The closest prior
work is Reasoning Vectors (Zbeeb et al., 2025),
which also extracts a residual between SFT and
RL checkpoints to transfer reasoning. PaST dif-
fers from it in two essential aspects. (1) Theoreti-
cal assumption. Zbeeb et al. (2025) assume that
reasoning capability is captured by the parameter
difference between parallel RL and SFT branches
trained on the same data, but provide no formal
grounding that the extracted vector is transferable
or linearly composable with other parameter up-
dates. PaST, in contrast, defines the reasoning skill
as the RL-induced parameter increment on top of
a knowledge-adapted SFT model, and we provide
direct empirical evidence that ∆WSFT and ∆WRL
are nearly orthogonal (Sec. 3.2). (2) Methodol-
ogy. The above assumption leads to two concrete
methodological differences. (i) Parallel vs. sequen-
tial extraction: Zbeeb et al. (2025) train SFT and
RL independently from the same base θbase and
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take v = θRL − θSFT, while we train sequentially
within a source domain. (ii) Iterative refinement:
we further apply a multi-round refinement strat-
egy (Sec. 4.3) that accumulates RL-induced resid-
uals across shifting source contexts, driving vskill
toward content-invariant procedural logic rather
than data-specific artifacts. As Cheng et al. (2023)
observe, training directly on raw domain corpora
effectively injects factual knowledge but often im-
pairs the model’s prompting ability for question
answering. Our work shows that composing RL-
derived skill vectors with test-time SFT updates
strengthens the model’s ability to use newly incor-
porated knowledge for question answering.

3 Motivation

3.1 The Disconnect Between Knowledge and
Reasoning

Current adaptation methods (Yehudai et al., 2024;
Mao et al., 2025) predominantly rely on SFT to
introduce new domain data. While SFT effectively
lowers perplexity on domain documents, we hy-
pothesize that it often fails to instill the execution
logic required to manipulate that knowledge. As
a result, models may “know” the facts (e.g., doc-
ument content) without being able to dynamically
utilize them, especially in complex settings.

To visualize this, we compare a standard Target
SFT model against a Skill-Injected model (adapted
using our proposed PaST framework, detailed in
Section 4). We present a case study (Figure 1 (left),
full execution trajectory along with additional case
studies is provided in Appendix A) on a Closed-
Book Tool Use task (Schick et al., 2023; Li et al.,
2023), where the model must rely entirely on its
parametric memory to recall API usage given only
the API names. In this instance, the user requests to
download an Instagram post, but the target account
is private, triggering an API error. The SFT model
correctly recalls the API name, but its reasoning
collapses upon encountering the error, leading to
the hallucination of non-existent tools. In contrast,
the Skill-Injected model demonstrates robust execu-
tion logic despite sharing the same knowledge base.
This observation highlights that knowledge storage
(via SFT) and knowledge manipulation (via RL) are
distinct capabilities. SFT alone anchors the model
in the domain semantics but leaves it functionally
fragile. This necessitates a method to explicitly
inject robust manipulation patterns—precisely the
role of our Skill Vector.
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Figure 2: We visualize the layer-wise cosine similarity
between the weight changes induced by SFT (∆WSFT)
and RL (∆WRL) on the LooGLE task. The dominant
near-zero values indicate that knowledge acquisition
and skill learning modify the model parameters along
nearly orthogonal subspaces.

3.2 Orthogonality of Parameter Updates
While the behavioral analysis in Section 3.1 high-
lights the functional difference between SFT and
RL models, a fundamental question remains re-
garding their internal mechanics: Do knowledge
acquisition and skill learning interfere with each
other in the parameter space?

To answer this, we analyze the weight updates.
We utilize 5 documents from the LooGLE dataset
to train a model sequentially via SFT and GRPO
(refer to Section 5.1.2 for settings), and then com-
pute the layer-wise cosine similarity between the
parameter update matrices induced by each stage.
Figure 2 visualizes the cosine similarity across all
layers and modules. We observe a consistent trend:
the correlation between ∆WSFT and ∆WRL is re-
markably close to zero across almost all depths and
components (in contrast, two independent SFT up-
dates remain markedly correlated; see Figure 4 in
Appendix B). This orthogonality provides strong
evidence that knowledge and manipulation skills
correspond to disentangled subspaces within the
high-dimensional parameter landscape. Recent the-
oretical work corroborates this picture: Zhu et al.
(2025) show that SFT predominantly modifies the
principal weight directions used for knowledge in-
jection, while RLVR updates are steered by the
implicit KL leash and the model geometry into the
complementary off-principal subspace. Our near-
zero cosine similarity is precisely the macroscopic
signature of this disjoint subspace optimization.

To understand why this parameter-level property
ensures the coexistence of skills and knowledge,
we analyze the signal propagation in the activation
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space. As detailed in Appendix D, assuming the
input activations x follow a quasi-isotropic distri-
bution (facilitated by LayerNorm, Ba et al. (2016)),
the expected inner product of the signals generated
by these updates approximates the inner product
of the weight matrices ⟨∆WSFT,∆WRL⟩F . High-
dimensional concentration of measure (Vershynin,
2018) further ensures that this overlap remains min-
imal for individual inputs. Given our empirical
finding of near-orthogonal updates, knowledge and
skill signal remain functionally disentangled, pre-
venting destructive interference during inference
and allowing downstream components to route
these streams distinctively (Elhage et al., 2022).

This finding implies that the “manipulation skill”
acquired during RL is separable from the domain-
specific knowledge learned via SFT, existing as
an independent and extractable parameter vector
∆WRL. This separability motivates our approach:
the skill vector can be extracted from a source do-
main and transferred to a target domain, enabling
efficient adaptation without target-side RL.

4 Parametric Skill Transfer

Leveraging the theoretical insight of parameter or-
thogonality established in Section 3.2, we propose
Parametric Skill Transfer (PaST), a framework
that explicitly disentangles and recombines knowl-
edge and skills. As visualized in the right panel of
Figure 1, our approach treats the skill component
as a portable vector extracted from a source domain
and linearly injected into a target knowledge base.

4.1 Problem Formulation
We consider a knowledge updating scenario involv-
ing a Source Domain DS = {CS , TS} and a Target
Domain DT = {CT }. Here, C denotes unstructured
knowledge documents and T = {(x, y)} repre-
sents a set of successful interaction pairs that exem-
plify the desired task-solving behaviors. While DS

is enriched with both knowledge and behavioral
demonstrations, DT contains only raw documents
without task-specific labels. Our goal is to derive
a target policy πtarget that maximizes performance
on DT by leveraging the skills from TS and the
knowledge in CT , eliminating the need for expen-
sive on-policy exploration in the target domain.

4.2 Methodology: Decoupled Skill Transfer
Stage I: Source Skill Distillation. We first an-
chor the base model θbase to the source knowl-
edge by fine-tuning on a corpus CS , yielding θsft

S .

Subsequently, we apply Reinforcement Learning
on trajectories TS to internalize reasoning poli-
cies, resulting in θrl

S . Leveraging our finding that
RL updates occupy a subspace orthogonal to the
knowledge manifold (Sec. 3.2), we isolate the pro-
cedural expertise by extracting the Skill Vector:
vskill = θrl

S − θsft
S . This subtraction neutralizes

domain-specific declarative patterns while retain-
ing the sparse parameter residuals responsible for
internal knowledge manipulation capabilities.

Stage II: Target Adaptation via Vector Com-
position. To adapt to the target domain without
expensive on-policy RL, we adopt a “Compose-
and-Go” strategy. We first perform lightweight
SFT on target-specific documents CT to obtain
θsft
T . While this model captures target facts, it lacks

the necessary reasoning logic. We then inject the
source-distilled skills directly into the target pa-
rameters as θfinal = θsft

T + λ · vskill, where λ is
a scaling coefficient (set to 1 in all experiments
for simplicity). This linear composition grafts the
source-learned reasoning geometry onto the target
knowledge manifold, enabling zero-shot execution
of complex tasks in the new domains.

4.3 Iterative Skill Refinement
A potential risk in single-round extraction is that
the skill vector might overfit to the specific con-
tent distribution of the sampled source data, rather
than capturing purely domain-agnostic reasoning
patterns. To mitigate this, we propose an Iterative
Bootstrapping Strategy. We partition DS into K

disjoint subsets {D(k)
S }Kk=1 and refine the vector it-

eratively. For each round k, we first obtain θsft
S,k via

SFT on the current subset, then initialize the model
for reinforcement learning as θinit,k = θsft

S,k + vk−1

(where vk−1 is the skill vector from the last round,
and v0 = 0). The purpose is to inject the previ-
ously extracted skills as a warm-start for the RL in
this round. Subsequent RL training on D(k)

S yields
θrl
S,k, from which we extract the updated skill vector

as the residual vk = θrl
S,k − θsft

S,k. This iterative pro-
cess ensures that the skill vector is progressively
refined across diverse knowledge contexts, forc-
ing the optimization to converge towards content-
invariant. We empirically validate the benefit of
this strategy in Section 5.3.1.

5 Experiments

We empirically evaluate PaST across two distinct
tasks: Knowledge-based QA (Roberts et al., 2020)
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and Agentic Tool Use (Li et al., 2023). Our
experiments are designed to verify: (1) Effec-
tiveness on standard benchmarks (SQuAD, Ra-
jpurkar et al. (2016)) against strong baselines like
SEAL (Zweiger et al., 2025); (2) Scalability to
complex, long-context scenarios (LooGLE, Li et al.
(2024)); and (3) Generalization to RL-unseen tool
categories (ToolBench, Qin et al. (2023); Guo et al.
(2024)). Section 5.1 details the QA results, while
Section 5.2 presents the cross-domain tool-use eval-
uation. Finally, in Section 5.3, we conduct ablation
studies to analyze the impact of our iterative skill
refinement strategy and validate the architectural
necessity of our post-hoc injection method by com-
paring it against alternative transfer paradigms.

5.1 Knowledge-based Question Answering

5.1.1 Knowledge Incorporation on SQuAD

To investigate the effectiveness of our proposed
framework, we benchmark PaST on the task
of Knowledge Incorporation using the SQuAD
dataset. Unlike the original SQuAD evalua-
tion where the passage is provided alongside the
question, we adopt the closed-book setting from
SEAL (Zweiger et al., 2025). This task requires
the model to first memorize the specific passage
through test-time weight updates and then answer
downstream questions by retrieving facts directly
from its new parameter state, rather than reading
them from the context window.

We utilize Qwen2.5-7B (Qwen et al., 2025) as
our base model and compare against a comprehen-
sive set of baselines shown originally in SEAL:
(1) Base Model (zero-shot); (2) Passage-Only SFT
(standard fine-tuning); (3) SFT with Synthetic Data
(augmenting passages with model-generated im-
plications); (4) SFT with GPT-4.1 Data; and (5)
SEAL, the current state-of-the-art method that inte-
grates knowledge via self-edits generated by meta-
trained models. We evaluate performance under
three different regimes: Single Passage updating,
Continued Pretraining (CPT) on n = 200 docu-
ments, and large-scale CPT on the full validation
set (n = 2067).

Following the Iterative Skill Refinement strategy
in Section 4.3, we conduct two rounds of training
(using the same training data as SEAL) and extract
the skill vector via the parameter residual between
the final RL-tuned model and its SFT counterpart.
We use the same SFT data generation paradigm as
the "Train on Passage + Synthetic" baseline for

both Source Skill Distillation and Target Adap-
tation; it serves as our direct baseline to test the
skill vector’s contribution. The RL phase utilizes
GRPO (Shao et al., 2024) with GPT-4.1 as the re-
ward evaluator. Detailed training configurations
are provided in Appendix E.

As shown in Table 1, standard SFT on pas-
sages (33.5%) confirms that raw text training is
insufficient for knowledge retention. By inject-
ing our skill vector onto the "Train on Passage +
Synthetic" baseline (39.7%), performance surges
to 56.9%. This +17.2% absolute improvement
demonstrates the contribution of the skill vector,
proving that while synthetic data provides the fac-
tual content, the skill vector provides the essential
inference logic for answering questions accurately.
Notably, PaST significantly outperforms both
SEAL (47.0%) and GPT-4.1 (46.3%). While
SEAL focuses on synthesizing higher-quality train-
ing data (e.g., self-edits or implications) through
costly meta-training, our method achieves supe-
rior results by directly transferring intrinsic pro-
cedural skills. This suggests that the bottleneck
in knowledge incorporation may not be the qual-
ity of the SFT data itself, but rather the model’s
underlying ability to utilize its incorporated knowl-
edge. This trend holds in Continued Pretraining
settings (n = 200/2067), where PaST consistently
achieves superior performance over SEAL. These
results demonstrate that our skill-centric transfer
paradigm is robust and scalable; it does not degrade
when the underlying knowledge base expands from
a single document to hundreds or thousands.

5.1.2 Scalability to Long-Context Reasoning
While SQuAD validates the efficacy of our method
on standard-length paragraphs, real-world adapta-
tion often requires processing extensive documen-
tation where reasoning is complicated by the sheer
volume of information. To evaluate the scalabil-
ity of our framework, we conduct experiments on
LooGLE, a benchmark designed for long-context
understanding, consisting of realistic documents
with an average length exceeding 21k tokens.

Using Qwen2.5-7B-Instruct as the base
model, we construct a source set using the last 10
documents from the LooGLE Short Dependency
QA dataset, while reserving the first 50 documents
exclusively for evaluation. Using the source set,
we perform 2 rounds of iterative skill acquisition.
In each round, we sample a batch of 5 documents
and apply a specialized two-stage SFT curriculum
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Table 1: Mean accuracy on SQuAD (no-context) across different adaptation regimes. Values for baselines are taken
from SEAL (Zweiger et al., 2025). The values in parentheses denote the absolute improvement over the “Train on
Passage + Synthetic” baseline.

Method Single Passage CPT CPT
(n = 1; LoRA) (n = 200; full-FT) (n = 2067; full-FT)

Base Model 32.7 32.7 29.0
Train on Passage 33.5 36.0 31.2
Train on Passage + Synthetic 39.7 50.6 43.4
Train on Passage + GPT-4.1 Synthetic 46.3 59.4 49.2
SEAL 47.0 58.2 46.4

PaST 50 (Ours) 50.8 (+11.1) 58.9 (+8.3) 47.4 (+4.0)

PaST 50 × 2 (Ours) 56.9 (+17.2) 58.7 (+8.1) 49.2 (+5.8)

to enforce deep knowledge encoding: (1) context
memorization via multi-task training (text model-
ing, expansion and compression) and (2) synthetic
QA training. This is followed by GRPO to distill
the retrieval logic. Full details are in Appendix F.

As shown in Table 2, applying the skill vec-
tor yields a significant improvement over standard
Target SFT baseline which is trained using the
same two-stage curriculum. Injecting the skill
vector extracted from just 5 source documents
(Round 1) immediately boosts accuracy to 35.0%
(+4.9%), while the Round 2 elevates perfor-
mance to 38.1%, resulting in a cumulative gain
of +8.0%. These results confirm that our "how-to-
recall" skill is highly transferable and successfully
mitigates hallucination by transforming the model
from a passive container of facts into a focused
expert capable of precise parametric retrieval.

Table 2: Long-Context QA Performance on LooGLE
(Short Dependence QA). Comparing standard adapta-
tion methods against PaST, the Skill Vector significantly
enhances the model’s ability to retrieve and reason over
extremely massive information. All results are averaged
over three independent runs.

Method Accuracy

SFT 30.1
PaST 5 35.0 (+4.9)

PaST 5 × 2 38.1 (+8.0)

5.2 Cross-Domain Generalization in Tool Use

We extend our evaluation to the domain of Agentic
Tool Use, a task requiring the model to precisely
index and utilize internalized API schemas. Unlike
QA, this necessitates a mechanism of accurate para-

metric retrieval and multi-round execution, which
we hypothesize is domain-agnostic and transferable
to other tool categories.

Task Definition: Closed-Book Execution. Stan-
dard tool-use evaluations often provide full API
documentation within the context window (Li et al.,
2023). However, for massive libraries with thou-
sands of APIs, retrieving and injecting complete
schemas into the context is computationally pro-
hibitive and introduces high inference latency and
token costs. To simulate this realistic constraint,
we adopt a Closed-Book Execution setting: the
model is provided only with the names of the APIs,
devoid of their detailed parameter definitions or
descriptions.

Dataset Construction and Split. We utilize
ToolBench, featuring 3,451 tools and 16,000+ APIs
spanning 50 distinct categories. We designate a sin-
gle representative category, Movies, as the Source
Domain for skill acquisition due to its representa-
tive complexity and data richness. For the Target
Domain, we identify 20 distinct categories entirely
unseen during RL, filtered for data sufficiency and
API count to ensure a balanced evaluation (see
Appendix G for details). For testing, we utilize
the curated solvable queries from StableToolBench,
covering both single-tool (G1) and intra-category
multi-tool (G2) scenarios.

Training Setup. Using Qwen2.5-7B-Instruct,
we first establish a robust mapping between API
names and functionalities on source domain via
SFT on a composite dataset: raw API schemas, nat-
ural language transcriptions, and bidirectional QA
pairs (training the model to predict usage from API
names and vice versa). Additionally, we perform
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Figure 3: Zero-shot cross-domain generalization on StableToolBench. Success Rate across 20 RL-unseen target
categories using a skill vector trained solely on Movies. PaST (dark blue) raises the average success rate by +10.3%
over the Target SFT baseline (grey). All results are averaged over three independent runs.

a format-alignment SFT using the initial steps of
the trajectories in ToolBench data to instill the Re-
Act convention. To refine the execution policy, we
employ PPO (Schulman et al., 2017) implemented
by adapting the Search-R1 (Jin et al., 2025) frame-
work. During training, we employ GPT-4o-mini as
an environment simulator to generate realistic API
return values. The reward signal is a composite
of format rewards (JSON syntax and ReAct for-
mat), execution rewards (successful API returns),
and solution rewards (judged by GPT-4.1 for intent
resolution). Details are provided in Appendix G.

Target Adaptation and Results. Following the
two-stage adaptation (SFT as described above, fol-
lowed by skill vector injection), PaST significantly
outperforms the Target SFT baseline. As visual-
ized in Figure 3, our method increases the av-
erage success rate from 21.9% to 32.2%. No-
tably, PaST achieves zero-shot activation in do-
mains where the baseline fails completely (Adver-
tising 0% → 16.7% and SMS 0% → 11.1%). Re-
markably, PaST outperforms the baseline in all 20
evaluated categories, demonstrating robust positive
transfer across diverse domains.

5.3 Ablation Studies
5.3.1 Impact of Iterative Skill Refinement
We first validate the effectiveness of the Iterative
Skill Refinement by comparing it against Single-
Round baselines on SQuAD, maintaining equal to-
tal optimization steps and data volume. As shown
in Table 3, simply doubling the source data in a sin-
gle round (N = 100) often yields marginal gains or

even performance degradation, suggesting that rea-
soning logic becomes overfitted to specific source
content. In contrast, our Iterative strategy (K = 2,
N = 50 per round) consistently achieves the high-
est accuracy. This confirms that iterative refinement
forces the skill vector to capture content-invariant
execution logic, preventing the reasoning policy
from being inextricably bound to a specific set of
source facts.

Table 3: Ablation on Iterative Refinement (SQuAD).
We compare Single-Round training (with half and full
data) against our Iterative strategy on SQuAD. N de-
notes the number of source training documents in each
round.

Training
Rounds

SQuAD

Single CPT (200) CPT (2K)

1 (N = 50) 50.8 58.9 47.4
1 (N = 100) 49.9 58.3 47.1
2 (N = 50) 56.9 58.7 49.2

K × M trade-off. To further understand how
the sharding granularity affects the extracted skill,
we conduct a finer-grained sweep on LooGLE that
fixes the total source documents (K · M = 10)
and the total RL optimization steps, while varying
the number of rounds K and documents per round
M (Table 4). Increasing K from 1 to 5 steadily
improves accuracy (42.9 → 45.3) by exposing
the RL phase to shifting knowledge backgrounds,
which acts as regularization that filters out content-
specific artifacts. Pushing too far (10 × 1) hurts:
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a single-document shard yields a narrow reward
distribution and high gradient variance, preventing
stable convergence within the limited per-round
step budget. In practice, K should be increased
to promote decoupling, while keeping each shard
sufficiently representative for a stable RL signal.

Table 4: K × M Trade-off on LooGLE. Fixing the
total source documents (K · M = 10) and total RL
optimization steps, we sweep the number of rounds K
versus documents per round M .

Rounds K × Docs/Round M LooGLE Acc

1× 10 (Single-round) 42.9
2× 5 44.6
5× 2 45.3
10× 1 42.1

5.3.2 Impact of Transfer Strategy
Finally, we analyze the optimal stage for skill in-
jection by comparing our Post-hoc Composition
against two alternative paradigms on the LooGLE
benchmark: (1) Sequential Fine-Tuning, where
the source RL model θrl

S is directly fine-tuned on
target documents; and (2) Pre-Injection, where
vskill is added to θbase before target SFT. Following
the setup in Section 5.1.2, we report the results on
the first 10 documents of the test set in Table 5. In-
terestingly, Sequential Fine-Tuning (30.3) performs
slightly worse than the standard Target SFT base-
line (32.9). This suggests that directly optimizing
for new knowledge on top of RL parameters may
induce optimization conflicts that potentially dis-
rupt the delicate reasoning circuitry learned during
RL. Pre-Injection achieves moderate performance
(36.5) but lags behind our method, likely because
subsequent SFT shifts the weight manifold and
misaligns the pre-injected skills. Post-hoc Compo-
sition (Ours) yields the highest accuracy (44.6) by
anchoring the declarative knowledge first, ensuring
execution logic is grafted onto a stable knowledge
representation without being distorted by the SFT
optimization trajectory.

5.3.3 Comparison with Target-Domain RL
A natural concern is whether PaST sacrifices sub-
stantial accuracy by skipping target-domain RL al-
together. To quantify this gap, we directly compare
PaST against running GRPO on the target domain
at varying step budgets, on the first 10 LooGLE
documents (the same setting as Sec. 5.3.2). All
target RL runs use the same hyperparameters as in
Sec. 5.1.2 and are timed on 8×A100 GPUs. As

Table 5: Ablation on Transfer Strategy. We evalu-
ate different methods of combining source skills with
target knowledge on LooGLE. “Post-hoc Composition”
(Ours) significantly outperforms sequential training or
pre-injection methods.

Transfer Strategy LooGLE Accuracy

Target SFT 32.9
Sequential FT 30.3
Pre-Injection 36.5
Post-hoc Composition 44.6

shown in Table 6, PaST matches the accuracy of
target RL trained for ∼75 steps and trails 100-step
target RL by only 1.6 points, while incurring zero
additional training time on the target domain. Even
modest target RL (75 steps) costs 72 minutes per
document, which scales prohibitively under contin-
ual adaptation. This confirms that the skill vector
recovers most of the benefit of target RL at a tiny
fraction of its cost.

Table 6: Comparison with Target-Domain RL on
LooGLE. We compare PaST against direct GRPO
trained on the target domain at varying step budgets, on
the first 10 LooGLE documents. Runtime measures the
per-document target-side RL training time on 8×A100
GPUs.

Method Acc Test-time RL Time

Target SFT 32.9 0 min
Target RL (25 steps) 38.2 33 min
Target RL (50 steps) 41.2 52 min
Target RL (75 steps) 44.0 72 min
Target RL (100 steps) 46.2 91 min
PaST (Ours) 44.6 0 min

6 Conclusion

In this paper, we introduced Parametric Skill Trans-
fer (PaST) to bridge the functional disconnect be-
tween knowledge acquisition and reasoning skills
in LLMs. By identifying that SFT and RL parame-
ter updates are nearly orthogonal, we developed a
modular framework to extract a domain-agnostic
Skill Vector (vskill) from source tasks and linearly
inject it into models adapted to new data. Our
evaluations on SQUAD, LooGLE, and ToolBench
demonstrate that PaST significantly enhances a
model’s ability to manipulate newly internalized
knowledge. Ultimately, PaST offers a computation-
ally efficient and scalable alternative to on-policy
RL, enabling effective knowledge adaptation.
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Limitations

Despite the effectiveness of PaST, several limita-
tions remain to be addressed in future work:

• Breadth of Experimental Domains: While we
evaluated our framework on standard QA and
agentic tool-use benchmarks , the diversity of
"source-to-target" transfer scenarios could be
further expanded.

• Static Scaling Coefficient: For simplicity, the
scaling coefficient in our injection formula
(θfinal = θsftT + λ · vskill) was consistently
set to 1 across all experiments. However, we
hypothesize that the optimal λ might vary de-
pending on the gap between the source and
target knowledge manifolds or the specific
model architecture.

• Model Architecture Generalization: Our em-
pirical observations and experiments were pri-
marily conducted using the Qwen2.5-7B and
Qwen2.5-7B-Instruct. While our theoreti-
cal proof regarding orthogonality is grounded
in general properties of high-dimensional pa-
rameter spaces , additional studies are needed
to confirm if these update dynamics hold con-
sistently across a broader range of model
scales and architectures.
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A Detailed Case Studies

A.1 Full Execution Trajectory: Instagram
Post Task

In this section, we provide the complete interac-
tion trace for the example discussed in Section 5.2.
This comparison highlights the difference in rea-
soning logic when facing a “Private Account” error.
The full interaction trajectories on both models are
shown in Table 7 and 8.

A.2 Parametric Knowledge Retrieval:
SQuAD Case Study

We present a comparison on the SQuAD dataset
in Table 9, involving a specific legal context re-
garding EU Directives. The SFT baseline suffers
from knowledge fallback, ignoring the internalized
document and providing a generic answer about
legal liability based on its pre-training priors. In
contrast, our model demonstrates precise paramet-
ric retrieval, successfully locating the specific term
“Directives” within its weights and accurately syn-
thesizing the supporting explanation (e.g., lack of
“horizontal direct effect”) as presented in the hidden
context.

B Additional Visualization:
Orthogonality Control Experiment

In Section 3, we argued that the parameter up-
dates for knowledge acquisition (∆WSFT) and
skill learning (∆WRL) are structurally disentan-
gled, evidenced by their near-zero cosine similar-
ity. A potential counter-argument is that in high-
dimensional parameter spaces (e.g., dmodel ≫ 1),
random vectors naturally tend to be orthogonal.
To rule out the possibility that our observation is
merely a statistical artifact of high dimensionality,
we conducted a control experiment to measure the
similarity between two updates of the same modal-
ity (i.e., Knowledge vs. Knowledge).

Experimental Setup. Using the same LooGLE
dataset setting as the main experiment, we per-
formed two consecutive rounds of Supervised
Fine-Tuning (SFT) on disjoint data subsets. We
then computed the layer-wise cosine similarity
Sim(∆WSFT1,∆WSFT2) = ⟨∆WSFT1,∆WSFT2⟩F

||∆WSFT1||F ·||∆WSFT2||F
where ⟨A,B⟩F = Tr(AB⊤) =

∑
i,j AijBij de-

notes the Frobenius inner product (Golub and
Van Loan, 2013).
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Figure 4: Control Experiment: Similarity between
two SFT updates. We visualize the cosine similarity
between parameter updates induced by two different
rounds of SFT (∆WSFT21 vs. ∆WSFT2) on LooGLE.
Unlike the SFT-RL comparison, these updates show a
clear positive correlation (red regions), indicating that
knowledge injection tasks operate within a shared pa-
rameter subspace.

Result Analysis. Figure 4 presents the resulting
heatmap. In stark contrast to the SFT-RL com-
parison (Figure 2 in the main text), the SFT-SFT
heatmap exhibits a distinct positive correlation (in-
dicated by the prevalent orange/red hues) across
most layers. This comparison provides two critical
insights:

1. Manifold Alignment of Knowledge: Tasks
of the same nature (injecting declarative facts)
tend to modify the model parameters along a
shared or aligned subspace, resulting in non-
zero cosine similarity.

2. Validation of Disentanglement: The fact that
∆WSFT vs. ∆WSFT shows correlation while
∆WRL vs. ∆WSFT does not confirms that the
orthogonality observed in our main result is a
genuine property of the Knowledge-Skill de-
composition, rather than a geometric triviality.

C Robustness of the Orthogonality
Finding

The near-zero cosine similarity between ∆WSFT
and ∆WRL reported in Section 3.2 is measured in a
single (LooGLE, GRPO) configuration. To support
our claim that this orthogonality is a property of
the optimization dynamics rather than an artifact
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User Query

I’m trying to download a post and a reel from Instagram. Can you provide me with the download links for the post and
reel? The post link is [post link] and the reel link is [reel link].

Baseline: SFT Model

Thought: I should call the ’posts_for_instagram_reels_and_post_downloader’ function with the
argument ’link’ set to [post link]. This will allow me to download the Instagram post URL [post
link] and retrieve the download links for the reels and posts from the specified Instagram media
URL.
Action: posts_for_instagram_reels_and_post_downloader
Action Input: {"link": [post link]}

Observation: {"error": "", "response": "{ Sorry but this instagram account is private }"}

Thought: The API call to download the Instagram post failed because the account is private. To
proceed, I should try another approach.
Action: newapi
Action Input: {"url": [post link]}

Observation: {"error": "Invalid API name: ’newapi’. Please check the API name.", "response": ""}

Thought: The API call failed because the API name is invalid. This indicates that the ’newapi’
function is not available. To proceed, I can try using the ’tiktok_download_video’ function
instead.
Action: get_tiktok_video_info_for_tiktok_download_video
Action Input: {"hd": "False", "url": [post link]}

Observation: {"error": "Invalid API name: ’get_tiktok_video_info_for_tiktok_download_video’.
Please check the API name.", "response": ""}

Thought: The API call failed because the API name is invalid. This suggests that the
’get_tiktok_video_info_for_tiktok_download_video’ function is not available. As a last resort, I
can use the ’cheap_youtube_api’ to download the Instagram post.
Action: trending_music_gaming_news_movies_for_cheap_youtube_api
Action Input: {"category": "Instagram", "region": "US", "limit": 1}

Observation: {"error": "Invalid API name:
’trending_music_gaming_news_movies_for_cheap_youtube_api’. Please check the API name.",
"response": ""}

Thought: Since the tool call limit has been reached, I now need to summarize my thoughts and
call ’Finish’ to end the task. I tried using different APIs to download the Instagram post and
retrieve the download links, but none of them worked. It seems that the
’instagram_reels_and_post_downloader’ function is not functioning properly. To handle this, I
can provide the user with an alternative solution. I can suggest using a third-party app or
website that specifically caters to downloading Instagram posts and reels. However, I should
also mention that the user may need to provide the post URL and the download links separately.
Action: Finish
Action Input: {"final_answer": "The current API does not have a valid function available for
downloading Instagram posts and reels. As an alternative, you can try using third-party apps or
websites specifically designed for this purpose. When using these apps, make sure to provide the
Instagram post URL and the download links separately. This will help you download the desired
Instagram media efficiently. Sorry for the inconvenience caused by this issue."}

Table 7: Case Study: Model comparison on tool-use trajectories (Part 1). Links are masked due to privacy concerns.

of a specific task, RL algorithm, or reward design,
we provide two extended studies below.

C.1 Across Tasks, RL Algorithms, and
Reward Designs

We compute the average layer-wise cosine simi-
larity between ∆WSFT and ∆WRL on three bench-
marks that differ in task type, RL algorithm, and
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Ours

Thought: I am calling the ’posts_for_instagram_reels_and_post_downloader’ function with the
argument of ’link’ set to [post link]. This is because the user wants to download a post from
Instagram and has provided the post link. By using this function, I can retrieve the download
link for the specified post.
Action: posts_for_instagram_reels_and_post_downloader
Action Input: {"link": [post link]}

Observation: {"error": "", "response": "{ Sorry but this instagram account is private }"}

Thought: The response indicates that the Instagram account is private, which is why I am unable
to retrieve the download link for the post. It seems that the user needs to make the account
public in order to access the download link.
Action: posts_for_instagram_reels_and_post_downloader
Action Input: {"link": [reel link]}

Observation: {"error": "", "response": "{ Sorry but this instagram account is private }"}

Thought: The response for the reel download link is the same as for the post, indicating that
the Instagram account is also private. Therefore, the user needs to make the account public in
order to access the download links for both the post and reel.
Action: Finish
Action Input: {"final_answer": "The Instagram account is private, so I am unable to retrieve the
download links for the post and reel. The user needs to make the account public in order to
access the download links."}

Table 8: Case Study: Model comparison on tool-use trajectories (Part 2). Links are masked due to privacy concerns.

reward source. As shown in Table 10, the similarity
remains close to zero (∼10−3) across all settings,
indicating that the SFT–RL orthogonality is largely
invariant to these design choices.

C.2 Cross-Domain Orthogonality

A natural follow-up question is whether the orthog-
onality between SFT and RL updates also holds
when the two updates are obtained from different
domains (i.e., the SFT update from the source do-
main and the RL update from the target domain, or
vice versa). Using the LooGLE source/target split
from Section 5.1.2, we compute the average cosine
similarity for all four SFT–RL combinations, to-
gether with two same-modality controls (SFT vs.
SFT and RL vs. RL across domains).

Two observations follow from Table 11. First,
the SFT–RL similarity stays at the 10−3–10−4

level even when the two updates are obtained from
different domains, confirming that the orthogonal-
ity is a property of the SFT vs. RL optimization
regimes themselves rather than of any particular
dataset alignment. Second, the same-modality con-
trols (SFT vs. SFT and RL vs. RL) are 1–2 orders of
magnitude larger in magnitude, ruling out the possi-
bility that the near-zero SFT–RL value is a generic
high-dimensional geometric triviality. Together
with the cross-task results in Table 10, this strength-

ens the empirical basis for treating vskill = θrl−θsft

as a transferable, domain-agnostic skill direction.

D Theoretical Proof of Functional
Disentanglement

In Section 3.2, we empirically observed that the
parameter update matrices for knowledge acquisi-
tion (∆WSFT) and skill learning (∆WRL) are nearly
orthogonal in terms of the Frobenius inner prod-
uct. Here, we provide a formal derivation showing
why this parameter-level orthogonality guarantees
functional disentanglement in the activation space.

D.1 Preliminaries and Assumptions
Let x ∈ R1×d be the input activation vector at
a given layer, where d is the model dimension
(e.g., 4096). Let A = ∆WSFT ∈ Rd×d and
B = ∆WRL ∈ Rd×d be the weight update ma-
trices. The signals generated by these updates are
u = xA and v = xB, respectively.

We make two standard assumptions regarding
the statistical properties of deep neural networks:

1. Parameter Orthogonality: Based on our em-
pirical observations, we assume ⟨A,B⟩F =
Tr(AB⊤) ≈ 0.

2. Isotropic Inputs: We assume the input activa-
tions x are zero-centered and quasi-isotropic,
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Context (Not shown to the model)

While the Treaties and Regulations will have direct effect (if clear, unconditional and immediate), Directives do not
generally give citizens (as opposed to the member state) standing to sue other citizens. In theory, this is because TFEU
article 288 says Directives are addressed to the member states and usually l̈eave to the national authorities the choice of
form and methodsẗo implement. In part this reflects that directives often create minimum standards, leaving member states
to apply higher standards. For example, the Working Time Directive requires that every worker has at least 4 weeks paid
holidays each year, but most member states require more than 28 days in national law. However, on the current position
adopted by the Court of Justice, citizens have standing to make claims based on national laws that implement Directives,
but not from Directives themselves. Directives do not have so called ḧorizontald̈irect effect (i.e. between non-state parties).
This view was instantly controversial, and in the early 1990s three Advocate Generals persuasively argued that Directives
should create rights and duties for all citizens. The Court of Justice refused, but there are five large exceptions.

Question

What generally does not allow citizens to sue other citizens?

Ground Truth

Directives.

Baseline: SFT Model

In general, citizens cannot directly sue other citizens in most legal systems. However, there are exceptions where private
individuals can be held liable for certain types of harm, such as intentional torts or breaches of contract.

Ours

Directives do not create rights and duties for citizens. They are addressed to Member States and usually have indirect effect,
meaning that they do not create rights and duties for citizens. Directives usually contain exemptions and allow Member
States to choose the form in which they are implemented. This means that there is often no direct effect between citizens
and in most cases, citizens cannot sue other citizens based on Directives. However, Directives often create higher standards
than those that exist in national laws, so if a national law is less strict than a Directive, the latter can be used to argue that a
law is invalid. In summary, citizens generally cannot sue other citizens based on Directives, but Directives can create higher
standards than national laws, which can be used to challenge the validity of national laws.

Table 9: Case Study: Model comparison on SQuAD.

Table 10: Orthogonality across tasks, RL algorithms,
and rewards. Average cosine similarity between
∆WSFT and ∆WRL across all model modules.

Benchmark RL Algo. Reward Avg. Cos. Sim.

LooGLE GRPO LLM Judge −0.0018
SQuAD GRPO LLM Judge −0.0019
ToolBench PPO Env. Simulator −0.0020

with covariance proportional to the identity
matrix. This is a common property in Trans-
formers facilitated by LayerNorm (Ba et al.,
2016):

E[x⊤x] = σ2I (1)

where σ2 is the variance of the activations.

D.2 Derivation of Signal Orthogonality

We investigate the interference between the knowl-
edge signal (u) and the skill signal (v) by examin-
ing their inner product ⟨u, v⟩.

Table 11: Cross-domain orthogonality on LooGLE.
Average cosine similarity between parameter
update matrices across all model modules of
Qwen2.5-7B-Instruct.

Comparison Avg. Cos. Sim.

SFT (Source) vs. RL (Source) −0.00180
SFT (Source) vs. RL (Target) −0.00067
SFT (Target) vs. RL (Source) −0.00109
SFT (Source) vs. SFT (Target) 0.03132
RL (Source) vs. RL (Target) 0.02575

1. Expectation of Signal Overlap. The expected
inner product of the generated signals over the data
distribution is:

E[⟨u, v⟩] = E[uv⊤] = E[(xA)(xB)⊤]

= E[xAB⊤x⊤] (2)

Using the property that the trace of a scalar is the
scalar itself (Tr(c) = c) and the cyclic property of
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the trace (Tr(XY Z) = Tr(Y ZX)):

E[xAB⊤x⊤] = E[Tr(xAB⊤x⊤)]

= E[Tr(AB⊤x⊤x)]

= Tr(AB⊤E[x⊤x]) (3)

Substituting the isotropic assumption E[x⊤x] =
σ2I:

E[⟨u, v⟩] = Tr(AB⊤ · σ2I) = σ2⟨A,B⟩F (4)

Conclusion 1: Since ⟨A,B⟩F ≈ 0, the expected
overlap between the knowledge and skill signals is
zero (E[⟨u, v⟩] ≈ 0).

2. Concentration in High Dimensions. While
the expectation is zero, we must ensure that the
variance is low enough such that the overlap is min-
imal for any individual input x. This is guaranteed
by the Concentration of Measure phenomenon in
high-dimensional spaces (Vershynin, 2018).

Let M = AB⊤. Consider the quadratic form
Y = xMx⊤. For a random vector x with inde-
pendent sub-Gaussian components (a reasonable
approximation for normalized representations), the
Hanson-Wright inequality bounds the deviation
from the mean:

P (|⟨u, v⟩ − E[⟨u, v⟩]| ≥ t)

≤2 exp

(
−cmin

(
t2

σ4||M ||2F
,

t

σ2||M ||2

))

(5)

where c is a universal constant. In modern LLMs
where d ≫ 1, the Frobenius norm ||M ||F grows
with

√
d, but the concentration probability im-

proves exponentially. This implies that for the vast
majority of input samples, the actual inner prod-
uct ⟨u, v⟩ will be tightly concentrated around its
expectation (zero).

D.3 Functional Implication

This derivation proves that parameter-level orthog-
onality (∆WSFT ⊥ ∆WRL) translates directly to
signal-level orthogonality in the activation space.
Consequently, the “knowledge signal” and “skill
signal” propagate through the network as function-
ally independent components, preventing destruc-
tive interference and enabling the subsequent layers
(e.g., attention heads) to attend to them distinc-
tively.

E SQuAD Experiments

Task definition. We follow the closed-book
SQuAD knowledge incorporation paradigm of
SEAL (Zweiger et al., 2025). For each SQuAD
context (document) d, the model first performs
test-time weight updates on d (knowledge incor-
poration), and is then evaluated on its associated
question set {q} without providing the context in
the prompt. We report the mean answer correctness
rate judged by GPT-4.1 as the evaluation metric.

E.1 PaST Training Pipeline on Closed-Book
SQuAD

Data used for skill distillation. To distill a
domain-specific procedural skill for parametric
knowledge retrieval, we construct a source corpus
Dsrc consisting of K = 2 rounds of SQuAD con-
texts, each with N = 50 documents, matching
the data budget used in SEAL. We denote the k-
th round documents as Dsrc

k . All rounds use the
same base model θbase (Qwen2.5-7B) as the SFT
initialization.

Two-round iterative refinement (PaST-50× 2).
Algorithm 1 summarizes the pipeline. Each round
performs: (i) knowledge injection via SFT on the
documents, then (ii) skill acquisition via GRPO
on the corresponding closed-book QA pairs. Cru-
cially, the RL-induced parameter residual (skill
vector) from the previous round is injected into the
next round after SFT and before RL, encouraging
the learned skill to be content-invariant rather than
overfitting to a single batch.

Notation (SQuAD)

• θbase: base model parameters.

• Dsrc
k : source documents in round k (each docu-

ment is a SQuAD context).

• Q(D): the closed-book QA pairs attached to
documents in D.

• θsft
k : SFT model trained on Dsrc

k (always initial-
ized from θbase).

• vk: skill vector after round k (parameter resid-
ual capturing RL-induced procedural skill).

E.2 SFT Hyperparameters (Following SEAL)

Synthetic data generation and packing. We
generate implications for each passage and train
on passage + implications. In the single-passage
regime, we split the generated implication text by
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Algorithm 1 PaST iterative skill distillation on
SQuAD (PaST-50× 2).

1. Initialize skill vector v0 ← 0.

2. For each round k = 1, . . . ,K (here K = 2):

(a) (Knowledge injection / SFT) Train θsft
k ←

SFT(θbase,Dsrc
k ).

(b) (Skill carryover) Initialize RL policy θinit
k ←

θsft
k + vk−1.

(c) (Skill acquisition / RL) Train
θrl
k ← GRPO(θinit

k ,Q(Dsrc
k )), where re-

wards are computed by GPT-4.1 judging answer
correctness (Appendix E.4).

(d) (Skill extraction) Update vk ← θrl
k − θsft

k .

3. Output final skill vector v⋆ ← vK .

newlines into multiple training sequences; in the
multi-passage regime, we keep the full generation
as one training document. We sample K = 5 syn-
thetic generations per passage when forming the
CPT training corpus.

Hyperparameters. We do not perform hyper-
parameter tuning on SQuAD. For all SFT-based
knowledge incorporation regimes, we directly
adopt the best-performing hyperparameter config-
urations reported in SEAL. Table 12 summarizes
the settings used in our implementation.

Compute and hardware. All experiments are
run on NVIDIA A100 80GB GPUs. For single-
passage knowledge incorporation with LoRA, we
use two A100 80GB GPUs: one GPU hosts a
vLLM inference server for fast generation, while
the other GPU performs the inner-loop LoRA up-
dates. For CPT settings (n=200/2067), we run
full fine-tuning on a single A100 80GB GPU.

E.3 GRPO (RL) Hyperparameters (Our
Implementation)

We implement GRPO training using verl with a
custom reward function that queries an LLM judge
to score answer correctness. The effective hyperpa-
rameters are listed in Table 13

E.4 Prompt Templates

E.4.1 Implication generation prompt (for SFT
data)

Implications prompt

Let’s read the following passage and produce a
list of implications derived directly or
indirectly from the content.
Passage:
{passage}
Implications:

E.4.2 Closed-book QA prompt (actor rollout /
evaluation)

Closed-book QA prompt

Let’s answer a question directly and concisely.
Question: {question}
Answer:

E.4.3 LLM-judge reward prompt (binary
correctness)

Judge prompt (returns yes/no)

You are a grading assistant. Your job is to
determine whether a student’s answer correctly
answers the question based solely on the
provided gold answer. Do not use any outside
knowledge. The student answer can include
additional information, but it must at least
fully convey the gold answer and must not
contradict it. Ignore style, phrasing, or
extra details that do not affect correctness.
Respond ONLY with ‘yes’ or ‘no’.
Question: {question}
Gold answer: {gold}
Student answer: {pred}
Is the student answer correct based solely
on the gold answer? Respond ‘yes’ or ‘no’.

F Implementation Details for LooGLE
Experiments

In this section, we provide comprehensive im-
plementation details for our experiments on the
LooGLE benchmark, including data selection, syn-
thetic data generation pipelines, training hyperpa-
rameters, and prompt templates.

F.1 Data Selection and Preprocessing

Dataset Source. We utilize the Short Depen-
dency QA subset of the LooGLE benchmark (Li
et al., 2024), which consists of long-context doc-
uments with an average length exceeding 21k to-
kens.

Data Splitting. To rigorously evaluate general-
ization, we implement a strict split:
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Table 12: Adopted SFT hyperparameters on SQuAD. We do not tune hyperparameters; instead, we directly reuse
the best-performing configurations reported in SEAL for each regime.

Hyperparameter Single Passage (n=1, LoRA update) CPT (n=200/2067, Full FT)

Base model Qwen2.5-7B
Training data passage + synthetic implications (same construction as SEAL)
Max sequence length 2048 2048

Update type LoRA (test-time update) Full fine-tuning
LoRA rank r 32 –
LoRA alpha α 64 –
LoRA dropout 0 –
LoRA target modules as in SEAL implementation –

Training epochs 10 1
Learning rate 1× 10−3 7× 10−5

Per-device batch size 1 4
Gradient accumulation 1 2

Table 13: GRPO hyperparameters used in our training script.

Category Value

Algorithm GRPO (algorithm.adv_estimator=grpo)
Epochs 15
Train batch size 32 (data.train_batch_size)
Actor LR 1× 10−6 (actor.optim.lr)
Max prompt length 512 (data.max_prompt_length)
Max response length 1024 (data.max_response_length)
Rollout backend vLLM (actor_rollout_ref.rollout.name=vllm)
#rollouts per prompt (n) 5 (actor_rollout_ref.rollout.n)
Sampling temperature = 0.7, top-p = 0.9, top-k = 50
Max new tokens 512 (actor_rollout_ref.rollout.max_new_tokens)
KL regularization enabled (use_kl_loss), coef = 0.001, type low_var_kl
PPO mini/micro batch mini = 64, micro per GPU = 8
Precision rollout dtype float16

• Source Domain (Training): We select the
last 10 documents (indices 100-104 for
Round 1, indices 95-99 for Round 2) from
the dataset. These documents are used solely
for constructing the Skill Vector and are never
seen during evaluation.

• Target Domain (Evaluation): We reserve the
first 50 documents (indices 0-49) exclusively
for testing.

F.2 Synthetic Data Generation Pipeline
We employ a two-stage data generation strategy to
create high-quality training signals for both SFT
and RL. The training data for both stages is gen-
erated by the base model Qwen2.5-7B-Instruct
itself.

Stage 1: Multi-Task SFT Data Generation. To
ensure the model deeply encodes the document
content, we generate a diverse mixture of train-
ing tasks beyond simple text modeling. The SFT
dataset DSFT consists of three components mixed
with specific ratios:

• Summarization (Ratio 50%): The model
is tasked with compressing text chunks into
concise summaries.

• Recall/Expansion (Ratio 50%): The model
is tasked with reconstructing detailed text
from summaries (inverse of summarization).

This data is generated using a sliding window ap-
proach with chunk sizes of {1024, 2048, 4096} to-
kens and an overlap of 256 tokens. We generate 16
data points for each chunk. The generation temper-
ature is set to 1.0.

Stage 2: QA Generation for RL. For the RL
stage, we generate synthetic Question-Answer
pairs.

• Granularity: We process the text in smaller
chunks of {128, 256, 512} tokens with an
overlap of 16 tokens to capture fine-grained
details.

• Density: We generate 8 pairs per chunk.
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• Prompt Diversity: We employ a set of 6 dis-
tinct "Proposer" prompts (detailed in Sec. F.3)
to ensure questions cover various aspects: fac-
tual details, reasoning (why/how), definitions,
comparisons, lists, and significance.

F.3 Prompt Templates

To ensure the reproducibility of our synthetic data
generation pipeline, we provide the exact content
of the prompt templates used.

QA Generation Prompts. We utilize 6 distinct
variations of prompts to generate diverse Question-
Answer pairs. All variations share a common tem-
plate to enforce strict formatting (XML tags) and
specificity requirements. The full content of the in-
struction template and the 6 variations are detailed
in Table 14 and 15.

Multi-Task SFT Prompts. For the summariza-
tion and expansion tasks in Stage 1 SFT, we ran-
domly sample from a set of templates to prevent
overfitting to a specific instruction format. The tem-
plates for Summarization and Recall/Expansion are
listed in Table 16.

F.4 Training Hyperparameters

We perform the training using 8 NVIDIA A100
GPUs. The Source Domain training (Stage 1 in our
method) is further divided into two sub-phases to
ensure stability:

1. SFT Phase 1 (Knowledge Encoding): High
learning rate training on the mixed dataset
(Summarization, Recall, Verbatim) to enforce
document memorization.

2. SFT Phase 2 (QA Adaptation): Lower learn-
ing rate training specifically on the synthetic
QA pairs to bridge the gap to the RL format.

3. RL Phase (Skill Sharpening): GRPO train-
ing to refine the retrieval logic.

Checkpoint Selection Strategy. To avoid over-
fitting to the source documents, we employ an inde-
pendent validation set consisting of LooGLE docu-
ments with indices 90-94. We evaluate checkpoints
every 40 steps. Based on the validation accuracy,
we selected the checkpoint at Step 120 for Round
1 and Step 160 for Round 2 as the final models for
skill extraction.

Table 17 details the specific hyperparameters
used in each phase.

F.5 Evaluation
Given the open-ended nature of the generated an-
swers in the LooGLE benchmark, standard metrics
like Exact Match or ROUGE are often insufficient
to capture semantic correctness. Therefore, we em-
ploy a Model-Based Evaluation paradigm using
GPT-4.1 as an impartial judge to determine if the
predicted answer matches the ground truth.

Judge Prompts. To ensure the evaluation is
strictly binary and easy to parse, we enforce a strict
output format. The exact prompts used for the
judge model are provided below:

Evaluation Prompt

You are a precise evaluator. Your task is to
deter-mine if the 'Predicted Answer' is
semantically the same as the 'Ground Truth' for
the given 'Question'. Your entire response MUST
be only the single word 'True' or the single
word 'False'. Do not provide any explanation or
punctuation.
Question: \{question\}
Ground Truth: \{reference\}
Predicted Answer: \{pred\}

Robustness via Multi-Pass Sampling. To ac-
count for generation stochasticity and ensure the
robustness of our reported metrics, we perform 3
independent generation runs with a temperature
of T = 1.0 for every question in the test set.This
protocol ensures that our results reflect the model’s
consistent capability rather than lucky generations.

G ToolBench Experiments

G.1 Category Filtering and Selection Criteria
To ensure a robust and balanced evaluation of cross-
domain generalization in agentic tool use, we per-
form a multi-stage filtering process on the original
ToolBench and StableToolBench datasets. We ap-
ply the following constraints to select the evalua-
tion categories:

• Data Sufficiency: We exclude categories with
fewer than 3 solvable queries in the Stable-
ToolBench test set to ensure that the evalua-
tion results are statistically meaningful.

• Category Complexity: We select categories
with an API count between 75 and 350. This
range ensures that the domain is sufficiently
complex to require parametric internalizing
(avoiding trivial domains with too few APIs)
while remaining manageable for the environ-
ment simulator.
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Shared Instruction Template (Common to all QA Prompts)

You are an AI assistant tasked with generating a single, high-quality question-answer pair from
a given text.

**Your instructions are critical:**
1. **Generate one Q&A pair** based *only* on the provided text.
2. **Specificity is Key:** The question *must* be self-contained and unambiguous. It must
include specific names or key terms from the text (e.g., "What is ’Project Helios’?" instead of
"What is this project?").
3. **Format:** Your output *must* use XML-style tags: <question>Your question here</question>
<answer>Your answer here</answer>. Do not include any other text before or after the tags.
4. [Specific Task Instruction: Refer to Variations 1-6 below]

**Example of a Good, Specific Q&A:**
[Task-specific Example: Refer to Variations 1-6 below]

**Text Fragment:**
{text_segment}

**Your Output:**

Variation 1: Factual Detail

4. **Task:** Focus on a specific, factual detail: a name, a date, a key term, or a specific
component.

**Example of a Good, Specific Q&A:**
<question>
What consensus mechanism does the ’Helios’ architecture pioneer?
</question>
<answer>
It pioneers a decentralized consensus mechanism called ’Proof-of-History’ (PoH).
</answer>

Variation 2: Reasoning (Why/How)

4. **Task:** Focus on the *reason* (Why) or the *method* (How) behind a concept or event
described in the text.

**Example of a Good, Specific Q&A:**
<question>
Why does the ’Proof-of-History’ (PoH) mechanism successfully reduce latency?
</question>
<answer>
Because it creates a verifiable, sequential record of time, which avoids the need for solving
complex computational puzzles like in ’Proof-of-Work’.
</answer>

Table 14: QA Generation Prompts (Part 1). The shared system instruction and the first two task variations used to
generate synthetic QA pairs for LooGLE.

Based on these criteria, 21 categories were re-
tained. We designate Movies as the Source Do-
main for skill acquisition because its API count
(111) represents the median complexity of the fil-
tered set, and it contains a relatively high number
of test queries (35), allowing for stable monitoring
of the RL training progress. The remaining 20 cat-

egories serve as the Target Domains for zero-shot
generalization testing.

Statistics of Evaluated Categories Table 18
summarizes the statistics for the selected domains.
The "APIs" column denotes the number of unique
API schemas the model must internalize, and the
"Test Queries" column denotes the number of solv-
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able scenarios used for final evaluation.

G.2 Implementation Details for SFT

Our SFT process is divided into two stages: Knowl-
edge Internalization (Stage 1) and Format Align-
ment (Stage 2). All experiments are conducted
using the verl framework with FSDP2 strategy on
8×A100 (80GB) GPUs.

G.2.1 Data Generation for Stage 1
To internalize the parametric knowledge of tools,
we use the base model Qwen2.5-7B-Instruct to
transform raw JSON schemas into diverse natural
language (NL) descriptions and QA pairs.

Teacher Prompts. We use three distinct tem-
plates to generate descriptions from JSON schemas
to ensure linguistic diversity.

Teacher Generation Prompts

Transform the following API JSON into a coherent,
natural language paragraph describing how to use it.
CRITICAL: You MUST explicitly mention the API name
(“{API_NAME}”) and its purpose at the beginning.

You are a technical documentation expert. Convert the
provided API JSON definition into a comprehensive
technical reference. Rules: 1. Identity: Explicitly state
the API Name. 2. Purpose: Explain functionality. 3.
Inputs: Detail parameters.

Convert the provided API definition into a structured nat-
ural language summary. Format: 1. Tool Identifier: The
exact API name string. 2. Intent: User goal. 3. Action:
Parameters.

Training Pair Construction. Based on the gen-
erated descriptions, we construct four types of train-
ing pairs to build a robust mapping between API
names, intents, and schemas:

• Type A (Name → Usage): Queries like "How
do I use the {name} API?" mapped to NL
descriptions.

• Type B (Intent → Usage): Queries like "Iden-
tify the API defined by: {description} and
explain its parameters."

• Type C (Intent → Raw JSON): Requesting
the underlying JSON schema based on a de-
scription.

• Type D (Name → Raw JSON): Directly map-
ping the API name to its original JSON defi-
nition.

G.2.2 Training Configurations and
Hyperparameters

We utilize different optimization strategies for the
two stages. Stage 1 focuses on broad knowledge
acquisition with a larger batch size and higher learn-
ing rate, while Stage 2 performs fine-grained for-
mat alignment. The detailed configurations are
shown in Table 19.

G.3 Details of Reinforcement Learning for
Tool Use

We implement the reinforcement learning phase
based on the Search-R1 (Jin et al., 2025) frame-
work, extending it to support multi-turn agentic
tool-use trajectories and environment interactions.

Agent Prompting. The model is prompted to
rely on its internalized knowledge acquired during
the SFT phase. The system prompt specifies the
ReAct format (Thought, Action, Action Input)
and lists only the names of available APIs. The
exact prompt template is provided in Table 20.

Environment Simulator. Since real-world API
execution can be unstable or costly during RL, we
employ gpt-4o-mini as an API Simulator. The
simulator is provided with the full API documenta-
tion and examples (from the original ToolBench)
and is tasked to validate the agent’s generated
Action Input against the ground-truth schema.
It returns either a realistic JSON response or a spe-
cific error message (e.g., missing required parame-
ters, type mismatch). The simulator’s instructions
are detailed in Table 21.

G.3.1 Reward Design

The reward signal R for a trajectory is composed
of three components, designed to encourage for-
mat adherence, successful tool invocation, and task
resolution.

Format and Execution Reward. For each in-
termediate turn j, we assign a step-wise reward
Rstep,j based on the validity of the generated action
and its execution outcome. Specifically: (i) a posi-
tive reward of +0.1 is granted if the action follows
the correct ReAct format and the API call is suc-
cessfully executed by the simulator; (ii) a penalty
of −0.1 is applied if the format is correct but the
API call fails (e.g., due to missing required param-
eters or type mismatches); (iii) a heavier penalty
of −0.2 is imposed if the model fails to follow the
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output format or invokes a hallucinated API name
not present in the available toolset.

Termination Reward. To prevent infinite loops
and encourage concise solutions, we apply a maxi-
mum of 5 turns and apply a reward at the final turn
where the model calls the Finish tool:

• Active Finish: If the model successfully calls
Finish, it receives +0.2.

• Forced Termination: If the model reaches
the maximum turn limit without calling
Finish, it receives −0.5.

Solution Reward. The final Pass Reward is de-
termined by a GPT-4.1 judge, which evaluates the
entire trajectory. The judge assigns one of three
statuses based on the rules in Table 22: Solved
(+1.0), Partially Solved (+0.5), or Unsolved
(0.0).

G.4 Hyperparameters for Reinforcement
Learning

The reinforcement learning phase is conducted us-
ing the PaST framework on 4×A100 GPUs. Ta-
ble 23 summarizes the detailed hyperparameter set-
tings used for the ToolBench experiments.

H Declaration of AI Usage

Generative AI tools were used for grammar refine-
ment and language polishing to enhance the read-
ability of the manuscript. AI assistance was also
employed during the coding and implementation
phases of the project. All AI-assisted outputs were
reviewed by the authors to ensure the technical
quality and accuracy of the final paper.
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Variation 3: Definitions

4. **Task:** Generate a "What is..." or "What does... stand for?" question about a key concept.

**Example of a Good, Specific Q&A:**
<question>
What is ’Proof-of-History’ (PoH) as described in the context of the ’Helios’ architecture?
</question>
<answer>
It is a decentralized consensus mechanism that creates a verifiable, sequential record of time.
</answer>

Variation 4: Comparisons

4. **Task:** Focus on the *difference* or *similarity* between two specific concepts, methods,
or entities in the text.

**Example of a Good, Specific Q&A:**
<question>
What is the key difference between the ’Proof-of-History’ (PoH) mechanism and ’Proof-of-Work’
(PoW)?
</question>
<answer>
’Proof-of-History’ (PoH) creates a verifiable, sequential record of time, whereas
’Proof-of-Work’ (PoW) relies on solving complex computational puzzles.
</answer>

Variation 5: Lists/Processes

4. **Task:** Generate a question that asks to list steps, components, or stages of a specific
system or method.

**Example of a Good, Specific Q&A:**
<question>
What are the three main stages of the ’Project Nova’ deployment pipeline?
</question>
<answer>
The three main stages are ’Build’, ’Test’, and ’Verify’.
</answer>

Variation 6: Significance/Impact

4. **Task:** Generate a "What is the significance of..." or "What is the main advantage of..."
question.

**Example of a Good, Specific Q&A:**
<question>
What is the main advantage of the ’Helios’ architecture’s ’Proof-of-History’ mechanism?
</question>
<answer>
Its main advantage is a drastic reduction in latency.
</answer>

Table 15: QA Generation Prompts (Part 2). Additional task variations (3-6) used to ensure diversity in the
synthetic LooGLE training data.
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Summarization Templates

Create a concise and objective summary of the text below. Focus on the main ideas and most
important information, presenting them clearly in your own words.\n\nText to
summarize:\n{text_segment}\n\nNow generate your summary:

Distill the following text to its absolute essence. Provide a one-paragraph summary that
captures the core argument and key takeaways. Avoid any fluff or secondary details.\n\nOriginal
Text:\n{text_segment}\n\nYour distilled summary:

Break down the following text for someone completely unfamiliar with the topic. Your summary
should be simple, clear, and use easy-to-understand language, as if you were explaining it to a
5th grader. Focus on the main concepts without getting lost in technical
jargon.\n\nText:\n{text_segment}\n\nYour simple explanation:

Provide a summary of the following passage. Your summary should not only capture the key
information but also reflect the original author’s tone and style (e.g., formal, persuasive,
humorous, critical). \n\nOriginal Passage:\n{text_segment}\n\nYour summary, in the original tone:

Provide a strictly neutral and objective summary of the provided text. Your goal is to recount
the main points and arguments without injecting any personal opinion, interpretation, or
evaluative language. Simply state what the text says.\n\nText:\n{text_segment}\n\nNeutral
Summary:

Recall/Expansion Templates

Below is a summary of a larger text. Your task is to expand on this summary, creating a detailed
and comprehensive paragraph that could have been the original source. Flesh out the main points
with explanations, smooth transitions, and supporting details.\n\nSummary:\n{summary}\n\nNow
generate the detailed original text:

You are given a concise summary below. Your objective is to generate a more detailed and
fully-formed text based on it. Elaborate on the ideas presented in the summary, ensuring the
resulting text is coherent, well-structured, and reads
naturally.\n\nSummary:\n{summary}\n\nGenerated Text:

The following summary is a high-level overview of a piece of information. Your task is to
reconstruct a plausible original text by filling in the necessary details, examples, and
explanations that might have been removed during
summarization.\n\nSummary:\n{summary}\n\nReconstructed Text with Details:

Consider the summary below as a set of conclusions or key statements. Your goal is to write a
text that logically leads to these points. Build a coherent argument or explanation that
culminates in the information provided in the summary.\n\nKey Points /
Summary:\n{summary}\n\nText with Logical Development:

Take the core ideas presented in the summary below and weave them into a single, seamless
paragraph. Focus on creating smooth transitions between the points so they flow together as a
unified piece of writing, rather than a list of facts.\n\nCore Ideas:\n{summary}\n\nCoherent
Paragraph:

Table 16: Multi-Task SFT Prompts. Templates used for the Summarization and Recall tasks in Stage 1 training to
enhance knowledge encoding.
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Table 17: Detailed Hyperparameters for LooGLE Experiments. We employ a multi-stage curriculum: SFT
Phase 1 enforces deep encoding of the 21k-token documents via mixed tasks; SFT Phase 2 adapts the model to the
QA format; and the RL stage (GRPO) refines the retrieval logic using a closed-book setting (short prompt, long
generation).

Hyperparameter SFT Phase 1 SFT Phase 2 RL (GRPO)
(Knowledge Encoding) (QA Adaptation) (Skill Sharpening)

General Configuration
Base Model Qwen2.5-7B-Instruct
Precision bf16 bf16 bf16
Gradient Checkpointing True True True
Number of GPUs 8 8 8

Optimization
Optimizer AdamW AdamW AdamW
Learning Rate 1e-4 2e-5 1e-6
LR Scheduler Cosine Cosine Constant
Global Batch Size 16 64 128
Micro Batch Size (per GPU) 2 2 8
Total Epochs 3 2 10 (Selected Best Step)

Data & Context
Max Sequence Length 8192 8192 -
Max Prompt Length - - 128 (Closed-Book)
Max Response Length - - 1024
Data Source Mixed (Sum/Recall) Synthetic QA Synthetic QA

RL Specifics (GRPO)
Group Size (G) - - 5
KL Coefficient (β) - - 0.001
KL Reference Model - - SFT Phase 2 Checkpoint
Reward Function - - GPT-4.1 Judge

Table 18: Statistics of the 21 selected categories from ToolBench. The Source Domain is used for RL training,
while Target Domains are used for zero-shot evaluation.

Category Domain Role # APIs # Test Queries

Movies Source 111 35

Advertising Target 118 3
AI & ML Target 108 4
Business Software Target 199 5
Communication Target 250 8
Database Target 260 7
Education Target 214 9
Email Target 143 5
Financial Target 224 11
Food Target 208 9
Health and Fitness Target 90 7
Location Target 328 11
Mapping Target 113 7
Media Target 159 12
SMS Target 75 3
Science Target 99 4
Search Target 103 13
Text Analysis Target 98 4
Video Images Target 207 44
Weather Target 199 8
eCommerce Target 342 15
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Table 19: Hyperparameters for the two stages of SFT in ToolBench.

Hyperparameter Stage 1: Internalization Stage 2: Alignment

Base Model Qwen2.5-7B-Instruct
Max Sequence Length 8192 8192
Optimizer AdamW
Precision BF16
Learning Rate 5× 10−5 2× 10−5

Total Batch Size 64 32
Micro Batch Size (per GPU) 2 2
Total Epochs 3 3
Parallel Strategy FSDP2 (verl)
Liger Kernel Enabled

Table 20: The system prompt for the agent in ToolBench Experiments.

Agent System Prompt

You are an intelligent agent designed to handle real-time user queries using a variety of tools.

First, you will receive a task description. Then, you will enter a loop of reasoning and acting
to complete the task.

At each step, follow this process:
1. **Thought**: Analyze the current status and determine the next logical step.
2. **Action**: Select the appropriate tool to execute that step and output the function name
directly.
3. **Action Input**: Provide the arguments for the tool as a STRICT valid JSON object.

Output Format:
Thought: <your reasoning>
Action: <function_name>
Action Input: <function_arguments_as_a_valid_JSON_object>

After the action is executed, you will receive the result (’Observation: <observation>’). Based
on the new state, continue the loop until the task is complete.

Constraints & Rules:
1. **Action Field**: The "Action" output must be the EXACT name of the function. Do NOT include
parentheses ‘()‘, words like "call" or "use", or any punctuation.
2. **Finishing**: You MUST call the "Finish" function to submit your final answer.

Available Tools:
1. **General Tools**: You have been trained on a specific set of APIs: {api_names}. You must
rely on your **internal knowledge** to recall the correct parameter schemas for these tools.
2. **Termination Tool**: You MUST use the following tool to finish the task. Its definition is
provided below:
{"name": "Finish", "description": "If you believe that you have obtained a result that can
answer the task, please call this function to provide the final answer. Remember: you must
ALWAYS call this function at the end of your attempt, and the only part that will be shown to
the user is the final answer, so it should contain sufficient information.", "parameters": {
"properties": {"final_answer": {"type": "string", "description": "The final answer you want to
give the user."}}}, "required": ["final_answer"], "optional": []}

11995



Table 21: The simulator’s instructions in ToolBench Experiments.

API Simulator Instructions

You are an advanced API Simulator and Validator. Your role is to act as a real API server,
strictly adhering to the provided documentation to process requests.

### 1. Input Structure Explanation
The user will provide input in the following specific format:
API Documentation:
Contains the API’s URL, method, description, and parameter definitions (required/optional).
API Examples:
Contains reference calls (Note: This section is truncated to 2048 chars and may be incomplete;
use it for style reference but rely on Documentation for logic).
API Input:
The specific arguments/payload you need to process.

### 2. Processing Logic
1. **Analyze:** Read the ‘API Documentation‘ to understand the schema and constraints (types,
required fields).
2. **Validate:** Check the ‘API Input‘ against the ‘API Documentation‘.
- Are all ‘required_parameters‘ present?
- Do the data types match (e.g., string vs int)?
3. **Execute:**
- **If Valid:** Generate a realistic, rich JSON response.
- **If Invalid:** Generate a JSON response where ‘error‘ describes the specific validation
failure.

### 3. Output Format
You must output ONLY a valid JSON object. No Markdown code blocks. No conversational text.

**JSON Schema:**
{

"error": "String describing the error (if any), otherwise empty string",
"response": <The_Simulated_Response_Object_or_Null>

}

### 4. Behavior Rules
- **Length Constraints:** - Keep the response **concise and lightweight**. Keep the entire JSON
output shorter than 300 words. Do not generate excessively large payloads. If the API returns a
list or array, **limit it to maximum 1-2 items**.
- **Source of Truth:** Do not blindly copy "API Examples" if they contradict the "API Input".
The "API Input" is your priority.
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Table 22: The evaluation prompt in ToolBench experiments.

GPT-4.1 Judge Prompt

Giving the query and the corresponding execution trajectory (including thoughts, tool calls, and
observations), evaluate the ‘answer_status‘ based on these rules:

1. **Solved**: The tool calls were successful. The final answer is strictly grounded in the real
"Observation" data and fully addresses the query.
2. **Partially Solved**: The model used real "Observation" data, but the task is only halfway
finished or the final answer missed some details from the observations.
3. **Unsolved**:

- The model fabricated information not found in the Observations.
- The tool calls failed, and the model failed to solve the query or made up a result.
- The answer is incorrect or irrelevant.

Output a JSON object with the following fields:
- "reason": A very brief explanation (less than 20 words).
- "answer_status": One of ["Solved", "Partially Solved", "Unsolved"].

<Target_Query>
{query}
</Target_Query>

<Model_Execution_Trajectory>
{trajectory}
</Model_Execution_Trajectory>

Table 23: Detailed hyperparameters for PPO training in ToolBench experiments.

Category Hyperparameter Value

Data & Environment

Max Prompt Length 8192
Max Response Length 1024
Max Simulation Turns 5

Optimization

Actor Learning Rate 1× 10−6

Critic Learning Rate 1× 10−5

Actor LR Warmup Ratio 0.285
Critic LR Warmup Ratio 0.015
LR Scheduler Constant
Optimizer AdamW

PPO Algorithm

Advantage Estimator GAE
PPO Epochs per Batch 1
Mini-batch Size 64
Clip Range (ϵ) 0.2
KL Penalty Coefficient (β) 0.001
Entropy Coefficient 0.001

Training Schedule Total Training Steps 180
Compute Precision BF16
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