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Abstract001

While Large Language Models (LLMs) have002
achieved strong performance across many NLP003
tasks, their opaque internal mechanisms hin-004
der trustworthiness and safe deployment. Ex-005
isting surveys in explainable AI largely focus006
on post-hoc explanation methods that inter-007
pret trained models through external approx-008
imations. In contrast, intrinsic interpretability,009
which builds transparency directly into model010
architectures and computations, has recently011
emerged as a promising alternative. This pa-012
per presents the first systematic review of the013
recent advances in intrinsic interpretability for014
LLMs, categorizing existing approaches into015
five design paradigms: functional transparency,016
concept alignment, representational decompos-017
ability, explicit modularization, and latent spar-018
sity induction. We further discuss open chal-019
lenges and outline future research directions in020
this emerging field.021

1 Introduction022

Large Language Models have achieved remark-023

able success across diverse tasks (Brown et al.,024

2020; Raffel et al., 2020; Chowdhery et al., 2022;025

Team et al., 2025). However, their complexity of-026

ten makes them "black boxes" (Bommasani et al.,027

2022), hiding their internal decision-making. This028

lack of transparency creates trust and safety risks,029

especially in high-stakes fields like healthcare and030

law (Rudin, 2019; Pawar et al., 2020).031

To address these concerns, interpretability re-032

search is often divided into two paradigms: post-033

hoc explanation and intrinsic design. Post-hoc034

methods analyze trained, fixed models using ex-035

ternal tools such as LIME, SHAP, sparse autoen-036

coders, or causal interventions (Ribeiro et al., 2016;037

Lundberg and Lee, 2017; Huben et al., 2024; Meng038

et al., 2022). Many rely on surrogate models or039

statistical attributions, resulting in a well-known fi-040

delity gap between the explanation and the model’s041

true computation (Jacovi and Goldberg, 2020). 042

Causal based post hoc methods partially address 043

this issue by intervening directly on internal com- 044

ponents, yielding stronger local faithfulness (Meng 045

et al., 2022; Wang et al., 2023). However, their 046

explanations remain highly fine grained and are 047

difficult to aggregate into coherent, high level ac- 048

counts of overall model behavior. 049

In contrast, intrinsic interpretability builds trans- 050

parency directly into the model architecture and 051

training process (Fedus et al., 2022; Gao et al., 052

2025). By ensuring that the model’s internal com- 053

putation is itself interpretable, these approaches 054

aim to achieve structural fidelity, namely a direct 055

correspondence between model behavior and its 056

explanation, without relying on external surrogates 057

or post-hoc aggregation. Historically, however, in- 058

trinsic methods were constrained by a severe trade- 059

off: models that were transparent by construction 060

typically lacked the expressive power required for 061

complex language tasks (Linardatos et al., 2021). 062

Recent advances demonstrate that interpretabil- 063

ity and performance need not be mutually exclu- 064

sive, showing that large-scale models can be de- 065

signed with interpretable internal structure while 066

retaining competitive task performance (Rudin, 067

2019; Sharkey et al., 2025). By incorporating in- 068

ductive biases such as modularity, sparsity, disen- 069

tanglement, and structured representations directly 070

into modern architectures and training objectives 071

(Shazeer et al., 2017; Louizos et al., 2018; Fedus 072

et al., 2022; Gao et al., 2025), these methods en- 073

able interpretability to emerge as a property of the 074

model itself rather than as an after-the-fact analysis. 075

Despite this rapid progress, the literature on in- 076

trinsic interpretability remains fragmented, span- 077

ning disparate model classes, architectural choices, 078

and training principles. Unlike post-hoc explana- 079

tion methods whose taxonomy and limitations have 080

been extensively surveyed (Molnar, 2025; Madsen 081

et al., 2022; Zhao et al., 2024a; Palikhe et al., 2025), 082

1



there is still no unified framework that organizes in-083

trinsic approaches around shared design principles084

or clarifies how different mechanisms contribute085

to transparency in LLMs. This survey aims to fill086

this gap by systematically reviewing intrinsic inter-087

pretability methods for LLMs, distilling common088

design principles, and highlighting open challenges089

and promising directions for future research.090

Our contributions are threefold. First, we dis-091

tinguish post-hoc explanation from intrinsic inter-092

pretability, clarifying their differences in faithful-093

ness, scope, and design philosophy. Second, we094

introduce a structured taxonomy of intrinsic in-095

terpretability methods organized around five core096

design principles: Functional Transparency, Con-097

cept Alignment, Representational Decomposability,098

Explicit Modularity, and Latent Sparsity Induction.099

Finally, we synthesize existing work within this100

framework, analyze methodological strengths and101

limitations, and identify key open challenges and102

future research directions.103

2 Two Paradigms in Model104

Interpretability105
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Figure 1: Comparison of the Post-hoc analysis versus
Intrinsic design in LLM interpretability.

Research on interpretability for modern neu-106

ral models has largely converged around two107

paradigms: (1) post-hoc analysis, which applies108

external tools to a trained, fixed model, and (2)109

intrinsic interpretability, which incorporates trans-110

parency directly into the model’s architecture and111

training process. We distinguish these paradigms112

by causal necessity: an interpretability method is in-113

trinsic if its interpretable components (e.g., sparse114

experts or concepts) lie on the critical computation115

path, such that modifying them directly alters the116

model’s output. While recent hybrid approaches117

(Havasi et al., 2022; Tack et al., 2025) blur this line118

by allowing information to flow through residual119

side channels to preserve performance, we classify120

them as intrinsic designs that trade partial structural121

fidelity for enhanced capability. Figure 1 summa-122

rizes the key conceptual differences between these 123

two approaches. 124

2.1 Post-hoc Interpretability 125

Post-hoc analysis has long dominated interpretabil- 126

ity research as the default approach for explaining 127

complex neural models. Existing surveys exten- 128

sively cover these methods, ranging from early fea- 129

ture attribution techniques to modern mechanistic 130

and causal analyses (Madsen et al., 2022; Zhao 131

et al., 2024a; Ji et al., 2025; Palikhe et al., 2025). 132

Most post-hoc methods operate at one of two 133

levels. At the behavioral level, feature attribution 134

techniques such as LIME and SHAP (Ribeiro et al., 135

2016; Lundberg and Lee, 2017) estimate input im- 136

portance by perturbing inputs and observing output 137

changes, treating the model largely as a black box. 138

At the internal level, inspection methods analyze 139

intermediate representations. Probing classifiers 140

train external predictors to detect concepts in hid- 141

den states (Raffel et al., 2020), while LogitLens 142

projects hidden representations into the vocabulary 143

space to expose transient computations (nostalge- 144

braist, 2020). More recently, SAEs have emerged 145

as a mechanistic tool for decomposing polyseman- 146

tic activations into sparse, interpretable features 147

(Huben et al., 2024). 148

Despite their flexibility, post-hoc methods share 149

a fundamental limitation: they rely on auxiliary 150

approximations rather than the model’s native com- 151

putation. (Jacovi and Goldberg, 2020) Attribution 152

methods depend on local surrogate models, prob- 153

ing approaches identify correlations without es- 154

tablishing causal use (Ravichander et al., 2021), 155

and mechanistic tools such as SAEs introduce re- 156

construction error by approximating, rather than 157

exactly reproducing, forward-pass activations. 158

Causal-based post-hoc methods partially miti- 159

gate these issues by intervening on internal compo- 160

nents and measuring their effects on model outputs 161

(Meng et al., 2022; Wang et al., 2023). While 162

such interventions provide stronger local faithful- 163

ness, their fine-grained nature makes it difficult 164

to aggregate localized causal effects into coherent, 165

high-level explanations of overall model behavior. 166

2.2 Intrinsic Interpretability 167

Intrinsic interpretability addresses the fidelity gap 168

by designing models whose internal computation is 169

transparent by construction. Rather than analyzing 170

a trained black-box model, intrinsic approaches 171

aim to build models in which the explanation is 172
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inseparable from the computation itself. As a result,173

interpretability is achieved without relying on post-174

hoc approximations.175

Historically, intrinsic interpretability was largely176

confined to simple and low-dimensional models,177

such as linear regressors or generalized additive178

models, whose transparency comes at the cost of179

limited expressive power (Nelder and Wedderburn,180

1972; Hastie and Tibshirani, 1986; Linardatos et al.,181

2021). While effective for certain tasks, these mod-182

els were insufficient for complex NLP tasks. How-183

ever, recent progress in sparse modeling, modular184

architectures, and structured representations sug-185

gests that transparency and scalability need not186

be mutually exclusive, enabling intrinsically in-187

terpretable designs that retain competitive perfor-188

mance at scale (Fedus et al., 2022; Gao et al.,189

2025; Tamkin et al., 2024). The following sec-190

tions present the core design principles in Section 3191

and representative methods in Section 4 underlying192

this line of work.193

3 Design Principles of Intrinsic194

Interpretability195

As illustrated in Figure 2, we categorize intrinsic196

interpretability into five design principles. These197

design philosophies dictate how transparency is198

constructed within a model. In this section, we199

analyze the rationale, formulation, and trade-offs200

of each principle, connecting them to the specific201

methodologies detailed in Section 4.202

Functional Transparency. This principle advo-203

cates architectures whose computations are both204

structurally explicit and semantically meaningful.205

Rather than relying on opaque compositions of206

dense layers, such models are organized so that207

both the where (through structured or decomposed208

components) and the what (through operations with209

clear mathematical semantics) of computation are210

directly inspectable. As a result, these models be-211

have less like black boxes and more like readable212

algorithms. Representative implementations are213

discussed in Section 4.1. Key trade-offs of this214

approach include reduced expressivity and training215

efficiency.216

Concept Alignment. While functional trans-217

parency emphasizes mathematical structure, con-218

cept alignment targets semantic interpretability.219

This principle encourages latent variables to corre-220

spond directly to human-understandable concepts ,221

thereby reducing polysemanticity, where individual 222

units encode multiple unrelated features. By align- 223

ing representations with explicit concepts, models 224

become easier to interpret and reason about. The 225

primary trade-off is an alignment tax: constrain- 226

ing representations to be human-interpretable may 227

limit expressive capacity or require additional su- 228

pervision. Representative approaches following 229

this principle are discussed in Section 4.2. 230

Representational Decomposability. Extending 231

alignment, this principle focuses on the geometry 232

of the latent space. It seeks to disentangle represen- 233

tations into independent subspaces so that distinct 234

factors of variation can be manipulated separately 235

without interference. This separation enables more 236

precise and controllable generation. The central 237

challenge is enforcing such decomposability, for 238

example through orthogonality constraints, with- 239

out relying on extensive supervision or sacrificing 240

flexibility. Recent architectures that instantiate this 241

principle are reviewed in Section 4.3. 242

Explicit Modularization. Whereas traditional 243

models operate as a single monolithic block, this 244

principle advocates decomposing computation into 245

distinct, independently functioning modules. A 246

routing mechanism explicitly selects which mod- 247

ules process a given input, yielding a clear and 248

traceable computational pathway. A prominent 249

instantiation of this principle is the Mixture-of- 250

Experts (MoE) architecture (Section 4.4), which 251

introduces transparency by structuring the model 252

around specialized functional units. A key trade- 253

off of this approach is the added complexity of 254

routing and coordination, which can complicate 255

optimization and limit global expressivity. 256

Latent Sparsity Induction. Rather than impos- 257

ing a hand-crafted modular structure, this principle 258

aims to induce modularity within otherwise stan- 259

dard neural architectures. The core insight is that 260

the opacity of dense networks often stems from 261

uniformly active and highly entangled pathways. 262

Selective activation can be encouraged through 263

sparsity-inducing training objectives, such as L0 or 264

structured regularization, or through competitive 265

gating mechanisms such as Gated Linear Units 266

(GLUs), which conditionally route information. 267

These mechanisms encourage the model to sup- 268

press redundant channels and form task-specific 269

subcircuits. Representative techniques following 270

this principle are discussed in Section 4.5. A key 271
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trade-off is that strong sparsity or gating constraints272

can complicate optimization and may reduce ex-273

pressivity or robustness if not carefully tuned.274

4 Intrinsic Interpretability Methods275

In this section, we organize existing intrinsic inter-276

pretability methods according to the design princi-277

ples introduced in Section 3. Figure 3 provides an278

overview of the methods discussed in this section,279

situating them along two dimensions: structural280

flexibility and model capacity.281

4.1 Functional Transparency282

In this subsection, we introduce three representa-283

tive model families that realize functional trans-284

parency through architectural design, progressing285

from simple to more complex structures.286

Generalized Additive Models. GAMs were orig-287

inally proposed by Hastie and Tibshirani (1986) as288

an extension of GLMs (Nelder and Wedderburn,289

1972). Instead of modeling the response as a linear290

combination of input features, GAMs replace the 291

linear predictor with a sum of smooth univariate 292

functions, yielding the formulation 293

F (x) = f0 +
∑
i

fi(xi), 294

where each fi is a learned smooth function of a sin- 295

gle feature. These functions are typically estimated 296

using iterative backfitting or local scoring proce- 297

dures, which preserve interpretability by keeping 298

each feature’s contribution explicit and separable. 299

To capture limited feature interactions while re- 300

taining interpretability, Lou et al. (2013) introduced 301

GA2M, defined as 302

F (x) = f0 +
∑
i

fi(xi) +
∑
i,j

fij(xi, xj). 303

While effective, modeling pairwise interactions sig- 304

nificantly increases computational and statistical 305

complexity. This challenge was later addressed 306

by EBMs (Nori et al., 2019), which use modern 307

boosting techniques to efficiently learn additive and 308

low-order interaction terms. 309

Neural Additive Models. More recently, re- 310

searchers have leveraged neural networks to re- 311

place the smooth functions in GAMs, increasing 312

expressivity while preserving the additive struc- 313

ture. Representative examples include GAMI-Net 314

(Yang et al., 2021), as well as NODE-GAM and 315

NODE-GA2M models (Chang et al., 2022). In 316

these approaches, each feature (or feature pair) is 317

modeled by a small neural subnetwork, enabling 318

nonlinear function approximation while maintain- 319

ing per-feature transparency and interpretability. 320

Kolmogorov–Arnold Networks. A more radical 321

departure from the standard perceptron architecture 322
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is the Kolmogorov–Arnold Network (KAN) (Liu323

et al., 2025). While traditional multilayer percep-324

trons place learnable weights on edges and fixed325

activation functions on nodes, KANs invert this326

design by assigning learnable univariate functions,327

often parameterized as splines, to the edges. Based328

on the Kolmogorov–Arnold representation theo-329

rem, a KAN represents a multivariate function as330

f(x) =
2n+1∑
q=1

Φq

 n∑
p=1

ϕq,p(xp)

 .331

This formulation offers a high degree of functional332

transparency, as each ϕq,p can be directly visualized333

as a one-dimensional curve. As a result, KANs are334

relatively symbolic-friendly: in some cases, trained335

networks can be pruned and further simplified via336

symbolic regression into concise mathematical ex-337

pressions. However, Hou et al. (2025) showed that338

KANs often suffer from significant computational339

overhead, optimization instability and inferior per-340

formance compared to standard MLPs when model341

size or input dimensionality grows.342

4.2 Concept Alignment343

Concept alignment is primarily realized through344

CBMs, which enforce interpretability by struc-345

turally constraining information flow within the346

network. Unlike post-hoc probes that analyze fixed347

representations, intrinsic CBMs explicitly design348

the architecture as a composition of a concept en-349

coder g : X → C and a predictor f : C → Y .350

Standard CBMs (Hard Bottlenecks). First for-351

malized by Koh et al. (2020), standard CBMs352

impose a strict bottleneck where the final predic-353

tion relies exclusively on the predicted concepts354

ĉ = g(x). This can be achieved via indepen-355

dent training (training g and f sequentially) or356

joint training. Vandenhirtz et al. (2024) proposed357

SCBMs to relax the assumption that concepts are358

conditionally independent by learning a joint dis-359

tribution over concept rather than predicting each360

concept separately. While this architecture guaran-361

tees that the reasoning process is grounded in the362

defined concepts, it often suffers from an accuracy-363

interpretability trade-off, as the bottleneck may dis-364

card task-relevant information not captured by the365

predefined concept set.366

Hybrid CBMs. To mitigate the performance367

degradation of hard bottlenecks, Mahinpei et al.368

(2021) and Havasi et al. (2022) proposed Hybrid369

CBMs. These models introduce a side channel, al- 370

lowing the predictor to access both the explicit con- 371

cepts c and uncontrolled latent embeddings z (i.e., 372

y = f(c, z)). CB-LLM (Sun et al., 2025) extends 373

this hybrid paradigm to LLMs, which introduces 374

an unsupervised latent pathway alongside the con- 375

cept bottleneck and employs adversarial training to 376

remove concept-related information from the latent 377

channel. Interpretability is maintained by apply- 378

ing regularization during training to maximize the 379

model’s reliance on concept while using z without 380

encoding concept-related information. 381

Concept Embedding Models (CEMs). In NLP 382

tasks, compressing a concept to a single scalar ac- 383

tivation limits expressivity. To address this issue, 384

CEMs and IntCEMs (Zarlenga et al., 2022) rep- 385

resent each concept as a high-dimensional vector 386

in a learnable subspace rather than a scalar. This 387

design allows the model to capture nuances (e.g., 388

polysemy) while strictly restricting the downstream 389

predictor to linear interactions between these con- 390

cept embeddings, preserving the distinct attribution 391

of the bottleneck design. 392

Unsupervised Discrete Bottlenecks. A limita- 393

tion of the preceding approaches is their reliance 394

on predefined concept annotations. To address this, 395

Tamkin et al. (2024) proposed Codebook Features, 396

which introduce an intrinsic bottleneck in a fully 397

unsupervised manner. The method applies vec- 398

tor quantization (Gray, 1984; van den Oord et al., 399

2017) to approximate continuous hidden states us- 400

ing sparse combinations of vectors from a learned 401

codebook, trained by jointly optimizing the lan- 402

guage modeling objective and a reconstruction loss. 403

By restricting representations to a discrete vocabu- 404

lary, the approach promotes the emergence of dis- 405

tinct, often human-interpretable features without 406

manual annotation. However, empirical results are 407

reported on relatively small language models and 408

a limited set of tasks, leaving its behavior at larger 409

scales an open question. 410

4.3 Representational Decomposability Models 411

This class of methods operationalizes this design 412

principle by explicitly structuring the model’s la- 413

tent space. Unlike standard Transformer architec- 414

tures, where information is distributed across a sin- 415

gle dense hidden representation, these approaches 416

impose geometric constraints that separate distinct 417

semantic factors into orthogonal subspaces or par- 418

allel processing streams. 419
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Backpack Language Models. Standard Trans-420

formers entangle contextual information and lexi-421

cal identity within a unified hidden state, making422

it difficult to isolate the contribution of individ-423

ual word senses. To address this limitation, He-424

witt et al. (2023) propose the Backpack Language425

Model (BLMs), which decomposes prediction into426

interpretable components. In this architecture, each427

vocabulary item is associated with a set of learn-428

able, non-contextual sense vectors, capturing dif-429

ferent meanings of the same surface form. The430

self-attention mechanism is constrained to produce431

non-negative weights, which combine these sense432

vectors additively:433

y = Unembed

(
n∑

i=1

αi(x) · v(i)sense

)
.434

By construction, the output representation is a435

weighted sum of independent sense vectors, en-436

abling direct inspection and targeted intervention.437

Subsequent work extends this framework to non-438

alphabetic languages via Character-level Chinese439

BLMs (Sun and Hewitt, 2023), which learn in-440

terpretable sense decompositions at the charac-441

ter level, as well as to downstream control tasks,442

including model editing via canonical examples,443

where modifying or fine-tuning specific sense vec-444

tors enables localized behavioral changes without445

broadly perturbing the model (Hewitt et al., 2024).446

However, representing contextual meaning as addi-447

tive combinations of fixed sense vectors may limit448

expressivity when sense interactions are non-linear.449

Semantic Concept Integration. While Back-450

pack Language Models decompose lexical inputs,451

Tack et al. (2025) introduce CoCoMix to enforce452

decomposability at the level of higher-level seman-453

tic concepts. Instead of operating solely over dis-454

crete token representations, CoCoMix integrates455

SAE into pretraining, training the model to predict456

continuous concept representations alongside next-457

token probabilities. These predicted concept vec-458

tors are interleaved with hidden states, encouraging459

explicit reasoning over disentangled semantic fea-460

tures during generation. By treating interpretable461

concepts as structured components of the forward462

pass, CoCoMix enables targeted control over gen-463

eration while preserving output coherence, at the464

cost of introducing additional training structure and465

reliance on the quality of concept representations.466

4.4 Explicit Modularization 467

In practice, explicit modularization is most often re- 468

alized through MoE architectures. While standard 469

MoE models are primarily designed for scalabil- 470

ity, their expert representations and routing mech- 471

anisms are typically optimized for load balancing 472

rather than semantic transparency (Fedus et al., 473

2022). Recent work revisits MoE design with in- 474

terpretability as a central goal. We organize these 475

methods into three architectural strategies, illus- 476

trated in Figure 4, which we discuss in turn below. 477

Enforcing Intra-Expert Sparsity and Simplic- 478

ity. A direct approach is to constrain the experts 479

themselves. One strategy replaces smooth acti- 480

vations (e.g., GeLU) with hard thresholds like 481

ReLU. For instance, MoE-X (Yang et al., 2025) 482

uses this to enforce sparsity on hidden states, help- 483

ing to disentangle features. A parallel strategy 484

simplifies the expert architecture. Methods like 485

MoV and MoLORA (Zadouri et al., 2024) replace 486

full MLPs with lightweight vectors or low-rank 487

adapters. While primarily efficient, these linear or 488

low-rank experts are also much easier to analyze 489

than deep, non-linear MLPs. However, despite sim- 490

plifying expert internals, these models still rely on 491

routing and sparse expert selection, and therefore 492

remain sensitive to load imbalance during training. 493

Architecting for Fine-Grained Decomposition. 494

Another strategy seeks monosemanticity by scaling 495

the number of experts to match the number of fea- 496

tures. Building on tensor decomposition methods 497

like MPO-MoE (Gao et al., 2022), architectures 498

such as MONET (Park et al., 2025) and MxD (Old- 499

field et al., 2025) use product key composition and 500

flexible tensor factorization. These techniques con- 501

struct hundreds of thousands of fine-grained sub- 502

layers from a compact parameter set, effectively 503

treating the MoE layer as a sparse dictionary of 504

specialized linear transformations. Despite their 505

improved granularity, the expansion of the expert 506

space amplifies routing sensitivity, making training 507

vulnerable to routing imbalance and expert under- 508

utilization. 509

Designing Semantically Aligned Routing Poli- 510

cies. While early efforts simply mapped experts 511

to languages (Zhao et al., 2024b), recent work dis- 512

tinguishes between explicit structural alignment 513

and implicit geometric regularization. In the ex- 514

plicit paradigm, models like Task-Based MoE 515

(Pham et al., 2023) and THOR-MoE (Liang et al., 516
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Figure 4: Architectural strategies for intrinsically interpretable MoEs. We distinguish between methods
enforcing intra-expert sparsity, fine-grained decomposition, and semantically aligned routing.

2025) directly integrate task context into the router,517

whereas Apollo-MoE (Zheng et al., 2025) orga-518

nizes experts by linguistic families. In the implicit519

paradigm, researchers enforce constraints on the520

routing space itself: RoMA (Li et al., 2025) aligns521

routing manifolds with task embeddings, and US-522

MoE (Do et al., 2025) reframes selection as a lin-523

ear programming problem. Supporting these di-524

rections, recent analyses confirm that routing deci-525

sions follow distinct layer-wise patterns and can be526

predictably steered to alter model behavior (Ban-527

darkar et al., 2025; Zheng et al., 2025).528

4.5 Latent Sparsity Induction529

Unlike explicit modular architectures such as530

Mixture-of-Experts, latent sparsity induction aims531

to encourage modular and interpretable structure532

to emerge within otherwise standard Transformer533

architectures. Rather than prescribing a fixed de-534

composition, these methods introduce inductive535

biases that promote selective activation and reduce536

superposition, allowing the model to organize its537

computation into sparse, task-specific subcircuits.538

Enforcing Weight Sparsity. A primary approach539

to latent sparsity induction enforces sparsity di-540

rectly at the level of model parameters. The un-541

derlying hypothesis is that polysemanticity arises542

from dense connectivity, where individual neurons543

participate in many unrelated computations. To ad-544

dress this, recent work trains Transformer models545

with strong sparsity constraints (Gao et al., 2025),546

imposing sparsity throughout optimization rather547

than post-hoc pruning, forcing the model to allo-548

cate its limited connections more selectively and549

reducing feature superposition (Elhage et al., 2022).550

A direct consequence of sparse training is the emer- 551

gence of compact and interpretable computational 552

circuits. 553

While weight-sparse models offer strong inter- 554

pretability benefits, they are often inefficient on 555

current hardware. Gao et al. (2025) train sparse 556

and dense models jointly, coupled through linear 557

mappings between their representations, making in- 558

terpretable features discovered in the sparse model 559

usable to explain or annotate the latent space of the 560

dense model. However, Gao et al. (2025) note that 561

enforcing weight sparsity introduces a capability- 562

interpretability trade-off and remains difficult to 563

scale. 564

Conditional Activation via Gated Architectures. 565

Latent sparsity can also be induced at the level of 566

activations rather than weights. Gated architectures, 567

such as GLU and SwiGLU (Dauphin et al., 2017; 568

Shazeer, 2020), introduce conditional computation 569

within Transformer feed-forward layers. Unlike 570

standard pointwise activations (e.g., ReLU (Glo- 571

rot et al., 2011) or GeLU (Hendrycks and Gimpel, 572

2023)), GLUs compute an element-wise product 573

between a value projection and a learned gate: 574

GLU(x) = (xW )⊙ σ(xV ). 575

Here, the gating term selectively suppresses or am- 576

plifies features on a per-input basis, effectively 577

routing information through different subspaces. 578

While GLUs do not enforce strict sparsity, their 579

conditional structure encourages selective pathway 580

activation, reducing entanglement and promoting 581

emergent modularity. This form of activation-level 582

sparsity complements weight-sparse approaches by 583

enabling input-dependent specialization without 584

explicitly defined modules. 585
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5 Open Challenges and Future Directions586

Despite recent progress, intrinsic interpretability587

for LLMs remains an open and rapidly evolving588

research area. We highlight several key challenges589

and promising directions for future work.590

Defining and Evaluating Intrinsic Interpretabil-591

ity. A central challenge is the lack of rigorous592

and widely accepted definitions and evaluation met-593

rics for intrinsic interpretability (Doshi-Velez and594

Kim, 2017; Lipton, 2018). Although intrinsic ap-595

proaches aim to align model structure with explana-596

tion, it remains unclear how to quantitatively assess597

the quality, completeness, or usability of such ex-598

planations. Existing evaluations rely primarily on599

proxy measures such as sparsity, modularity, or600

disentanglement, which do not reliably reflect hu-601

man interpretability or task relevance. In particular,602

structural properties like sparsity do not guarantee603

semantic clarity, as features may remain polyse-604

mantic or lack stable human interpretable meaning605

(Elhage et al., 2022). Moreover, without principled606

verification, intrinsically generated explanations607

may appear plausible while failing to faithfully rep-608

resent the model’s true reasoning (Turpin et al.,609

2023; Singh et al., 2024). Developing evaluation610

frameworks that balance faithfulness, human com-611

prehensibility, and downstream utility therefore re-612

mains an important open problem.613

Balancing Interpretability and Expressivity.614

Although recent work suggests that interpretability615

and performance need not be mutually exclusive,616

intrinsic constraints may still limit model expressiv-617

ity or generalization in practice (Gao et al., 2025;618

Sun et al., 2025). Understanding when and how619

architectural biases such as modularity, sparsity,620

or concept alignment improve or hinder learning621

remains an open question. Future research should622

aim to characterize these trade-offs more precisely,623

identifying regimes in which intrinsic interpretabil-624

ity enhances robustness and generalization rather625

than restricting model capacity.626

Scalability to Large-Scale Language Models.627

Most intrinsically interpretable architectures have628

so far been evaluated only at small or moderate629

scales (Park et al., 2025; Tamkin et al., 2024; Tack630

et al., 2025). Extending these designs to large lan-631

guage models with billions of parameters intro-632

duces additional challenges, including increased633

routing complexity, memory overhead, and opti-634

mization instability. Demonstrating that intrinsic635

interpretability can be preserved at scale therefore 636

remains a critical step toward practical deployment. 637

Training Efficiency and Optimization Stability. 638

Intrinsic interpretability often introduces additional 639

constraints or architectural components, such as 640

sparse activations, modular routing, or complex 641

functional parameterizations, which can compli- 642

cate optimization and increase training cost (Gao 643

et al., 2025; Jin et al., 2025; Liu et al., 2025). Im- 644

proving the efficiency and stability of training in- 645

trinsically interpretable models is therefore an im- 646

portant direction for future work. This includes 647

developing better optimization strategies, regular- 648

ization schemes, and hardware-aware implementa- 649

tions that make intrinsic designs competitive with 650

standard dense architectures. 651

Complementarity with Post-hoc Analysis. Al- 652

though intrinsic and post hoc interpretability are of- 653

ten framed as distinct paradigms, they need not be 654

mutually exclusive. Post-hoc tools can act as diag- 655

nostic instruments for validating and stress testing 656

intrinsically interpretable models, while intrinsic 657

structural constraints can in turn improve the faith- 658

fulness of post-hoc analyses. Moreover, insights 659

derived from post-hoc methods can inform intrin- 660

sic design, for example by guiding concept discov- 661

ery, feature selection, or module construction (Tack 662

et al., 2025). Developing principled frameworks 663

that integrate intrinsic architectures with post-hoc 664

analysis therefore represents a promising direction 665

for building more transparent and reliable LLMs. 666

6 Conclusion 667

In this paper, we present a comprehensive survey 668

of intrinsic interpretability for large language mod- 669

els. We first clarify the key distinctions between 670

intrinsic interpretability and post-hoc explanation 671

methods, highlighting their conceptual differences 672

and respective strengths. We then categorize and 673

analyze existing approaches through the lens of 674

five core design principles: functional transparency, 675

concept alignment, explicit modularization, latent 676

sparsity induction, and representational decompos- 677

ability. In addition, we synthesize recent advances 678

across model architectures and training strategies, 679

and identify five key challenges and future direc- 680

tions for intrinsically interpretable model design. 681

Our goal is to provide a structured and accessi- 682

ble resource for researchers interested in building 683

transparent, interpretable-by-design LLMs. 684
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Limitations685

While this survey aims to provide a comprehen-686

sive overview of intrinsic interpretability for large687

language models, several limitations regarding its688

scope should be noted. The field is evolving rapidly,689

and despite efforts to incorporate work up to late690

2025, new architectures and training techniques691

continue to emerge. Accordingly, this survey re-692

flects a snapshot of the current literature and may693

not cover unpublished or concurrent preprints. To694

balance breadth and clarity, we emphasize unifying695

principles rather than exhaustive technical detail696

for individual methods.697
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Method Reference Key Mechanism Interp. Source Train Cost Infer. Cost Perf.

Functional Transparency (Sec 4.1)

GAMs (Hastie and Tibshirani, 1986) Additive smooth functions Shape functions Low Low Linear
GA2M (Lou et al., 2013) Pairwise interaction terms Interaction maps Medium Low Moderate
EBMs (Nori et al., 2019) Boosting for additive terms Shape/Interaction Medium Low Moderate
NAMs (Yang et al., 2021) Neural shape functions Individual NNs Medium Medium Moderate
KANs (Liu et al., 2025) Learnable splines on edges 1D edge functions High High TBD
Bilinear MLPs (Pearce et al., 2025) Bilinear interactions Weight tensors High High ≈

Concept Alignment (Sec 4.2)

Standard CBMs (Koh et al., 2020) Hard concept bottleneck Concept scores Low Low ↓
SCBMs (Vandenhirtz et al., 2024) Joint concept distribution Concept dependencies Medium Low ↓
Hybrid CBMs (Havasi et al., 2022) Residual side-channel Concepts + Residual Low Low ≈
CB-LLM (Sun et al., 2025) Hybrid bottleneck + Adversarial Concepts + Latent High Low ≈
Label-free CBM (Oikarinen et al., 2023) Auto-discovery via CLIP Concept scores Medium Low ↓
CEMs / IntCEMs (Zarlenga et al., 2022) Concept embeddings Concept Vectors Medium Low ≈
Codebook Features (Tamkin et al., 2024) Vector Quantization (VQ) Discrete Codes Medium Low ↓

Representational Decomposability (Sec 4.3)

Backpack (Hewitt et al., 2023) Sense vectors + Context weights Sense vectors Medium High ↓
Char-BLM (Sun and Hewitt, 2023) Character-level sense vectors Character senses Medium High ↓
CoCoMix (Tack et al., 2025) Concept prediction & mixing Continuous concepts Medium High ≈

Explicit Modularization (MoEs) (Sec 4.4)

— Intra-Expert Sparsity —
MoE-X (Yang et al., 2025) Sparsity-aware routing + ReLU Sparse Experts Low Low ≈
MoV (Zadouri et al., 2024) Mixture of Vectors (Linear) Linear Units Low Low ≈
MoLORA (Zadouri et al., 2024) Mixture of LoRA adapters Low-rank Adapters Low Low ≈

— Fine-Grained Decomposition —
MONET (Park et al., 2025) Product Key Composition Monosemantic Exp. High Medium ≈
MxD (Oldfield et al., 2025) Tensor factorization Linear sublayers High Medium ≈
MPO-MoE (Gao et al., 2022) Matrix Product Operator Shared tensors Medium Medium ≈

— Semantically Aligned Routing —
Task-Based MoE (Pham et al., 2023) Task embeddings + Adapters Task Adapters Low Low ↑
Lingual-SMoE (Zhao et al., 2024b) Language-guided routing Language Experts Low Low ↑
THOR-MoE (Liang et al., 2025) Hierarchical Context-Routing Domain Experts Medium Low ↑
Apollo-MoE (Zheng et al., 2025) Language Family Grouping Family Experts Medium Low ↑
RoMA (Li et al., 2025) Manifold Alignment Reg. Routing Geometry Medium None ↑
USMoE (Do et al., 2025) Linear Programming Routing Unified Scores Low Low ↑
Orthogonality (Guo et al., 2025) Orthogonality & Variance loss Exclusive Experts Low Low ≈

Latent Sparsity Induction (Sec 4.5)

Weight-Sparse (Gao et al., 2025) L0 Regularization Sparse Circuits Very High Low ↓
GLUs (Dauphin et al., 2017) Gated Linear Units Activation Paths Low Low ↑

Table 1: A comprehensive summary of intrinsic interpretability architectures covering all methods discussed in this
survey. Perf. denotes reported performance vs. black-box baselines: ↑ (Improved), ≈ (Similar), ↓ (Trade-off). Note:
KANs and Bilinear MLPs are categorized under Functional Transparency following the text structure.
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