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Abstract

The pursuit of real-time agentic interaction has001
driven interest in Diffusion-based Large Lan-002
guage Models (dLLMs) as alternatives to auto-003
regressive backbones, promising to break the004
sequential latency bottleneck. However, does005
such efficiency gains translate into effective006
agentic behavior? In this work, we present007
a comprehensive evaluation of dLLMs (e.g.,008
LLaDA, Dream) across two distinct agentic009
paradigms: Embodied Agents (requiring long-010
horizon planning) and Tool-Calling Agents (re-011
quiring precise formatting).012

Contrary to the efficiency hype, our results on013
Agentboard and BFCL reveal a "bitter lesson":014
current dLLMs fail to serve as reliable agentic015
backbones, frequently leading to systematically016
failure. (1) In Embodied settings, dLLMs suf-017
fer repeated attempts, failing to branch under018
temporal feedback. (2) In Tool-Calling set-019
tings, dLLMs fail to maintain symbolic preci-020
sion (e.g. strict JSON schemas) under diffusion021
noise. To assess the potential of dLLMs in022
agentic workflows, we introduce DiffuAgent,023
a multi-agent evaluation framework that inte-024
grates dLLMs as plug-and-play cognitive cores.025
Our analysis shows that dLLMs are effective in026
non-causal roles (e.g., memory summarization027
and tool selection) but require the incorporation028
of causal, precise, and logically grounded rea-029
soning mechanisms into the denoising process030
to be viable for agentic tasks.031

1 Introduction032

Agents powered by large language models (LLMs;033

Yang et al., 2025a; Jiang et al., 2024) have demon-034

strated strong capabilities in planning and complex035

reasoning (Wang et al., 2024; Luo et al., 2025), par-036

ticularly in embodied task-solving environments037

(Feng et al., 2025; Chang et al., 2024) and tool-038

calling scenarios (Liu et al., 2025a; Patil et al.,039

2025). However, such agentic systems often suf-040

fer from a sequential latency bottleneck, where041

Figure 1: Performance–Efficiency Trade-offs in Em-
bodied and Tool-Calling Tasks. Despite higher infer-
ence efficiency, FdLLM-7B and DVar-8B do not guaran-
tee comparable agentic performance to autoregressive
LLMs. Llada-8B and Dream-7B fall behind LLMs in
both task performance and efficiency.

multi-turn interactions incur substantial inference 042

overhead, demanding faster reasoning and more 043

efficient decision-making. 044

In this context, Diffusion-based Large Language 045

Models (dLLMs; Nie et al., 2025) have attracted 046

attention as alternatives to auto-regressive back- 047

bones, owing to their higher inference efficiency 048

enabled by parallel decoding, while maintaining 049

competitive general performance (Wu et al., 2025a; 050

Ye et al., 2025). However, does such efficiency 051

gains translate into effective agentic behavior? 052

In this work, we present a comprehensive reality 053

check of dLLMs, focusing on their long-horizon 054

planning capabilities as Embodied Agents and pre- 055

cise formatting capabilities as Tool-Calling Agents. 056

Contrary to the efficiency hype, our results (as 057

shown in Figure 1) on four representative dLLMs 058

across AgentBoard (Chang et al., 2024) and BFCL 059

(Patil et al., 2025) reveal a bitter lesson: current 060

dLLMs fail to serve as reliable agentic backbones, 061
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Figure 2: An overview of systematic failure modes in dLLMs. In embodied agent settings, dLLMs tend to
repetitively retry the same action instead of exploring alternative plans. In tool-calling agent settings, imprecise or
unstable tool invocation further leads to execution failures.

particularly in multi-turn interaction scenarios, ex-062

hibiting systematic failure behaviors. Specifically,063

(1) in embodied settings, dLLMs tend to become064

trapped in repetitive action loops, failing to branch065

into alternative plans; (2) in tool-calling settings,066

dLLMs struggle to maintain symbolic precision067

when generating tool invocations, frequently vio-068

lating strict JSON schemas or hallucinating API069

parameters, potentially due to diffusion-induced070

noise, as illustrated in Figure 2.071

To provide deeper insights into the agentic be-072

havior of dLLMs, we further introduce DiffuAgent,073

a novel evaluation framework that treats dLLMs074

as plug-and-play cognitive modules for augment-075

ing LLM-based agents, enabling systematic assess-076

ment under different agentic roles. Our results077

show that dLLMs can be effective when deployed078

in non-causal roles, such as memory summariza-079

tion (Xu et al., 2025; Wang et al., 2025), redundant080

trajectory detection (Lu et al., 2025), and relevant081

tool selection (Liu et al., 2025b).082

Our contributions are three-fold:083

• We present the first systematic study of084

dLLMs as agentic backbones, revealing con-085

sistent and previously underexplored failure086

modes in multi-turn agentic reasoning.087

• We propose DiffuAgent, the first evaluation088

framework that integrates dLLMs as four dis-089

tinct cognitive modules within a multi-agent090

setting to better assess agentic behavior.091

• We provide extensive empirical evidence092

showing that dLLMs are effective mainly in093

non-causal roles, but remain weak in causal 094

planning and formatting–critical scenarios. 095

This study serves as a foundational step toward 096

Diffusion-native Agents. By bridging the gap be- 097

tween non-autoregressive generation and agentic 098

workflows, we highlight a promising direction for 099

future dLLM development, enabling real-time inter- 100

action without compromising causal, precise, and 101

logically grounded reasoning capabilities. 102

2 Preliminaries 103

2.1 Embodied Agents 104

Embodied agents operate in interactive environ- 105

ments (e.g., household or virtual worlds), where 106

an LLM acts as the central controller, selecting 107

actions based on accumulated interaction history. 108

This multi-turn decision process can be formalized 109

as a Partially Observable Markov Decision Process 110

(POMDP), in which the agent follows a policy πθ 111

at each time step t to choose the next action: 112

at ∼ πθ(· | e1:t−1, utask), 113

where trajectory e1:t−1 = (a1, o1, . . . , at−1, ot−1) 114

denotes past actions and observations, and utask 115

represents task-specific context. 116

To elicit reasoning capabilities, ReAct (Yao et al., 117

2023) is a widely adopted agentic workflow that 118

synergizes planning and decision-making in multi- 119

turn interactions, where the LLM generates an inter- 120

mediate thought before producing the next action. 121

This process can be formulated as 122

[qt, at] = πθ(· | e1:t−1, utask), 123
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with qt denoting the thought generated at time step124

t. In this work, we adopt ReAct-style prompting125

when evaluating embodied agents.126

2.2 Tool-Calling Agents127

Agentic LLMs are expected to exhibit effective128

tool-calling (also referred to as function-calling)129

capabilities, where the agent is equipped with ex-130

ternal tools and must decide whether, when, and131

how to invoke them to solve complex tasks (Patil132

et al., 2025). This setting can be viewed as a special133

case of the embodied-agent paradigm. In each in-134

teraction, the agent processes the user request uuser135

together with a set of available tool descriptions136

D = {τ1, . . . , τN}, and generates one or more137

structured tool invocations. This process can be138

formulated as139

C = {(τi, αi)}Ki=1 ∼ πθ(· | uuser,D), (1)140

where πθ denotes the agent policy model, C is the141

set of generated tool calls, τi denotes the i-th se-142

lected tool, and αi denotes its corresponding argu-143

ment. Each generated tool call is then executed144

by its associated tool, yielding a set of execution145

results:146

O = Exec(C) = { τi(αi) | (τi, αi) ∈ C }, (2)147

where the execution results O are returned to the148

agent as feedback, based on which the agent de-149

cides whether further tool calls are required. The150

interaction terminates when the agent determines151

that the user request has been resolved or when a152

predefined step limit is reached.153

2.3 Diffusion-based LLMs154

Autoregressive LLMs follow a next-token predic-155

tion paradigm (Luo et al., 2025), in which tokens156

are decoded sequentially, one at a time. This in-157

herent sequential nature limits decoding efficiency,158

particularly in generation-intensive scenarios. In-159

spired by diffusion probabilistic modeling (Yang160

et al., 2023), dLLMs originally developed for con-161

tinuous domains such as images (Amit et al., 2021)162

and audio (Nam et al., 2025). Rather than relying163

on strict left-to-right generation, dLLMs generate164

tokens in parallel, offering greater potential for ef-165

ficient inference acceleration (Wu et al., 2025b).166

As the parallel generation and sampling strategies167

differ slightly among the selected dLLMs, we pro-168

vide a detailed summarization of their decoding169

strategies in Appendix A.170

3 Experimental Setup 171

3.1 Evaluation Data 172

Datasets We evaluate embodied agents using 173

AgentBoard (Chang et al., 2024) across three in- 174

teractive environments: AlfWorld (Shridhar et al., 175

2021) (134 household tasks), ScienceWorld (Wang 176

et al., 2022) (90 scientific experiments), and 177

BabyAI (Chevalier-Boisvert et al., 2019) (112 grid- 178

based navigation and interaction tasks). Tool- 179

calling agentic ability is assessed on BFCL-v3 180

(Patil et al., 2025). We sample at most 50 instances 181

per BFCL-v3 category (using all samples when 182

fewer than 50 are available), yielding 758 evalua- 183

tion examples in total covering all categories1. 184

Metrics For embodied agents, we report both 185

success rate and progress rate. Success rate mea- 186

sures the proportion of tasks successfully com- 187

pleted by an agent, while progress rate (Chang 188

et al., 2024) quantifies how much an agent advances 189

toward the task goal, making it a more informative 190

metric for evaluating incremental improvements. 191

For tool-calling evaluation, we adopt the official 192

BFCL evaluation suite and report the percentage of 193

successful instances as our primary metric. 194

3.2 Agentic Backbones 195

LLMs We consider open-source LLMs under 196

10B parameters for reproducibility and efficiency. 197

Specifically, we use Qwen-8B (Yang et al., 2025a), 198

adopting the non-thinking variant for fast re- 199

sponse2, and Ministral-8B (Jiang et al., 2024), 200

an instruction-tuned 8B model. Both models are 201

evaluated in text-only settings3. 202

Diffusion-based LLMs We employ four recent 203

dLLMs in our study: Llada-8B (Nie et al., 2025), 204

a strong diffusion LLM with competitive general 205

performance; Dream-7B (Ye et al., 2025), which 206

uses token-level noise rescheduling for context- 207

adaptive denoising; FdLLM-7B (Fast-dLLM v2; Wu 208

et al., 2025a), a block-diffusion model enabling 209

parallel decoding within each block for efficient 210

inference; and DVar-8B (dLLM-Var; Yang et al., 211

2025b), which supports variable-length generation 212

via native EOS prediction. 213

1For multi-turn scenarios, we adopt "Standard" denoting
the multi_turn_base category, while "Challenge" reports
the average performance over missing-parameter, missing-
function, and long-context settings.

2https://huggingface.co/Qwen/Qwen3-8B
3https://huggingface.co/mistralai/

Ministral-3-8B-Instruct-2512

3
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Embodied
Agent

AlfWorld ScienceWorld BabyAI Avg.

Success Progress Success Progress Success Progress Success Progress

Qwen-8B 76.1 85.6 26.7 55.1 32.1 45.7 45.0 62.1
Ministral-8B 45.5 66.2 13.3 52.0 36.6 46.6 31.8 54.9

Llada-8B 5.2 18.5 1.1 8.6 16.1 22.0 7.5 16.4
Dream-7B 0.7 6.0 0.0 5.3 8.9 14.8 3.2 8.7
FdLLM-7B 0.0 4.4 0.0 6.4 5.4 12.6 1.8 7.8
DVar-8B 0.7 10.0 0.0 1.9 5.4 15.0 2.0 8.9

Table 1: Comparison of Success Rate (%) and Progress Rate (%) across different LLMs and dLLMs on three
Embodied tasks. Best results are highlighted in bold.

Tool-Calling
Agent

Non-Live Single-Turn Live Multi-Turn Hallucination Overall
Avg. S. M. P. PM Avg. Standard Challenge Avg. Rel. Irrel.

Qwen-8B 87.5 82.0 80.0 75.0 75.0 78.0 20.0 10.0 12.5 94.4 68.0 57.8
Ministral-8B 49.8 74.0 70.0 50.0 45.8 60.0 2.0 4.7 4.0 66.7 58.0 39.5

Llada-8B 23.0 8.0 26.0 0.0 12.5 11.6 0.0 0.0 0.0 66.7 56.0 19.4
Dream-7B 4.2 2.0 4.0 0.0 0.0 1.5 0.0 0.0 0.0 27.8 77.0 13.6
FdLLM-7B 1.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 5.6 99.0 15.0
DVar-8B 35.0 56.0 22.0 37.5 20.8 34.1 0.0 0.0 0.0 44.4 63.0 28.0

Table 2: Comparison of Success Rates (%) across different LLMs and dLLMs as Tool-Calling agents. S., M.,
and P. denote simple, multiple, and parallel tool-calling tasks, respectively. Hallucination indicates whether a tool
call is required (Rel.) or not required (Irrel.).

Device and Model Deployment All experi-214

ments are conducted on two NVIDIA A800 GPUs215

(80GB each). Auto-regressive models (Qwen-8B ,216

Ministral-8B ) are deployed with vLLM (Kwon217

et al., 2023) and accessed via OpenAI-compatible218

chat-completion APIs (Achiam et al., 2023). Diffu-219

sion LLMs (Dream-7B , Llada-8B , FdLLM-7B ) are220

reproduced using NVIDIA Fast-dLLM4 and served221

through FastAPI for high-throughput inference.222

4 Failure of dLLM as Agent Backbone223

4.1 The Failure of Replan: Embodied Agents224

dLLMs significantly underperform LLMs Ta-225

ble 1 summarizes the performance of embodied226

agents with LLM and dLLM backbones. Across all227

environments, dLLMs consistently underperform228

LLMs, achieving success rates below 10% in most229

settings, with the only exception being Llada-8B230

on BabyAI; in some cases, they fail to solve any231

tasks in ScienceWorld. This gap is striking given232

the competitive performance of dLLMs on gen-233

eral language benchmarks, demonstrating that such234

gains fundamentally fail to transfer to agentic sce-235

narios requiring long-horizon planning.236

4https://github.com/NVlabs/Fast-dLLM
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Figure 3: Comparison of retry-loop failures across
LLMs and dLLMs. A retry-loop is defined as repeat-
edly executing the same action for more than three con-
secutive steps during task completion.

Retry Loops as a Systematic Failure Mode Fol- 237

lowing Shinn et al. (2023), we define repetitive 238

actions as three or more consecutive identical ac- 239

tions and report their frequency across different 240

backbones. As shown in Figure 3, dLLMs exhibit 241

significantly more frequent retry loops than auto- 242

regressive LLMs, repeatedly generating the same 243

action without exploring alternatives. This indi- 244

cates an over-reliance on recent context, whereas 245

LLM-based agents exhibit more causal decision 246

patterns and experiences (Sun et al., 2025) by lever- 247

aging prior interactions to branch into new actions. 248

4
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Figure 4: Comparison of the number of tool-calling
failure categories across LLMs and dLLMs.

4.2 The Failure of Precision: Tool-Calling249

Agents250

dLLMs underperform LLMs on both single–251

turn and multi-turn tool-callings Table 2 sum-252

marizes the tool-calling results. Consistent with253

embodied settings, dLLMs underperform auto-254

regressive LLMs in both single-turn5 and multi-255

turn scenarios. Among dLLMs, DVar-8B achieves256

better single-turn performance but remains subopti-257

mal. Notably, the multi-turn setting is particularly258

challenging for dLLMs, as none succeeds on any259

test instance. The high irrelevance score (Irrel.) of260

FdLLM-7B arises from frequent incorrect tool calls261

that are classified as irrelevant actions.262

dLLMs fail to generate precise tool-call formats263

We analyze tool-calling failures under single-turn264

Live and Non-Live settings by categorizing dif-265

ferent error types. As shown in Figure 4, JSON266

schema errors and parameter/value errors dominate267

for both LLMs and dLLMs. However, dLLMs pri-268

marily produce malformed JSON schemas, except269

for Llada-8B , which more often exhibits missing270

parameters or values. These fuzzy or ill-formed for-271

mats lead to tool execution failures, indicating that272

dLLMs struggle to adhere to the strict structural273

constraints required for tool invocation.274

4.3 The Failure of Efficiency-Performance275

Trade-off276

Figure 1 compares efficiency and performance277

across models. Despite achieving high through-278

put (above 150 tokens/s), FdLLM-7B and DVar-8B279

exhibit the worst embodied-task performance,280

with average success rates below 2%. In con-281

5The single-turn average is computed by excluding hal-
lucination categories, which differs from the original BFCL
implementation.

trast, auto-regressive LLMs such as Qwen-8B and 282

Ministral-8B achieve stronger tool-calling and 283

embodied reasoning performance while maintain- 284

ing acceptable latency. These results show that 285

efficiency gains in dLLMs do not directly translate 286

into improved agentic performance. 287

4.4 The Bitter Lesson: Non-causal and Fuzzy 288

Nature of dLLMs 289

From the above analysis, we observe a fundamental 290

limitation of dLLMs: despite their efficiency gains, 291

parallel decoding weakens causal dependency 292

and induces fuzzy intermediate states, hinder- 293

ing stable commitment to partial plans or struc- 294

tured outputs. As a result, dLLMs perform poorly 295

on long-horizon reasoning and strictly structured 296

tasks, serving as a bitter lesson that they should be 297

used with caution as backbone models in agentic 298

workflows requiring strong temporal or symbolic 299

consistency. 300

Importantly, these results do not suggest that 301

dLLMs are ineffective in agentic systems. Since 302

agentic tasks often require heterogeneous capabili- 303

ties, we further examine the collaboration between 304

dLLMs and LLMs in multi-agent workflows to 305

clarify the role of dLLMs in agentic scenarios. 306

5 DiffuAgent: A Multi-Agent Evaluation 307

Framework on Analyzing dLLM 308

Behaviors 309

To better understand the agentic potential of 310

dLLMs, we introduce DiffuAgent, which inte- 311

grates dLLMs as plug-and-play cognitive mod- 312

ules to augment auto-regressive LLMs. As shown 313

in Figure 5, DiffuAgent isolates specific func- 314

tions—such as memory, verification, and tool- 315

related selection or format editing—rather than 316

assigning dLLMs to the full agent loop, enabling 317

fine-grained analysis without conflating module 318

behavior with end-to-end agent failures. 319

5.1 Modules in Embodied Agents 320

Pre-hoc: Memory We incorporate a memory- 321

augmented module to compress long interaction 322

histories while preserving salient information for 323

agentic decision-making. The agent periodically 324

summarizes past trajectories into a textual memory 325

every kmem steps6, reusing the existing memory 326

6The memory module is invoked every kmem = 5 steps in
our experiments, while the last two interactions are always
retained to preserve recent context.
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Figure 5: Overview of DiffuAgent. The framework integrates four modules. For embodied agents, we introduce a
memory-augmented module for history compression and an early-exit verifier for global trajectory checking. For
tool-calling agents, we include a tool selector over the library and a JSON format editor.

otherwise. This process is formulated as327

m′ = Memory(m, et−kmem:t−1, utask) . (3)328

During the subsequent kmem decision steps, the329

policy conditions on the compressed memory to-330

gether with a short-term interaction history elatest331

consisting of the most recent steps:332

[qt, at] = πθ
(
· | m′, elatest, utask

)
. (4)333

This design facilitates evaluation of agents under334

memory compression, where inaccurate memory335

updates may hinder information preservation and336

induce erroneous or cyclic behaviors.337

Post-hoc: Early-Exit Verifier Following (Lu338

et al., 2025), we incorporate an early-exit verifi-339

cation module built on an LLM or dLLM backbone340

to assess an agent’s self-awareness of being stuck.341

The verifier is triggered every kearlyexit steps7 and342

is prompted to determine whether the agent has343

entered a deadlock or repetitive loop. This can be344

formulated as:345

verifier(e1:t, utask) ∈ {0, 1} (5)346

A binary decision is then used to terminate the347

episode early, reducing unnecessary generation348

steps and improving overall efficiency.349

7We set kearlyexit = 5 in our experiments.

5.2 Modules in Tool-Calling Agents 350

Pre-hoc: Tool Selector Existing tool-calling 351

workflows suffer from a mismatch between large 352

tool libraries and task-specific needs, which in- 353

creases decision complexity and leads to inefficient 354

or erroneous tool use. We introduce a pre-hoc tool 355

selection module that filters the full tool set and 356

provides a condensed subset of relevant tools prior 357

to tool calling. Formally, at each interaction turn, 358

given the user message uuser and the full tool set 359

D, the tool selector produces a reduced tool subset: 360

D′ ⊆ D, D′ = Selector(uuser,D), (6) 361

where D′ contains only tools deemed relevant to 362

the current user request. The selected tool sub- 363

set D′ is then provided to the tool-calling agent, 364

which performs tool invocation conditioned on the 365

reduced action space: 366

C′ ∼ πθ(· | uuser,D′). (7) 367

Post-hoc: Tool-Call Editor Although tool calls 368

may select correct tools and parameters, they often 369

violate the required JSON schema, leading to exe- 370

cution failures. We therefore introduce a tool-call 371

editor that post-processes malformed outputs into 372

schema-compliant formats, enabling post-hoc eval- 373

uation of structural adherence without altering the 374

selected function or parameters. 375

6



Model AlfWorld ScienceWorld BabyAI Avg.

Agent Memory Success Progress Success Progress Success Progress Success Progress

Qwen-8B

w/o 36.6 59.5 20.0 53.2 28.6 39.0 28.4 50.6
Qwen-8B 54.5 72.8 28.9 59.5 21.4 32.2 34.9 54.8
Llada-8B 67.2 81.1 31.1 61.9 23.2 35.9 40.5 59.6
Dream-7B 64.9 77.4 31.1 60.8 20.5 33.6 38.9 57.3
FdLLM-7B 57.5 72.8 28.9 56.5 20.5 35.2 35.6 54.8
DVar-8B 61.2 76.6 26.7 58.4 24.1 35.4 37.3 56.8

Ministral-8B

w/o 22.4 43.7 17.8 57.6 33.0 44.2 24.4 48.5
Ministral-8B 32.8 60.7 34.4 65.7 33.9 45.5 33.7 57.3
Llada-8B 37.3 62.5 28.9 67.2 29.5 41.3 31.9 57.0
Dream-7B 39.6 63.5 26.7 60.9 25.9 37.3 30.7 53.9
FdLLM-7B 27.6 50.6 16.7 51.0 24.1 35.7 22.8 45.8
DVar-8B 35.8 59.7 24.4 58.0 29.5 39.8 29.9 52.5

Table 3: Performance comparison of memory-augmented agents across different LLMs and dLLMs on three
embodied environments. "w/o" indicates no memory, retaining only recent interactions.
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Figure 6: Comparison of early-exit behavior across
LLMs and dLLMs. Filled and hollow markers denote
LLM- and dLLM-based verifiers, respectively, while
different marker shapes indicate different tasks.

6 Analysis on Agentic Behaviors on376

dLLMs377

We analyze the behavior of dLLMs within the Dif-378

fuAgent framework under multi-agent settings.379

6.1 dLLMs Are Competitive Memory380

Modules for Memory-Augmented Agents381

In memory-augmented agents, incorporating a382

memory module generally improves performance383

over the w/o baseline across tasks (Table 3), indi-384

cating effective preservation of useful information.385

An exception is BabyAI, where long observation386

strings at each step may hinder effective memory387

summarization and lead to marginal or negative388

gains. Comparing memory backbones, dLLMs389

achieve performance comparable to Qwen-8B ,390

suggesting their potential as memory modules. 391

However, performance varies across environments: 392

Ministral-8B performs better on BabyAI and Sci- 393

enceWorld but worse on AlfWorld, which we at- 394

tribute to its tendency to generate longer thoughts 395

in ReAct, making summarization more challenging. 396

This suggests that dLLMs may be less suitable for 397

lengthy and complex reasoning traces. 398

6.2 LLM Verifiers Tend to Trigger Premature 399

Early Exits, Whereas dLLMs Terminate 400

More Reliably 401

Based on memory-augmented trajectories, we se- 402

lect the four best-performing memory configura- 403

tions8 and apply early-exit verifiers implemented 404

with different dLLMs. We evaluate redundancy 405

reduction and progress degradation across embod- 406

ied tasks (Figure 6). An interesting phenomenon is 407

that Auto-regressive LLMs exhibit more aggressive 408

early exits, sharply reducing redundancy but caus- 409

ing severe progress loss, whereas dLLM-based veri- 410

fiers behave more conservatively, achieving smaller 411

redundancy reductions with less degradation, likely 412

due to their global trajectory awareness. 413

6.3 dLLMs Are Effective Tool Selectors but 414

Struggle as Tool-Call Editors 415

To further investigate the effectiveness of dLLMs as 416

tool-calling modules, we adopt the BFCL-v3 multi- 417

turn benchmark (Patil et al., 2025), using 50 ran- 418

domly selected instances to construct a 200-sample 419

test set. The Standard setting involves multi-step 420

tool interactions across multiple user turns, while 421

8For the first two trajectories, we use Ministral-8B
and Qwen-8B as both the agent and memory module, and
Llada-8B as the memory module for the remaining settings.
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Figure 7: Ablation performance of tool-calling agents on BFCL-v3 Multi-Turn benchmark, evaluated with
different backbone models for the agent modules (Selector and Editor). 0 indicates no successful instance.

the Challenge setting includes missing functions,422

missing parameters, and long-context inputs.423

We perform ablations by replacing the selec-424

tor and/or editor modules in BFCL multi-turn set-425

ting. As shown in Figure 7 and Table 4 in Ap-426

pendix B, LLM-based modules consistently out-427

perform dLLMs. Among dLLMs, Llada-8B and428

Dream-7B serve as relatively effective selectors429

and editors, achieving performance comparable to430

LLM baselines, whereas FdLLM-7B and DVar-8B431

degrade performance as editors, possibly due to432

imprecise tool calls. Interestingly, DVar-8B im-433

proves performance when used as a selector for434

Qwen-8B but harms Ministral-8B . This behavior435

can be attributed to DVar-8B ’s tendency to gener-436

ate weakly filtered tool subsets, benefiting Qwen-8B437

with strong selection capacity but overwhelming438

Ministral-8B and reducing task success.439

7 Related Work440

Diffusion-based LLMs dLLMs enable non-441

autoregressive generation via parallel denoising,442

offering substantial speedups over autoregressive443

LLMs. Models such as LLaDA (Nie et al., 2025)444

and Dream (Ye et al., 2025) achieve competi-445

tive standalone performance, with further improve-446

ments from block-based diffusion, KV-cache reuse,447

and confidence-aware decoding (Arriola et al.,448

2025; Wu et al., 2025b,a). However, dLLM be-449

havior under multi-turn, causally grounded agentic450

interaction remains underexplored; we therefore451

systematically study dLLMs as cognitive modules452

within agentic workflows.453

LLM-based Agents LLM-based agents show454

strong performance in embodied reasoning, tool455

use, and interactive decision-making, enabled by456

expert trajectory training (e.g., ETO (Song et al.,457

2024), AgentFLAN (Chen et al., 2024)), prompt- 458

based reasoning frameworks (e.g., ReAct (Yao 459

et al., 2023), PreAct (Fu et al., 2025b), StateFlow 460

(Wu et al., 2024)), and planning or imitation signals 461

(Lin et al., 2023). Tool-calling agents further fo- 462

cus on tool selection (Lumer et al., 2025), planner 463

design (Liu et al., 2025b), and schema alignment 464

(Lee et al., 2025), but largely assume autoregressive 465

backbones and overlook inference efficiency. In 466

contrast, we investigate efficiency-oriented dLLMs 467

as agentic backbones and reveal systematic failures 468

in causally dependent decision processes. 469

Agent Verification and Memory Recent work 470

studies model- or agent-based verification across 471

text (Zheng et al., 2023; Lu et al., 2024), code 472

(Chen et al., 2024), and autonomous agents (Pan 473

et al., 2024), while memory compression meth- 474

ods (Xu et al., 2025; Wang et al., 2025) recover 475

agent capabilities under limited context windows. 476

In contrast, we propose a multi-agent evaluation 477

framework that treats dLLMs as cognitive modules. 478

8 Conclusion 479

We conduct a systematic evaluation of dLLMs in 480

agentic settings. Despite their inference efficiency, 481

we first demonstrate the "bitter lesson": dLLMs 482

are unreliable agentic backbones under multi-turn 483

interaction, exhibiting repetitive action loops in em- 484

bodied tasks and imprecise tool calls under strict 485

formatting constraints. We then introduce DiffuA- 486

gent, a modular evaluation framework that decom- 487

poses agentic workflows into plug-and-play cogni- 488

tive roles. Our analysis shows that dLLMs struggle 489

with causal planning and formatting-critical tasks, 490

but remain effective in non-causal roles, such as 491

memory summarization and tool selection, motivat- 492

ing diffusion-native agent designs. 493

8



Limitations494

The limitations of our work are as follows:495

• Limited Coverage of dLLMs and Bench-496

marks: Our study evaluates a representative497

but limited set of diffusion-based LLMs on498

AgentBoard and BFCL. We focus on a subset499

of the test suites, considering only embodied500

AI tasks in AgentBoard while excluding other501

scenarios such as web-based tasks. For BFCL,502

we restrict our evaluation to versions v1–v3503

to capture the core challenges of tool calling.504

While we believe our findings are indicative505

of the current behavior of dLLMs, they may506

not fully generalize to future architectures or507

broader agentic settings. We leave a more508

comprehensive evaluation to future work.509

• Inference-Only Analysis: We focus on the510

agentic behavior of post-training dLLMs with-511

out incorporating task-specific fine-tuning or512

reinforcement learning. Although this set-513

ting enables a controlled comparison, targeted514

training objectives or architectural adaptations515

may alleviate some of the observed failure516

modes, which we leave for future work.517

• Ablation Completeness: Our ablation study518

covers only a subset of selector–editor con-519

figurations under the DiffAgent framework,520

and assumes an LLM-based main workflow521

agent. We focus on evaluating dLLMs as aux-522

iliary cognitive modules rather than as primary523

agents. Exploring dLLMs as the main work-524

flow agent is left for future work.525

• Fixed Agentic Workflow Assumptions: Dif-526

fuAgent evaluates dLLMs by inserting them527

into predefined cognitive roles within a fixed528

agent pipeline. This modular design facilitates529

systematic analysis but may underestimate the530

potential of diffusion models in end-to-end531

or co-designed agentic systems optimized for532

diffusion-native reasoning.533

• LLM Self-Awareness: One possible expla-534

nation for the observed improvements is the535

limited self-verification capability of a single536

LLM, where using the same model for both537

generation and verification may hinder timely538

error detection. In contrast, multi-agent set-539

tings with heterogeneous models introduce540

distributional diversity that can implicitly fa- 541

cilitate error correction and improve agentic 542

performance. While we acknowledge that this 543

effect may exist, we do not believe it substan- 544

tially affects our main conclusions. Due to 545

experimental budget constraints, we do not 546

explicitly isolate this “self-awareness” effect 547

and leave a systematic investigation for future 548

work. 549

Ethics Statement 550

We take ethical considerations seriously and con- 551

duct this research in accordance with established 552

ethical standards. This work focuses on evaluating 553

diffusion-based large language models (dLLMs) in 554

agentic settings and introducing a modular evalua- 555

tion framework for analyzing their behaviors. The 556

proposed evaluation framework and analyses do 557

not introduce prompts or mechanisms intended to 558

elicit harmful, unsafe, or deceptive outputs from 559

the models. 560

All datasets, environments, and models used in 561

this study are publicly available and widely adopted 562

in prior research. Our experiments are conducted in 563

simulated embodied and tool-calling environments, 564

and no human participants are involved as evalua- 565

tors or subjects. The study does not collect, process, 566

or infer any personal or sensitive information. 567

Our findings highlight limitations and failure 568

modes of dLLMs in multi-turn agentic interactions, 569

with the goal of improving transparency, reliabil- 570

ity, and safety in future agentic system design. We 571

report all results and conclusions accurately and ob- 572

jectively, without exaggerating model capabilities 573

or risks. 574
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A Introduction of dLLM Inference 751

Strategies 752

This section provides a concise overview of the 753

inference (decoding) strategies adopted by dLLMs 754

evaluated in this work. 755

A.1 Llada-8B : Parallel Reverse Sampling 756

with Confidence-Based Remasking 757

LLaDA (Nie et al., 2025) is trained from scratch 758

as a masked diffusion language model, learning a 759

Transformer-based mask predictor under random 760

masking. During SFT, prompt tokens remain un- 761

masked while response tokens are masked; |EOS| 762

is treated as a normal token during training and 763

used for truncation at inference. 764

At inference, LLaDA performs reverse diffusion 765

from a fully masked sequence. Given reverse steps 766

T and response length L, the process starts from 767

x(T ) = (M, . . . ,M) ∈ {M}L. 768

At each step t = T, . . . , 1, all masked positions 769

(M ) are predicted in parallel: 770

qi(·) = pθ(xi | p, x(t)), x
(t)
i = M, 771

followed by sampling and partial remasking to ob- 772

tain x(t−1). 773

Instead of random remasking, LLaDA applies 774

low-confidence remasking, where tokens with the 775

smallest confidence (e.g., lowest maxv qi(v)) are 776

remasked, improving generation quality while 777

maintaining parallelism. The final output is x(0), 778

truncated at the first |EOS|. 779

A.2 Dream-7B : Discrete Diffusion Inference 780

and Parallel Denoising 781

Dream 7B (Ye et al., 2025) follows a discrete 782

diffusion-based generation paradigm, performing 783

inference via iterative denoising over a fixed-length 784

masked sequence. Starting from an initial state 785

filled with [MASK] (or noise-corrupted) tokens, the 786

model progressively refines the sequence over mul- 787

tiple diffusion steps, predicting all token positions 788

in parallel at each step. 789

Formally, given a total of T diffusion steps, in- 790

ference transforms an initial noisy sequence x(T ) 791

into a clean output x(0). At each step, 792

x(t−1) ∼ pθ(x | x(t), p), t = T, . . . , 1, 793

where updates may be applied to all or a subset of 794

masked positions according to a predefined sched- 795

11

https://link.springer.com/article/10.1007/s11704-024-40231-1
https://link.springer.com/article/10.1007/s11704-024-40231-1
https://link.springer.com/article/10.1007/s11704-024-40231-1
https://aclanthology.org/2022.emnlp-main.775/
https://aclanthology.org/2022.emnlp-main.775/
https://aclanthology.org/2022.emnlp-main.775/
https://arxiv.org/pdf/2509.25911
https://arxiv.org/pdf/2509.25911
https://arxiv.org/pdf/2509.25911
https://arxiv.org/pdf/2509.26328
https://arxiv.org/pdf/2509.26328
https://arxiv.org/pdf/2509.26328
https://arxiv.org/pdf/2505.22618
https://arxiv.org/pdf/2505.22618
https://arxiv.org/pdf/2505.22618
https://arxiv.org/pdf/2505.22618
https://arxiv.org/pdf/2505.22618
https://openreview.net/pdf?id=3nTbuygoop
https://openreview.net/pdf?id=3nTbuygoop
https://openreview.net/pdf?id=3nTbuygoop
https://openreview.net/pdf?id=FiM0M8gcct
https://openreview.net/pdf?id=FiM0M8gcct
https://openreview.net/pdf?id=FiM0M8gcct
https://arxiv.org/pdf/2505.09388
https://arxiv.org/pdf/2505.09388
https://arxiv.org/pdf/2505.09388
https://www.mdpi.com/1099-4300/25/10/1469
https://www.mdpi.com/1099-4300/25/10/1469
https://www.mdpi.com/1099-4300/25/10/1469
https://arxiv.org/pdf/2510.24605
https://arxiv.org/pdf/2510.24605
https://arxiv.org/pdf/2510.24605
https://openreview.net/pdf?id=WE_vluYUL-X
https://openreview.net/pdf?id=WE_vluYUL-X
https://openreview.net/pdf?id=WE_vluYUL-X
https://arxiv.org/pdf/2508.15487
https://proceedings.neurips.cc/paper_files/paper/2023/file/91f18a1287b398d378ef22505bf41832-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/91f18a1287b398d378ef22505bf41832-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/91f18a1287b398d378ef22505bf41832-Paper-Datasets_and_Benchmarks.pdf


ule or confidence-based criterion. As multiple to-796

kens can be updated simultaneously, Dream natu-797

rally supports parallel decoding as well as infilling-798

style generation.799

This iterative denoising procedure exposes a flex-800

ible latency–quality trade-off: fewer diffusion steps801

yield faster inference at the cost of potential degra-802

dation in generation quality. The Dream imple-803

mentation provides configurable step counts and804

sampling strategies to accommodate different de-805

ployment requirements.806

A.3 Fast-dLLM: Training-Free Acceleration807

via KV Caching and Confidence-Aware808

Parallel Decoding809

Fast-dLLM (Wu et al., 2025b) is a training-free810

inference acceleration framework built on top of811

existing diffusion LLMs (e.g., LLaDA and Dream),812

modifying only the decoding procedure. It targets813

two challenges: enabling approximate KV caching814

under bidirectional attention and reducing qual-815

ity degradation from parallel unmasking. In our816

experiments, it is applied to both Llada-8B and817

Dream-7B .818

Fast-dLLM adopts block-wise decoding to819

make caching feasible: the generation is partitioned820

into blocks, where KV states of the fixed context821

(prompt and completed blocks) are cached and822

reused across denoising steps, and refreshed only823

at block boundaries. DualCache further improves824

reuse by caching both prefix and masked suffix825

blocks.826

To mitigate the curse of parallel decoding, Fast-827

dLLM employs confidence-aware parallel decod-828

ing. For each masked position i,829

ci = max
v∈V

pθ(xi = v | context),830

and only tokens with ci ≥ τ are unmasked (or at831

least the single highest-confidence token to ensure832

progress). A factor-based variant selects the largest833

K satisfying834

(K + 1)
(
1− c(K)

)
< γ.835

Together with (Dual) KV caching, this strategy836

achieves large inference speedups with minimal837

accuracy loss.838

A.4 FdLLM-7B : Block-Diffusion Inference839

with Hierarchical Caching840

Fast-dLLM v2 (Wu et al., 2025a) adapts a841

pretrained autoregressive LLM (e.g., Qwen2.5-842

Instruct (Yang et al., 2025a)) into a block-diffusion843

decoder via light fine-tuning. The core design en- 844

forces causal generation across blocks while al- 845

lowing bidirectional refinement within each block, 846

preserving global left-to-right semantics while en- 847

abling parallel token updates locally. 848

At inference time, blocks are generated sequen- 849

tially. For block b, the prefix x<b is fixed, and 850

decoding starts from an all-mask block 851

x
(0)
b = (M, . . . ,M) ∈ {M}B. 852

Masked positions are iteratively refined using 853

confidence-aware parallel decoding. For each 854

masked index i, 855

ci = max
v∈V

pθ(xi = v | x<b, xb), 856

and tokens with ci ≥ τ are unmasked (or at least 857

the single highest-confidence token is selected to 858

ensure progress). 859

Efficiency is achieved via hierarchical caching: 860

a block-level cache reuses KV states for fully 861

decoded past blocks, while a sub-block cache 862

(DualCache-style prefix–suffix reuse) reduces re- 863

computation during within-block refinement. This 864

design achieves up to ∼ 2.5× speedup over stan- 865

dard autoregressive decoding with minimal quality 866

degradation. 867

A.5 DVar-8B : EOS-Led Variable-Length 868

Block Diffusion 869

dLLM-Var (Yang et al., 2025b) enables native 870

variable-length decoding for diffusion LLMs, re- 871

moving the fixed-length constraint of vanilla 872

dLLMs. It is obtained by lightly fine-tuning 873

Llada-8B to adjust EOS behavior while preserving 874

the diffusion modeling. 875

At inference, decoding follows an EOS-led 876

block-diffusion process under bidirectional atten- 877

tion. Starting from a prompt, a block of B masked 878

tokens is appended and denoised in parallel; if no 879

|EOS| is produced, additional masked blocks are 880

appended iteratively until EOS appears. At block 881

k, 882

x(k) = [xprompt, x̂1:(k−1)B,M, . . . ,M︸ ︷︷ ︸
B

], 883

and decoding terminates at the earliest EOS posi- 884

tion. 885

Efficiency comes from simple KV caching: the 886

prompt and completed blocks are cached as fixed 887

context, while computation focuses on the current 888
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Qwen-8B Agent Ministral-8B Agent

Modules BFCL Multi-Turn (%) Modules BFCL Multi-Turn (%)

Selector Editor Standard Challenge Avg. Selector Editor Standard Challenge Avg.

Agent + Selector
Qwen-8B - 26.0 16.0 18.5 Ministral-8B - 18.0 12.0 13.5
Llada-8B - 16.0 11.3 12.5 Llada-8B - 16.0 10.7 12.0
Dream-7B - 14.0 12.7 13.0 Dream-7B - 12.0 10.0 10.5
FdLLM-7B - 16.0 8.0 10.0 FdLLM-7B - 12.0 6.0 7.5
DVar-8B - 20.0 8.7 11.5 DVar-8B - 2.0 4.7 4.0

Agent + Editor
- Qwen-8B 26.0 12.0 15.5 - Ministral-8B 14.0 17.3 16.5
- Llada-8B 20.0 14.7 16.0 - Llada-8B 12.0 12.7 12.5
- Dream-7B 16.0 12.0 13.0 - Dream-7B 12.0 11.3 11.5
- FdLLM-7B 2.0 2.0 2.0 - FdLLM-7B 0.0 0.7 0.5
- DVar-8B 0.0 0.0 0.0 - DVar-8B 0.0 0.0 0.0

Agent + Selector + Editor
Qwen-8B Qwen-8B 28.0 15.3 18.5 Ministral-8B Ministral-8B 20.0 12.7 14.5
Llada-8B Llada-8B 16.0 10.0 11.5 Llada-8B Llada-8B 16.0 10.0 11.5
Dream-7B Dream-7B 22.0 9.3 12.5 Dream-7B Dream-7B 12.0 11.3 11.5
FdLLM-7B FdLLM-7B 2.0 0.7 1.0 FdLLM-7B FdLLM-7B 2.0 0.7 1.0
DVar-8B DVar-8B 0.0 0.0 0.0 DVar-8B DVar-8B 0.0 0.0 0.0

Table 4: Ablation performance of tool-calling agents on BFCL-v3 Multi-Turn benchmark, evaluated with different
backbone models for the agent modules (Selector and Editor).

block. Parallel updates can be gated by a confi-889

dence threshold,890

max
v

pθ(xi = v) ≥ τ (τ ≈ 0.9),891

achieving substantial speedups without specialized892

attention masks or complex cache refresh.893

B Detailed Results on BFCL-v3894

Benchmark895

We provide detailed results on the BFCL-v3 bench-896

mark in Table 4, consistent with Fig. 7, for refer-897

ence and reproducibility.898

C Prompt Context899

C.1 Embodied Agentic Workflow900

Following Chang et al. (2024), we use the provided901

task instruction, task goal, and in-context example902

for each dataset. As Chang et al. (2024) adopt an903

act-only prompting style rather than ReAct-style904

prompting, we follow Song et al. (2024) to de-905

sign a ReAct-style prompt format. For ALFWorld906

and ScienceWorld, we observe that providing valid907

actions substantially affects performance (approx-908

imately 10%–20% in success rate). We therefore909

include valid action lists for these two datasets to910

ensure fair comparison with prior work (Song et al., 911

2024; Fu et al., 2025a). For memory-augmented 912

agents, we use gpt-5.1-2025-11-13 to construct 913

three memory exemplars by transforming original 914

ReAct trajectories. 915

C.2 Tool-Calling Agentic Workflow 916

For the main results, we follow BFCL (Patil et al., 917

2025) and use their prompts without any modifi- 918

cation to ensure faithful reproduction. For Dif- 919

fuAgent, we present the prompts used for the four 920

agentic modules below. 921

922

ReAct-Style Prompt

SYSTEM:
You are a helpful assistant.
USER:
Your task is to interact with a virtual house-
hold simulator to accomplish a specific task.
With each interaction, you will receive an
observation. Your role is to ... {task instruc-
tion}
ASSISTANT: OK.
USER:

923
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Here is the example:
{example}
Now, it’s your turn. You should perform
thoughts and actions to accomplish the goal.
Your response should use the following for-
mat:
Thought: <your thoughts>
Action: <your next action>

Your task is: {task goal}
You are in the middle of a room. Looking
quickly around you, ... {init observation}
{interaction history}

## Important ##: Your thought should be
short, clear and concise.
{intrinsic early-exit instruction}

The next action could be chosen from these
valid actions: {valid actions}

924

Memory Update Prompt

SYSTEM:
You are a memory updater. Update the mem-
ory_str to reflect what the agent has done
and learned so far. Include important ac-
tions taken, locations visited, and key obser-
vations. Keep the summary concise, chrono-
logical, and consistent. Do not invent new
facts or omit relevant past actions. Write the
memory in third-person, concise past tense,
like a mission log.

USER:
Memory_str: {previous memory_str}
Recent_steps: {recent interaction steps}

Please output the updated Memory_str only
— a short narrative summary of what has
been done and observed so far. No explana-
tions or formatting other than plain text.

Memory_str:
925

Early-Exit Verification Prompt

SYSTEM:
You are a helpful assistant.
USER:
You will be given a historical scenario in
which you are placed in a specific environ-

926

ment with a designated objective to accom-
plish.
### Task Description: Your task is to in-
teract with a virtual household simulator to
accomplish a specific task. With each in-
teraction, you will receive an observation.
Your role is to ... {task instruction}
### Your Objective:
{task goal}
Your Current History:
{interaction history}
Instructions:
{extrinsic early-exit instruction}
Do not include any additional text or expla-
nations in your response.

927

Tool-Call Editor Prompt

SYSTEM:
You are a strict tool-call format auditor and
repairer.
Your task: Repair or validate a broken tool-
call and output a final call that strictly fol-
lows TOOL_CALL_FORMAT.
Rules:

• If the tool-call is already valid and cor-
rect, output UNCHANGED.

• If the tool-call is textual explanations,
output NO_VALID_TOOL_CALLS.

• If the tool-call contains both explana-
tions and tool-calls, remove the expla-
nations and correct the tool-calls.

• If the tool-call does not conform to
TOOL_CALL_FORMAT, repair any format
or schema errors and output the cor-
rected tool-call only; do not invent
functions or parameters.

TOOL_CALL_FORMAT:
[func_name1(param_name1=param_value1,
param_name2=param_value2, ...),
func_name2(param_name3=param_value3,
...)]

Examples:
BROKEN_TOOL_CALL 1:
[cd(folder="academic_venture")]
Output: UNCHANGED

928
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BROKEN_TOOL_CALL 2:
cd(folder="academic_venture")
Output: [cd(folder="academic_venture")]

BROKEN_TOOL_CALL 3: {"cd":
{"folder": "academic_venture"}}
Output: [cd(folder="academic_venture")]

BROKEN_TOOL_CALL 4: The task
is now complete.
Output: NO_VALID_TOOL_CALLS

BROKEN_TOOL_CALL 5: The task is
now complete. The final tool-call
is {"ls": {}}
Output: [ls()]

USER:
BROKEN_TOOL_CALL (to be audited
and possibly corrected):
{model response}

Now produce the final output according to
the rules above. No explanations, mark-
down, or extra text.

Output:
929

Tool Selection Prompt

SYSTEM:
You are a tool selector for a function-calling
agent.

Task:
Given a user message ([User Message]),
the previous tool call ([Tool Call]) and
its results ([Tool Execution Results]),
you must select a minimum of 3 distinct
functions from the provided list.

Rules:

• Output at least 3 function names, and
no more than 10 functions.

• Use ONLY names from the provided
function list.

• Output ONLY function names. No ex-
planations or extra text.

• Prioritize the [USER MESSAGE] above
all else; use previous tool calls and re-
sults only as supplementary context.

USER:
930

Functions:
{available functions}

{interaction history: user message, tool
calls, tool execution results}

Selected Functions:
931
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