
ALMMIT: Agent-Guided Active Learning for Multimodal Misinformation
Detection on Temporal Graph Data

Anonymous ACL submission

Abstract001

Posting information on a social platform is ef-002
fortless, often just a single click away; yet, fact-003
checking mechanisms remain limited, and au-004
thenticating information is challenging due to005
the dynamism of misinformation propagation.006
The existing misinformation detection frame-007
works over-rely on annotated data and fall short008
in managing various modalities (Text, Images,009
conversational structure) that contribute to mis-010
information evolution. To mitigate this chal-011
lenge, we propose ALMMIT, an Active Learn-012
ing multimodal framework for Misinformation013
Detection, guided by a Reinforcement Learn-014
ing (RL) agent. The RL agent adaptively di-015
rects the active learning process, maintaining016
momentum across rounds and avoiding bias017
towards the majority class while operating ef-018
fectively in few-label and semi-supervised set-019
tings to overcome data scarcity within an imbal-020
anced dataset. In addition, ALMMIT employs021
a modality-aware loss to dynamically adjust022
modality weights during fine-tuning and active023
learning, and introduces a composite reward024
mechanism that balances momentum gain with025
targeted attention to minority classes. Experi-026
mental results show that ALMMIT consistently027
outperforms recently developed state-of-the-art028
few-label and supervised approaches.029

1 Introduction030

The widespread dissemination of misinformation031

on online social platforms would threaten and neg-032

atively affect social stability and well-being. This033

is worsened particularly by the absence of effec-034

tive fact-checking systems. Hence, communities035

can be negatively influenced and manipulated by036

the propagation of rumors, even when these orig-037

inate from authenticated entities. For instance, as038

revealed and highlighted by Tasnim et al. (Tas-039

nim et al., 2020), during the COVID-19 pandemic,040

health systems worldwide faced enormous and sig-041

nificant challenges while simultaneously contend-042

ing a wave of misinformation. This misinforma- 043

tion undermined and jeopardized appropriate health 044

practices, encouraged harmful behaviors, and ac- 045

celerated disease transmission, ultimately leading 046

to adverse physical and psychological outcomes 047

for individuals. Consequently, the field of misinfor- 048

mation detection, which leverages advanced tech- 049

nologies such as Large Language Models (LLMs), 050

has gained considerable academic attention. Early 051

approaches revolved around textual features and 052

sentiment analysis (Castillo et al., 2011; Ma et al., 053

2015; Tolosi et al., 2016; Enayet and El-Beltagy, 054

2017; Kumar et al., 2022). While these methods 055

achieved a degree of breakthrough, one of their 056

main drawbacks and limitations was the neglect of 057

temporal dynamics in misinformation propagation. 058

User interactions such as sharing, commenting, and 059

replying play a critical role in shaping the spread 060

of misinformation, and underestimating these pat- 061

terns limits the ability to accurately capture how 062

misinformation evolves (Lin et al., 2021; Liu et al., 063

2022; Li et al., 2023; Hao et al., 2024; Li et al., 064

2024b). 065

Beyond temporal and interaction-based sig- 066

nals, modalities such as images and videos are 067

also essential and vital for misinformation detec- 068

tion. However, despite the mentioned notable 069

advances (Zhao et al., 2023), prior studies have 070

largely underutilized visual information. Hence, 071

current works aim to bridge this gap and address 072

the aforementioned limitations by synchronizing 073

synthetic and real data (Zeng et al., 2024), as well 074

as constructing cross-modal graphs through label 075

propagation (Zhao et al., 2023). Also, GAMED 076

was a multi-model misinformation detection frame- 077

work with modal decoupling, multi-expert net- 078

works, and veto voting (Shen et al., 2025). FCN-LP 079

builds CLIP-based tweet graphs with domain gen- 080

eralization (Zhao et al., 2023), while MMAdapt 081

addresses health misinformation via leveraging 082

knowledge graphs with uncertainty-aware adapta- 083
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tion (Shang et al., 2024). Moreover, (Bartlett et al.,084

2025) insisted that short-form videos with mislead-085

ing superimposed captions emerged and presented086

as a critical modality contributing to the spread of087

misinformation on social media platforms. Never-088

theless, these methods still rely heavily on anno-089

tated data and often overlook the dynamic contri-090

butions of different modalities to misinformation091

detection (Thibault et al., 2025). To address these092

gaps, we therefore introduce ALMMIT, an oracle-093

free adaptive active learning framework with the094

following novel contributions:095

1. Stage-aware multimodal segmentation:096

ALMMIT is the first misinformation detec-097

tion framework to introduce temporal variable-098

length stage partitioning while aligning text,099

image, and graph modalities within conversa-100

tion threads.101

2. Modality-aware loss with presence gat-102

ing: a learnable objective that dynamically103

reweights modalities and remains robust under104

missing inputs (absent modalities), thereby105

tackling a key limitation of prior multimodal106

approaches.107

3. Dual-adaptive active learning: a reinforce-108

ment learning controller that simultaneously109

and adaptively tunes and adjusts acquisition110

weights (α) and modality weights (β), thereby111

unifying sample selection and modality fu-112

sion.113

4. Composite reward for fairness: a114

reinforcement-driven reward that balances115

learning momentum with minority-class116

rarity, ensuring stable training and resilience117

to class imbalance.118

2 Related Work119

2.1 Misinformation Propagation120

Disinformation on social media often follows121

identifiable and recognizable propagation patterns122

and attributes. These circumstances have led re-123

searchers to analyze the problem from three main124

perspectives: sequence, structure, and stage. Early125

works have revolved around sequential dynamics,126

focusing on how messages evolve and how contex-127

tual signals would shift during propagation (Tsallis,128

2022; Anand et al., 2014; Schmid Jr, 1947; Zubiaga129

et al., 2015). While useful, sequential modeling130

alone cannot capture the complex web of interac- 131

tions that drive diffusion in real-world networks. 132

To address this limitation, scholars proposed a 133

range of graph-based approaches concerning rep- 134

resentation learning and classification (Yu et al., 135

2019; Wei et al., 2019; Bian et al., 2020; Khoo 136

et al., 2020). These methods leverage graph neu- 137

ral networks to represent structural relationships 138

and incorporate semantic information. However, 139

they often fall short in timely detection and de- 140

vote limited attention to how interactions evolve. 141

Building on these directions, MsDD (Hao et al., 142

2024) have segmented conversation thread evo- 143

lution into variable-length stages using graph en- 144

tropy to capture more meaningful temporal pat- 145

terns, while ADAAT (Wang et al., 2025) empha- 146

sizes robustness by combining adaptive augmenta- 147

tion, adversarial training, and contrastive learning. 148

Nevertheless, both approaches remain limited to 149

text–graph modalities under full supervision, with- 150

out handling multimodal posts, adaptive modality 151

weighting across stages, or scenarios with few la- 152

beled examples. 153

2.2 Active Learning 154

Active learning aims to select the most infor- 155

mative samples to improve model performance 156

while reducing annotation cost, initially relying 157

on uncertainty-based criteria such as entropy (Ren 158

et al., 2021), EMCM (Cai et al., 2013), and 159

Bayesian approaches including BALD and its ex- 160

tensions (Gal et al., 2017; Kirsch et al., 2019; Tran 161

et al., 2019). Subsequent studies emphasized con- 162

sistency (Gao et al., 2020), diversity and distribu- 163

tional similarity (Margatina et al., 2021; Sener and 164

Savarese, 2017), VAE-based selection (Sinha et al., 165

2019), and hybrid strategies that combine infor- 166

mativeness and representativeness (Zhang et al., 167

2022a; Zhdanov, 2019; Ash et al., 2019), with ex- 168

tensions to multimodal settings (Shen et al., 2023; 169

Li et al., 2024a). In graph-based active learning, 170

methods exploiting entropy, density, structural sig- 171

nals, and reinforcement learning have been pro- 172

posed (Cai et al., 2017; Gao et al., 2018; Chen et al., 173

2019; Zhang et al., 2021a,b; Hu et al., 2020; Cui 174

et al., 2022; Zhang et al., 2022b), while class im- 175

balance is partially mitigated by GraphCBAL (Yu 176

et al., 2024); however, these approaches largely 177

overlook modality-specific contributions within 178

threads and lack adaptive weighting of acquisition 179

components. 180
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3 Methodology181

3.1 Our Novel ALMMIT Model182

Conversation
Thread

AL

Fine Tuning
Process

RL agent adjusts number of

RL agent adjusts the
confidence threshold of 

adjusts

adjusts
AC strategies weight

Figure 1: Abstract ALMMIT diagram: Student and
Supervisor have been fine-tuned, and then these fine-
tuned models have been used in the active learning en-
gine.

ALMMIT (Figure 1) is a dual-adaptive frame-183

work for detecting misinformation in conversa-184

tion threads. Initially, Remarkable Sub-Graph Se-185

lectors (RSGS) is responsible of capturing stage-186

aware sub-graphs that preserve temporal propaga-187

tion while combining text, image, and structural188

signals. These sub-graphs are processed by a Super-189

visor, trained under limited annotations. On top of190

this, the Active Learning Engine grows the training191

set by scoring unlabeled samples using strategies192

such as uncertainty, diversity, representativeness,193

and curriculum easiness. A reinforcement learn-194

ing controller adjusts the weighting of these strate-195

gies and modalities as training progresses, while196

the loop also incorporates high-quality pseudo-197

labels to refine stage-level weighting and acqui-198

sition strategies(AC). This design allows the model199

to adapt both within stages (through modality fu-200

sion) and across rounds (through strategy adjust-201

ment), delivering strong performance even with202

few labels.203

3.2 Notations and Problem Description204

Let C = (T , I,G) denote a conversation thread,205

where T = {t1, . . . , tn} is the set of textual posts,206

I = {i1, . . . , in} are the associated images (if207

present), and G = (V,E) is the interaction graph208

with V the set of posts/users and E the reply or209

retweet relations. Each thread C is associated with210

a binary label y ∈ {0, 1} indicating whether it211

propagates misinformation. We further assume 212

that G can be segmented into K temporal stages 213

{S1, . . . , SK}, where each stage contains a subset 214

of posts and their corresponding interactions. 215

The training data consists of a small labeled sub- 216

set L = {(Cj , yj)}ℓj=1 and a large unlabeled pool 217

U = {Cj}Nj=ℓ+1, with ℓ≪ N . The task is to learn 218

a classifier 219

f : (T , I,G) 7→ y 220

that generalizes to unseen threads while operating 221

under annotation scarcity. This setting requires the 222

learner to jointly address three challenges: (i) adap- 223

tively weight modality contributions (text, image, 224

and graph) across stages, (ii) capture dynamic inter- 225

action evolution through stage segmentation, and 226

(iii) actively select or pseudo-label samples from 227

U under a strict budget. 228

To formalize adaptivity, let α(k) = 229

(α
(k)
T , α

(k)
I , α

(k)
G ) denote the modality 230

weights assigned at stage Sk, and let 231

β(t) = (β
(t)
u , β

(t)
r , β

(t)
d , β

(t)
c ) denote the acquisition 232

weights for uncertainty, representativeness, diver- 233

sity, and curriculum at active learning round t. The 234

optimization objective is to learn parameters θ of f 235

such that performance on a held-out test set Ttest 236

is maximized while respecting limited supervision 237

and adaptivity constraints: 238

θ∗ = argmax
θ

E(C,y)∈Ttest
1
[
fθ(C;α(1..K), β(1..R)) = y

]
, 239

where R is the number of AL rounds. This defini- 240

tion not only extends stage segmentation to multi- 241

modal alignment (text, image, and graph) but also 242

captures the dual adaptivity of our setting: modality 243

weights β(k) vary with stage evolution, while ac- 244

quisition weights α(t) evolve across AL iterations 245

to balance competing selection objectives. 246

3.3 ALMMIT Description 247

3.3.1 Remarkable Sub-Graph Selectors 248

(RSGS) 249

RSGS decomposes a conversation thread into 250

variable-length, stage-level sub-graphs that retain 251

both structural and semantic evolution. Let the 252

thread interaction graph be G = (V,E) with per- 253

node timestamps {tv}v∈V . For any time u, we 254

define the cumulative subgraph 255

G(u) =
(
V (u), E(u)

)
,

V (u) = {v ∈ V : tv ≤ u},

E(u) = {(i, j) ∈ E : max(ti, tj) ≤ u}.

(1) 256
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Figure 2: ALMMIT: Agent-Guided Active Learning for Multimodal Misinformation Detection. In Phase A,
both the Student and Supervisor are fine-tuned. In Phase B, Active Learning leverages these fine-tuned models.
Consistent coloring illustrates the connections between phases.

Let di(u) be the degree of node i in G(u) and257

D(u) =
∑

i∈V (u) di(u). We measure structural258

complexity using the degree entropy:259

H(u) = −
∑

i∈V (u)

di(u)

D(u)
ln

(
di(u)

D(u)

)
. (2)260

Starting from a stage start time s, RSGS ad-261

vances a cumulative window in steps of length τ ,262

i.e., uk = s+ kτ for k = 1, 2, . . .. At each step it263

computes the entropy increment264

∆Hk = H(uk)−H(uk−1), (3)265

normalizes by τ , and evaluates a tangent-like con-266

trast between consecutive normalized changes:267

tan θk =

∣∣∣∆Hk
τ − ∆Hk−1

τ

∣∣∣
1 +

(
∆Hk
τ

)(∆Hk−1

τ

) . (4)268

A stage boundary is declared at uk if tan θk > µ,269

and the stage sub-graph S is instantiated as the270

nodes and edges whose timestamps fall in [s, uk].271

If no boundary is detected, the remainder [s, tmax]272

forms the final stage.273

Each detected stage inherits all modalities (text,274

image, graph) active within its temporal span, yield-275

ing a compact and temporally coherent multimodal276

stage unit. These stage units are then passed down-277

stream for adaptive fusion and active learning: the278

fusion module reweights modality contributions279

per stage via α(k), while the active learning en-280

gine iteratively updates acquisition weights across281

rounds via β(t).282

3.3.2 Supervisor Fine-Tuning 283

The second stage of our framework is a multi- 284

modal Supervisor that learns to integrate text, im- 285

age, and graph signals into a unified prediction. 286

Each conversation thread is represented as a se- 287

quence of posts enriched with visual features and 288

structured by stage-level sub-graphs. The Super- 289

visor employs three modality-specific encoders: a 290

transformer-based language model for textual em- 291

beddings, a vision backbone for image features, 292

and a dynamic graph neural network for structural 293

representations. These three embeddings are con- 294

catenated and mapped to logits by a lightweight 295

fusion head: 296

z =
[
fT (T ) ∥ fI(I) ∥ fG(G)

]
, ℓ = MLP(z),

(5) 297

where fT , fI , and fG denote the modality encoders, 298

z is the fused embedding, and ℓ the output logits. 299

A critical design choice is that the Supervi- 300

sor is fine-tuned under few-label supervision. In- 301

stead of relying on large fully annotated corpora, 302

it is trained with only a small fraction of labeled 303

threads (e.g., 15% of the dataset), reflecting real- 304

istic annotation scarcity in misinformation detec- 305

tion. This few-label fine-tuning not only makes 306

the Supervisor robust in low-resource conditions 307

but also primes it to provide reliable pseudo-labels 308

and teacher guidance during the subsequent active 309

learning process. 310

The primary training objective is a class- 311

weighted cross-entropy loss that compensates for 312

label imbalance by assigning larger weights to 313
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under-represented classes:314

LCE = − 1

B

B∑
b=1

C∑
c=1

wc 1[yb = c] log p̂b,c, (6)315

where wc denotes the class weights and p̂b,c the316

predicted probability for class c of sample b. A317

distinctive feature of our Supervisor is the intro-318

duction of a modality-aware loss, which explic-319

itly distinguishes between samples that are text-320

only, samples with visual content, and the conver-321

sational graph. Let LT, LV, and LG denote the322

class-weighted cross-entropy losses for each group.323

Instead of manually assigning weights, we intro-324

duce learnable parameters θ = (θT, θV, θG) and325

normalize them via softplus:326

wk =
softplus(θk)∑

j∈{T,V,G} softplus(θj)
, k ∈ {T,V,G}.

(7)327

To ensure that absent modalities (e.g., no images328

in the batch) do not contribute, we apply presence329

gating. Define πk = 1 if Lk is computable in the330

current batch and πk = 0 otherwise. The weights331

are then re-normalized over the present groups:332

w̃k =
πk wk∑

j∈{T,V,G} πj wj
, Lmod =

∑
k∈{T,V,G}

w̃k Lk.

(8)333

This design enables the Supervisor to adaptively334

learn how to balance supervision from threads with335

and without images, preventing bias toward vision-336

rich samples and ensuring robustness in settings337

where images are scarce. The modality-aware loss338

is therefore not only a stabilizing mechanism but339

also a novel contribution of our framework, sup-340

porting the broader theme of adaptivity. In sum-341

mary, the Supervisor serves as a strong teacher342

model trained under few-label conditions, produc-343

ing high-quality multimodal representations and344

pseudo-labels that directly fuel the dual-adaptive345

active learning engine. Unlike existing multi-346

modal misinformation detection methods that as-347

sume full supervision, our Supervisor is deliber-348

ately designed for few-label fine-tuning, enabling349

practical deployment in real-world low-annotation350

scenarios.351

3.3.3 B Active Learning Engine352

In the final stage of our framework, we employ a353

dedicated Active Learning (AL) engine that con-354

nects the supervisor to the unlabeled pool. The355

engine determines which samples to query or356

pseudo-label, how to balance acquisition crite- 357

ria and modality contributions, and how to refine 358

the student under limited supervision. It is struc- 359

tured into three parts: Ba) Acquisition Strategies 360

(ACs), which score and filter candidate samples, 361

Bb) Reinforcement Learning Policy, which adap- 362

tively adjusts acquisition and modality weights, and 363

Bc) Active Learning Training, which integrates 364

pseudo-labels, optimizes the student, and updates 365

the teacher via EMA. 366

3.3.4 Ba) Acquisition Strategies (ACs) 367

The acquisition module is responsible for select- 368

ing the most valuable conversation threads from 369

the unlabeled pool U to be queried or pseudo- 370

labeled. To balance informativeness and cover- 371

age, we integrate four complementary criteria: un- 372

certainty, representativeness, curriculum, and a 373

lightweight diversity guard. Each criterion pro- 374

duces a score, which is combined adaptively using 375

policy-controlled weights. 376

Uncertainty. We estimate predictive uncertainty 377

via the entropy of the calibrated teacher distribu- 378

tion: 379

sunc(x) = −
C∑
c=1

p(c|x) log p(c|x), (9) 380

where p(c|x) is the softmax probability for class c 381

after temperature calibration. 382

Curriculum. To promote stable training, we in- 383

corporate a curriculum signal that prioritizes confi- 384

dent (easy) samples in early rounds and gradually 385

shifts emphasis toward harder ones as learning pro- 386

gresses: 387

scur(x) = γt ·max
c

p(c|x), (10) 388

where γt = min(1, t/Twarm) is a warm-up fac- 389

tor depending on round t and curriculum horizon 390

Twarm. 391

Representativeness. To ensure that queried sam- 392

ples reflect the global pool distribution, we com- 393

pute representativeness by clustering embeddings 394

h(x) of pool samples using KMeans or a Bayesian 395

Gaussian mixture. For each item x, the score is 396

inversely related to its squared distance from the 397

cluster center: 398

srep(x) = 1−
∥h(x)− µc(x)∥2

dmax
, (11) 399
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where µc(x) is the assigned cluster centroid and400

dmax the maximum observed distance for normal-401

ization, ensuring scores fall in a bounded range.402

Diversity. While representativeness prevents the403

system from focusing on outliers, it does not guar-404

antee diversity in the selected batch. To avoid re-405

dundancy, we enforce a diversity guard by allo-406

cating quotas across clusters and classes, ensuring407

that each batch covers multiple regions of the pool408

space. This cluster-quota mechanism provides im-409

plicit diversity without adding an additional scoring410

dimension.411

Final Score. For each sample x, the overall ac-412

quisition score is a weighted combination of the413

three principal signals:414

s(x) = αcurscur(x) + αrepsrep(x) + αuncsunc(x),
(12)415

where α = (αcur, αrep, αunc) are policy-controlled416

weights that evolve across rounds (see Sec. B_b).417

Diversity guards are applied after scoring to regu-418

late cluster balance in the selected batch.419

This acquisition design not only combines infor-420

mativeness and representativeness but also ensures421

stability (via curriculum) and coverage (via diver-422

sity guard). Unlike prior graph-based active learn-423

ing methods that emphasize single criteria (e.g.,424

uncertainty or centrality), our approach introduces425

a dual-adaptive mechanism: acquisition weights α426

are dynamically adjusted by the RL agent, while427

modality weights β (Sec. B_c) are concurrently428

optimized to handle multimodal imbalance.429

3.3.5 Bb) Reinforcement Learning (RL) Policy430

Network and Agent431

While acquisition scores provide candidate utilities,432

their relative importance changes across rounds. To433

adaptively control this balance, we introduce a re-434

inforcement learning (RL) agent that dynamically435

tunes acquisition weights and other hyperparame-436

ters of the AL loop. The agent follows a Gaussian437

REINFORCE framework.438

Policy Network. Let the environment state at439

round t be represented by a feature vector s(t) ∈440

R10 that encodes progress and model status (e.g.,441

budget remaining, class entropy, recent validation442

performance). A shared trunk projects s(t) into a443

hidden representation h(t), which is mapped into444

action heads. Each head outputs a Gaussian distri-445

bution with mean µ and log-variance log σ:446

µ, log σ = Wh(t) + b, a ∼ N (µ, σ2). (13)447

The policy controls five sets of actions: 448

• α ∈ ∆2: simplex weights over acquisition 449

criteria {scur, srep, sunc}, 450

• β ∈ ∆2: modality weights (text, image, 451

graph) in the modality-aware loss, 452

• q ∈ [qmin, qmax]: query fraction of the pool to 453

be selected, 454

• τ ∈ [τmin, τmax]: confidence threshold for 455

pseudo-label acceptance, 456

• K ∈ [Kmin,Kmax]: number of clusters for 457

representativeness/diversity balancing. 458

Learning. At each round, the agent samples ac- 459

tions a(t) from the policy and receives a reward 460

R(t) derived from validation performance improve- 461

ments (macro-F1, minority-F1, class balance) and 462

modality-balance shaping. The policy parameters 463

are updated using the REINFORCE gradient: 464

∇θJ(θ) = E
[
(R(t)−b(t))∇θ log πθ(a

(t)|s(t))+λH(πθ)
]
,

(14) 465

where b(t) is a moving-average baseline, and H(πθ) 466

is an entropy regularizer encouraging exploration. 467

Reward Shaping. Instead of using raw accuracy 468

gains, the reward R(t) integrates multiple signals to 469

ensure stable and balanced progress. It combines 470

improvements in macro- and minority-class F1, 471

class-balance metrics, a modality-balance bonus 472

derived from loss variance, and a momentum term 473

computed from exponential moving averages of 474

recent validation trends: 475

R(t) = wmacro ∆F1macro + wminor ∆F1minor

+ wcb ∆F1cb + wβ Φ(β) + wmom M (t).
(15) 476

Here Φ(β) penalizes imbalance among modal- 477

ity weights, while M (t) rewards sustained positive 478

momentum. Rewards are clipped to a bounded 479

range and normalized by an EMA baseline, which 480

reduces variance in policy updates. 481

Stability Aids. To prevent collapse, we enforce 482

action constraints: (i) q is bounded below by an 483

annealed floor qfloor(t), (ii) α may be reset to uni- 484

form when a round yields highly negative rewards, 485

and (iii) β is updated using an exponential moving 486

average (EMA) to smooth fluctuations. These safe- 487

guards ensure that the RL controller remains stable 488

even under noisy pseudo-label training. 489
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Overall, the RL module empowers the engine to490

adaptively re-weight both acquisition signals and491

modality contributions across AL rounds, a dual-492

adaptive feature absent in prior AL frameworks.493

3.3.6 Bc) Active Learning Training494

Once candidate samples are selected, the training495

phase integrates pseudo-labels generated by the496

teacher. To mitigate noise, we adopt strict eligibil-497

ity checks based on confidence, class-proportion498

gating, and margin thresholds. Let ŷ denote the499

pseudo-label and p(c|x) the calibrated teacher prob-500

ability. A sample x is eligible if501

p(ŷ|x) ≥ τ, (p1 − p2) ≥ δ, ρ(ŷ) < ρmax,502

where p1− p2 is the top-2 margin, δ a margin floor,503

and ρ(ŷ) the relative class proportion.504

Loss formulation. The student is trained using a505

combination of class-balanced cross-entropy (CE),506

modality-aware CE, and KL divergence. First, the507

class-balanced CE compensates for skewed label508

distributions:509

LCE = −
∑
i

wyi log pθ(yi|xi), (16)510

where wyi is the effective weight derived from in-511

verse class frequency. Second, the modality-aware512

CE computes class-balanced losses individually513

for text-only (LT ), image-present (LI ), and graph514

(LG) samples, and recombines them using learn-515

able weights β:516

Lmod = β̃T LT + β̃I LI + β̃G LG, (17)517

where β = softmax(θ) ensures non-negativity and518

normalization. To handle absent modalities, we519

apply presence gating: if Lk is undefined in the520

current batch, the corresponding weight is set to521

zero and the remaining weights are renormalized,522

i.e.,523

β̃k =
πk βk∑

j∈{T,I,G} πj βj
, πk ∈ {0, 1}, (18)524

so that
∑

k β̃k = 1 holds over the modalities525

present. Finally, we impose KL consistency be-526

tween student and teacher distributions:527

LKL =
1

N

N∑
i=1

KL
(
pT (·|xi) ∥ pS(·|xi)

)
, (19)528

with annealed weight λKL(t) that increases over529

rounds to stabilize pseudo-label guidance.530

Overall objective. The student optimization at 531

round t is: 532

L(t) = LCE + Lmod + λKL(t)LKL. (20) 533

Note that both LCE and Lmod are computed 534

against pseudo-labels provided by the teacher, en- 535

suring that training remains fully oracle-free. 536

Teacher update. To avoid teacher drift, we adopt 537

an exponential moving average (EMA) update: 538

θT ← τ θT + (1− τ) θS , (21) 539

where θT and θS are teacher and student param- 540

eters, and τ is a decay rate that anneals with the 541

round index. This gradually improves the teacher 542

while preserving stability. 543

4 Experiments and Results 544

To evaluate the effectiveness of ALMMIT in mis- 545

information detection, we conducted a comprehen- 546

sive set of experiments. 547

4.1 Datasets 548

We have utilized the Pheme (Zubiaga et al., 2016) 549

dataset that comprises conversation threads from X 550

(formerly Twitter), centered on five breaking news 551

events. Each event includes a set of sources (The 552

main post and its interactions), including a large 553

number of texts and images. We have considered 554

features including conversation threads, texts, im- 555

ages, and temporal data. To demonstrate flexibility, 556

we also incorporated the Twitter15 (Ma et al., 2017) 557

dataset, which provides only text and conversa- 558

tional structure without images. Detailed statistical 559

characteristics are reported in Appendix 6. 560

4.2 Discussion and result 561

Table 1 indicates and illustrates a detailed compar- 562

ative analysis of our ALMMIT framework perfor- 563

mance, evaluated under the few-label and semi- 564

supervised setting, against a group of recent state- 565

of-the-art baselines on both the Pheme and Twit- 566

ter15 datasets. The evidence from these experi- 567

ments indicates the superior performance of our 568

proposed framework, particularly in its ability to 569

combine multimodal reasoning with adaptive active 570

learning to achieve high-quality misinformation de- 571

tection under conditions of limited supervision. 572

Concerning the Pheme dataset, ALMMIT has at- 573

tained and achieved an overall accuracy of 82.64% 574
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Table 1: Comparison between ALMMIT and baselines
on Pheme and Twitter15 datasets. The best results are
highlighted in bold.

Method Acc Real News Fake News

P R F1 P R F1

Pheme dataset
FLAL 79.4 83.3 76.7 80.1 81.7 71.9 76.7
IdoFew 73.8 80.7 62.9 70.7 69.5 84.9 76.4
BERTIT:Cluster 76.0 83.1 65.4 73.2 71.4 86.6 78.3
ALMMIT 82.64 91.38 81.35 86.08 70.19 85.13 76.94

Twitter15
FLAL 80.2 81.1 19.0 27.7 74.0 30.1 48.5
IdoFew 74.9 56.2 13.4 21.6 76.1 96.4 85.1
BERTIT:Cluster 74.4 51.5 19.0 27.7 76.8 93.8 84.5
ALMMIT 82.35 65.625 64.61 65.116 87.958 88.42 88.18

Table 2: Comparison with fully supervised text-based
approaches on the Pheme dataset. ALMMIT∗ is under
the Semi-supervised setting. The best results are high-
lighted in bold.

Method Accuracy F1

ACAMI 75.78 61.66
HGCN-RNN 85.28 81.18
Bi-GCN 84.97 80.32
StA-PLAN 83.36 79.78
RDLNP 84.31 80.78
DynGCN 86.78 82.40
ALMMIT∗ 86.89 84.07

Table 3: Comparison with multimodal baselines on
the Pheme dataset. ALMMIT∗ is under the semi-
supervised setting. The best results are highlighted in
bold.

Method Accuracy Precision Recall F1

EANN 70.17 71.28 67.36 69.10
SpotFake 81.37 79.53 81.22 79.43
MVAE 77.83 73.82 73.45 72.21
SAFE 81.25 79.92 79.11 79.69
MCAN 80.74 79.21 79.64 80.15
HMCAN 86.36 83.18 83.81 83.45
CLIP 80.36 84.43 89.12 86.71
CLIP + FCN-LP 84.65 88.79 89.81 89.30
ALMMIT∗ 86.89 84.74 97.70 84.07

and an F1 score of 84.07, respectively. That repre-575

sents a significant leap over the leading few-label576

baselines. Notably, it secures a recall of 85.13%577

for the Fake News class and a Real News-F1 of578

86.08, thereby ALMMIT is outperforming FLAL,579

IdoFew, and BERTIT:Cluster across both global580

and class-level measures. These results are partic-581

ularly significant because high recall in the misin-582

formation category directly translates into a lower583

incidence of false negatives. ALMMIT’s capac-584

ity to identify misinformation with such sensitiv-585

ity demonstrates the strength of its stage-aware586

design and its synergy between acquisition strate-587

gies and modality-aware supervision. On Twit-588

ter15, ALMMIT continues to prove its robustness 589

by achieving 82.35% accuracy, which is consis- 590

tently superior to FLAL (80.2%), IdoFew (74.9%), 591

and BERTIT:Cluster (74.4%). Beyond accuracy, it 592

also records an Fake News-F1 of 65.12 and the Real 593

News (R) F1 of (88.18%). This thereby balances 594

misinformation detection across both fake and true 595

categories. It appears that in the table, some of 596

the mentioned models have exhibited imbalance by 597

excelling in distinguishing one class while deteri- 598

orating in another. ALMMIT ,as the results indi- 599

cate, has maintained high effectiveness across both 600

classes, underscoring its adaptability and resilience 601

in few-label scenarios. Despite being trained un- 602

der semi-supervised conditions, ALMMIT matches 603

or surpasses fully supervised text-based baselines 604

on Pheme (Table 2), including Bi-GCN, RDLNP, 605

and DynGCN, demonstrating strong label effi- 606

ciency. When compared with recent multimodal ap- 607

proaches (Table 3), ALMMIT achieves the highest 608

overall accuracy (86.89%) while remaining compet- 609

itive in F1 despite CLIP+FCN-LP attaining higher 610

precision and F1. Overall, these results confirm the 611

stability and robustness of ALMMIT across eval- 612

uation metrics. An ablation study is provided in 613

Appendix B. 614

5 Conclusion 615

We presented ALMMIT, a novel framework for 616

misinformation detection that achieves strong per- 617

formance under few-label and semi-supervised set- 618

tings. By introducing a modality-aware loss and 619

a reinforcement learning–driven adaptive active 620

learning strategy that dynamically adjusts modality 621

weights across propagation stages, ALMMIT effec- 622

tively addresses limitations of existing multimodal 623

approaches. Extensive experiments on the Pheme 624

and Twitter15 datasets demonstrate that ALMMIT 625

outperforms several recent state-of-the-art meth- 626

ods. 627

6 Limitations 628

While the framework demonstrates strong perfor- 629

mance, incorporating a more explicit explainabil- 630

ity layer to justify classification decisions and the 631

underlying reasoning remains a worthwhile direc- 632

tion for future work. In addition, extending the 633

framework to integrate additional modalities and 634

evaluating LLMs under more extreme zero-shot 635

conditions would be critical for more faithfully 636

simulating real-world misinformation scenarios. 637
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A Appendix946

A.1 ALMMIT Hyperparameters and Settings947

After preprocessing, the dataset was partitioned948

into 15% training, 70% validation (serving as the949

unlabeled pool), and 15% testing, with additional950

threads forming the active learning pool. Each con-951

versation thread contained text, images, and propa-952

gation graphs: text was encoded with GPT-2 (768-953

dim, 100 tokens), images with ViT-Base-Patch16-954

224 (224×224, 768-dim), and graph structure with955

a GNN–GAT encoder (two LSTMs, four attention956

heads, 128-dim output). Supervisor training used957

AdamW (4×10−5 LR, batch size 1 with accumula-958

tion to 8, 10 epochs), while the Student was initial-959

ized from the Supervisor and trained with AdamW,960

cosine scheduling, batch size 4, and 30 acquisition961

rounds under a 650-query budget. Pseudo-label962

self-training combined class-balanced CE, KL di-963

vergence, and modality-aware losses with anneal-964

ing. Results were reported using accuracy, macro-965

F1, and per-class F1, with all experiments fixed at966

seed 42 for reproducibility.967

A.2 Comparative Models968

To evaluate the proposed ALMMIT framework,969

we compare it against three categories of mod-970

els: few-label approaches, text-supervised base-971

lines, and multimodal methods. Few-label ap-972

proaches. Cluster & Tune inter-trains language973

models on clustering-based pseudo-labels to boost974

cold-start performance (Shnarch et al., 2022). ID-975

oFew has enhanced this idea by employing dual-976

stage clustering (SIB→ KMeans), improving the977

reliability of pseudo-labeling (Alsuhaibani et al.,978

2024). FLAL integrates few-label learning with979

margin-sampling active learning, enabling efficient980

annotation while achieving strong misinformation981

detection results on Pheme, Twitter15/16, and982

AraFacts (Alalawi et al., 2025). Text-supervised983

approaches. ACAMI(Yu et al., 2019) has taken984

into consideration content temporal co-attention985

for event-level representation(Yu et al., 2019),986

while HGCN-RNN introduces a hierarchical multi-987

task framework capturing stance and conversa-988

tion structure(Wei et al., 2019). Bi-GCN (Bian989

et al., 2020)adopts bidirectional graph convolu-990

tional networks to model propagation and disper-991

sion, and StA-PLAN (Khoo et al., 2020)leverages992

transformer-based attention for long-distance rela-993

tional modeling. RDLNP(Lao et al., 2021) com-994

bines linear sequence learning and nonlinear struc-995

Table 4: Final test set results for Ablation A1 (removing
modality-aware loss). Numbers outside parentheses
show the A1 scores; values in parentheses indicate the
baseline ALMMIT (with modality-aware loss). Arrows
denote whether performance improved (↑) or degraded
(↓) compared to baseline.

Metric A1 w/o modality-aware loss vs. ALMMIT

Accuracy 75.98 ↓ (82.64)
Macro-F1 75.40 ↓ (81.51)
Minor-F1 71.64 ↓ (76.95)
Class-Bal. F1 75.40 ↓ (81.51)
Cohen’s κ 52.16 ↓ (63.23)

ture learning with attention dependencies, whereas 996

DynGCN (Choi et al., 2021)employs temporal 997

snapshots with GAT layers and Bi-LSTMs for dy- 998

namic propagation modeling. Multimodal ap- 999

proaches. EANN(Wang et al., 2018) adversarially 1000

learns event-invariant multimodal features, Spot- 1001

Fake (Singhal et al., 2019)concatenates pre-trained 1002

text and image embeddings, and MVAE(Khattar 1003

et al., 2019) employs a bimodal variational autoen- 1004

coder with a binary classifier. SAFE(Zhou et al., 1005

2020) tried to learn cross-modal similarity, while 1006

MCAN(Wu et al., 2021) and HMCAN(Qian et al., 1007

2021) exploit co-attention and hierarchical con- 1008

textual attention to predict inter- and intra-modal 1009

relationships. More recent CLIP-based detectors 1010

leverage large-scale vision language pretraining 1011

for misinformation classification (Radford et al., 1012

2021). In addition, FCN-LP detects misinforma- 1013

tion by connecting tweets via multimodal similar- 1014

ity (CLIP), propagating labels across them with 1015

positive/negative correlations, and regularizing for 1016

unseen events(Zhao et al., 2023). We selected 1017

these models because they represent competitive 1018

baselines across few-label learning, text-supervised 1019

propagation modeling, and multimodal detection, 1020

which directly align with the challenges that ALM- 1021

MIT is designed to address. 1022

B Ablation Study 1023

For the ablation study, we have fixed the refer- 1024

ence configuration and toggled one mechanism and 1025

strategy at a time. All variants were evaluated on 1026

the Pheme dataset in terms of accuracy, macro-F1, 1027

minority-class F1, and budget efficiency. 1028

B.1 Ablation A1: removing modality-aware 1029

loss 1030

The results outlined in table 4 present a compara- 1031

tive evaluation of Ablation A1, where the modality- 1032
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Figure 3: ALMMIT Ablation Studies. Each panel shows
the effect of disabling or altering a mechanism: (a) removing
rarity reward, (b) enforcing strict pseudo-labeling, (c) replac-
ing adaptive scheduling with a static variant, (d) tightening
diversity thresholds.

aware loss was removed from ALMMIT, against1033

the ALMMIT model that retained this component.1034

Across all reported metrics, including Accuracy,1035

Macro-F1, Minor-F1, Class-Balanced F1, and Co-1036

hen’s κ, the ablated variant exhibits consistent de-1037

clines in performance, as indicated by the down-1038

ward arrows. Accuracy decreases from 82.64% in1039

ALMMIT with modality-aware loss to 75.98% un-1040

der Ablation A1, while Macro-F1 and Minor-F11041

fall from 81.51% to 75.40% and from 76.95% to1042

71.64%, respectively. Similarly, Class-Balanced1043

F1 shows a reduction from 81.51% to 75.40%,1044

and Cohen’s κ drops substantially from 63.23% to1045

52.16%. These results underscore the importance1046

of incorporating the β-weighted modality-aware1047

loss as an integral part of ALMMIT, as its removal1048

negatively impacts both overall predictive Accu-1049

racy and balanced class representation, thereby1050

weakening the system’s stability and reliability.1051

B.2 Ablation A2: disabled Rarity Reward1052

In Ablation A2 see Figure 3a, where rarity re-1053

ward was disabled and only class-proportion gating1054

(ρ-cap) was applied, ALMMIT suffered a severe1055

performance collapse. Macro-F1 dropped to 40%1056

and Accuracy to 43%, with Minority-F1 falling1057

below 26%, indicating that the model largely ig-1058

nored rare classes. The per-class breakdown con-1059

firmed this: recall for one class approached 99%1060

with poor precision, while the other class had recall1061

under 15%. This pattern indicates that the model1062

is biased towards the dominant class. The experi-1063

ment highlights that while ρ-cap can mitigate over-1064

representation, it cannot substitute for rarity-aware1065

reward; instead, it is considered a complement to 1066

rarity reward, which explicitly reinforces minority 1067

gains. However, this approach can lead to a skewed 1068

training signal, resulting in degraded overall per- 1069

formance. 1070

B.3 Ablation A3: Strict pseudo-label 1071

consistency 1072

In Figure 3b, we evaluate enforcing strict pseudo- 1073

label consistency weighting, where ALMMIT’s 1074

performance dropped noticeably compared with 1075

the full-feature baseline. On the final test set, the 1076

model reached a Macro-F1 of 73.9%, Accuracy of 1077

74.5%, and Minor-F1 of 70.1%, all well below the 1078

baseline scores (Macro-F1 ≈ 81.5%, Accuracy ≈ 1079

82.6%, Minor-F1 ≈ 77.0%). Looking at the per- 1080

class results, Class 0 recall fell sharply to 67.6% 1081

(down from 81.4%), which lowered its F1 to 77.8%. 1082

By contrast, Class 1 recall increased slightly to 1083

87.8% (from 85.1%), but this came at the expense 1084

of precision, which fell to 58.3% (from 70.2%), 1085

yielding an F1 of 70.1%. In other words, the model 1086

leaned toward higher recall for the minority class 1087

but introduced more false positives and lost balance 1088

across classes.These results suggest that tighten- 1089

ing pseudo-label consistency too much makes the 1090

student over-rely on the teacher’s confident predic- 1091

tions, while ignoring harder or ambiguous cases 1092

that normally provide valuable learning signal. 1093

B.4 Ablation A4: Static query number and 1094

confidence threshold 1095

Using static query number and confidence thresh- 1096

old while disabling momentum and round-annealed 1097

scheduling removes the feedback loops that nor- 1098

mally couple selection pressure to validation dy- 1099

namics and pool statistics. In the ALMMIT Base- 1100

line, the reinforcement learning policy would adap- 1101

tively adjust (q, τ) via a floor, momentum scal- 1102

ing, and eligibility filters, allowing it to relax and 1103

smooth the confidence threshold τ when learning 1104

improves or tighten it when pseudo-label noise or 1105

class skew increases. By contrast, the ablation 1106

with fixed q = 0.12 and τ = 0.66 constrained the 1107

eligible set regardless of pool dynamics and weak- 1108

ened the diversity guard. As a result, performance 1109

was significantly below the ALMMIT equipped 1110

with dynamic confidence threshold and momen- 1111

tum scaling. The chart 3c has shown that Accu- 1112

racy dropped from 82.6% to 76.1%, Macro-F1 1113

from 81.5% to 75.3%, Minority-F1 from 77.0% 1114

to 70.7%, and Cohen’s κ by nearly twelve points 1115
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(63.2%→ 51.4%). These findings suggest that the1116

dynamic q/τ schedule and momentum-aware gat-1117

ing play a crucial role, delivering better calibration,1118

earlier and higher peaks, and a more balanced error1119

profile than the fixed alternative.1120

B.5 Ablation A5: Aggressive diversity1121

threshold1122

The ablation experiment with an elevated diversity1123

threshold highlights both the benefits and draw-1124

backs of enforcing stronger diversity constraints1125

during acquisition. As illustrated on Figure 3d On1126

the final ablation test set, performance decreased1127

relative to the reference configuration: Accuracy1128

fell to 77.7% (−4.9 points), Macro-F1 to 76.9%1129

(−4.6 points), Minority-F1 to 72.6% (−4.4 points),1130

and Cohen’s κ to 54.6% (−8.6 points). The per-1131

class analysis would reveal the underlying the fact1132

that while minority class recall increase to 86.8%,1133

its precision dropped to 62.4%. This can be in-1134

terpreted as an indication of a higher rate of false1135

positives; conversely, Class 0 maintained strong1136

precision (91.5%) but with reduced recall (73.0%).1137

This precision recall imbalance explains the de-1138

cline in overall macro-averaged scores. These re-1139

sults suggest that while diversity mechanisms play1140

a crucial role in preventing selection collapse, set-1141

ting the diversity guard too aggressively reduces1142

representativeness and calibration.1143

B.6 Active Learning Engine Added Value1144

Table 5: Comparison of Supervisor baseline vs. ALM-
MIT (Active Learning) on the Pheme dataset. ↑ indi-
cates performance gain.

Method Acc Real News Fake News

P R F1 P R F1

Supervisor 78.73 82.97 85.25 84.10 69.79 66.08 67.88
ALMMIT 82.64 ↑ 91.38 ↑ 81.35 86.08 ↑ 70.19 ↑ 85.13 ↑ 76.94 ↑

To quantify the added value of our active learn-1145

ing framework, which operates on self-training1146

and an oracle-needless manner, we compare the1147

baseline Supervisor model against the proposed1148

ALMMIT system, which integrates reinforcement-1149

driven querying and modality-aware adaptation. As1150

shown in Table 5, active learning yields consistent1151

improvements across all metrics. Overall accuracy1152

increases by +3.9% (from 78.7% to 82.6%), while1153

macro-F1 rises by +1.2%. More importantly, ac-1154

tive learning substantially enhances performance1155

on the minority class: the recall of fake news im-1156

proves by +19.0% (from 66.1% to 85.1%), leading1157

to a fake news F1 gain of +9.1% (from 67.9% to 1158

76.9%). These results demonstrate that active learn- 1159

ing not only improves aggregate accuracy but also 1160

effectively addresses class imbalance by prioritiz- 1161

ing informative samples under limited annotation 1162

budgets. This validates the critical role of active 1163

learning in building robust multimodal misinforma- 1164

tion detection systems. 1165

B.7 Dataset Statistics 1166

Table 6 presents the statistical characteristics of the 1167

selected datasets.

Table 6: Dataset statistics. Pheme threads are segmented
into multiple stages, while Twitter15 is treated as single-
stage.

Statistic Pheme Twitter15

Real News 3830 372
Fake News 1972 1086
Total threads 5802 1458
Total stages 37809 1458
Mean stages per thread 6.52 1.00
Min stages per thread 1 1
Max stages per thread 60 1
Mean posts per thread 17.79 28.23
Total posts 103212 41154
Total images 6698 0
Total edges 198390 80850

1168
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