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Abstract001

Large Language Model (LLM)-based agents002
significantly extend the utility of LLMs003
by interacting with dynamic environments.004
However, enabling agents to continually learn005
new tasks without catastrophic forgetting006
remains a critical challenge, known as the007
stability–plasticity dilemma. We argue008
that this dilemma fundamentally arises from009
the failure to explicitly distinguish between010
common knowledge shared across tasks and011
conflicting knowledge introduced by task-012
specific interference. To address this, we013
propose Agent-Dice, a parameter fusion014
framework based on directional consensus015
evaluation. Concretely, Agent-Dice disen-016
tangles knowledge updates through a two-017
stage process: geometric consensus filtering018
to prune conflicting gradients, and curvature-019
based importance weighting to amplify shared020
semantics. We provide a rigorous theoretical021
analysis that establishes the validity of the022
proposed fusion scheme and offers insight into023
the origins of the stability–plasticity dilemma.024
Extensive experiments on GUI agents and tool-025
use agent domains demonstrate that Agent-026
Dice exhibits outstanding continual learning027
performance with minimal computational028
overhead and parameter updates.029

1 Introduction030

Recent advances in Large Language Models031

(LLMs) have spurred a paradigm shift in artificial032

intelligence, empowering agents with robust033

capabilities in reasoning (Plaat et al., 2024;034

Chen et al., 2025b), planning (Wei et al., 2025;035

Huang et al., 2024), and decision-making (Sun036

et al., 2025; Huang et al., 2025). These agents037

expand the boundaries of the capabilities of038

LLMs’ by deploying them in dynamic real-world039

environments, specifically by operating graphical040

user interfaces (GUIs) (Zhang et al., 2024a) or041

utilizing tools (Li, 2025).042

Figure 1: The stability-plasticity dilemma in agent
continual learning (from Task A to Task C). Agent-
Dice finds a balance between stability and plasticity by
learning common knowledge.

To further enhance their capabilities, it is 043

critical for agents to possess continual learning 044

(CL) (Zheng et al., 2025; Gao et al., 2025) 045

skills, enabling continuous self-iteration and 046

adaptation to novel tasks without retraining from 047

scratch. However, agent continual learning is 048

fundamentally hindered by the stability-plasticity 049

dilemma (Robins, 1995). As shown in Figure 1, 050

during the adaptation process for new tasks, an 051

agent faces a critical trade-off: overemphasizing 052

stability hampers new learning, whereas excessive 053

plasticity induces catastrophic forgetting. 054

Achieving the stability-plasticity dilemma 055

essentially requires a precise disentanglement of 056

knowledge updates. Ideally, agents are expected 057

to minimize the interference from conflicting 058

knowledge, while efficiently identifying and 059

reinforcing the learning of common knowledge 060

shared between new and old tasks to maintain 061

plasticity. Existing approaches primarily tackle 062

this via two paradigms: incorporating external 063

memory modules (Ouyang et al., 2025; Zhang 064

et al., 2025a) or conducting continuous iterative 065

training (Zhang et al., 2025c; Muppidi et al., 2024). 066

However, these methods often fail to effectively 067

distinguish between common and conflicting 068
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knowledge, inevitably leading to information loss069

or interference during the learning process.070

To overcome these limitations, we propose071

Agent-Dice, a principled parameter fusion frame-072

work based on Directional Consensus Evaluation.073

Agent-Dice integrates task vectors from diverse074

tasks onto the original agent via a two-stage075

process: (1) Geometric Consensus Filtering, which076

prunes conflicting updates to preserve stability; and077

(2) Curvature-based Importance Weighting, which078

amplifies shared consensus directions to enhance079

plasticity.080

Extensive experiments in the domains of GUI081

agent and tool-use agent demonstrate that Agent-082

Dice outperforms traditional continual learning083

paradigms with extremely low time overhead and084

minimal parameter update costs. And we further085

validate the rationality and effectiveness of Agent-086

Dice through ablation studies, model similarity087

analysis, and overhead evaluation.088

To summarize, our contributions are four-fold:089

(i) We identify that the stability–plasticity090

dilemma in continual learning for LLM-based091

agents largely arises from the failure to explicitly092

distinguish between common and conflicting093

knowledge during the learning process.094

(ii) We propose Agent-Dice, a novel parameter095

fusion framework that integrates geometric con-096

sensus filtering with curvature-based importance097

weighting, enabling effective multi-task continual098

learning for LLM agents.099

(iii) We present a theoretical analysis that proves100

the validity of the Agent-Dice parameter fusion101

scheme, while also providing new insights into the102

root causes of the stability–plasticity dilemma in103

agent continual learning.104

(iv) Extensive experiments across both GUI105

agent and tool-use domains demonstrate that106

Agent-Dice exhibits outstanding continual learning107

performance with minimal computational overhead108

and parameter updates.109

2 Related Work110

In this section, we first review recent advances in111

LLM-based agents, focusing on two representative112

agent paradigms studied in this work: GUI agents113

and tool-use agents. We then summarize prior114

efforts on continual learning for LLMs.115

2.1 LLM Agent 116

Recent advances in LLMs have empowered 117

LLM-based agents to interact with complex 118

environments by leveraging their capabilities 119

reasoning (Plaat et al., 2024), planning (Wei et al., 120

2025), and decision-making (Sun et al., 2025). One 121

representative line of research focuses on GUI 122

agents (Tang et al., 2025b; Zhang et al., 2024a), 123

which operate smart devices through human-like 124

interactions and adapt to new tasks via large-scale 125

pre-training (Wang et al., 2025a; Ye et al., 2025), 126

supervised fine-tuning (Ma et al., 2024; Zhang and 127

Zhang, 2024), and reinforcement learning (Tang 128

et al., 2025a; Lu et al., 2025b; Luo et al., 2025; 129

Liu et al., 2025b; Xu et al., 2025; Bai et al., 2024; 130

Wang et al., 2025b). Another important direction 131

is tool-use agents, which extend LLM capabilities 132

by integrating external tools and APIs to perform 133

complex reasoning and execution (Schick et al., 134

2023; Qin et al., 2023; Liu et al., 2024, 2025a; 135

Zhang et al., 2025b; Patil et al., 2025; Barres et al., 136

2025; Chen et al., 2025a). Despite their strong 137

performance, most existing agents are adapted to 138

new domains through sequential fine-tuning or 139

continual updates, which often leads to interference 140

between previously acquired and newly learned 141

skills. This limitation highlights the need for more 142

principled continual learning mechanisms tailored 143

to LLM agents. 144

2.2 LLM Continual Learning 145

To enable LLMs to better adapt to new tasks, 146

existing studies on continual learning for LLMs 147

have explored several main directions. These in- 148

clude regularization-based methods that constrain 149

parameter updates or feature representations (Kirk- 150

patrick et al., 2017; Zenke et al., 2017), approaches 151

that store and replay a subset of previous 152

data (Rebuffi et al., 2017; Hou et al., 2019), 153

and architecture-based strategies that introduce 154

task-specific modules or models (Schwarz et al., 155

2018; Yan et al., 2021). More recently, rehearsal- 156

free methods have gained attention by leveraging 157

parameter-efficient strategies for continual fine- 158

tuning of pre-trained models (Wang et al., 2022; 159

Tang et al., 2023; Wang et al., 2023). However, 160

most existing approaches are developed in the 161

context of traditional LLM tasks, while continual 162

learning for LLM agents in complex and dynamic 163

environments presents additional challenges that 164

have not yet been fully addressed. 165
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3 Agent-Dice166

In this section, we present Agent-Dice, a theoreti-167

cally grounded parameter fusion framework. We168

first provide a theoretical support (complete proof169

provided in Appendix A) of our method using a170

optimization perspective. We then introduce the171

detailed implementation pipeline of Agent-Dice.172

3.1 Theoretical Support173

Let θ∗ ∈ Rd be the optimal parameters on the pre-174

trained manifold. We consider a multi-task setting175

with K tasks, where each task k is associated with176

a loss function Lk : Rd → R. The fine-tuned177

parameter vector for task k is denoted by θk =178

θpre + τk, where τk represents the task-specific179

displacement vector.180

Our goal is to find a fusion policy Φ such that the181

fused parameter θfused = Φ({θk}Kk=1) minimizes182

the worst-case approximation error relative to183

the Pareto-optimal solution of the joint loss184

Ltotal(θ) =
∑K

k=1 Lk(θ). We analyze the fusion185

process through three theoretical lenses: linear186

approximation, variance reduction via consensus,187

and maximum entropy weight assignment.188

Parameter Space Linearization. First, we189

establish the validity of the linear combination190

form applied in an element-wise manner (meaning191

each parameter is combined individually). We rely192

on the assumption that the pre-trained model lies in193

a linear mode connectivity basin (Mirzadeh et al.,194

2021), a phenomenon widely observed in large-195

scale deep learning models.196

Theorem 1 (First-Order Manifold Aggregation).
Assume that for a local neighborhood around
θpre, the loss function Lk is approximately linear
with respect to τk. Let W ∈ Rd×K be a
weighting matrix where

∑K
k=1wk,i = 1. The

update rule θnew = θpre +
∑K

k=1wk ⊙ τk
approximates a single gradient descent step
on a surrogate multi-task objective L̃(θ) =∑K

k=1w
⊤
k Lk(θ).

197

Proof. Using a first-order Taylor expansion,198

Lk(θpre + τ ) ≈ Lk(θpre) + ∇Lk(θpre)
⊤τ .199

Since τk is obtained via SGD, τk ∝200

−∇Lk(θpre). The fused update becomes:201

∆θ ∝ −∇
(∑K

k=1w
⊤
k Lk(θpre)

)
. This confirms202

that the fusion rule minimizes the joint loss.203

Noise Suppression via Geometric Consistency. 204

Multi-task fusion often suffers from gradient 205

interference. We model the task vectors as noisy 206

estimators of a shared latent descent direction to 207

justify the necessity of consensus-based filtering. 208

Definition (Interference Model). For a
parameter j, let the true descent sign be s∗j ∈
{−1,+1}. We assume that the sign of the k-th
task update, sk,j = sgn(τk,j), follows a Bernoulli
distribution with success probability p > 0.5, i.e.,
P (sk,j = s∗j ) = p.

209

Theorem 2 (Consensus-Induced Variance Reduc-
tion). Let Sj be the set of tasks with consistent
signs for parameter j. If outlier tasks (where
sk,j ̸= s∗j ) are excluded from aggregation, the
probability of update error decays exponentially
with the size of the consensus set |Sj |, strictly
outperforming standard averaging.

210

Proof. Let X be the number of consistent tasks. 211

By Hoeffding’s inequality, the probability that the 212

majority vote is incorrect is bounded by: 213

P (error) ≤ exp(−2|Sj |(p− 0.5)2). (1) 214

Standard averaging includes the minority set, 215

which effectively reduces the margin p − 0.5 or 216

introduces destructive interference, thus increasing 217

the error bound. Filtering ensures that the update 218

remains within the cone of the true gradient. 219

Saliency Maximization via Boltzmann Distri- 220

bution. Finally, we formalize the assignment 221

of scalar weights. We posit that the magnitude 222

|τk,j | serves as a proxy for the local sensitivity 223

(curvature) of the loss landscape, and thus cast the 224

weight selection as a Maximum Entropy problem. 225

Theorem 3 (Optimal Weighting under Saliency
Constraints). Let uk,j = |τk,j | denote the
saliency of parameter j for task k. The
probability distribution wj that maximizes the
entropy H(wj) subject to the constraint of
matching the expected saliency is the Boltzmann
distribution:

wk,j =
exp(βuk,j)∑

m∈Sj
exp(βum,j)

, (2)

where β is the inverse temperature parameter.
226
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Figure 2: The Agent-Dice Parameter Fusion Pipeline. Task vectors τk undergo a two-stage aggregation policy:
Geometric Consensus Filtering for variance reduction via outlier pruning, and Curvature-based Importance
Weighting for entropy maximization based on parameter saliency. The final refined update is added to θpre.

Proof. We formulate the Lagrangian L =227

−
∑

k wk,j logwk,j + λ(
∑

k wk,juk,j − C) +228

γ(
∑

k wk,j − 1). Setting the partial derivative229
∂L

∂wk,j
= 0 yields logwk,j = λuk,j + γ −230

1, which implies wk,j ∝ exp(λuk,j). This231

derivation confirms that Softmax is the least biased232

distribution given the saliency magnitudes.233

3.2 Method: Directional Consensus234

Evaluation for Parameter Fusion235

Guided by the theoretical support, we formalize236

the Agent-Dice algorithm. The method operates237

element-wise on the agent parameters to construct238

a fused update. To provide a clear overview, we239

first present the general formulation of the fusion240

process. Supported by Theorem 1, the final fused241

parameter vector θfused is obtained by aggregating242

the candidate task vectors {τ1, . . . , τK} weighted243

by a dynamic consensus matrix Wk:244

θfused = θpre +

K∑
k=1

Wk ⊙ τk, (3)245

where ⊙ denotes the Hadamard product (element-246

wise multiplication), and Wk ∈ Rd represents the247

element-wise importance weight vector associated248

with the agent parameters θk learned from the k-th249

task. The core innovation of Agent-Dice lies in the250

specific construction of Wk, which is determined251

through a two-stage process: geometric consensus252

filtering and curvature-based importance weighting253

for continual learning.254

Stage 1: Geometric Consensus Filtering. 255

Supported by Theorem 2, we first identify the 256

dominant optimization direction to construct the 257

active set for each parameter. This step acts as 258

a binary mask, filtering out outlier updates that 259

contradict the manifold consensus. 260

Let τk,i denote the update value of the k-th 261

agent for the i-th parameter, where i ∈ {1, . . . , d}. 262

We define the sign indicator sk,i ∈ {0, 1} as 263

sk,i = 1(τk,i ≥ 0). The consensus score for the 264

i-th parameter is given by the positive vote count 265

Vi =
∑K

k=1 sk,i. The active set Si for this specific 266

parameter is determined by a majority threshold δ 267

(in this paper, δ is set to K/2): 268

Si =


{k | sk,i = 1}, if Vi > δ,

{k | sk,i = 0}, if Vi < K − δ,

{1, . . . ,K}, otherwise.

(4) 269

Only agents belonging to Si are considered 270

eligible to contribute to the fusion of the i-th 271

parameter; effectively, weights for agents k /∈ Si 272

will be forced to zero. 273

Stage 2: Curvature-based Importance Weight- 274

ing. After filtering, supported by Theorem 3, 275

we determine the specific values of the weights 276

wk,i ∈ Wk for the eligible agents. Large 277

update magnitudes |τk,i| typically indicate high 278

confidence or traversal through steep gradients 279

in the loss landscape (high curvature) for that 280

specific parameter. To prioritize these informative 281

features, we employ a masked Softmax function to 282
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normalize these magnitudes within the active set283

for each parameter i:284

wk,i =


exp(|τk,i|)∑

j∈Si
exp(|τj,i|) , if k ∈ Si,

0, if k /∈ Si.
(5)285

This weighting scheme ensures that the final286

model trajectory follows the consensus of the287

most confident agents locally for each parameter,288

effectively neutralizing catastrophic forgetting289

caused by conflicting tasks.290

Final Fusion. By substituting the computed291

element-wise weights wk,i back into the general292

formulation in Equation 3, we obtain the final293

updated parameter vector θfused. This aggregation294

effectively integrates the directional consensus295

with magnitude-based confidence. Specifically, for296

every parameter i, the update becomes a weighted297

sum
∑

k∈Si
wk,iτk,i, where the contribution of298

conflicting agents is nullified. Consequently, the299

fused model updates strictly along the manifold300

direction determined by the majority, while the step301

size is adaptively governed by the agents exhibiting302

the strongest local feature response. This ensures303

the global optimization trajectory balances stability304

and plasticity via consensus filtering and curvature305

weighting, respectively.306

4 Experiments307

In this section, we validate the effectiveness of308

Agent-Dice in two domains: GUI agent and tool-309

use agent. First, we will briefly introduce the310

implementation, and then present our and analyse311

our main results.312

4.1 Implementation313

Dataset. For the GUI agent domain, we choose314

three popular benchmarks: AITZ (Zhang et al.,315

2024b), AndroidControl (Li et al., 2024), and GUI-316

Odyssey (Lu et al., 2025a). For the tool-use agent317

domain, we chose ToolACE (Liu et al., 2025a) as318

the dataset and partitioned it into four subsets based319

on the greedy algorithm (Appendix C) according320

to the minimum tool overlap.321

Evaluation Protocol. We simulate the learning322

paradigm of continual learning agents by323

incrementally adding new knowledge to supervised324

fine-tuning the agent. For the GUI agent domain,325

we add new benchmarks to train the agent. For326

the tool-use agent domain, we gradually add new327

subsets to train the agent. We report the results 328

in the zero-shot setting, the setting where each 329

task is trained individually, and the setting where 330

tasks are trained sequentially and continuously. 331

More detailed evaluation protocol can be found 332

in Appendix B. 333

Metrics. Our core reported metric is the 334

average Z-score (AvgZ) from multi-task learning 335

evaluation. Let {Mi}Ni=1 be the metric scores 336

across N tasks. We compute: Z-score(Mi) = 337
Mi−µi

σi
, AvgZ = 1

N

∑N
i=1 Z-score(Mi). where 338

µi and σi are the mean and standard deviation from 339

baseline models on task i. 340

• For the GUI agent domain, we also report 341

the action type accuracy (Type), step-wise 342

success rate (SR), and trajectory success rate 343

(TSR), where TSR equals 1 only if the SR for 344

every step in the trajectory is 1. 345

• For the tool-use agent domain, we report the 346

rate of predicting the correct tool function 347

name (Func) and the rate of correctly 348

predicting both the tool function name and 349

its parameters (Full). 350

Models. For the GUI agent domain, we select 351

OS-Atlas-Pro-7B (Wu et al., 2025) and Qwen3- 352

VL-8B (Bai et al., 2025) for experimentation. 353

This is because OS-Atlas-Pro-7B is a model 354

specifically designed for the GUI agent domain, 355

while Qwen3-VL-8B is a general-purpose model 356

that has undergone training in the GUI agent 357

domain, making both representative choices. For 358

the tool-use agent domain, we select Qwen3- 359

8B (Yang et al., 2025) and Llama-3.1-8B (Dubey 360

et al., 2024) for experimentation. Qwen3-8B 361

inherently possesses tool-use capabilities, allowing 362

it to achieve good tool-use performance in a zero- 363

shot setting, whereas Llama-3.1-8B lacks tool-use 364

capabilities. Thus, these two models represent 365

distinct scenarios. 366

4.2 Main Results 367

The experimental results, as shown in Tables 1-4, 368

lead to the following key findings: 369

(i) In both the GUI agent domain and the agent 370

tool-use domain, Agent-Dice achieves the highest 371

AvgZ. This indicates that Agent-Dice outperforms 372

traditional lifelong-learning agents in incremental 373

learning, demonstrating its effectiveness. 374
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Method
AITZ AndroidControl GUI-Odyssey AvgZ

Type SR TSR Type SR TSR Type SR TSR

Zero-Shot 63.41
::::
45.08

:::
0.20 73.12 47.14 13.63 74.22 54.71 0.60 -0.38

Learn from AITZ 75.63 59.92 6.13 61.82 36.70 7.54 83.33 60.19 0.54
:::
0.09

Learn from AndroidControl 61.34 30.85 0.00 85.25 57.95 20.31 74.68 40.80 0.24 -0.26
Learn from GUI-Odyssey 63.16 37.67

:::
0.20 69.03 36.79 6.29 90.74 76.06 4.62 -0.17

CL from AITZ and AndroidControl
::::
65.81 37.41 0.00 84.49 57.47 19.40 73.85 39.95 0.30 -0.14

CL from all three 65.78 42.05 0.04 73.56 43.48 9.57 90.69 75.79 4.44 0.14

Agent-Dice (Ours) 74.72 57.10 2.37
::::
80.03

::::
51.42

::::
14.42

::::
89.27

::::
72.28

:::
2.10 0.73

Table 1: Experiment results of Agent-Dice in the GUI agent domain, with OS-Atlas-Pro-7B as the base model. The
best results are highlighted in bold, while the second-best are underlined and the third-best are

::::::::::
underwaved.

Method
AITZ AndroidControl GUI-Odyssey AvgZ

Type SR TSR Type SR TSR Type SR TSR

Zero-Shot 56.81
::::
41.14 0.99 73.90

::::
52.18

::::
13.76 67.68 44.08

:::
0.42 -0.02

Learn from AITZ 74.72 58.23 5.34 58.00 30.23 3.80 66.56 37.17 0.00 -0.03
Learn from AndroidControl 49.12 20.56 0.00 83.21 61.92 20.12 65.22 28.04 0.00 -0.30
Learn from GUI-Odyssey 58.06 32.01 0.20 66.78 31.07 4.72 88.54 67.42 1.86 0.10

CL from AITZ and AndroidControl 59.45 31.44 0.00 82.90 61.91 18.94 64.99 28.66 0.00 -0.06
CL from all three

::::
60.03 35.97

:::
0.59 72.47 34.23 5.05 88.09 63.83 0.48

:::
0.01

Agent-Dice (Ours) 68.28 47.49 0.40
::::
79.39 41.50 8.45

::::
81.40

::::
54.27

:::
0.42 0.29

Table 2: Experiment results of Agent-Dice in the GUI agent domain, with Qwen3-VL-8B as the base model. The
best results are highlighted in bold, while the second-best are underlined and the third-best are

::::::::::
underwaved.

(ii) Overall, the AvgZ of the zero-shot setting in375

each experimental group is negative, indicating that376

training can indeed enhance the overall capability377

of the agent. Moreover, the learn from all setting378

is often not the second-best, suggesting that when379

continuously learning new knowledge, the agent’s380

old knowledge may be affected, leading to a381

decline in overall capability.382

(iii) For the GUI agent domain, due to the383

significant differences in APP data across different384

datasets, a clear catastrophic forgetting problem385

is observed. When a agent encounters knowl-386

edge from GUI-Odyssey, it exhibits noticeable387

forgetting of the knowledge related to AITZ388

and Androidcontrol APPs. With Agent-Dice,389

compared to learning from all three datasets,390

the performance on AITZ and Androidcontrol is391

greatly improved while only a slight decline in392

metrics is observed on GUI-Odyssey.393

(iv) For the agent tool-use domain, Agent-DiCE394

yields more pronounced gains via common395

knowledge reinforcement and noise filtering, given396

minor cross-tool learning mechanism disparities in397

those tasks. It achieves top metrics across nearly398

all subsets and works effectively for both tool- 399

use-capable (Qwen3-8B) and tool-use-less-capable 400

(Llama-3.1-8B) models. 401

5 Further Analysis 402

In this section, we first validate the rationale of 403

Agent-Dice’s design through an ablation study. 404

Then, we differentiate Agent-Dice from direct 405

sequential learning of task knowledge via a model 406

similarity analysis. Finally, we demonstrate 407

the lightweight nature of Agent-Dice through an 408

overhead evaluation. 409

5.1 Ablation Study 410

We conduct an ablation study on the two stages 411

of Agent-Dice: geometric consensus filtering and 412

curvature-based importance weighting. For stage 413

1 ablation, we remove the voting-based weighting 414

mechanism and instead assign uniform weights to 415

all new task vectors during training. For stage 2 416

ablation, we discard the final importance weighting 417

step, i.e., no curvature-based reweighting is applied 418

to the updates. We report the Full metric on the 419

tool-use agent domain and the SR metric on the 420
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Method
Subset 0 Subset 1 Subset 2 Subset 3 AvgZ

Func Full Func Full Func Full Func Full

Zero-Shot 99.64 81.85 99.26 85.66 98.52 83.85
::::
99.28 86.36 -1.42

Learn from Subset 0
::::
98.93 85.96 99.63 88.83 99.26

::::
88.81 100.0

::::
91.35 0.27

Learn from Subset 1 99.29
::::
86.82 99.63 87.52

::::
98.89 89.36 99.64 90.52 0.13

Learn from Subset 2 98.57 84.59 99.63 87.71 97.79 87.52 98.57 90.35 -1.02
Learn from Subset 3 99.64 85.79 99.63 88.83 99.26 88.62 99.64 89.85 0.28

CL from Subset 0 & 1 99.29 86.30 99.63 89.57 99.26 89.54 99.64 91.18
::::
0.44

CL from Subset 0, 1 & 2 99.29 87.16 99.63
::::
89.01 99.26 88.07 100.0 91.68 0.48

CL from all Subsets 99.64 86.13
::::
98.88 88.64 99.63 88.44 99.64 90.68 0.06

Agent-Dice (Ours) 99.29 87.33 99.63 90.69 99.26 89.36 100.0 92.18 0.79

Table 3: Experiment results of Agent-Dice in the tool-use domain, with Qwen3-8B as the base model. The best
results are highlighted in bold, while the second-best are underlined and the third-best are

::::::::::
underwaved.

Method
Subset 0 Subset 1 Subset 2 Subset 3 AvgZ

Func Full Func Full Func Full Func Full

Zero-Shot 13.93 5.82 14.87 6.89 13.28 5.14 10.49 10.32 -2.81

Learn from Subset 0 98.57
::::
79.45

::::
97.77 82.31 98.52 83.67 98.57 85.19 0.45

Learn from Subset 1 88.57 72.95 91.45 73.37 92.62 75.05 89.96 75.87 0.13
Learn from Subset 2

::::
96.79 74.14 96.65 76.54 97.05 74.50 96.77 80.37 0.29

Learn from Subset 3 95.36 78.25 98.88
::::
83.05 97.05 80.55 95.34

::::
83.86 0.39

CL from Subset 0 & 1 95.71 79.62 97.40 83.24
::::
96.31

::::
81.10 96.42 83.19

::::
0.40

CL from Subset 0, 1 & 2 93.57 74.14 93.31 76.72 93.73 78.53 93.91 82.20 0.26
CL from all Subsets 95.00 78.94 94.42 82.50 95.94

::::
81.10

::::
97.49 83.19 0.38

Agent-Dice (Ours) 97.50 84.25 98.14 85.47 98.52 85.69 98.21 87.02 0.51

Table 4: Experiment results of Agent-Dice in the tool-use domain, with Llama-3.1-8B as the base model. The best
results are highlighted in bold, while the second-best are underlined and the third-best are

::::::::::
underwaved.

GUI agent domain.421

Results are illustrated in Figures 3-4. Under422

the stage 1 ablation setting, the agent fails423

to learn precise common knowledge across424

tasks, highlighting the critical role of geometric425

consensus filtering. Under the stage 2 ablation426

setting, the agent’s performance drops sharply427

in both the GUI agent and tool-use agent428

domains. This degradation is caused by the429

absence of curvature-based importance weighting,430

which otherwise constrains the update magnitude;431

without this constraint, the knowledge updates432

become excessively large and unstable. Overall,433

these results demonstrate that both stages are434

indispensable for stable and effective knowledge435

integration in Agent-Dice.436

5.2 Model Similarity Analysis437

As shown in Figures 5-6, we evaluate the model438

similarity between the Agent-Dice fused model,439

the base model, and models continuously trained440

on individual datasets. We utilize KL divergence 441

as the metric, where a lower value indicates greater 442

similarity. The experimental results of the model 443

similarity analysis are presented as heatmaps. 444

Overall, in the GUI agent domain and the tool- 445

use agent domain, when a base model is trained on 446

more tasks, the KL divergence with the base model 447

increases. This is because the agent continuously 448

learns new knowledge to adapt to new tasks. 449

In the GUI agent domain, catastrophic forgetting 450

is more pronounced. So Agent-Dice strikes 451

a balance in parameter shifts across the three 452

datasets. It attains the best performance with 453

only a marginal increase in parameter modification 454

compared to single-dataset training. 455

In the tool-use agent domain, Agent-Dice 456

exhibits the highest similarity to Qwen3-8B. This 457

suggests that Agent-Dice effectively captures 458

the common knowledge intrinsic to the tool-use 459

domain, achieving superior performance with 460

minimal parameter deviation. 461
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Figure 3: Ablation study on GUI Agent tasks.
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Figure 4: Ablation study on Tool-use Agent tasks.
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Figure 5: Model similarity analysis in the GUI agent
domain. The similarity between Agent-Dice and OS-
Atlas-Pro-7B is only marginally lower than that of
models trained on a single dataset.

5.3 Overhead Evaluation462

To analyze the additional time overhead introduced463

by Agent-Dice, we conduct an overhead evaluation464

experiment. We test different base models in the465

tool-use agent domain and the GUI agent domain,466

and report results for scenarios using only the GPU467

and only the CPU, respectively. On average, Agent-468

Dice requires only about one minute of GPU usage469

or about ten minutes of CPU usage to complete the470

task.471

The statistics are reported in Table 5. When472

using a GPU, the overhead of Agent-Dice ranges473

only from 61.84 to 88.52 seconds. Even without474

a GPU, when using only the CPU, the overhead475

of Agent-Dice does not exceed one minute.476

Compared to the training process that takes several477

hours or dozens of hours, the time overhead478

introduced by Agent-Dice is negligible. This fully479

demonstrates that Agent-Dice is a lightweight and480

efficient agent continual learning solution.481
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Figure 6: Model similarity analysis in the tool-use agent
domain. Agent-Dice exhibits the highest similarity to
Qwen3-8B.

Model Domain GPU Time (s) CPU Time (s)

OS-Atlas-Pro-7B GUI 73.93 559.47
Qwen3-VL-8B GUI 83.88 463.97
Qwen3-8B Tool-use 61.84 461.03
LLaMA-3.1-8B Tool-use 88.52 1049.82

Average - 77.04 633.57

Table 5: Computation time comparison across different
domains using Agent-Dice with GPU or CPU.

6 Conclusion 482

In this work, we identify that the stability–plasticity 483

dilemma in continual learning for LLM-based 484

agents largely arises from the failure to explicitly 485

distinguish between common and conflicting 486

knowledge during the learning process. To address 487

the challenge, we present Agent-Dice, a novel 488

parameter fusion framework designed to resolve 489

the stability-plasticity dilemma in agent continual 490

learning with minimal computational overhead 491

and parameter updates. Further, we demonstrate 492

the rationality and effectiveness of Agent-Dice 493

through ablation study, model similarity analysis, 494

and overhead evaluation. 495
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Limitations496

While Agent-Dice has been validated through497

extensive experiments across different backbone498

models in the GUI agent domain and the tool-use499

agent domain, the evaluation centers on a limited500

set of representative agent scenarios. However, this501

limitation lies in the scope of empirical evaluation502

rather than in the design of the proposed method503

itself. Future work may explore additional agent504

domains and task settings to further examine the505

generality and applicability of Agent-Dice under506

more diverse and realistic conditions.507

References508

Hao Bai, Yifei Zhou, Jiayi Pan, Mert Cemri, Alane509
Suhr, Sergey Levine, and Aviral Kumar. 2024.510
Digirl: Training in-the-wild device-control agents511
with autonomous reinforcement learning. Advances512
in Neural Information Processing Systems, 37:12461–513
12495.514

Shuai Bai, Yuxuan Cai, Ruizhe Chen, Keqin Chen,515
Xionghui Chen, Zesen Cheng, Lianghao Deng,516
Wei Ding, Chang Gao, Chunjiang Ge, Wenbin Ge,517
Zhifang Guo, Qidong Huang, Jie Huang, Fei Huang,518
Binyuan Hui, Shutong Jiang, Zhaohai Li, Mingsheng519
Li, and 45 others. 2025. Qwen3-vl technical report.520
arXiv preprint arXiv:2511.21631.521

Victor Barres, Honghua Dong, Soham Ray, Xujie522
Si, and Karthik Narasimhan. 2025. τ2-bench:523
Evaluating conversational agents in a dual-control524
environment. Preprint, arXiv:2506.07982.525

Chen Chen, Xinlong Hao, Weiwen Liu, Xu Huang,526
Xingshan Zeng, Shuai Yu, Dexun Li, Shuai Wang,527
Weinan Gan, Yuefeng Huang, Wulong Liu, Xinzhi528
Wang, Defu Lian, Baoqun Yin, Yasheng Wang, and529
Wu Liu. 2025a. Acebench: Who wins the match530
point in tool usage? Preprint, arXiv:2501.12851.531

Qiguang Chen, Libo Qin, Jinhao Liu, Dengyun Peng,532
Jiannan Guan, Peng Wang, Mengkang Hu, Yuhang533
Zhou, Te Gao, and Wanxiang Che. 2025b. Towards534
reasoning era: A survey of long chain-of-thought535
for reasoning large language models. arXiv preprint536
arXiv:2503.09567.537

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,538
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,539
Akhil Mathur, Alan Schelten, Amy Yang, Angela540
Fan, and 1 others. 2024. The llama 3 herd of models.541
arXiv e-prints, pages arXiv–2407.542

Huan-ang Gao, Jiayi Geng, Wenyue Hua, Mengkang543
Hu, Xinzhe Juan, Hongzhang Liu, Shilong Liu,544
Jiahao Qiu, Xuan Qi, Yiran Wu, and 1 others. 2025.545
A survey of self-evolving agents: On path to artificial546
super intelligence. arXiv preprint arXiv:2507.21046.547

Saihui Hou, Xinyu Pan, Chen Change Loy, Zilei Wang, 548
and Dahua Lin. 2019. Learning a unified classifier 549
incrementally via rebalancing. In Proceedings of 550
the IEEE/CVF conference on computer vision and 551
pattern recognition, pages 831–839. 552

Jincai Huang, Yongjun Xu, Qi Wang, Qi Cheems 553
Wang, Xingxing Liang, Fei Wang, Zhao Zhang, 554
Wei Wei, Boxuan Zhang, Libo Huang, and 1 others. 555
2025. Foundation models and intelligent decision- 556
making: Progress, challenges, and perspectives. The 557
Innovation. 558

Xu Huang, Weiwen Liu, Xiaolong Chen, Xingmei 559
Wang, Hao Wang, Defu Lian, Yasheng Wang, Ruim- 560
ing Tang, and Enhong Chen. 2024. Understanding 561
the planning of llm agents: A survey. arXiv preprint 562
arXiv:2402.02716. 563

James Kirkpatrick, Razvan Pascanu, Neil Rabinowitz, 564
Joel Veness, Guillaume Desjardins, Andrei A 565
Rusu, Kieran Milan, John Quan, Tiago Ramalho, 566
Agnieszka Grabska-Barwinska, and 1 others. 2017. 567
Overcoming catastrophic forgetting in neural 568
networks. Proceedings of the national academy of 569
sciences, 114(13):3521–3526. 570

Wei Li, William E Bishop, Alice Li, Christopher 571
Rawles, Folawiyo Campbell-Ajala, Divya Tyama- 572
gundlu, and Oriana Riva. 2024. On the effects of 573
data scale on ui control agents. Advances in Neural 574
Information Processing Systems, 37:92130–92154. 575

Xinzhe Li. 2025. A review of prominent paradigms 576
for llm-based agents: Tool use, planning (including 577
rag), and feedback learning. In Proceedings of 578
the 31st International Conference on Computational 579
Linguistics, pages 9760–9779. 580

Weiwen Liu, Xu Huang, Xingshan Zeng, Shuai Yu, 581
Dexun Li, Shuai Wang, Weinan Gan, Zhengying 582
Liu, Yuanqing Yu, Zezhong WANG, and 1 others. 583
2025a. Toolace: Winning the points of llm function 584
calling. In The Thirteenth International Conference 585
on Learning Representations. 586

Yuhang Liu, Pengxiang Li, Congkai Xie, Xavier Hu, 587
Xiaotian Han, Shengyu Zhang, Hongxia Yang, and 588
Fei Wu. 2025b. Infigui-r1: Advancing multimodal 589
gui agents from reactive actors to deliberative 590
reasoners. arXiv preprint arXiv:2504.14239. 591

Zuxin Liu, Thai Hoang, Jianguo Zhang, Ming Zhu, 592
Tian Lan, Shirley Kokane, Juntao Tan, Weiran Yao, 593
Zhiwei Liu, Yihao Feng, Rithesh Murthy, Liangwei 594
Yang, Silvio Savarese, Juan Carlos Niebles, Huan 595
Wang, Shelby Heinecke, and Caiming Xiong. 2024. 596
Apigen: Automated pipeline for generating verifiable 597
and diverse function-calling datasets. Preprint, 598
arXiv:2406.18518. 599

Quanfeng Lu, Wenqi Shao, Zitao Liu, Lingxiao Du, 600
Fanqing Meng, Boxuan Li, Botong Chen, Siyuan 601
Huang, Kaipeng Zhang, and Ping Luo. 2025a. 602
Guiodyssey: A comprehensive dataset for cross-app 603

9

https://arxiv.org/abs/2506.07982
https://arxiv.org/abs/2506.07982
https://arxiv.org/abs/2506.07982
https://arxiv.org/abs/2506.07982
https://arxiv.org/abs/2506.07982
https://arxiv.org/abs/2501.12851
https://arxiv.org/abs/2501.12851
https://arxiv.org/abs/2501.12851
https://arxiv.org/abs/2406.18518
https://arxiv.org/abs/2406.18518
https://arxiv.org/abs/2406.18518


gui navigation on mobile devices. In Proceedings604
of the IEEE/CVF International Conference on605
Computer Vision, pages 22404–22414.606

Zhengxi Lu, Yuxiang Chai, Yaxuan Guo, Xi Yin,607
Liang Liu, Hao Wang, Han Xiao, Shuai Ren,608
Guanjing Xiong, and Hongsheng Li. 2025b. Ui-609
r1: Enhancing efficient action prediction of gui610
agents by reinforcement learning. arXiv preprint611
arXiv:2503.21620.612

Run Luo, Lu Wang, Wanwei He, Longze Chen, Jiaming613
Li, and Xiaobo Xia. 2025. Gui-r1: A generalist r1-614
style vision-language action model for gui agents.615
arXiv preprint arXiv:2504.10458.616

Xinbei Ma, Zhuosheng Zhang, and Hai Zhao. 2024.617
Coco-agent: A comprehensive cognitive mllm agent618
for smartphone gui automation. In Findings of the619
Association for Computational Linguistics ACL 2024,620
pages 9097–9110.621

Seyed Iman Mirzadeh, Mehrdad Farajtabar, Dilan622
Gorur, Razvan Pascanu, and Hassan Ghasemzadeh.623
2021. Linear mode connectivity in multitask and624
continual learning. In International Conference on625
Learning Representations.626

Aneesh Muppidi, Zhiyu Zhang, and Heng Yang.627
2024. Fast trac: A parameter-free optimizer for628
lifelong reinforcement learning. Advances in Neural629
Information Processing Systems, 37:51169–51195.630

Siru Ouyang, Jun Yan, I Hsu, Yanfei Chen, Ke Jiang,631
Zifeng Wang, Rujun Han, Long T Le, Samira Daruki,632
Xiangru Tang, and 1 others. 2025. Reasoningbank:633
Scaling agent self-evolving with reasoning memory.634
arXiv preprint arXiv:2509.25140.635

Shishir G Patil, Huanzhi Mao, Fanjia Yan, Charlie636
Cheng-Jie Ji, Vishnu Suresh, Ion Stoica, and637
Joseph E. Gonzalez. 2025. The berkeley function638
calling leaderboard (BFCL): From tool use to agentic639
evaluation of large language models. In Forty-second640
International Conference on Machine Learning.641

Aske Plaat, Annie Wong, Suzan Verberne, Joost642
Broekens, Niki van Stein, and Thomas Back. 2024.643
Reasoning with large language models, a survey.644
arXiv preprint arXiv:2407.11511.645

Yujia Qin, Shihao Liang, Yining Ye, Kunlun Zhu, Lan646
Yan, Yaxi Lu, Yankai Lin, Xin Cong, Xiangru Tang,647
Bill Qian, Sihan Zhao, Lauren Hong, Runchu Tian,648
Ruobing Xie, Jie Zhou, Mark Gerstein, Dahai Li,649
Zhiyuan Liu, and Maosong Sun. 2023. Toolllm:650
Facilitating large language models to master 16000+651
real-world apis. Preprint, arXiv:2307.16789.652

Sylvestre-Alvise Rebuffi, Alexander Kolesnikov, Georg653
Sperl, and Christoph H Lampert. 2017. icarl:654
Incremental classifier and representation learning.655
In Proceedings of the IEEE conference on Computer656
Vision and Pattern Recognition, pages 2001–2010.657

Anthony Robins. 1995. Catastrophic forgetting, 658
rehearsal and pseudorehearsal. Connection Science, 659
7(2):123–146. 660

Timo Schick, Jane Dwivedi-Yu, Roberto Dessì, Roberta 661
Raileanu, Maria Lomeli, Luke Zettlemoyer, Nicola 662
Cancedda, and Thomas Scialom. 2023. Toolformer: 663
Language models can teach themselves to use tools. 664
Preprint, arXiv:2302.04761. 665

Jonathan Schwarz, Wojciech Czarnecki, Jelena 666
Luketina, Agnieszka Grabska-Barwinska, Yee Whye 667
Teh, Razvan Pascanu, and Raia Hadsell. 2018. 668
Progress & compress: A scalable framework for 669
continual learning. In International conference on 670
machine learning, pages 4528–4537. PMLR. 671

Chuanneng Sun, Songjun Huang, and Dario Pompili. 672
2025. Llm-based multi-agent decision-making: 673
Challenges and future directions. IEEE Robotics 674
and Automation Letters. 675

Fei Tang, Zhangxuan Gu, Zhengxi Lu, Xuyang Liu, 676
Shuheng Shen, Changhua Meng, Wen Wang, Wenqi 677
Zhang, Yongliang Shen, Weiming Lu, and 1 others. 678
2025a. Gui-g2: Gaussian reward modeling for gui 679
grounding. arXiv preprint arXiv:2507.15846. 680

Fei Tang, Haolei Xu, Hang Zhang, Siqi Chen, Xingyu 681
Wu, Yongliang Shen, Wenqi Zhang, Guiyang Hou, 682
Zeqi Tan, Yuchen Yan, and 1 others. 2025b. A 683
survey on (m) llm-based gui agents. arXiv preprint 684
arXiv:2504.13865. 685

Yu-Ming Tang, Yi-Xing Peng, and Wei-Shi Zheng. 686
2023. When prompt-based incremental learning does 687
not meet strong pretraining. In Proceedings of the 688
IEEE/CVF International Conference on Computer 689
Vision, pages 1706–1716. 690

Haoming Wang, Haoyang Zou, Huatong Song, Jiazhan 691
Feng, Junjie Fang, Junting Lu, Longxiang Liu, Qinyu 692
Luo, Shihao Liang, Shijue Huang, and 1 others. 693
2025a. Ui-tars-2 technical report: Advancing gui 694
agent with multi-turn reinforcement learning. arXiv 695
preprint arXiv:2509.02544. 696

Liyuan Wang, Jingyi Xie, Xingxing Zhang, Mingyi 697
Huang, Hang Su, and Jun Zhu. 2023. Hierarchical 698
decomposition of prompt-based continual learning: 699
Rethinking obscured sub-optimality. Advances in 700
Neural Information Processing Systems, 36:69054– 701
69076. 702

Taiyi Wang, Zhihao Wu, Jianheng Liu, Jianye HAO, 703
Jun Wang, and Kun Shao. 2025b. Distrl: An 704
asynchronous distributed reinforcement learning 705
framework for on-device control agent. In The 706
Thirteenth International Conference on Learning 707
Representations. 708

Zifeng Wang, Zizhao Zhang, Chen-Yu Lee, Han Zhang, 709
Ruoxi Sun, Xiaoqi Ren, Guolong Su, Vincent Perot, 710
Jennifer Dy, and Tomas Pfister. 2022. Learning to 711
prompt for continual learning. In Proceedings of 712

10

https://openreview.net/forum?id=2GmDdhBdDk
https://openreview.net/forum?id=2GmDdhBdDk
https://openreview.net/forum?id=2GmDdhBdDk
https://openreview.net/forum?id=2GmDdhBdDk
https://openreview.net/forum?id=2GmDdhBdDk
https://arxiv.org/abs/2307.16789
https://arxiv.org/abs/2307.16789
https://arxiv.org/abs/2307.16789
https://arxiv.org/abs/2307.16789
https://arxiv.org/abs/2307.16789
https://arxiv.org/abs/2302.04761
https://arxiv.org/abs/2302.04761
https://arxiv.org/abs/2302.04761


the IEEE/CVF conference on computer vision and713
pattern recognition, pages 139–149.714

Hui Wei, Zihao Zhang, Shenghua He, Tian Xia, Shijia715
Pan, and Fei Liu. 2025. Plangenllms: A modern716
survey of llm planning capabilities. arXiv preprint717
arXiv:2502.11221.718

Zhiyong Wu, Zhenyu Wu, Fangzhi Xu, Yian Wang,719
Qiushi Sun, Chengyou Jia, Kanzhi Cheng, Zichen720
Ding, Liheng Chen, Paul Pu Liang, and 1 others.721
2025. Os-atlas: Foundation action model for722
generalist gui agents. In The Thirteenth International723
Conference on Learning Representations.724

Yifan Xu, Xiao Liu, Xinghan Liu, Jiaqi Fu, Hanchen725
Zhang, Bohao Jing, Shudan Zhang, Yuting Wang,726
Wenyi Zhao, and Yuxiao Dong. 2025. Mobilerl:727
Online agentic reinforcement learning for mobile728
gui agents. arXiv preprint arXiv:2509.18119.729

Shipeng Yan, Jiangwei Xie, and Xuming He. 2021.730
Der: Dynamically expandable representation for731
class incremental learning. In Proceedings of732
the IEEE/CVF conference on computer vision and733
pattern recognition, pages 3014–3023.734

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang,735
Binyuan Hui, Bo Zheng, Bowen Yu, Chang736
Gao, Chengen Huang, Chenxu Lv, Chujie Zheng,737
Dayiheng Liu, Fan Zhou, Fei Huang, Feng Hu, Hao738
Ge, Haoran Wei, Huan Lin, Jialong Tang, and 41739
others. 2025. Qwen3 technical report. arXiv preprint740
arXiv:2505.09388.741

Jiabo Ye, Xi Zhang, Haiyang Xu, Haowei Liu, Junyang742
Wang, Zhaoqing Zhu, Ziwei Zheng, Feiyu Gao,743
Junjie Cao, Zhengxi Lu, and 1 others. 2025. Mobile-744
agent-v3: Fundamental agents for gui automation.745
arXiv preprint arXiv:2508.15144.746

Friedemann Zenke, Ben Poole, and Surya Ganguli.747
2017. Continual learning through synaptic748
intelligence. In International conference on machine749
learning, pages 3987–3995. PMLR.750

Chaoyun Zhang, Shilin He, Jiaxu Qian, Bowen Li,751
Liqun Li, Si Qin, Yu Kang, Minghua Ma, Guyue Liu,752
Qingwei Lin, and 1 others. 2024a. Large language753
model-brained gui agents: A survey. arXiv preprint754
arXiv:2411.18279.755

Jiwen Zhang, Jihao Wu, Teng Yihua, Minghui Liao,756
Nuo Xu, Xiao Xiao, Zhongyu Wei, and Duyu Tang.757
2024b. Android in the zoo: Chain-of-action-thought758
for gui agents. In Findings of the Association for759
Computational Linguistics: EMNLP 2024, pages760
12016–12031.761

Kai Zhang, Xiangchao Chen, Bo Liu, Tianci Xue,762
Zeyi Liao, Zhihan Liu, Xiyao Wang, Yuting Ning,763
Zhaorun Chen, Xiaohan Fu, and 1 others. 2025a.764
Agent learning via early experience. arXiv preprint765
arXiv:2510.08558.766

Kangning Zhang, Wenxiang Jiao, Kounianhua Du, 767
Yuan Lu, Weiwen Liu, Weinan Zhang, Lei Zhang, 768
and Yong Yu. 2025b. Looptool: Closing the data- 769
training loop for robust llm tool calls. arXiv preprint 770
arXiv:2511.09148. 771

Zhi Zhang, Chris Chow, Yasi Zhang, Yanchao 772
Sun, Haochen Zhang, Eric Hanchen Jiang, Han 773
Liu, Furong Huang, Yuchen Cui, and OSCAR 774
HERNAN MADRID PADILLA. 2025c. Statistical 775
guarantees for lifelong reinforcement learning using 776
pac-bayes theory. In International Conference on 777
Artificial Intelligence and Statistics, pages 5050– 778
5058. PMLR. 779

Zhuosheng Zhang and Aston Zhang. 2024. You only 780
look at screens: Multimodal chain-of-action agents. 781
In Findings of the Association for Computational 782
Linguistics: ACL 2024, pages 3132–3149. 783

Junhao Zheng, Chengming Shi, Xidi Cai, Qiuke Li, 784
Duzhen Zhang, Chenxing Li, Dong Yu, and Qianli 785
Ma. 2025. Lifelong learning of large language 786
model based agents: A roadmap. arXiv preprint 787
arXiv:2501.07278. 788

A Proof Datails 789

In this section, we provide more detailed proofs 790

for Theorem 1, Theorem 2, and Theorem 3. 791

A.1 Detailed Proof of Theorem 1 792

Our goal is to prove the update rule θnew = θpre + 793∑K
k=1wk ⊙ τk approximates a single gradient 794

descent step on a surrogate multi-task objective 795

L̃(θ) =
∑K

k=1w
⊤
k Lk(θ). 796

By the linear mode connectivity assumption: 797

Lk(θ+δ) = Lk(θ)+∇Lk(θ)
⊤δ+O(∥δ∥2). (6) 798

For small ∥δ∥: 799

Lk(θ + δ) ≈ Lk(θ) +∇Lk(θ)
⊤δ. (7) 800

Each fine-tuning update τk is obtained via 801

gradient descent with learning rate η: 802

τk = −η∇Lk(θ). (8) 803

Define scalar weights wk ∈ R with
∑K

k=1wk = 804

1. The fused update is: 805

θnew = θpre +

K∑
k=1

wkτk. (9) 806

Substituting (8) into (9): 807

θnew = θpre − η

K∑
k=1

wk∇Lk(θpre). (10) 808
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Define the surrogate loss:809

L̃(θ) =
K∑
k=1

wkLk(θ). (11)810

From (10) and (11):811

θnew = θ − η∇L̃(θ). (12)812

Thus, the fused update equals one gradient813

descent step on L̃ with step size η.814

And we define:815

θnew = θ +

K∑
k=1

wk ⊙ τk. (13)816

From (8) and (13):817

θnew = θ − η
K∑
k=1

wk ⊙∇Lk(θ). (14)818

From (12) and (14):819

L̃(θ) =
K∑
k=1

w⊤
k Lk(θ). (15)820

A.2 Detailed Proof of Theorem 2821

Our goal is to show that consensus-based filtering822

yields an update direction whose error probability823

decays exponentially with the number of consistent824

tasks, and improves over standard averaging.825

Consider a fixed parameter dimension j. Let826

s∗j ∈ {−1,+1} denote the true descent direction.827

For each task k, define the signed update828

sk,j = sgn(τk,j). (16)829

Assume830

P (sk,j = s∗j ) = p, p >
1

2
, (17)831

and {sk,j}Kk=1 are independent.832

Let Sj ⊆ {1, . . . ,K} denote the consensus set833

after filtering, and let m = |Sj |. Define the random834

variable835

X =
∑
k∈Sj

I[sk,j = s∗j ], (18)836

with expectation837

E[X] = mp. (19)838

An update error occurs if the aggregated839

direction disagrees with s∗j , i.e.,840

X ≤ m

2
. (20)841

Applying Hoeffding’s inequality yields 842

P
(
X ≤ m

2

)
≤ exp

(
−2m(p− 0.5)2

)
. (21) 843

Thus, the error probability decays exponentially 844

with the consensus size m. 845

For standard averaging, all K tasks are 846

aggregated, including those with sk,j ̸= s∗j . This 847

corresponds to an effective success probability 848

p̃ ≤ p, yielding 849

Pavg(error) ≥ exp
(
−2K(p̃− 0.5)2

)
, p̃ < p.

(22) 850

Comparing with (21), consensus-based filtering 851

achieves a strictly tighter error bound. 852

A.3 Detailed Proof of Theorem 3 853

Our goal is to derive the optimal scalar weighting 854

wj that maximizes entropy under expected saliency 855

and normalization constraints. 856

For a fixed parameter dimension j, let 857

uk,j = |τk,j | 858

denote the saliency associated with task k. We seek 859

a distribution 860

wj = {wk,j}k∈Sj
(23) 861

that maximizes the entropy 862

H(wj) = −
∑
k∈Sj

wk,j logwk,j , (24) 863

subject to the constraints 864∑
k∈Sj

wk,juk,j = C, (25) 865

∑
k∈Sj

wk,j = 1. (26) 866

We form the Lagrangian 867

L = −
∑
k

wk,j logwk,j

+ λ

(∑
k

wk,juk,j − C

)

+ γ

(∑
k

wk,j − 1

)
.

(27) 868

Taking the partial derivative with respect to wk,j 869

and setting it to zero: 870

∂L
∂wk,j

= − logwk,j − 1 + λuk,j + γ = 0. (28) 871
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Solving for wk,j yields872

logwk,j = λuk,j + γ − 1, (29)873

or equivalently,874

wk,j ∝ exp(λuk,j). (30)875

Enforcing the normalization constraint (26), we876

obtain877

wk,j =
exp(λuk,j)∑

m∈Sj
exp(λum,j)

. (31)878

By defining β = λ, the optimal solution corre-879

sponds to the Boltzmann (Softmax) distribution,880

completing the proof.881

B Experimental Details882

In this section, we provide a comprehensive883

description of the experimental setup used to884

evaluate Agent-Dice. We detail the implementation885

configurations, action and output formats, and886

model selections across two representative887

domains: the GUI agent domain and the tool-888

use agent domain. All experiments are conducted889

under consistent training and evaluation protocols890

to ensure fair and reproducible comparisons.891

B.1 Implementation Details892

All experiments were performed using 1200 hours893

of 80GB GPU computing resources. We conducted894

training with llama-factory, setting a learning rate895

of 1e-5 for 3 epochs when using OS-Atlas-pro-7B896

as the base model in the GUI agent domain, and897

a learning rate of 1e-5 for 2 epochs when using898

Qwen3-VL-8B as the base. For the tool-use agent899

domain, a learning rate of 1.0e-5 was applied for900

3 epochs when using both Qwen3-8B and Llama-901

3.1-8B as base models.902

B.2 Output Format903

For the GUI agent domain, we follow the common904

action space used by existing GUI agents, as905

shown in Table 6. During evaluation, we adhere906

to the assessment methods of existing works:907

for actions with coordinates such as CLICK and908

LONG_PRESS, a relative error of less than 14% is909

considered correct. For TYPE actions, an F1 score910

greater than 0.5 is required to be counted as correct.911

In all other cases, exact matching is necessary for912

correctness. And TSR for a task will be 1 only if913

SR for every single frame within that task is 1.914

For the tool-use agent domain, we specify the 915

selectable tools and parameter descriptions in 916

the input prompt. The agent directly outputs a 917

list of tool calls, where each element includes 918

the function name along with the corresponding 919

parameter names and values. 920

B.3 Model details 921

Our experiments are conducted in two domains: 922

the GUI agent domain and the tool-use agent 923

domain. In the GUI agent domain, we consider 924

both models specialized for GUI manipulation 925

and general-purpose models equipped with GUI 926

interaction capabilities. To ensure broad and 927

representative evaluation, we select one example 928

from each category, namely OS-Atlas-Pro-7B and 929

Qwen3-VL-8B, for our experiments. 930

In the tool-use agent domain, not all models 931

are able to follow prompts to invoke tools under a 932

zero-shot setting. Therefore, we choose Qwen3-8B 933

and Llama-3.1-8B, which demonstrate zero-shot 934

tool-use capability, for evaluation. 935

C How to partition the ToolACE dataset 936

To ensure a balanced distribution of tool 937

capabilities across different partitions, we employ 938

the splitting strategy outlined in Algorithm 1. 939

In the assignment phase, the ToolACE dataset 940

is first shuffled to eliminate distributional bias. 941

We then adopt a greedy allocation approach 942

where each sample is assigned to the subset that 943

minimizes a joint objective: the increment of 944

unseen tools (to promote tool concentration) and 945

the current subset size (to ensure load balancing). 946

This tool-aware mechanism effectively prevents 947

the fragmentation of tool occurrences, allowing 948

each subset to specialize in specific functional 949

domains while maintaining uniform data volume. 950

Subsequently, we execute a density-based intra- 951

subset split to construct robust training and 952

evaluation sets. Within each assigned subset, 953

samples are sorted by tool usage density in 954

descending order; the top portion (determined by 955

ratio r) is selected for training to maximize the 956

model’s exposure to complex tool-use scenarios. 957

For the test set, we identify the tool coverage of 958

the training partition and organize the remaining 959

samples based on their tool novelty relative to the 960

training data. 961

As evidenced in Table 7, the diagonal entries 962

exhibit significantly higher tool overlap (25.8% ∼ 963
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Action Type Action Description Action Format

CLICK Click at the specified position. CLICK <point>[[x-axis, y-axis]]</point>
TYPE Enter specified text at the designated location. TYPE [input text]

SCROLL Scroll in the specified direction. SCROLL [UP/DOWN/LEFT/RIGHT]
PRESS_BACK Press a back button to navigate to the previous screen. PRESS_BACK
PRESS_HOME Press a home button to navigate to the home page. PRESS_HOME

ENTER Press the enter button. ENTER
OPEN_APP Open the specified application. OPEN_APP [app_name]

WAIT Wait for the screen to load. WAIT
LONG_PRESS Long press at the specified position. LONG_PRESS <point>[[x-axis, y-axis]]</point>

COMPELTE Indicate the task is finished. COMPELTE
IMPOSSIBLE Indicate the task is impossible. IMPOSSIBLE

Table 6: Action space in our GUI agent domain experiment.

Algorithm 1: ToolACE Split Strategy
INPUT :Dataset D, number of subsets M ,

training ratio r
OUTPUT :Subsets {Dtrain

m ,Dtest
m }Mm=1

1 Phase 1: Tool-Aware Assignment
2 Initialize Dm ← ∅, Tm ← ∅ for m ∈ {1, . . . ,M}
3 foreach x ∈ Shuffle(D) do
4 T (x)← extract tools from x
5 m∗ ← argminm (|T (x) \ Tm|, |Dm|)
6 Dm∗ ← Dm∗ ∪ {x}; Tm∗ ← Tm∗ ∪ T (x)
7 end
8 Phase 2: Intra-Subset Splitting
9 for m = 1 to M do

10 Dm ← SortDesc(Dm, key = |T (x)|)
11 Ntrain ← ⌊r · |Dm|⌋
12 Dtrain

m ← Dm[1 : Ntrain]

13 T train
m ←

⋃
x∈Dtrain

m
T (x)

14 Drem ← Dm \ Dtrain
m

15 Dtest
m ← SortAsc(Drem, key = |T (x) \ T train

m |)
16 end
17 return {Dtrain

m ,Dtest
m }Mm=1

31.8%) compared to the minimal cross-subset964

leakage (< 3.2%) in off-diagonal entries. This965

distinct boundary confirms that our splitting966

strategy effectively localizes tool usage within each967

partition, ensuring that each subset specializes in968

a distinct functional domain while maintaining969

strong consistency between its training and testing970

distributions.971

D Case Study972

In this section, we provide examples to show how973

GUI agents and the tool-use agent work.974

D.1 GUI Agent Case Study975

The goal of a GUI agent is to automatically976

execute instructions on smart terminals by977

simulating human operations, following user-given978

commands. As shown in Figure 7, a user needs979

guidance for a trip to Bangkok, Thailand, and980

Dtest
0 Dtest

1 Dtest
2 Dtest

3

Dtrain
0 103 (29.6 %) 4 (1.2 %) 7 (2.1 %) 6 (1.8 %)

Dtrain
1 8 (2.3 %) 94 (29.1 %) 5 (1.5 %) 6 (1.8 %)

Dtrain
2 11 (3.2 %) 2 (0.6 %) 106 (31.8 %) 5 (1.5 %)

Dtrain
3 6 (1.7 %) 4 (1.2 %) 4 (1.2 %) 84 (25.8 %)

Table 7: Tool overlap statistics between training and
testing subsets. Diagonal entries (in bold) indicate intra-
subset overlap, while off-diagonal entries represent
cross-subset overlap.

then requires a flight ticket. The GUI agent first 981

searches for guidance. It clicks the Threads APP 982

icon on the main interface, enters the app, clicks 983

the search button, and inputs text to search for 984

relevant content. After finding relevant guidance, 985

it selects the option to return to the main interface 986

using the home button and proceeds to search 987

for flight tickets. Finally, the task is terminated 988

because no matching flight tickets are found. 989

D.2 Tool-Use Agent Case Study 990

The goal of tool-use agent is to enable the agent to 991

automatically determine whether it needs to call a 992

tool based on user-given instructions, decide which 993

tool to call, and output the correct function name, 994

parameter names, and parameter values. As shown 995

in Figure 8, in this prompt, the user asks the agent 996

to inform them which songs were at the top of the 997

Billboard Holiday 100 chart in 2025. This falls 998

outside the agent’s intrinsic knowledge, so it needs 999

to call a tool. Among the tools provided by the user, 1000

the Holiday 100 Songs API is the most suitable 1001

for the user’s instruction. Therefore, this function 1002

should be called. The Holiday 100 Songs API has 1003

two parameters: year and artist. The artist 1004

parameter is irrelevant to the user’s query, so the 1005

agent’s final response is [Holiday 100 Songs 1006

API(year=2025)]. 1007
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Figure 7: Schematic diagram of the GUI agent case study. The user provides an instruction to the agent, and the
agent automatically executes it on a mobile phone or computer by simulating human operations.
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Figure 8: Schematic diagram of tool-use agent. The user provides an instruction that requires the agent to complete
the task by calling other tools, demanding the agent to correctly output the tool name, parameter names, and
parameter values.
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