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Abstract

Reinforcement learning (RL) is central to post-
training, particularly for agentic models that
require specialized reasoning behaviors. In
this setting, model merging offers a practical
mechanism for integrating multiple RL-trained
agents from different tasks into a single gener-
alist model. However, existing merging meth-
ods are designed for supervised fine-tuning
(SFT), and they are suboptimal to preserve
task-specific capabilities on RL-trained agentic
models. The root is a task-vector mismatch
between RL and SFT: on-policy RL induces
task vectors that are highly sparse and hetero-
geneous, whereas SFT-style merging implic-
itly assumes dense and globally comparable
task vectors. When standard global averag-
ing is applied under this mismatch, RL’s non-
overlapping task vectors that encode critical
task-specific behaviors are reduced and param-
eter updates are diluted. To address this is-
sue, we propose Reinforced Agent Merging
(RAM), a distribution-aware merging method
explicitly designed for RL-trained agentic mod-
els. RAM disentangles shared and task-specific
unique parameter updates, averaging shared
components while selectively preserving and
rescaling unique ones to counteract parameter
update dilution. Experiments across multiple
agent domains and model architectures demon-
strate that RAM not only surpasses merging
baselines, but also unlocks synergistic potential
among agents to achieve performance superior
to that of specialized agents in their domains.

1 Introduction

Post-training has become a cornerstone for align-
ing large language models (LLMs) to diverse do-
mains (Jaech et al., 2024; Liu et al., 2025; Jia et al.,
2025; Tan et al., 2024; Ouyang et al., 2025; Diao
et al., 2025). While specializing a model for a
single task is effective, real-world applications typ-
ically require a single model to possess multi-task
capabilities. Traditionally, these capabilities are
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Figure 1: Performance comparison of RAM/RAM+ and
baselines on 12 tasks across 3 agent domains. Our
method achieves the best average performance and se-
cures SOTA results on 9 out of 12 tasks, surpassing even
the original specialized agents (Coding, Memory, Tool).

obtained by mixing offline datasets and performing
joint training. However, training such a general-
ist model from scratch is computationally expen-
sive, and maintaining separate checkpoints for each
task (Chen et al., 2024; Jin et al., 2025c) is storage-
inefficient. Consequently, model merging, which
combines multiple task-specific models fine-tuned
from the same base model into a unified model, has
emerged as a widely adopted solution (Ilharco et al.,
2023; Liu et al., 2024; Matena and Raffel, 2022;
Yu et al., 2024). It offers multiple advantages, in-
cluding data privacy preservation, the elimination
of additional training costs, and minimal sacrificed
performance.

Recently, post-training has shifted from super-
vised fine-tuning (SFT) to reinforcement learning
(RL) (Kimi et al., 2025; Guo et al., 2025; Zhang
et al., 2025; Jia et al., 2025), particularly for agen-
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tic models with strong reasoning capabilities. This
shift fundamentally changes the role of model
merging. In the SFT scenarios, multi-task capa-
bilities can still be easily obtained by performing
joint training. In contrast, joint multi-task training
under on-policy RL is impractical in real-world
applications, as it requires parallel task-specific en-
vironments and reward models to ensure on-policy
training. Consequently, model merging becomes a
convenient solution in the RL setting. A represen-
tative example from large-scale industrial agents is
UI-TARS2 (Wang et al., 2025a), which trains spe-
cialized vertical agents in isolated environments via
RL, and subsequently merges them into a unified
generalist agent. This paradigm reflects a practical
compromise: specialization through RL, followed
by post-hoc integration through model merging.

However, directly applying existing model merg-
ing methods to RL-trained agents like UI-TARS2
leads to performance degradation. Most prior ap-
proaches, including Task Arithmetic (Ilharco et al.,
2023), TIES-Merging (Yadav et al., 2023), and
DARE (Yu et al., 2024), are developed under the
assumption of SFT parameter updates (task vectors)
and are therefore mismatched to the RL setting. Un-
like SFT, which typically induces dense and redun-
dant parameter updates (Chu et al., 2025; Shenfeld
et al., 2025), on-policy RL produces highly sparse
and often disjoint task vector distributions, shaped
by task-specific reward signals and RL objectives
that target narrow behaviors. When such sparse
updates are globally averaged during merging, task-
specific unique parameter updates are divided by
the number of models, resulting in signal dilution,
which degrades task-specific behavior knowledge.

To address this mismatch, we propose
Reinforced Agent Merging (RAM), a distribution-
aware merging method designed specifically for
RL-trained agents. RAM explicitly disentangles
shared and task-specific unique regions of task
vectors obtained via RL processes, averaging
shared regions to preserve common capabilities
while selectively preserving and rescaling unique
regions to prevent signal dilution. By maintaining
RL task vectors during merging, RAM enables
specialized behavior knowledge from each model
to coexist within the merged unified model. Our
contributions for reinforced agent merging are:

• We identify the mismatch between merg-
ing RL-trained agentic models and the exist-
ing merging method for SFT-trained models,

which is signal dilution in the heterogeneous
and sparse parameter updates.

• We propose a distribution-aware merging
method that treats shared and task-unique pa-
rameter updates differently, averaging the for-
mer while preserving and rescaling the latter
with distribution, avoiding signal dilution and
compensating for performance degradation.

• Extensive experiments demonstrate that RAM
not only outperforms existing merging meth-
ods across diverse architectures and domains
but also unlocks synergistic potential among
agents. The unified RAM model achieves per-
formance superior to that of individual spe-
cialized agents on their domain tasks.

2 Related Works

Post-training Agents with RL RL has recently
emerged as a pivotal paradigm for enhancing the
reasoning capabilities of Large Language Mod-
els (LLMs) (Jaech et al., 2024; Kimi et al., 2025;
Jin et al., 2025d; Diao et al., 2026; Qing et al.,
2026b). Several general-purpose algorithms, such
as PPO (Schulman et al., 2017), GRPO (Guo et al.,
2025), DAPO (Yu et al., 2025b), and FIPO (Ma
et al., 2026), support this direction. Beyond general
reasoning, RL is extensively applied to specialize
agents for diverse domains. In coding, methods like
CURE (Wang et al., 2025b), SWE-RL (Wei et al.,
2025b), and GLM-4.5 (Zeng et al., 2025) have
demonstrated significant success. For memory ex-
tension, various approaches (Xia et al., 2026; Shi
et al., 2025b,a, 2024; Qing et al., 2026a; Ye et al.,
2025b; Xu et al., 2026) optimize long-context han-
dling or extend memory with efficiency. Further-
more, RL has been instrumental in developing tool-
integrated reasoning agents, such as AutoTIR (Wei
et al., 2025a) and ToolRL (Qian et al., 2025), as
well as search-augmented agents (Jin et al., 2025b;
Team et al., 2025; Sun et al., 2025) and computer-
use agents (Wang et al., 2025a; Ye et al., 2025a).

Model Merging for LLMs Model merging has
demonstrated superiority in multi-task learning by
synthesizing different task-specific models into a
single entity without additional training (Ilharco
et al., 2023; Jin et al., 2025a; Matena and Raffel,
2022). Techniques such as Task Arithmetic (Ilharco
et al., 2023), TIES-Merging (Yadav et al., 2023),
and DARE (Yu et al., 2024) have been successfully
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Figure 2: Left: Density (1-Sparsity) of task vectors
varies between agent models. Right: Non-zero elements
distributions of task vector varies on the number of
overlaps with other task vectors.

validated for merging SFT models across multi-
ple tasks. Beyond multi-task integration, merg-
ing has also been employed to mitigate model col-
lapse (Yuan et al., 2025b) and enhance reasoning
efficiency (Wu et al., 2025; Fu et al., 2024). While
recent works like UI-TARS2 (Wang et al., 2025a)
attempt to merge RL-trained agentic models, they
rely on simple weight interpolation, which remains
suboptimal for this regime. Distinguished from
prior studies, our work is the first to systematically
characterize the unique behaviors of task vectors
induced by RL and to design a tailored merging
strategy, that aligns their specific heterogeneity.

3 Reinforced Task Vector Behaviors

We characterize the properties of task vectors de-
rived from reinforcement learning and explain how
these properties render existing model merging
methods suboptimal.

3.1 Preliminaries and Settings

Task Vectors Task vector is the set of parameter
updates for a specific task. Let θpre ∈ Rd denote
the parameters of a pre-trained base model. We
consider N different tasks, where each task t ∈
{1, . . . , N} yields a fine-tuned model θt. The task
vector for task t is defined as τ t = θt − θpre. We
specifically examine task vectors induced by RL
fine-tuning, referring to them as Reinforced Task
Vectors. The objective of model merging is to
synthesize a single merged task vector τmerged to
construct a final model θmerged = θpre + τmerged.

Vector Sparsity We define the task vector spar-
sity of a model θt relative to the base model as
sparsity(θt, θpre) := 1 − ∥θt − θpre∥0/d, where
∥ · ∥0 represents the number of non-zero elements
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Figure 3: The performance gain (%) of merging unique
regions of reinforced task vectors across domains.

and d is the total parameter dimension. Following
standard practice1 (Paszke et al., 2019; Mukherjee
et al., 2025), we consider two parameters equal
(implying a zero element in the task vector) if their
absolute difference is ≤ 10−5.

Reinforced Agentic Models To investigate these
properties, we select three representative agen-
tic models trained via RL to specialize in cod-
ing, tool-use, and long-context memory as follows.
CURE (Wang et al., 2025b): A coding agent that
co-evolves with a unit tester to enhance code gen-
eration capabilities. ToolRL (Qian et al., 2025):
A reasoning agent optimized for general-purpose
tool selection and application. MemAgent (Yu
et al., 2025a): An agent optimized for long-context
tasks, with a workflow for extended memory re-
tention. All reinforced agents are initialized from
the same base model, Qwen2.5-7B-Instruct (Yang
et al., 2024). To evaluate their specialized agentic
capabilities and reinforced task vector behaviors,
we employ benchmarks across the coding, tool-use,
and memory domains; detailed evaluation settings
are provided in Section 5.1.

3.2 Heterogeneity in Reinforced Task Vectors

We have the two key observations by analyzing the
distribution of reinforced task vectors in parameter
space: 1) Reinforced task vectors are sparsely dis-
tributed in parameter space, with notable heteroge-
neous sparsity and distributions. 2) Heterogeneity
causes shared and unique regions of reinforced task
vectors. Unique regions are critical for improving
corresponding agentic domain performances, and

1PyTorch uses 10−5 as the default tolerance for gradient
checking (refer to PyTorch Documentation).
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exert little negative interference on other domains’
performances.

Heterogeneity in Sparsity and Distribution Re-
cent work (Mukherjee et al., 2025; Yuan et al.,
2025a) highlights the inherent sparsity of RL up-
dates: unlike SFT, which updates global parame-
ters, RL tends to fine-tune specific sub-networks.
Our analysis confirms this and further unveils het-
erogeneous patterns in both sparsity and spatial
distribution of these updates.

First, the percentage of non-zero elements, or the
sparsity levels of reinforced task vectors vary drasti-
cally. As shown in Figure 2 (left), the coding agent
exhibits extreme sparsity, modifying only 3.2% of
parameters. In contrast, agents optimized for tool
use and long-context memory induce significantly
denser updates, affecting 46.2% and 54.3% of the
parameter space, respectively.

Second, these non-zero elements are distributed
across disparate regions, creating different spatial
overlap patterns. We categorize parameters (task
vector elements) based on whether they are up-
dated by a single agent (unique) or multiple agents
(shared). Figure 2 (right) reveals that the cod-
ing, tool-use, and memory agents concentrate dif-
ferent fractions of their updates in unique, non-
overlapping regions (6.3%, 40.8%, and 47.5% of
their respective non-zero elements). Analysis in
Appendix C.1 confirms that this heterogeneity gen-
eralizes to other reinforced agents with different
model architectures and specialized domains.

The Role of Heterogeneity We further inves-
tigate the impact of these heterogeneous, unique
regions on both in-domain and out-of-domain agen-
tic tasks. In our experiments, we isolate the unique
component of a single task vector, merge it into
the base model, and evaluate performance across
all domains. Results in Figure 3 demonstrate that
unique regions cause almost no negative interfer-
ence on out-of-domain tasks (occasionally yielding
improvements) while driving significant gains on
the corresponding in-domain tasks. When we in-
tentionally dilute the magnitude of these unique
vectors to 1/N(N = 3) of their original value, in-
domain performance drops sharply, verifying the
positive contribution of these unique components.

Signal Dilution Previous heterogeneity analysis
uncovers the root cause of performance degrada-
tion when using previous SOTA merging meth-
ods on RL models. Existing methods typically

employ element-wise averaging or variants (e.g.,
τmerged = 1

N

∑
τ i). While averaging is benefi-

cial for shared regions of task vectors by balancing
multi-task performance, it is detrimental to task-
specific, unique regions in RL scenarios. For a
unique parameter update for task t, averaging with
N − 1 zero-valued updates effectively scales its
magnitude by 1/N . This operation dilutes the
learned signal without providing any balancing ben-
efit, as these regions hardly interfere with out-of-
domain tasks. We term this phenomenon Signal
Dilution. Figure 3 illustrates that this dilution (sim-
ulated with N = 3) causes significant performance
regression. The prevalence of unique task vector
components in RL agents therefore necessitates a
merging strategy capable of disentangling these
regions to prevent signal dilution. We provide a
detailed analysis of signal dilution in each existing
merging strategy in Appendix D.

4 Merging Reinforced Agentic Models

Our analysis in Section 3.2 demonstrates that rein-
forced task vectors are inherently sparse and het-
erogeneous. While task vectors or parameters up-
dated by multiple agents (shared regions) benefit
from averaging to stabilize the consensus direc-
tion, parameters updated by a single agent (unique
regions) suffer from Signal Dilution when stan-
dard averaging is applied. To address this, we
propose Reinforced Agent Merging (RAM) illus-
trated in Figure 4, a method that explicitly disen-
tangles these regions based on distribution statis-
tics of task vectors. RAM applies selective merg-
ing strategies: it averages shared parameters to
absorb unified multi-task capabilities while pre-
serving the full magnitude of unique parameters
to prevent signal dilution. Additionally, we intro-
duce a distribution-aware rescaling mechanism to
further amplify unique task capabilities.

4.1 Probing Vector Distribution
First, we probe the active updated parameters for
each reinforced task vector τ t. Using the threshold
established in Section 3.2 (e.g., ϵ = 10−5), we
compute a binary mask mt ∈ {0, 1}d for task t:

mt,i = I(|τt,i| > ϵ), (1)

where i indexes the parameter dimensions and
I(·) is the indicator function. We then define
the overlap count vector c =

∑N
t=1mt, where

ci ∈ {0, . . . , N} represents the number of agents
that actively update the i-th parameter.
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For any given task t, the set of total updated
parameters is partitioned into two disjoint subsets:
the Shared subset (where ci ≥ 2) and the Unique
subset (where ci = 1). To quantify the structural
distribution of the agent’s updates, we define the
Overlap-Unique Ratio ρt:

ρt =

∑
i:ci≥2mt,i∑
i:ci=1mt,i

. (2)

Here, the numerator represents the count of shared
parameters, and the denominator represents the
count of unique parameters. Since the sum of these
two components constitutes the total updated pa-
rameter volume, a higher ρt indicates that model
learns task t largely within the shared subspace.

4.2 Rescaling Unique Regions
Reinforced task vectors with high Overlap-Unique
Ratios (ρt) are likely to suffer greater degradation
of task capabilities when their substantial shared
regions are averaged with other vectors. Therefore,
we proportionally rescale the unique regions of
such parts of task vectors to compensate for the
performance loss incurred in the shared regions. To
achieve this, we calculate a task-specific scaling
factor λt derived from a functional equivalence
hypothesis as follows.

Let ∆ft denote the functional gain, or task per-
formance gain, induced by the task vector τ t. We
decompose the total gain into shared and unique
components based on the overlap statistics defined
in Section 4.1:

∆ft = Cshared + Cunique, (3)

where the gains are modeled as the task vec-
tor element τt,i weighted by local sensitivity

gi, which indicates the contribution coefficient
mapping the task vector element to performance
gain. The performance gains are therefore repre-
sented as: Cshared =

∑
i:ci≥2 giτt,imt,i, Cunique =∑

i:ci=1 giτt,imt,i. In the merged task vectors, el-
ements in the shared regions are averaged across
vectors, and the corresponding task performances
are degraded. We model this as a contraction of
the effective signal by a coefficient 1− r ∈ (0, 1).
To counteract this, we rescale the magnitudes of
parameters in unique regions and have a new func-
tional gain expression:

∆f̂t = (1− r)Cshared + λtCunique. (4)

We hypothesize that this rescaling operation
achieves the functional equivalence to have the
same performance gain for the task vector τt on
task t: ∆f̂t ≈ ∆ft. Under the simplifying as-
sumption that parameter importance is isotropic
(giτt,i ≈ const on average), the ratio of functional
contributions Cshared/Cunique reduces to the ratio of
parameter counts defined in Eq. 2. Then by solv-
ing functional equivalence as our objective, the
required amplification satisfies:

λt − 1 = r
Cshared

Cunique
≈ r

∑
i:ci≥2mt,i∑
i:ci=1mt,i

= rρt, (5)

which is approximately proportional to the Overlap-
Unique Ratio ρt. This suggests that tasks with
higher overlap require stronger compensation in
their unique parameter subspace to counteract the
degradation induced by averaging. However, di-
rectly instantiating this proportional relationship
may lead to numerical instability when ρt is large.
To balance signal compensation with stability, we
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employ a clipped linear scaling rule:

λt = 1 + r · clip (ρt, 0, α) , (6)

where r controls the overall amplification strength
and α serves as a stable bound. This design pre-
serves the monotonic growth implied by the hy-
pothesis while preventing excessive amplification
in high-overlap scenarios.

4.3 Selective Merging

Finally, we construct the merged task vector
τmerged element-wise. Unlike existing merging
methods, which effectively divide unique param-
eters by N (causing signal dilution), our strategy
differentiates between shared and unique regions.
For each parameter index i, let Ti = {t | mt,i = 1}
denote the set of indices of active tasks for that pa-
rameter. Note that the cardinality |Ti| corresponds
to the overlap count ci defined in Section 4.1. The
merged element τmerged,i is computed as:

τmerged,i =





0 if |Ti| = 0,

λt · τt,i if Ti = {t},
1

|Ti|
∑

t∈Ti τt,i if |Ti| ≥ 2.

(7)

This selective strategy ensures that: 1) Shared
Knowledge (|Ti| ≥ 2) is averaged to balance
multi-task capabilities. 2) Task-Specific Knowledge
(|Ti| = 1) is completely preserved and amplified by
λt to compensate for the contraction of the effective
signal in shared regions, explicitly targeting func-
tional equivalence. 3) No Knowledge (|Ti| = 0) is
set to zero to filter out insignificant parameter fluc-
tuations and ensure that the base model’s general
capabilities remain undisturbed.

5 Experiments

5.1 Experimental Setup

Baselines We categorize our baselines into two
groups: original specialized agent models and es-
tablished model merging techniques. (i) Orig-
inal Agent Models: We utilize Qwen2.5-7B-
Instruct (Yang et al., 2024) as the shared base
model. The task-specific reinforced agents in-
clude: CURE (Wang et al., 2025b) for coding,
ToolRL (Qian et al., 2025) for tool-use, and
MemAgent (Yu et al., 2025a) for long-context
memory. (ii) Merging Methods: We compare
our approach against prominent merging strate-
gies: Task Arithmetic (Ilharco et al., 2023), which

linearly combines task vectors; Fisher Merg-
ing (Matena and Raffel, 2022), which weighs
parameters based on Fisher information; TIES-
Merging (Yadav et al., 2023), which mitigates pa-
rameter interference through trimming and sign
consensus; and DARE (Yu et al., 2024), which
randomly drops and rescales the parameters. Fol-
lowing standard practice, we combine DARE with
Task Arithmetic and TIES for evaluation. We intro-
duce more details about baselines in Appendix D.

Evaluations We evaluate the models across three
critical agentic domains: coding, tool-use, and
long-context memory. For Coding, we measure
generated code pass accuracy (ACC) and unit test
pass accuracy (UT) on the LiveBench (White et al.,
2025) and LiveCodeBench (Jain et al., 2024) bench-
marks. For Tool Use, we utilize the Berkeley Func-
tion Call Leaderboard (BFCL) (Patil et al., 2025),
specifically reporting results on the Live/Non-Live
Parallel (Para) and Parallel Multiple (P_Mul) sub-
sets. For Long-Context Memory, following (Yu
et al., 2025a), we employ the RULER bench-
mark (Hsieh et al., 2024) to assess performance on
long-context tasks, including RULER (Hsieh et al.,
2024) HotpotQA and SQuAD with 7K, 14K, 32K,
and 64K lengths. Additional datasets and detailed
evaluation criteria are provided in Appendix B.

Implementations For hyperparameters, we set
r = 0.1 and α = 2.0. We denote our method
without task-specific rescaling as RAM and with
rescaling as RAM+. RAM is the special case of
RAM+ when r = 0. We provide the details of
pseudocode and agents for merging in Appendix A.

5.2 RAM is a Better Fit for Reinforced Models
Table 1 demonstrates that both RAM and RAM+
consistently outperform all baselines, establishing
a new SOTA. Specifically, RAM achieves an aver-
age score of 64.82 across all tasks, surpassing the
strongest baseline DARE (63.33). Building on this
foundation, RAM+ further pushes the boundary to
66.55 after rescaling unique regions, unlocking syn-
ergistic potential among agents where the merged
generalist exceeds the capabilities of specialized
task agents on most of the evaluations. For in-
stance, in the Coding domain, RAM+ surpasses
the specialist Coding agent on LiveBench and Live-
CodeBench, suggesting that reasoning signals from
other tasks enhance coding precision. This supe-
riority extends to Tool Use, where RAM+ signifi-
cantly outperforms the Tool agent in complex par-
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Coding Tool Using Memory
LiveBench LiveCodeBench Live Non-Live HotpotQA SQuADModel

ACC UT ACC UT Para P_Mul Para P_Mul 7K 14K 32K 64K
Avg

Base and Task Models
Base 28.35 40.87 23.43 36.42 56.25 41.67 68.00 55.00 60.94 50.00 64.84 58.59 48.70
CURE (Coding) 37.70 49.27 30.23 45.76 56.25 37.50 64.00 51.50 58.59 56.25 60.94 44.22 49.35
ToolRL (Tool) 31.84 41.36 26.76 42.05 56.25 58.33 91.00 89.00 58.59 48.44 59.38 46.95 54.16
MemAgent (Memory) 39.25 50.12 28.92 44.80 37.50 50.00 78.50 48.50 78.91 78.12 81.25 77.34 57.77

Merged Models
TA 38.09 51.62 31.95 46.69 43.75 45.83 87.50 69.50 69.53 68.75 73.44 72.66 58.28
Fisher 36.72 48.73 30.87 45.89 43.75 41.67 86.5 63.5 60.06 49.22 58.59 60.94 52.20
TIES 39.25 49.88 30.63 46.32 43.75 54.17 84.00 67.50 71.88 82.03 75.00 75.78 60.02
DARE+TA 37.50 48.60 31.95 46.69 50.00 62.50 92.50 89.50 76.56 76.56 77.34 70.31 63.33
DARE+TIES 35.93 45.66 29.26 39.53 56.25 58.33 91.50 90.00 75.00 77.34 76.56 74.22 62.47

RAM 38.28 49.71 31.96 47.72 56.25 66.67 91.00 91.50 75.78 75.00 74.22 79.69 64.82
RAM+ 40.23 52.57 31.60 46.84 56.25 70.83 90.50 91.00 79.69 78.13 78.91 82.03 66.55

Table 1: Main results of agent merging. We evaluate the capabilities across three domains: Coding (LiveBench,
LiveCodeBench), Tool Use (Live, Non-Live), and Memory (RULER-HotpotQA, RULER-SQuAD). Bold and
underlined values denote the best and second-best performance among merged models, respectively. Cells high-
lighted in red indicate the best performance across all evaluated models, including the specialized Task Models.
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Figure 5: The performances of merging two agents across domains.

allel scenarios (Live P_Mul: 70.83 vs. 58.33), and
to Long-Context Memory, where it achieves global
optimal performance on SQuAD 64k (82.03), beat-
ing the dedicated Memory agent (77.34).

5.3 Extending Model Combinations

To evaluate the effectiveness of RAM beyond tri-
agent merging, we extend pairwise agent merg-
ing experiments with more model combinations
across Tool+Memory, Coding+Tool, and Cod-
ing+Memory scenarios, as illustrated in Figure 5
(details are provided in Appendix C). Across
all three combinations, RAM/RAM+ consistently
achieves best performance, demonstrating superior
robustness on various combinations compared to

baselines. Specifically, in the Coding+Tool set-
ting, RAM+ attains an average score of 60.04,
significantly outperforming the strongest baseline
DARE+TIES (56.74) and effectively bridging the
capability gap that traditional methods like Task
Arithmetic and TIES fail to address due to signal
dilution. Similarly, in the Tool+Memory and Cod-
ing+Memory scenarios, RAM+ maintains domi-
nant performance with average scores of 75.86 and
61.21 respectively, confirming that RAM can be
successful in multiple agent combinations.

5.4 Ablation Study

We ablate our method to RAM (r = 0) and RAM+,
and investigate the sensitivity of our proposed
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r
Code Tool Memory

AvgLiveBench LiveCodeBench Live Non-Live HotpotQA RulerQA
ACC UT ACC UT Para P_Mul Para P_Mul 7k 14k 32k 64k

0.00 38.28 49.71 31.96 47.72 56.25 66.67 91.00 91.50 75.78 75.00 74.22 79.69 64.82
0.05 37.70 50.49 30.63 45.59 62.50 62.50 92.00 91.50 75.78 79.69 75.00 82.03 65.45
0.10 40.23 52.57 31.60 46.84 56.25 70.83 90.50 91.00 79.69 78.13 78.91 82.03 66.55
0.15 38.67 49.85 31.41 46.53 62.50 66.67 89.50 91.50 78.12 79.69 79.69 75.78 65.83
0.20 39.45 50.36 32.58 47.54 56.25 62.50 91.00 90.50 78.12 78.12 80.47 77.34 65.35

Table 2: Ablation Study. Bold and underlined values denote the best and second-best performance.
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Figure 6: Merging results for RL agents trained from
Llama3.2-3B-Instruction base model.

method to the scaling factor r. Table 2 presents
the ablation results with r varying from 0.00 to
0.20. Note that when r = 0, the method repre-
sents RAM. As observed, the model’s overall per-
formance (Avg) exhibits a trend of initially increas-
ing and then decreasing. The performance peaks
at r = 0.10, achieving the highest average score
of 66.55. Specifically, setting r = 0.10 (RAM+)
yields the best or second-best results across the ma-
jority of metrics, particularly showing significant
gains in LiveBench (Coding) and HotpotQA (Mem-
ory) compared to RAM (r = 0.00). However, fur-
ther increasing r beyond 0.10 leads to diminishing
returns, with the average score dropping to 65.35
at r = 0.20. This suggests that while a moderate
scaling factor effectively enhances task-specific ca-
pabilities, an excessively large r may disrupt the
general knowledge of the merged model.

5.5 Extending Architecture and Domains

Besides the agents trained from Qwen architecture,
we extend the experiment to Llama architecture
and additional domains. We choose Llama3.2-
3B (Grattafiori et al., 2024) as the base model,
and choose models trained from it via RL: search
agent ZeroSearch (Sun et al., 2025), math reason-
ing agent (Zhao et al., 2025), and tool-using agent
ToolRL (Qian et al., 2025). The evaluation de-
tails are provided in Appendix B.4. Figure 6 il-
lustrates that, consistent with our findings on the

Qwen, RAM and RAM+ demonstrate superior per-
formance across multiple agentic domains, con-
sistently outperforming baselines. Notably, they
achieve positive synergy in both Math and Tool
domains, where the merged generalist surpasses
the performance of the original specialized agents.
For instance, in the Tool domain, RAM+ exhibits
a significant margin over the specialist, suggesting
that reasoning capabilities from Math and Search
agents synergize to enhance tool-use. In the Search
domain, RAM/RAM+ successfully retain original
capability, whereas baselines show notable regres-
sion. These results confirm that the heterogeneity
of reinforced task vectors is a general property,
and RAM effectively addresses this by preserving
task-specific specialized knowledge independent
of model scale and architecture.

Additional Experiments Besides the above ex-
periments, we further provide the instruction fol-
lowing evaluation to assess the forgetting after
merging in Appendix C.2; Merging efficiency com-
parison in Appendix C.3; Evaluation on the addi-
tional tasks in Appendix C.5; Additional rescaling
strategy performance in Appendix E.

6 Conclusion

We address the critical challenge of merging agents
fine-tuned via RL, identifying a fundamental mis-
match between standard merging techniques de-
signed for dense SFT updates and the sparse, het-
erogeneous nature of on-policy RL task vectors.
We demonstrate that treating global task vectors
equally in previous methods in this setting leads
to signal dilution of task-specific capabilities. To
bridge this gap, we propose Reinforced Agent
Merging (RAM), a method that explicitly disentan-
gles shared and unique parameter update regions
and applies a distribution-based rescaling strategy
to preserve specialized behaviors. Extensive evalu-
ations across multiple agentic domains and model
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architectures show that RAM significantly outper-
forms existing baselines, achieving SOTA results
and surpassing the original specialists as a unified
generalist on most tasks.
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Limitations

While Reinforced Agent Merging (RAM) effec-
tively mitigates signal dilution for RL-trained
agents, our current study has the following limi-
tations. First, our experiments focus on merging
a common number of agents; as the number of
agents scales significantly, the probability of pa-
rameter collision in the shared subspace increases,
potentially requiring more complex conflict reso-
lution strategies beyond simple averaging. Sec-
ond, the derivation of our rescaling factor relies on
an isotropic assumption of parameter importance,
which, while empirically robust, does not explicitly
account for element-wise curvature information
that could offer finer-grained control at a higher
computational cost. Third, although we identi-
fied a default hyperparameter configuration that
generalizes well across Qwen and Llama architec-
tures, optimal performance on agents trained with
fundamentally different data or modalities may re-
quire task-specific tuning. Finally, our evaluation
is primarily conducted on 3B and 7B parameter
models; verifying whether the sparsity hypothesis
and RAM’s efficacy persist in massive-scale mod-
els (70B+) remains an open question for future
research.
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A Implementation Details

A.1 Pseudocode

Here we provide the Pseudocode of RAM in Algo-
rithm 1.

Algorithm 1 Reinforced Agent Merging (RAM+)
Require: Task vectors {τ t}Nt=1; threshold ϵ; rescale strength

r; clip bound α
Ensure: Merged task vector τmerged
1: // Stage 1: Probing Vector Distribution (Sec. 4.1)
2: for t = 1 to N do
3: mt ← I(|τ t| > ϵ)
4: end for
5: c←∑N

t=1 mt

6: // Stage 2: Rescaling Unique Regions (Sec. 4.2)
7: for t = 1 to N do
8: Nshared ←

∑
i:ci≥2 mt,i

9: Nunique ←
∑

i:ci=1 mt,i

10: ρt ← Nshared/Nunique
11: λt ← 1 + r · clip(ρt, 0, α)
12: end for
13: // Stage 3: Selective Merging (Sec. 4.3)
14: for each parameter index i do
15: Ti ← {t | mt,i = 1}
16: if |Ti| = 0 then
17: τmerged,i ← 0
18: else if |Ti| = 1 then
19: Let t be the unique element in Ti
20: τmerged,i ← λt · τt,i
21: else
22: τmerged,i ← 1

|Ti|
∑

t∈Ti
τt,i

23: end if
24: end for
25: return τmerged

A.2 Details of Reinforced Task Agents

We provide the detailed specifications and sources
for the reinforced agentic models and base models
used in our experiments. All models are publicly
available on Hugging Face.

Qwen2.5-7B-Instruction Series: We utilize the
following agents initialized from the Qwen2.5-7B-
Instruct:

Base Model (Qwen2.5-7B-Instruct) (Yang et al.,
2024)

Qwen2.5-7B-Instruct

Coding Agent (CURE) (Wang et al., 2025b)
ReasonFlux-Coder-7B

Tool Agent (ToolRL) (Qian et al., 2025)
Qwen2.5-7B-Instruct-ToolRL-grpo-cold

Memory Agent (MemAgent) (Yu et al., 2025a)
RL-MemoryAgent-7B

Search Agent (ZeroSearch) (Sun et al., 2025)
ZeroSearch_google_V2_Qwen2.5_7B_Instruct

Tool Integrated Reasoning Agent (AutoTIR) (Wei
et al., 2025a)

AutoTIR-Qwen2.5-7B-Instruct

Llama-3.2-3B-Instruction Series To verify gen-
eralization across architectures, we utilize the fol-
lowing agents based on Llama-3.2-3B-Instruct:

Base Model (Llama-3.2-3B-Instruct) (Grattafiori
et al., 2024)

Llama-3.2-3B-Instruct

Math Agent (GRPO-Math) (Guo et al., 2025)
Llama-3.2-3B-Instruct-GRPO-MATH-1EPOCH

Tool Agent (ToolRL) (Qian et al., 2025)
ToolRL-Llama3.2-3B

Search Agent (ZeroSearch) (Sun et al., 2025)
ZeroSearch_google_V2_Llama_3.2_3B_Instruct

B Evaluation Details

B.1 Coding Evaluation

Following the evaluation setting established in
Wang et al. (2025b), we conduct a comprehensive
evaluation of coding capabilities across five widely
adopted coding benchmarks.

Datasets. We utilize LiveBench (White
et al., 2025) (standard test set), MBPP (Austin
et al., 2021) (standard test set), and Live-
CodeBench (Jain et al., 2024) (Version 2, 511
problems). For competition-level tasks, we include
CodeContests (Li et al., 2022), filtering for
tasks with difficulty ≤ 2 and utilizing a held-out
split of 200 examples. Additionally, we use
CodeForces (Penedo et al., 2025), comprising
500 randomly sampled examples distinct from
CodeContests.

Evaluation Protocol. To ensure consistency, all
datasets are standardized to the stdio format. Func-
tional inputs from LiveBench, LiveCodeBench, and
MBPP are converted by placing variables on sep-
arate lines and flattening lists. For verification,
we use official ground-truth solutions for Code-
Contests and MBPP. For the remaining datasets
(CodeForces, LiveCodeBench, LiveBench), we uti-
lize high-quality reference solutions generated by
QwQ-32B (via Best-of-3 sampling). We employ
vLLM (Kwon et al., 2023) for generation. Follow-
ing standard practices, sampling parameters are set
to temperature T = 1.0, top-p = 0.95. We report
performance using pass accuracy, including code
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pass (ACC) and unit test pass (UT) (Pass@1) and
Best-of-N (BoN, N=4) metrics.

B.2 Long-Context Memory Evaluation

To rigorously assess the long-context memory ca-
pabilities of our agents, we adopt the evaluation
protocol from the RULER benchmark (Hsieh et al.,
2024), strictly following the data synthesis con-
figurations established in Yu et al. (2025a). We
specifically select RULER-HotpotQA and RULER-
SQuAD as our primary benchmarks to evaluate
multi-hop reasoning and precise fact retrieval.

Datasets. We utilize the following two tasks
adapted for long-context memory evaluation:

• RULER-HotpotQA: This task serves as a
robust testbed for multi-hop reasoning. In
this setup, multiple "golden paragraphs" con-
taining necessary evidence are embedded
within a vast amount of distractor content (the
haystack). The model must effectively iden-
tify and synthesize these scattered pieces of
evidence from its memory to correctly answer
complex questions.

• RULER-SQuAD: Adapted from the SQuAD
dataset, this task evaluates precise reading
comprehension. Ground-truth passages are
inserted into long distractor texts, requiring
the model to maintain high fidelity to specific
facts over extended sequences. This tests the
agent’s ability to accurately recall specific in-
structions or details without hallucination.

Evaluation Protocol. Consistent with Yu et al.
(2025a), we synthesize test samples with varying
context lengths to stress-test memory capacity with
different context lengths (8K-128K for SQuAD
and 7K-896K for HotPotQA). The primary evalua-
tion metric is the Substring Exact Match (sub_em)
of the generated answers. High accuracy in this
setting demonstrates that the merged agent success-
fully retains critical task-specific memory capabili-
ties and can effectively filter out noise (distractors)
inherent in long-context processing.

B.3 Tool Use Evaluation

To comprehensively evaluate the tool-use (func-
tion calling) capabilities of our agents, we em-
ploy the Berkeley Function Calling Leaderboard
(BFCL) (Patil et al., 2025), widely recognized as
the standard benchmark for assessing LLM agentic

behaviors. We specifically use the Live and Non-
Live datasets to measure performance across both
real-world and synthetic scenarios.

Datasets. We utilize the following two subsets to
assess distinct dimensions of function calling:

• Non-Live Dataset (Synthetic & Curated):
Derived from BFCL V1, this subset con-
sists of expert-curated synthetic tasks de-
signed to test fundamental logic across var-
ious languages (Python, Java, JavaScript)
and SQL. It evaluates the model’s adher-
ence to precise instructions in controlled
environments. The tasks of Non-Live
datasets include: Multiple, Parallel,
Relevance, Simple, Parallel_multiple
and Irrelevance.

• Live Dataset (Real-World & Crowd-
sourced): Introduced in BFCL V2, this
subset comprises user-contributed examples
from real-world agent interactions. Un-
like the Non-Live set, these samples are
diverse and noisy, involving complex APIs
with nested parameters. This benchmark
specifically challenges the model’s robust-
ness in handling ambiguous queries and
detecting function irrelevance, including
seven tasks: Multiple, Irrelevance,
Simple_java, Simple_javascript,
Parallel_multiple, Parallel and
Simple_python.

Evaluation Protocol. To ensure robust evalua-
tion, we utilize the Abstract Syntax Tree (AST)
matching method provided by the BFCL frame-
work. Unlike simple string matching, AST eval-
uation parses generated function calls into syntax
trees to structurally verify argument permutations
and formatting variations while enforcing strict
type correctness. We report accuracy for both Live
and Non-Live splits, with a particular focus on
the challenging Parallel and Parallel Multiple cate-
gories to demonstrate advanced planning capabili-
ties.

B.4 Evaluation Details for Llama-based
Agents

We evaluate agents trained from LLama3.2-3B-
Instruction on three domains: math, search, and
tool-use. For the math domain, we evaluate
the model on GSM8K (Cobbe et al., 2021) and
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Figure 7: Additional distribution analysis for sparse
reinforced task vectors trained from Qwen2.5-7B-
Instruction. Left: Density (1-Sparsity) of task vectors
varies between agent models. Right: The number of
overlaps with other task vectors.
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Figure 8: The task vector analysis for agents trained
from Llama3.2-3B-Instruction via RL. Left: Density
(1-Sparsity) of task vectors varies between tool-using
agent, web search agent, and the math reasoning agent
models. Right: The number of overlaps with other task
vectors.

MATH500 (Hendrycks et al., 2021) datasets, pro-
vided by LM-Evaluation-Harness (Gao et al., 2024).
For the search domain, we follow the evaluation
setting provided in ZeroSearch (Sun et al., 2025)
and evaluate the agent on NQ (Kwiatkowski et al.,
2019) and 2WikiMultiHopQA (Ho et al., 2020).
For tool-use, the setting is the same as Section 5.1.
We take the average score across tasks for each
domain for evaluation.

C Additional Experiments

C.1 Additional Reinforced Task Vector
Analysis

To further verify heterogeneity in reinforced task
vectors introduced by Section 3.2, we extend the
number, domains, and architecture of the rein-
forced agents.

First, we include extra agents, web search agent
ZeroSearch (Sun et al., 2025) and tool-integrated
reasoning agent AutoTIR (Wei et al., 2025a), which
are both RL-trained from Qwen2.5-Instruct-7B.
Figure 7 shows that when including five agents

specialized in multiple domains together, the het-
erogeneity in sparsity and distribution remains sig-
nificant. Specifically, the sparsity of task vectors
spans a wide spectrum, ranging from merely 3.2%
for the Code agent to 54.3% for the Memory agent.
The overlap analysis further reveals distinct behav-
iors: the Code agent is highly entangled with oth-
ers, with 43.7% of its changed parameters shared
among 3 or 4 other agents (w. 3-4). In contrast,
agents like Tool and Memory maintain higher inde-
pendence, with unique parameter ratios (w. 0) of
26.1% and 21.9%, respectively.

Second, we extend the experiment to Llama ar-
chitecture and additional domains. We choose
Llama3.2-3B-Instruction (Grattafiori et al., 2024)
as the base model, and choose models trained from
it via RL: search agent ZeroSearch (Sun et al.,
2025), math reasoning agent (Zhao et al., 2025),
and tool-using agent ToolRL (Qian et al., 2025).
Figure 8 demonstrates that similar heterogeneity in
task vectors persists across different model archi-
tectures. As shown in the left panel, the sparsity
of task vectors varies significantly, ranging from
17.0% for the Math agent to 56.8% for the Tool
agent. The overlap distribution (right panel) further
highlights this diversity: the Tool agent modifies
a large proportion of unique parameters (54.0%),
whereas the Math agent shares the majority of its
updates with other tasks, with only 24.2% of its
modified parameters being unique. This confirms
that the diverse characteristics of reinforced task
vectors are consistent across different base models
and task domains.

C.2 Instruction Following Evaluation

A primary concern in model merging, particularly
when combining agents fine-tuned via RL on dis-
parate domains, is the potential degradation of the
base model’s general instruction following capabil-
ities (i.e., catastrophic forgetting). To rigorously
evaluate whether RAM compromises the model’s
ability to follow general instructions while pursu-
ing task specialization, we conducted evaluations
on the IFEval (Instruction Following Evaluation)
benchmark (Zhou et al., 2023) provided by LM-
Evaluation-Harness (Gao et al., 2024). We report
results across four metrics: Instruction Accuracy
and Prompt Accuracy, under both Loose and Strict
evaluation criteria. The results are presented in
Table 3. We evaluated two sets of models:

• Qwen2.5-7B-Instruct: The primary setting
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Qwen2.5-7B-Instruct Llama-3.2-3B-Instruction

Instruction Acc (%) Prompt Acc (%) Instruction Acc (%) Prompt Acc (%)
Model Loose Strict Loose Strict Loose Strict Loose Strict

Base and Task Experts
Base Model 69.18 64.39 58.96 53.23 69.90 63.31 59.15 51.20
Code/Math 73.14 (+3.96) 68.11 (+3.72) 62.48 (+3.52) 58.75 (+5.52) 68.59 (-1.31) 61.99 (-1.32) 57.49 (-1.66) 48.43 (-2.77)

Tool 71.82 (+2.64) 66.07 (+1.68) 61.55 (+2.59) 54.34 (+1.11) 68.11 (-1.79) 61.87 (-1.44) 57.12 (-2.03) 49.35 (-1.85)

Memory/Search 69.78 (+0.60) 66.07 (+1.68) 58.41 (-0.55) 53.60 (+0.37) 67.63 (-2.27) 60.67 (-2.64) 55.45 (-3.70) 46.58 (-4.62)

Merged Models
Task Arithmetic (TA) 70.74 (+1.56) 65.71 (+1.32) 58.90 (-0.06) 53.23 (0.00) 68.82 (-1.08) 61.87 (-1.44) 57.12 (-2.03) 49.72 (-1.48)

Fisher 72.06 (+2.88) 66.91 (+2.52) 61.18 (+2.22) 55.08 (+1.85) 67.87 (-2.03) 61.75 (-1.56) 55.82 (-3.33) 49.17 (-2.03)

TIES 71.34 (+2.16) 67.39 (+3.00) 59.52 (+0.56) 55.64 (+2.41) 58.75 (-11.15) 58.87 (-4.44) 45.84 (-13.31) 46.21 (-4.99)

DARE+TA 70.38 (+1.20) 65.95 (+1.56) 58.41 (-0.55) 53.05 (-0.18) 59.11 (-10.79) 54.20 (-9.11) 46.21 (-12.94) 41.04 (-10.16)

DARE+TIES 69.42 (+0.24) 65.11 (+0.72) 57.67 (-1.29) 52.31 (-0.92) 58.63 (-11.27) 53.48 (-9.83) 45.66 (-13.49) 39.56 (-11.64)

RAM (Ours) 70.62 (+1.44) 65.95 (+1.56) 59.70 (+0.74) 53.23 (0.00) 67.39 (-2.51) 61.39 (-1.92) 55.45 (-3.70) 47.87 (-3.33)

RAM+ (Ours) 69.18 (0.00) 64.75 (+0.36) 57.86 (-1.10) 51.94 (-1.29) 66.19 (-3.71) 61.27 (-2.04) 53.97 (-5.18) 47.50 (-3.70)

Table 3: Evaluation of General Capabilities on IFEval benchmark. We report Instruction Accuracy and Prompt
Accuracy under both Loose and Strict criteria. Values in parentheses denote the absolute change relative to the
Base Model. Green values indicate improvement, while orange values indicate regression. RAM demonstrates
superior robustness compared to TIES/DARE, especially on the smaller Llama-3.2-3B-Instruction model.

used in the main paper, trained via RL to ob-
tain the Coding, Tool, and Memory agents.

• Llama-3.2-3B-Instruction: To test the gen-
eralization of our method on a different archi-
tecture and scale, we use the fine-tuned Math,
Tool, and Search agents based on Llama-3.2-
3B-Instruction.

On the Qwen-based agents, RAM not only re-
tains the general capabilities of the Base model but
explicitly outperforms it across most metrics (e.g.,
+1.44 in Loose Instruction Accuracy and +1.56 in
Strict Instruction Accuracy). This suggests that the
specialized reasoning circuits preserved by RAM’s
disjoint merging strategy can positively transfer
to general instruction following. RAM+ shows a
slight trade-off, generally maintaining parity with
the base model on instruction-level metrics while
incurring minor regressions in prompt-level accu-
racy. Merging on smaller Llama-based models is
inherently more challenging due to limited param-
eter redundancy. While all merging methods ex-
hibit some regression compared to the Base model,
RAM demonstrates superior stability with less for-
getting on instruction following. Notably, baseline
methods like TIES and DARE+TIES suffer from
severe performance collapse, dropping over 10 per-
centage points (e.g., -11.15 in Loose Instruction
Accuracy). Even in strict evaluation, TIES fails to
maintain robustness. In contrast, RAM avoids this
collapse, showing significantly smaller regressions
(approx. 2-3) and proving it is a much safer merg-
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Figure 9: RAM/RAM+ demonstrates a superior trade-
off between merging time and average score compared
to the baseline method.

ing strategy for smaller architectures compared to
aggressive trimming methods.

C.3 Merging Efficiency

Beyond merged performance, computational ef-
ficiency is another important factor for practical
model merging. Figure 9 illustrates the comparison
between merging time (in seconds) and the aver-
age score across benchmarks. Current baselines
exhibit a clear dichotomy: methods like TA and
Fisher are computationally efficient (<110s) but
suffer from suboptimal performance (around 58.2),
while complex methods like TIES and DARE vari-
ants achieve better scores at the cost of signifi-
cant computational overhead (>400s). In contrast,
our proposed methods occupy the Pareto frontier
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of the efficiency-performance landscape. Specifi-
cally, RAM achieves a remarkable score of 64.82
in just 75.4 seconds, surpassing DARE+TA in per-
formance while offering a 5.5× speedup. Even our
more intensive variant, RAM+, establishes a new
SOTA performance (66.55) while remaining sig-
nificantly faster than both TIES and DARE. These
results demonstrate that RAM effectively identifies
critical parameters for merging processing without
the extensive computational redundancy found in
previous SOTAs.

C.4 Detailed Numerical Results for Pairwise
Agent Merging

In Section 5.2, we visualize the performance of
merging two agents using bar charts to highlight
overall trends and comparative advantages. Here,
we provide the corresponding detailed numerical
results for all pairwise agent combinations, in-
cluding Coding+Tool, Tool+Memory, and Cod-
ing+Memory, as shown in Tables 4, 5, and 6, re-
spectively. These tables serve as a precise quanti-
tative complement to the bar chart visualizations,
enabling a fine-grained inspection of per-domain
and per-metric behaviors.

Coding + Tool. As reported in Table 6, RAM
and RAM+ consistently achieve the highest aver-
age performance among all merged models. In
particular, RAM+ attains an average score of 60.04,
significantly outperforming the strongest baseline
DARE+TIES (56.74). Notably, RAM/RAM+ im-
prove both coding accuracy (LiveBench / Live-
CodeBench) and complex tool-use metrics (Parallel
and Parallel-Multiple), indicating that preserving
task-unique reinforced updates enables the merged
model to simultaneously retain algorithmic reason-
ing and structured tool invocation capabilities. In
contrast, baseline methods exhibit a clear trade-off,
improving one domain at the expense of the other
due to signal dilution in sparse RL task vectors.

Tool + Memory. Table 5 presents the detailed re-
sults for merging Tool and Memory agents. RAM
achieves the highest overall average score (76.67),
while RAM+ remains highly competitive (75.86),
both surpassing all baselines. RAM-based models
show strong performance on long-context memory
tasks (HotpotQA and RulerQA) without degrading
tool-use accuracy, particularly on challenging Par-
allel and Parallel-Multiple subsets. These results
demonstrate that RAM effectively isolates memory-
specific reinforced updates from tool-specific ones,

preventing destructive interference that commonly
occurs in averaging-based merging methods.

Coding + Memory. As shown in Table 6, merg-
ing Coding and Memory agents further stresses the
heterogeneity of reinforced task vectors, as these
two domains exhibit minimal parameter overlap.
Despite this challenge, RAM+ achieves the best
average performance (61.21), outperforming all
baselines and even exceeding the original Coding
agent on LiveBench ACC/UT. This highlights the
effectiveness of overlap-aware rescaling in com-
pensating for performance loss in shared subspaces,
while fully preserving unique reasoning and mem-
ory patterns critical for each task.

Across all pairwise combinations, the numeri-
cal results reported here are fully consistent with
the trends observed in the bar charts in the main
text. Specifically, RAM and RAM+ not only de-
liver the highest average scores but also exhibit
superior robustness across heterogeneous domains
and metrics. These findings further confirm that
the advantages of RAM are not limited to tri-agent
merging, but generalize naturally to arbitrary agent
combinations, reinforcing its suitability as a unified
merging method for reinforced agentic models.

C.5 Additional Results in Merging Three
Agents

In Section 5.2, we present the agent performance
in three domains. Here, we further provide exper-
iment results on additional tasks and settings to
comprehensively verify the advantages of RAM.

Overall Analysis. Tables 7, 8, and 9 report com-
prehensive results of merging three reinforced
agents across coding, tool-use, and long-context
memory domains, substantially extending the rep-
resentative results in Section 5.2. These results
consistently corroborate the advantages of RAM
and RAM+ under a wide range of evaluation met-
rics and task granularities.

Coding Domain. As shown in Table 7, RAM-
based methods achieve the strongest overall perfor-
mance among merged models across LiveBench,
LiveCodeBench, MBPP, and CodeContests. No-
tably, RAM attains the highest average score
(49.64), outperforming all baseline merging strate-
gies, while RAM+ further improves performance
on challenging subsets such as LiveBench ACC/UT
and MBPP ACC/UT. Importantly, RAM and
RAM+ frequently match or exceed the original
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Code Tool
LiveBench LiveCodeBench Live Non-LiveModel

ACC UT ACC UT Para P_Mul Para P_Mul
Avg

Base and Task Models
Base 28.35 40.87 23.43 36.42 56.25 41.67 68.00 55.00 43.75
CURE (Coding) 37.70 49.27 30.23 45.76 56.25 37.50 64.00 51.50 46.53
ToolRL (Tool) 31.84 41.36 26.76 42.05 56.25 58.33 91.00 89.00 54.57

Merged Models
TA 37.11 49.09 29.55 45.83 50.00 37.50 86.00 59.00 49.26
Fisher 36.72 50.29 30.68 48.18 50.00 37.50 88.50 64.50 50.80
TIES 35.74 46.50 31.21 44.48 56.25 54.17 83.00 90.50 55.23
DARE+TA 35.74 47.40 30.04 44.62 56.25 58.33 90.00 84.50 55.86
DARE+TIES 35.54 45.79 31.21 44.48 56.25 66.67 88.50 85.50 56.74

RAM 39.45 51.42 31.21 46.51 56.25 66.67 91.00 91.00 59.19
RAM+ 39.45 51.10 32.53 47.55 62.50 66.67 90.50 90.00 60.04

Table 4: Detailed results of model merging with code and tool using agents. Bold and underlined values denote
the best and second-best performance among merged models, respectively. Cells highlighted in red indicate the
best performance across all evaluated models, including the Task Models.

Tool Memory
Live Non-Live HotpotQA RulerQAModel

Para P_Mul Para P_Mul 7k 14k 32k 64k
Avg

Base and Task Models
Base 56.25 41.67 68.00 55.00 60.94 50.00 64.84 58.59 56.91
ToolRL (Tool) 56.25 58.33 91.00 89.00 58.59 48.44 59.38 46.95 63.49
MemAgent (Memory) 37.50 50.00 78.50 48.50 78.91 78.12 81.25 77.34 66.27

Merged Models
TA 56.25 62.50 91.00 90.00 72.66 70.31 76.56 74.22 74.19
Fisher 56.25 58.33 89.50 91.00 63.28 57.81 65.62 64.84 68.33
TIES 43.75 54.17 73.50 88.50 71.09 71.09 76.56 73.44 69.01
DARE+TA 62.50 58.33 89.00 90.00 57.03 55.47 63.28 59.38 66.87
DARE+TIES 62.50 58.33 90.00 91.50 77.34 71.97 75.00 78.12 75.60

RAM 56.25 66.67 90.00 89.50 76.56 78.12 78.12 78.12 76.67
RAM+ 56.25 62.50 89.50 90.00 76.56 78.13 74.22 79.69 75.86

Table 5: Detailed results of model merging with memory and tool using agents. Bold and underlined values
denote the best and second-best performance among merged models, respectively. Cells highlighted in red indicate
the best performance across all evaluated models, including the Task Models.

Code Memory
LiveBench LiveCodeBench HotpotQA RulerQAModel

ACC UT ACC UT 7k 14k 32k 64k
Avg

Base and Task Models
Base 28.35 40.87 23.43 36.42 60.94 50.00 64.84 58.59 45.43
CURE (Coding) 37.70 49.27 30.23 45.76 58.59 56.25 60.94 44.22 47.87
MemAgent (Memory) 39.25 50.12 28.92 44.8 78.91 78.12 81.25 77.34 59.84

Merged Models
TA 39.06 52.25 32.34 47.89 71.88 70.31 75.00 75.00 57.97
Fisher 38.67 50.53 31.46 46.58 57.03 50.78 58.59 55.47 48.64
TIES 38.87 50.88 32.42 47.80 74.22 71.09 78.91 72.66 58.36
DARE+TA 37.69 47.77 31.16 44.51 78.91 78.12 78.12 80.47 59.59
DARE+TIES 39.25 49.95 31.02 44.52 75.78 75.78 76.56 76.56 58.68

RAM 37.89 49.56 31.75 47.17 78.12 78.12 82.03 82.03 60.83
RAM+ 41.21 53.64 31.16 46.46 78.91 76.56 79.69 82.03 61.21

Table 6: Detailed results of model merging with coding and memory agents. Bold and underlined values denote
the best and second-best performance among merged models, respectively. Cells highlighted in red indicate the
best performance across all evaluated models, including the Task Models.
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LiveBench LiveCodeBench MBPP CodeContests
Model

ACC UT BoN ACC BoN UT ACC UT BoN ACC BoN UT ACC UT BoN ACC BoN UT ACC UT BoN ACC BoN UT
Avg

Base and Task Models
Base 28.35 40.87 30.07 48.56 23.43 36.42 26.67 42.26 62.72 68.50 70.91 76.84 18.20 28.35 23.01 32.06 41.08
CURE 37.70 49.27 46.01 58.96 30.23 45.76 38.36 55.60 70.36 76.38 79.64 85.78 26.05 36.81 32.21 45.61 50.92
ToolRL 31.84 41.36 32.81 43.78 26.76 42.05 30.14 46.05 66.97 72.31 76.02 81.29 22.18 32.94 26.78 37.71 44.44
MemAgent 39.25 50.12 39.84 48.48 28.92 44.80 32.16 48.63 67.63 73.99 71.04 77.84 21.86 31.68 24.69 36.09 46.06

Merged Models
TA 38.09 51.62 43.75 52.97 31.95 46.69 35.61 46.44 69.68 75.71 74.21 80.39 25.73 36.70 28.45 38.70 48.54
Fisher 36.72 48.73 45.31 57.79 30.87 45.89 35.81 53.26 68.67 74.92 75.57 83.23 24.26 35.87 27.20 39.38 48.97
TIES 39.25 49.88 44.53 53.08 30.63 46.32 36.59 54.30 67.30 73.35 74.66 82.34 26.05 37.00 30.50 42.05 49.24
DARE+TA 37.50 48.60 46.10 56.41 31.94 46.69 37.18 53.44 69.68 75.71 78.73 83.83 23.74 32.82 28.45 38.02 49.30
DARE+TIES 35.93 45.66 46.87 57.88 29.26 39.53 38.55 51.76 70.70 76.34 80.64 86.22 21.13 27.62 27.20 35.93 48.20

RAM 38.28 49.71 42.97 57.98 31.96 47.72 37.45 54.36 69.46 75.56 76.47 81.89 24.06 35.07 26.78 44.51 49.64
RAM+ 40.23 52.57 46.10 57.20 31.60 46.84 34.64 51.56 70.93 76.98 77.38 84.13 22.80 33.21 23.01 35.46 49.04

Table 7: Additional results of model merging on coding domains. Bold and underlined values denote the best
and second-best performance among merged models, respectively. Cells highlighted in red indicate the best
performance across all evaluated models, including the Task Models.

Live Non-liveModels
Multiple Parallel Relevance Simple Parallel_multiple Irrelevance Multiple Irrelevance S_java S_javascript Parallel_multiple Parallel S_python Avg

Base and Task Models
Base 58.59 56.25 87.50 68.99 41.67 68.21 77.50 77.50 54.00 62.00 55.00 68.00 87.25 66.34
CURE 59.54 56.25 81.25 69.77 37.50 68.33 76.50 77.92 58.00 60.00 51.50 64.00 91.50 65.54
ToolRL 76.83 56.25 93.75 79.07 58.33 71.95 94.00 82.92 62.00 62.00 89.00 91.00 93.50 77.74
MemAgent 73.98 37.50 93.75 69.77 50.00 56.11 82.50 71.67 66.00 66.00 48.50 78.50 90.25 68.04

Merged Models
TA 76.16 43.75 93.75 75.19 45.83 68.55 91.00 79.17 60.00 62.00 69.50 87.50 94.75 72.86
Fisher 74.55 43.75 93.75 74.03 41.67 70.02 91.50 81.25 58.00 58.00 63.50 86.50 94.50 71.62
TIES 75.50 43.75 87.50 75.19 54.17 63.46 92.50 76.25 65.00 66.00 67.50 84.00 94.50 72.71
DARE+TA 75.50 50.00 93.75 76.36 62.50 63.57 92.00 74.17 65.00 66.00 89.50 92.50 93.75 76.50
DARE+TIES 75.31 56.25 93.75 76.36 58.33 63.80 92.00 76.67 65.00 68.00 90.00 91.50 93.25 76.94

RAM 75.50 56.25 93.75 75.58 66.67 67.99 92.00 76.67 65.00 64.00 91.50 91.00 91.75 77.51
RAM+ 75.12 56.25 93.75 75.58 66.67 67.87 92.00 76.67 65.00 66.00 90.50 90.00 91.50 77.45

Table 8: Additional results of model merging on tool using. Bold and underlined values denote the best
and second-best performance among merged models, respectively. Cells highlighted in red indicate the best
performance across all evaluated models, including the Task Models.

Ruler_SQuAD Ruler_HotpotQAModel
8K 16K 32K 64K 128K 7K 14K 28K 56K 112K 224K 448K 896K

Avg

Base and Task Models
Base 65.63 62.50 64.84 58.59 56.25 60.94 50.00 51.56 48.44 42.19 36.72 27.34 25.78 50.06
CURE 46.80 61.72 60.94 44.22 61.72 58.59 56.25 46.88 47.66 40.63 35.93 42.97 35.16 49.19
ToolRL 62.50 57.81 59.38 46.95 67.18 58.59 48.44 51.56 45.31 42.97 42.19 35.16 35.94 50.31
MemAgent 83.59 78.12 81.25 77.34 81.25 78.91 78.12 81.25 77.34 79.69 72.66 76.56 72.66 78.36

Merged Models
TA 72.66 70.31 73.44 72.66 72.66 69.53 68.75 68.75 67.19 63.28 64.84 57.03 48.44 66.89
Fisher 60.16 67.97 58.59 60.94 67.97 60.06 49.22 49.22 49.22 39.06 32.81 35.94 35.94 51.32
TIES 71.88 75.00 75.00 75.78 73.44 71.88 82.03 71.97 68.75 67.97 70.31 62.50 64.06 71.58
DARE+TA 71.88 77.34 77.34 70.31 80.47 76.56 76.56 72.65 71.88 70.31 73.44 71.88 70.31 73.92
DARE+TIES 75.78 78.13 76.56 74.22 78.91 75.00 77.34 75.00 70.36 70.43 76.56 74.44 74.22 75.15

RAM 79.68 82.03 74.22 79.69 76.56 75.78 75.00 78.91 75.78 70.31 75.78 71.09 74.22 76.08
RAM+ 77.34 82.81 78.91 82.03 79.68 79.69 78.13 78.91 75.56 69.53 78.13 73.43 74.22 77.57

Table 9: Additional results of model merging on memory for long-context tasks. Bold and underlined values
denote the best and second-best performance among merged models, respectively. Cells highlighted in red indicate
the best performance across all evaluated models, including the Task Models.
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Coding agent on multiple metrics (highlighted in
red), indicating that preserving and selectively am-
plifying task-unique reinforced updates effectively
avoids signal dilution that hampers prior methods.
In contrast, methods relying on global averaging
or random dropping (TA, Fisher, DARE) exhibit
inconsistent gains and fail to simultaneously retain
high unit-test robustness and generalization accu-
racy.

Tool-Use Domain. Table 8 presents detailed tool-
use evaluations over both Live and Non-Live set-
tings. Across diverse function-calling scenarios,
including parallel, parallel-multiple, irrelevance de-
tection, and language-specific tasks, RAM achieves
the best average score (77.51), while RAM+ re-
mains a close second (77.45), both surpassing all
existing merging baselines. Crucially, RAM-based
models consistently excel in structurally complex
settings such as Live Parallel_multiple and Non-
Live Parallel, where signal dilution in sparse RL
task vectors is most detrimental. These results
demonstrate that RAM effectively preserves tool-
specific reasoning circuits while still benefiting
from shared knowledge introduced by other agents.

Long-Context Memory Domain. As reported
in Table 9, RAM and RAM+ show clear domi-
nance on long-context memory benchmarks across
all context lengths. RAM+ achieves the high-
est overall average score (77.57), outperforming
both merged baselines and, in several settings,
the specialized MemAgent itself. In particular,
RAM+ consistently delivers state-of-the-art perfor-
mance on long-context HotpotQA (112K–896K)
and Ruler-SQuAD (16K–64K), confirming that
overlap-aware rescaling effectively compensates
for performance degradation introduced by averag-
ing shared subspaces. By contrast, Fisher and Task
Arithmetic suffer from substantial performance
drops at long context lengths, reflecting their inabil-
ity to preserve sparse, task-specific memory-related
updates.

Across all three domains, the additional results
reinforce three central conclusions. First, rein-
forced task vectors exhibit strong heterogeneity,
making uniform merging strategies fundamentally
suboptimal. Second, preserving and rescaling
task-unique parameters is essential for maintain-
ing expert-level performance after merging. Third,
RAM and RAM+ consistently outperform prior
SOTA merging methods not only in average per-
formance but also in robustness across metrics,

datasets, and context scales. Together, these find-
ings provide strong empirical evidence that RAM
is a principled and effective solution for merging
multiple RL-trained agents into a unified generalist
model.

C.6 Additional Baseline Results

In our experiments, we mainly compare base-
lines that do not need optimization and datasets,
which are the same with RAM. Here we fur-
ther comprehensively compare RAM with WUDI
merging (Cheng et al., 2025), which needs much
more complex optimization steps. Table 10 shows
that WUDI merging can not out-perform our
RAM/RAM+, and also outperformed by the most
competitive baseline DARE. This is because WUDI
merging minimizes interference under the guidance
of task vectors, while still can not avoid signal di-
lution when WUDI merging meets the sparse task
vectors.

D Baseline Details

D.1 Baselines with Signal Dilution

Here we provide a detailed introduction of base-
lines and explain signal dilution that happens in
them. In summary, despite their distinct algorith-
mic designs, Task Arithmetic, TIES, and DARE all
inevitably succumb to Signal Dilution in the RL
setting due to a shared inability to distinguish be-
tween shared consensus and unique specialization.
Specifically, Task Arithmetic applies global aver-
aging, collaterally suppressing unique task vectors
that require no scaling. Similarly, TIES-Merging
fails to strictly isolate disjoint unique parameter up-
dates in RL models, which cannot avoid averaging
unique regions. Even DARE, despite introducing
a rescaling mechanism, only compensates for ran-
dom dropout rather than selected important update
regions, and remains dependent on the global scal-
ing of Task Arithmetic to function. Consequently,
all three paradigms effectively drive the magnitude
of task-specific updates towards 1

N τ , underscor-
ing the necessity of a distribution-aware merging
method.

Fisher Fisher merging (Matena and Raffel, 2022)
improves upon uniform averaging by weighing pa-
rameters according to their diagonal Fisher infor-
mation F , which approximates the posterior preci-
sion (or local curvature) of the model. Formally, the
merged update is computed as τmerged =

∑
i Fiτ i∑
i Fi

.
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Model
Code Tool Memory

AvgLiveBench LiveCodeBench Live Non-Live HotpotQA RulerQA
ACC UT ACC UT Para P_Mul Para P_Mul 7k 14k 32k 64k

WUDI 38.09 50.95 30.04 44.48 56.25 37.50 89.00 91.00 78.12 78.91 82.03 72.66 62.42
DARE+TA 37.50 48.60 31.95 46.69 50.00 62.50 92.50 89.50 76.56 76.56 77.34 70.31 63.33

RAM 38.28 49.71 31.96 47.72 56.25 66.67 91.00 91.50 75.78 75.00 74.22 79.69 64.82
RAM+ 40.23 52.57 31.60 46.84 56.25 70.83 90.50 91.00 79.69 78.13 78.91 82.03 66.55

Table 10: Additional comparison results on WUDI merging.

However, this method remains susceptible to sig-
nal dilution in the sparse RL setting. Consider a
unique parameter updated solely by task t (where
τ t ̸= 0 and τ i ̸=t = 0). Crucially, the inactive mod-
els (not updated parameters) (i ̸= t) still contribute
to the normalization term in the denominator, as
their Fisher values Fi representing the confidence
of the pre-trained base model are typically non-
zero. Consequently, the effective scaling factor for
the unique signal becomes Ft

Ft+
∑

i ̸=t Fi
. Since the

denominator accumulates the inertia (precision) of
all inactive models, the task-specific update τ t is
inevitably scaled down, mirroring the dilution ef-
fect observed in uniform averaging as the number
of tasks N increases.

Task Arithmetic. Task Arithmetic (Ilharco et al.,
2023) constructs a multi-task model by linearly
combining task vectors, typically expressed as
τmerged =

∑
i λτ i. While effective for disjoint

tasks in SFT, it faces a critical trade-off in the RL
setting due to the heterogeneity of parameter up-
dates. To prevent catastrophic magnitude shifts
in shared subspaces, the scaling factor λ is usu-
ally set to be conservative (typically λ ≈ 1/N ) to
maintain the merged weights within a valid opti-
mization landscape. However, this global scaling
creates a structural conflict: unique components of
task vectors, which reside in non-overlapping sub-
spaces and do not suffer from additive interference,
are subjected to the same aggressive downscaling.
Consequently, the update for a task-specific param-
eter is reduced to 1

N τ t, effectively suppressing the
critical, idiosyncratic behaviors required for expert-
level performance in domain.

TIES-Merging. TIES-Merging (Yadav et al.,
2023) attempts to mitigate interference by keep-
ing only the top-k% magnitude parameters (Trim-
ming) and calculating a disjoint mean. However, its
reliance on a uniform trimming rate k creates a crit-
ical vulnerability when handling the heterogeneous
sparsity of RL task vectors. As shown in Figure 2,

RL agents exhibit vastly different update densities
(e.g., Code: ∼ 3%, Memory: ∼ 54%). Applying a
fixed k (e.g., 20%) inevitably leads to a dilemma:
it either over-trims dense vectors (losing info) or,
more disastrously, under-trims sparse vectors. For
a sparse agent like the Code model, a standard k re-
tains a large volume of noise parameters alongside
the true signal. These noise parameters, mistakenly
treated as valid updates, overlap with the active
parameter updates of other tasks, inflating the nor-
malization factor in the disjoint mean calculation.
Consequently, the critical, unique signal from one
task is averaged with noise from others, resulting
in signal dilution.

DARE. DARE (Yu et al., 2024) randomly drops
parameter updates and enlarges others to reduce re-
dundancy, theoretically approximating the original
task vector’s expectation. However, DARE fails
to address signal dilution for two reasons. First,
its factor (1/(1 − p)) is designed solely to com-
pensate for the random dropout rate p, not con-
sidering the shared/unique condition with other
models. When combined with Task Arithmetic
(DARE+TA or DARE+TIES), the global merging
scale λ must still be kept small (e.g., 1/N ) to stabi-
lize shared parameters, inevitably downscaling the
unique, sparsity-preserved updates. Second, DARE
assumes that parameter updates are highly redun-
dant (a property of SFT), whereas RL updates are
inherently sparse and functionally essential. Ran-
domly dropping parameters in an already sparse RL
vector risks severing critical reasoning knowledge,
which cannot be recovered simply by rescaling the
remaining weights.

D.2 Hyperparameters Search

Table 11 shows the searched ranges of model merg-
ing methods’ hyperparameters. We search for the
best performance for evaluation and comparison.
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Model Merging Methods Search Ranges of Hyperparameters

Task Arithmetic scaling term to merge model parameters: [0.1, 0.3, 0.5, 0.7, 0.9, 1.0]

Fisher
scaling term to merge model parameters: [0.1, 0.3, 0.5, 0.7, 0.9, 1.0],

number of examples to compute Fisher information matrix: [256, 512, 1024, 2048]

TIES
scaling term to merge model parameters: [0.1, 0.3, 0.5, 0.7, 0.9, 1.0],

ratio to retain parameters with largest-magnitude values: [0.1, 0.2, 0.3]

DARE search the drop rate p in [0.1, 0.2, ... , 0.9]

Table 11: Searched ranges of hyperparameters of model merging baselines.

Model
Code Tool Memory

AvgLiveBench LiveCodeBench Live Non-Live HotpotQA RulerQA
ACC UT ACC UT Para P_Mul Para P_Mul 7k 14k 32k 64k

RAM 38.28 49.71 31.96 47.72 56.25 66.67 91.00 91.50 75.78 75.00 74.22 79.69 64.82
RAM+ 40.23 52.57 31.60 46.84 56.25 70.83 90.50 91.00 79.69 78.13 78.91 82.03 66.55
RAM+s 39.84 51.83 30.82 46.59 56.25 70.83 90.00 91.50 77.34 76.56 76.56 77.34 65.46

Table 12: The comparison results of a soft-saturation rescaling transformation.

E Rescaling Variant

Here we first discuss the isotropic assumption men-
tioned in Section 4.2. While parameter importance
varies in practice, this isotropic assumption pro-
vides a tractable first-order approximation for de-
riving the scaling rule, which we empirically find
robust in Section 5.4. Then we further discuss
another rescaling variant here to have a deeper un-
derstanding on rescaling operation.

To bridge the theoretical requirement with nu-
merical stability mentioned in Section 4.2, besides
clipping, we further explore a soft-saturation trans-
formation ϕ(x) = x

1+x to map the unbounded ratio
ρt to the bounded interval [0, 1). Our operational
scaling rule is thus defined as:

λt = 1 + r ·
(

ρt
1 + ρt

)
. (8)

Here, the hyperparameter r absorbs the dilution
factor (1− β).

It is worth noting that this normalized formu-
lation is mathematically equivalent to the ratio of
shared parameters to the total active parameters.
By substituting the definition of ρt from Eq. 2, we
obtain:

ρt
1 + ρt

=

∑
i:ci≥2mt,i

||mt||0
. (9)

Here, the numerator sums the shared parameters,
while the denominator ||mt||0 represents the total
count of active parameters (satisfying ||mt||0 =∑

i:ci≥2mt,i +
∑

i:ci=1mt,i). This transformation

provides a dual advantage: it retains the monotonic-
ity derived from the conservation principle (higher
overlap yields higher compensation) while enforc-
ing a strict upper bound to ensure optimization
robustness. Table 12 presents the comparative per-
formance of the soft-saturation rescaling strategy,
denoted as RAM+s. Empirically, RAM+s achieves
an average score of 65.46, consistently outper-
forming the non-rescaled baseline RAM (64.82)
across all three domains. This reinforces our core
hypothesis that compensating for signal dilution
in unique parameter subspaces is essential for re-
covering expert capabilities, regardless of the spe-
cific scaling function used. However, RAM+s
slightly underperforms compared to the clipped
linear variant (RAM+, 66.55). While the soft-
saturation transformation ϕ(x) = x

1+x offers a
theoretically elegant, strictly bounded mapping,
it appears to dampen the scaling factor more ag-
gressively than the linear approach. This conser-
vatism limits performance in tasks requiring robust
signal preservation, such as Long-Context Mem-
ory, where RAM+s scores 77.34 on RulerQA (64k)
compared to RAM+’s 82.03. Conversely, in the
Tool domain, RAM+s remains highly effective,
matching RAM+ with a score of 70.83 on Live
Parallel-Multiple tasks. These findings suggest that
while the soft-saturation rule provides a stable al-
ternative, the clipped linear rule offers a superior
trade-off between signal amplification and numeri-
cal stability.
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