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Abstract001

Chain-of-Thought (CoT) improves multi-step002
reasoning in LLMs, but it highlights a ten-003
sion between efficiency and controllability: ex-004
plicit CoT exposes a rationale channel that005
can be edited at inference time to steer out-006
puts, whereas implicit/latent CoT internalizes007
reasoning and operates under an answer-only008
interface, making targeted intervention diffi-009
cult. We characterize this gap with a coun-010
terfactual framework that distinguishes input-011
level perturbations from mediator-level inter-012
ventions, and show empirically that explicit and013
implicit systems can appear similar under in-014
put counterfactuals yet diverge sharply when015
direct control over intermediate reasoning is016
required. Motivated by this boundary, we pro-017
pose CLaM (Controllable Latent Mediation),018
which restores an intervention handle for im-019
plicit reasoning without emitting rationales: an020
extractor maps structured intermediate facts021
into a small set of latent mediator embedding022
that condition an answer-only student model.023
Across multiple backbones and editing settings,024
CLaM enables robust counterfactual interven-025
tions and reliable propagation from edited inter-026
mediates to final answers, improving controlla-027
bility while preserving the efficiency of latent028
reasoning. Our data and code will be available029
at https://github.com/XXX.030

1 Introduction031

Large language models (LLMs) have recently032

shown strong performance on tasks requiring multi-033

step reasoning, with Chain-of-Thought (CoT) serv-034

ing as a widely adopted catalyst (Yang et al., 2025a;035

Guo et al., 2025; Yu et al., 2025). As illustrated036

in Figure 1, the standard paradigm is explicit CoT:037

models are trained on (Q,CoT, A) triples (e.g.,038

CoT-SFT) and generate a human-readable ratio-039

nale before the final answer. Beyond improving040

accuracy, this explicit rationale channel provides a041

practical control handle at inference time—users042

Figure 1: Illustration of explicit vs. implicit CoT. Ex-
plicit CoT models are trained on (Q,CoT, A) and out-
put textual rationales at inference, while implicit CoT
internalizes reasoning in latent representations and pro-
duces answers without exposing CoT.

can revise, swap, or constrain the rationale to steer 043

the model’s prediction under the same question 044

input. However, explicit CoT also incurs longer 045

generations and higher inference cost, and super- 046

vised rationale imitation can encourage superficial 047

linguistic shortcuts. These limitations have moti- 048

vated implicit (or latent) CoT (Shen et al., 2025; 049

Tan et al., 2025; Xu et al., 2025), which internalizes 050

reasoning into hidden states or a small number of 051

continuous “thought” tokens while keeping the ex- 052

ternal interface answer-only. Recent works (Shen 053

et al., 2025; Xu et al., 2025) show that compress- 054

ing CoT into continuous latent tokens can retain 055

competitive reasoning performance while improv- 056

ing efficiency, often by aligning representations 057

between explicit and implicit modes. 058

However, this shift from language to latent space 059

raises a core question that is under-explored: what 060
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is gained and what is lost when reasoning is in-061

ternalized? In particular, explicit CoT provides062

an intervention surface that can be manipulated063

externally, while implicit CoT may trade away con-064

trollability for compactness. This matters beyond065

interpretability: many downstream applications066

(e.g., knowledge editing (Yao et al., 2023; Zhang067

et al., 2024), counterfactual reasoning (Zhong et al.,068

2023), and multi-hop propagation (Cohen et al.,069

2024)) require changing a specific intermediate070

fact or substep while keeping the rest of the model071

stable. If the reasoning mechanism is internalized072

and not directly addressable, such targeted inter-073

ventions become difficult.074

Building on this empirical motivation, we formu-075

late two hypotheses:076

• H1 (input-level observational equivalence)077

posits that on the original input and input-level078

counterfactuals, explicit and implicit systems079

can be approximately equivalent when evalu-080

ated through an answer-only interface.081

• H2 (interventional non-equivalence) posits082

that the two systems diverge under mediator-083

level intervention, because only explicit CoT084

provides a well-defined, externally imple-085

mentable do(CoT ) operation.086

Two sets of experiments are conducted on GSM8K-087

Aug (Cobbe et al., 2021; Deng et al., 2023) to088

test our hypotheses by contrasting an explicit CoT-089

SFT system (E) with an implicit self-distilled sys-090

tem (I). (See Section § 2) (1) To evaluate H1,091

we construct input-level counterfactual pairs and092

compare how E and I respond under an answer-093

only interface; the results show highly similar aver-094

age sensitivity to counterfactual edits, supporting095

a weak/conditional form of observational equiva-096

lence. (2) To evaluate H2, we perform mediator-097

level interventions on the explicit system by swap-098

ping or editing CoT while holding the question099

fixed; we find that these interventions reliably steer100

the output with high fidelity, exposing a clear con-101

trollability boundary.102

Motivated by this boundary evidence, we ask:103

can we recover controllability for implicit CoT104

without reverting to explicit rationales? We pro-105

pose Controllable Latent Mediation, a method106

that bridges the gap between explicit controllability107

and implicit efficiency. The key idea is to keep the108

student’s interface fixed (still answering Q → A),109

while introducing a latent mediator whose content110

can be modified externally. Concretely, an Ex- 111

tractor maps structured intermediate facts (e.g., 112

Editable facts) into a small set of latent embed- 113

ding; these embedding are injected into the student 114

model at the to influence generation. During train- 115

ing, we align the mediator with teacher-side signals 116

derived from explicit CoT, so that the student inter- 117

nalizes CoT-like reasoning while remaining steer- 118

able through latent-space interventions. At test 119

time, editing is performed by changing the extrac- 120

tor’s input facts, thereby producing a new mediator 121

that can redirect the student’s answer—without ex- 122

posing any natural-language CoT. 123

In summary, our contributions are threefold: 124

• We clarify a controllability boundary be- 125

tween explicit and implicit CoT: they are ap- 126

proximately observationally equivalent under 127

input-level counterfactuals, but explicit CoT 128

has a clear advantage under mediator interven- 129

tions. 130

• We propose CLaM, which restores an inter- 131

vention handle for implicit reasoning via an 132

extractor-controlled latent mediator while pre- 133

serving an answer-only interface. 134

• Experiments show that CLaM enables robust 135

interventions and supports reliable counterfac- 136

tual propagation, advancing both reasoning 137

performance and controllability. 138

2 Boundary Hypotheses and Empirical 139

Analysis 140

This section studies a boundary between explicit 141

chain-of-thought (CoT) and implicit/latent CoT. In- 142

tuitively, an explicit-CoT model exposes a human- 143

readable reasoning trace, while an implicit-CoT 144

model may still perform multi-step reasoning inter- 145

nally but produces only the final answer. A natu- 146

ral question follows: when do the two paradigms 147

behave similarly, and when do they diverge in a 148

principled way? 149

Our empirical analysis is to separate two lev- 150

els of comparison: (i) input-level counterfactu- 151

als—we perturb the input question and observe the 152

final answer; (ii) mediator-level interventions— 153

we intervene on an intermediate reasoning variable 154

and test whether the output can be predictably con- 155

trolled. 156

2.1 Setup: Two Systems 157

We compare two systems trained in different ways: 158
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• E (Explicit-CoT; represented by CoT-SFT):159

learns from supervised rationales to gener-160

ate explicit textual rationale and answer for a161

given question q, i.e., q → (CoT, a).162

• I (Implicit/Latent-CoT; represented by self-163

distillation (Shen et al., 2025)): trained to164

internalize reasoning in latent representations165

and evaluated as answer-only; it does not ex-166

pose an external textual mediator that can be167

read/written as part of the input-output inter-168

face.169

Interface constraint For H1, we evaluate both170

E and I in the same answer-only interface, i.e.,171

both are prompted to output only the final answer.172

For H2, we consider interventions on a media-173

tor variable. Crucially, we do not “inject CoT”174

into I, because once textual CoT is provided as an175

executable input, the setting becomes an explicit176

rationale-input interface by definition. Therefore,177

H2 is evaluated via mediator interventions that178

are well-defined for E (which exposes a mediator),179

while we treat the absence of such an externally180

manipulable mediator in I as the core structural181

difference.182

We construct counterfactual instances from183

GSM8K-Aug (Deng et al., 2023), an arithmetic184

dataset on which both E and I perform well. The185

construction process and data details are provided186

in Appendix B. For input-level counterfactuals187

(H1), we build paired questions (q, qcf ) with gold188

answers (a, acf ). For mediator-level interven-189

tions (H2), we alter the mediator while keeping the190

question fixed, (e.g. (q, cotcf )) to make the medi-191

ator intentionally inconsistent with the input. Ex-192

amples of q/qcf , a/acf , and cot/cotcf are shown193

in Table 6.194

2.2 H1: Input-Level Observational195

Equivalence196

Motivation. Many implicit CoT approaches (Yu197

et al., 2024; Shen et al., 2025) report strong per-198

formance on tasks like arithmetic word problems.199

This suggests that, when we only perturb the input,200

implicit reasoning might resemble explicit-CoT be-201

havior at the level of observed answers.202

H1 Hypothesis statement. When evaluated un-203

der the same answer-only interface, explicit-CoT204

(E) and implicit-CoT (I) exhibit similar behavioral205

responses under base inputs and input-level coun-206

terfactuals. A practical implication is that if we207

perturb q → qcf , both systems should show com- 208

parable changes in accuracy and comparable sensi- 209

tivity patterns. 210

2.2.1 Experiments for H1: Input-Level 211

Counterfactual Evaluation 212

Let CS(qi) ∈ {0, 1} denote correctness of system 213

S ∈ {E, I} on input qi. The three metrics are 214

defined as follows. 215

Accuracy on base and counterfactual (Acc).

AccSq =
1

N

N∑
i=1

CS(qi), 216

AccSqcf =
1

N

N∑
i=1

CS(qcfi ). (1) 217

Counterfactual joint success (CS).

CSS =
1

N

N∑
i=1

1
(
CS(qi) = 1 ∧ CS(qcfi ) = 1

)
(2) 218

Average counterfactual shift and Difference-in- 219

Differences (DID). Define per-item shift 220

∆S
i = CS(qcfi )− CS(qi) ∈ {−1, 0, 1}, (3) 221

so that, 222

E[∆S] = AccSqcf −AccSq . (4) 223

We compare counterfactual sensitivity via 224

difference-in-differences1: 225

DID = E[∆E ]− E[∆I ]. (5) 226

Results and Analysis. We validate H1 on two 227

backbones, LLaMA-3.2-1B-Instruct (Dubey et al., 228

2024) and GPT-2 (Radford et al., 2019), with re- 229

sults reported in Tables 1 and 2. Empirically, we 230

observe a consistent pattern across both models: 231

due to different training signals, E and I can differ 232

in baseline accuracy, so the strong form of obser- 233

vational equivalence (identical overall behavior) 234

is not supported. However, when viewed through 235

the weak/conditional lens of H1, their counter- 236

factual sensitivity—how predictions change from 237

q to qcf—is highly similar: both systems exhibit 238

comparable shifts under input-level counterfactual 239

edits, and the resulting DID remains close to zero. 240

1DID ≈ 0 indicates E and I have similar average sensi-
tivity to input-level counterfactual perturbations, which sup-
ports H1 in its weak/conditional form.
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This suggests that counterfactual perturbations do241

not introduce an additional systematic divergence242

beyond overall capability differences, providing243

evidence for H1 in a weak/conditional sense.244

Overall, these results support H1 in a245

weak/conditional sense: E and I exhibit nearly246

indistinguishable average response to input-level247

counterfactual perturbations (DID ≈ 0), even248

though E retains a modest baseline advantage.249

Method Input Acc CS DID
E q 58.00%

51.25%
-0.23%

E qcf 56.18%
I q 53.60%

46.55%
I qcf 52.01%

Table 1: Evaluation results of H1 pattern on LlaMa3.2-
1B-Instruct model.

Method Input Acc CS DID
E q 45.87%

39.73%
-0.15%

E qcf 44.50%
I q 41.55%

34.87%
I qcf 40.33%

Table 2: Evaluation results of H1 pattern on GPT-2
model.

2.3 H2: Mediator-Level Interventional250

Non-Equivalence251

Motivation. Even if two systems look similar un-252

der input perturbations, they may differ in what can253

be controlled. Explicit CoT exposes a mediator M254

(the CoT) that can be directly edited or swapped.255

This creates a well-defined notion of a mediator256

intervention do(M) without accessing internal acti-257

vations. In contrast, an answer-only implicit system258

does not expose such an externally manipulable me-259

diator under the same interface constraints.260

H2 Hypothesis statement. E and I diverge un-261

der mediator-level counterfactuals: E admits well-262

defined, externally realizable mediator interven-263

tions (via explicit CoT), whereas I does not under264

the same fixed answer-only interface and without265

internal-state access. We operationalize media-266

tor interventions only for E, where a textual ra-267

tionale can be provided as a mediator. For each268

pair (q, qcf ) with rationales (cot, cotcf ), we evalu-269

ate four conditions:270

• Consistent mediator: (q, cot) and271

(qcf , cotcf ).272

• Swapped mediator (mediator counterfac- 273

tual): (q, cotcf ) and (qcf , cot). 274

2.3.1 Experiments for H2: Mediator-Level 275

Interventions (Explicit CoT) 276

Let a(M)
i denote the answer implied by executing 277

the provided mediator M (i.e., the rationale’s end- 278

point). The related two metrics are defined as fol- 279

lows. 280

Follow-the-mediator rate (FMR).

FMR =
1

N

N∑
i=1

1
(
yi = a

(M)
i

)
. (6) 281

High FMR indicates that providing a mediator reli- 282

ably controls the output. 283

Mediator causal effect (MCE).

MCE = Pr (y = a | q,M = cot)− 284

Pr (y = a | q,M = cotcf ). (7) 285

MCE quantifies how the model’s output changes 286

when we replace the mediator while keeping the 287

input fixed. A large MCE indicates that media- 288

tor replacement induces a strong and consistently 289

reproducible intervention effect. 290

Results and Analysis. Across backbones, 291

mediator-level interventions on E exhibit a clear 292

and consistent pattern (Tables 3 and 4): the model 293

follows the provided rationale with high FMR 294

score, and swapping in a counterfactual mediator 295

reliably induces a large behavioral shift (high 296

MCE), moving predictions away from the original 297

target and toward mediator-consistent outputs 298

even when the swapped mediator is intentionally 299

inconsistent with the question. Together, these 300

results indicate that explicit CoT functions as 301

an externally writable and effective control 302

variable for E, strongly supporting H2: explicit 303

CoT provides a controllable mediator enabling 304

well-defined interventions. Under the same 305

external constraints (answer-only interface, no 306

internal-state access), I exposes no comparable 307

mediator to intervene on, implying the two 308

paradigms are interventionally non-equivalent in 309

terms of intervention realizability. 310
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Method Input FMR MCE
E q, cot 94.31%

93.71%
E q, cotcf 96.97%
E qcf , cot 97.12%

96.44%
E qcf , cotcf 94.09%

Table 3: Evaluation results of H2 pattern on LlaMa3.2-
1B-Instruct model.

Method Input FMR MCE
E q, cot 93.33%

92.72%
E q, cotcf 96.59%
E qcf , cot 96.36%

95.75%
E qcf , cotcf 93.33%

Table 4: Evaluation results of H2 pattern on gpt2 model.

2.4 Summary: What the Boundary Means311

Our empirical evidence suggests a boundary:312

• At the input level (H1): E and I can look sim-313

ilar in how their answer behavior responds to314

small, controlled input counterfactuals (DID315

≈ 0), supporting weak input-level observa-316

tional equivalence.317

• At the mediator level (H2): explicit CoT318

enables externally realizable mediator inter-319

ventions (high FMR/MCE), whereas implicit320

answer-only systems lack an equivalent inter-321

vention object under the same interface con-322

straints.323

3 Bridging the Gap: Controllable Latent324

Mediation325

The boundary evidence above reveals a clear asym-326

metry between explicit and implicit reasoning sys-327

tems. This tension motivates a principled design328

that preserves the efficiency and usability of im-329

plicit reasoning, while recovering the controllabil-330

ity characteristic of explicit-CoT pipelines.331

To this end, we propose CLaM, a bridge be-332

tween explicit and implicit reasoning that intro-333

duces a controllable latent mediator without expos-334

ing textual rationales at inference time. Figure 2335

provides an overview of CLaM, highlighting its336

three key stages: (i) a frozen teacher model that337

reasons with explicit CoT, (ii) a student model that338

answers directly but is conditioned on a small num-339

ber of latent mediator tokens, and (iii) an extractor340

that maps structured intermediate facts or steps into341

these mediator tokens.342

3.1 Problem Formulation 343

We study controllable reasoning in settings where 344

models are deployed with an answer-only inter- 345

face, yet must support targeted interventions on 346

intermediate knowledge. In particular, we focus on 347

multi-hop question answering and editing scenarios 348

in which the edited knowledge is often local (e.g., 349

a single fact or step) but its effect must propagate 350

through a multi-hop reasoning process. 351

3.1.1 Controlled Mediation Without Explicit 352

Rationales 353

Let Q denote a multi-hop question and A its final 354

answer. Let Z = {(ci, ai)}Hi=1 be an ordered set 355

of intermediate steps, where each step consists of 356

a (subject, relation, object) single-hop triple fact 357

A teacher model consumes Q together with an ex- 358

plicit chain-of-thought C constructed from Z, and 359

produces A. 360

In contrast, a student model must predict A given 361

only Q and a compact mediator signal derived from 362

Z, without accessing or emitting explicit rationales. 363

Our objective is controllable mediation: modi- 364

fying Z—for example, editing a single interme- 365

diate fact—should induce a predictable change in 366

the student’s output distribution, ideally yielding 367

a counterfactual answer A′ when such edited facts 368

are available. 369

3.1.2 Latent Mediator and Intervention 370

Operators 371

We introduce a latent mediator represented as a 372

continuous latent embedding M ∈ RK×d, where 373

K is small and d matches the hidden dimension 374

of the student. An extractor Eϕ maps intermediate 375

steps into the mediator: 376

M = Eϕ(Z). (8) 377

The student model Sθ,∆—with backbone parame- 378

ters θ and optional lightweight adapters ∆—then 379

predicts: 380

PSθ,∆
(A | Q,M). (9) 381

We formalize interventions as operators applied 382

to the intermediate step set Z, including: (i) Edit, 383

where a step (si, ri, oi) is modified to (si, ri, o
′
i); 384

and (ii) Compose, where multiple steps are com- 385

bined to induce multi-hop propagation. An in- 386

tervention is realized by recomputing the medi- 387

ator M ′ = Eϕ(Z
′) and querying the student with 388

(Q,M ′). 389

5



Figure 2: An overview of the proposed CLaM framework: 1) Teacher-guided mediation. CLaM starts from a
frozen teacher model that solves the input question using explicit CoT, providing a structured reasoning signal that
serves as supervision for controllable mediation. 2) Answer-only student with latent mediators. A student model
is trained to answer directly under an answer-only interface, but its generation is conditioned on a small number
of learned latent mediator tokens, allowing reasoning-relevant information to influence outputs without exposing
textual rationales at inference time. 3) Extractor-based mediator synthesis. To make the mediator editable and
recomputable, an extractor maps structured intermediate facts/steps into these mediator tokens, so interventions can
be implemented by modifying the intermediate facts and re-deriving the mediator used by the student.

3.2 Model Components and Architecture390

Our method consists of three components. For391

more architectural details, please refer to Ap-392

pendix C.393

• Teacher TΘ. A (frozen) autoregressive LM394

conditioned on explicit CoT:395

PTΘ
(A | Q,C). (10)396

• Extractor Eϕ. A smaller LM model that en-397

codes Z into K intermediary latent embed-398

ding M ∈ RK×d.399

• Student Sθ,∆. A backbone same as teacher400

model with optional LoRA (Hu et al., 2021)401

adapters ∆, predicting A conditioned on Q402

and M .403

3.2.1 Training Data and Supervision Signals404

Each training instance provides (Q,Z,A), and op-405

tionally a counterfactual edited version (Q,Z ′, A′).406

The teacher’s explicit CoT C is derived from Z.407

The student never observes C directly; it only con-408

sumes Q and latent embedding M .409

We leverage three supervision signals:410

1. Answer supervision for the student (Q,M →411

A).412

2. Distributional distillation from the teacher 413

(teacher answer-token distribution). 414

3. Representation alignment between the me- 415

diator and a teacher internal state. 416

3.2.2 Objective Functions and Optimization 417

Let y denote the answer token sequence for A. Let 418

A index the positions of answer tokens (e.g., tokens 419

after “Answer:”). 420

(i) Student answer supervision (Cross-entropy 421

loss). We apply causal LM cross-entropy only on 422

answer tokens: 423

LCE = −
∑
t∈A

log pS(yt | y<t, Q,M) 424

M = Eϕ(Z). (11) 425

(ii) Teacher-to-student distillation (KL diver- 426

gence loss (Ouyang et al., 2022)). We match the 427

student’s answer-token distribution to the teacher’s 428

using temperature τ : 429

LKL =
∑
t∈A

KL
(
s(z

(t)
T /τ) ∥ s(z

(t)
S /τ)

)
· τ2 (12) 430

where s(·) is softmax fuction and z
(t)
T and z

(t)
S are 431

teacher/student logits at answer-aligned positions. 432

In our setting the teacher is frozen; KL remains 433

effective as a fixed target distribution. 434
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(iii) Mediator–teacher state alignment. We ex-435

tract a teacher hidden representation hT at a bound-436

ary tied to answer onset (e.g., the hidden state437

immediately before the first answer token). For438

K > 1, we mean-pool the mediator tokens M̄ =439
1
K

∑K
k=1Mk:440

LAlign = ∥M̄ − hT ∥22. (13)441

This encourages the extractor to produce a compact442

mediator that approximates a teacher state predic-443

tive of the answer under explicit CoT.444

Overall objective. The final training objective445

is:446

L = λCELCE + λKLLKL + λAlignLAlign (14)447

We update the extractor parameters Eϕ and stu-448

dent adapter parameters ∆ while keeping the stu-449

dent backbone θ frozen. This preserves the back-450

bone’s general capability and substantially reduces451

the computational cost of training.452

3.3 Results Analysis and Ablations453

In this section, we present the key results of our454

experiments. The experimental setup is provided455

in Appendix A.2.456

3.3.1 Main Results and Analysis457

We evaluate the effectiveness of our method us-458

ing GPT2-large as the extractor and GPT-J as the459

student backbone, with results summarized in Ta-460

ble 5. Across both benchmarks, CLaM consistently461

outperforms prior editing baselines, demonstrating462

substantially stronger editing accuracy and gen-463

eralization. In particular, while existing methods464

exhibit limited robustness under counterfactual and465

multi-hop editing settings, CLaM achieves reliable466

propagation from edited intermediate facts to fi-467

nal answers. This performance gap suggests that468

controlling reasoning through an extractor-driven469

latent mediator enables more effective and stable470

interventions than directly modifying model param-471

eters.472

3.3.2 Ablation of Latent Number473

To assess the effect of latent capacity, we use GPT2-474

large as the extractor and GPT-J (Wang and Komat-475

suzaki, 2021) as the backbone, and evaluate four476

settings with different numbers of latent tokens477

(K = 1, 2, 4, 8) on MQuAKE-CF-v2, as shown in478

figure 3. The results show that increasing K yields479

consistent performance improvements, suggesting480

MQuAKE-CF-v2 MQuAKE-T
Eϕ: GPT2-large, S: GPT-J

MEMIT 12.3% 4.8%
MEND 11.5% 38.2%
MeLLo 20.3% 85.9%
CLaM 68.3% 89.2%

Table 5: Main results on MQuAKE-CF-v2 and
MQuAKE-T using GPT2-large as the extractor and GPT-
J as the student backbone.

Figure 3: Effect of latent mediator capacity on multi-
hop editing performance on MQuAKE-CF-v2, using
GPT2-large as the extractor and GPT-J as the backbone,
evaluated across four settings with different numbers of
latent tokens.

that a larger mediator provides more bandwidth 481

to encode and transmit reasoning-relevant inter- 482

mediate information needed for multi-hop editing. 483

Meanwhile, the parameter overhead grows only 484

moderately, making this a relatively efficient way to 485

strengthen controllability. Gains are largest when 486

moving from small to moderate K and then begin 487

to saturate, indicating diminishing returns beyond 488

a certain mediator capacity. 489

3.3.3 Ablation at the Extractor Scale 490

We ablate the extractor backbone by using GPT2, 491

GPT2-Medium, and GPT2-Large while keeping 492

the rest of the setup fixed (Figure 4). Performance 493

improves consistently as the extractor scales, in- 494

dicating that a stronger extractor produces higher- 495

quality latent mediators that better encode editable 496

intermediate information and support reliable prop- 497

agation to final answers. This suggests extractor 498

capacity is a key driver of CLaM’s controllability 499

and effectiveness. 500

4 Related Work 501

Efficient and Concise Reasoning While explicit 502

CoT reasoning significantly enhances model per- 503
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Figure 4: Ablation study on extractor capacity.

formance on complex tasks, its verbose generation504

process imposes substantial inference costs and505

latency. Addressing this efficiency bottleneck, re-506

cent research has focused on "Concise Thinking."507

For instance, Renze and Guven (2024) proposed508

Concise CoT, which utilizes prompt engineering509

to guide models toward generating shorter expla-510

nations without compromising accuracy. Similarly,511

Nayab et al. (2024) introduced Constraint CoT, ef-512

fectively compressing reasoning paths by impos-513

ing length constraints. Other approaches like To-514

kenComplexity (Lee et al., 2025) and NoThinking515

(Ma et al., 2025) further explore the minimal to-516

ken requirements for valid reasoning. Furthermore,517

recent works have explored "Adaptive Thinking"518

strategies, such as CoThink (Fan et al., 2025) and519

ThinkSwitcher (Liang et al., 2025), which dynam-520

ically switch between fast, direct answering and521

slow, detailed reasoning based on problem diffi-522

culty. Although these methods reduce the number523

of explicit tokens, they largely remain dependent on524

textual intermediate steps and do not fully achieve525

the internalization of the reasoning process.526

Implicit and Latent Reasoning To pursue ex-527

treme efficiency, another line of research aims to528

distill explicit reasoning steps into the model’s in-529

ternal hidden states, known as Implicit CoT. Yu530

et al. (2024) formalized the process of distilling531

"System 2" (slow thinking) capabilities into "Sys-532

tem 1" (fast thinking), enabling models to skip533

intermediate steps and directly output the correct534

answer. Shen et al. (2025) proposed CODI, a self-535

distillation framework that allows a model to act as536

its own "teacher" by aligning critical hidden states537

across explicit and implicit reasoning paths. While538

these approaches successfully "black-box" and ac-539

celerate the reasoning process, they often do so at540

the expense of interpretability and controllability.541

Controllability and Mechanism Intervention 542

While users can steer explicit reasoning by editing 543

CoT text, restoring such controllability in implicit 544

models presents a novel challenge. Recent studies 545

have begun to investigate understanding and con- 546

trolling the internal reasoning processes of large 547

models. Eisenstadt et al. (2025) discovered that 548

large models are aware of their relative position in 549

a thought process and demonstrated control over 550

decoding using a "thinking progress vector." Sheng 551

et al. (2025) proposed that models can pre-plan 552

reasoning intensity, allowing for the prediction and 553

control of reasoning token counts via linear models. 554

(Panickssery et al.) demonstrated the feasibility of 555

manually controlling the reasoning process through 556

Activation Steering. Other interventions include 557

Flash Think (Jiang et al., 2025) and DEER (Yang 558

et al., 2025b), which manipulate decoding to ac- 559

celerate inference. However, most of these works 560

focus on controlling the "length" or "progress" of 561

reasoning rather than the specific details of the 562

logical content. Our proposed CLaM framework 563

bridges this gap by introducing a Controllable La- 564

tent Mediator, which restores the ability to perform 565

specific, fact-level interventions on reasoning logic 566

while maintaining the efficiency of implicit infer- 567

ence. 568

5 Conclusion 569

We studied the boundary between explicit and im- 570

plicit Chain-of-Thought (CoT) systems. While 571

explicit CoT exposes a natural-language reason- 572

ing channel that can be edited at inference time to 573

steer outputs, implicit CoT internalizes the reason- 574

ing trace into parameters, improving efficiency but 575

making post-hoc control difficult. This tension is 576

especially consequential in editing and counterfac- 577

tual settings, where one often needs to intervene on 578

a specific intermediate fact while keeping the rest 579

of the model’s behavior stable. 580

To bridge this gap, we proposed Control- 581

lable Latent Mediation (CLaM), which keeps 582

an answer-only student interface while introducing 583

a controllable latent mediator generated by an Ex- 584

tractor from structured facts or intermediate steps. 585

This design enables steering and editing through 586

latent interventions without requiring the model to 587

output explicit rationales, offering a practical path 588

toward reasoning models that are both efficient and 589

controllable. 590
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Limitations591

Our study has several limitations. First, our training592

objective may introduce dependence on the teacher593

and inherit its biases: because the student is opti-594

mized via distillation and representation alignment,595

its behavior can mirror systematic errors from the596

teacher. If the teacher’s CoT or intermediate steps597

are unreliable, CLaM may learn to faithfully repro-598

duce mistakes under intervention, rather than cap-599

turing a more causally grounded reasoning process.600

Second, interpretability remains limited. Although601

CLaM restores intervenability, the mediator is a602

continuous latent representation and is not directly603

human-readable; compared to explicit CoT, it is604

harder to diagnose why a particular intervention605

succeeds or fails, potentially shifting debugging606

effort to the construction of Z and the behavior of607

the extractor.608
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A Experiments Details 751

In this section, we describe some of the setups used 752

in the experiment in detail. 753

A.1 Implementation Details of H1 and H2 754

For the experiments on H1 and H2, we trained the 755

implicit-CoT system (following the CODI frame- 756

work) by strictly adhering to the setup of Shen 757

et al. (2025) et al. We finetuned all models with 758

LoRA (Hu et al., 2021) using rank r = 128 and 759

scaling α = 32, and trained in bfloat16 precision. 760

For GPT-2, we used a learning rate of 3 × 10−3 761

and trained for 40 epochs. For LLaMA-3.2-1B, we 762

used a learning rate of 8× 10−4 and trained for 10 763

epochs. We applied a cosine learning-rate schedule 764

with a 3% warmup ratio, and optimized with AdamW. 765

Using the same hyperparameter settings, we also 766

trained an explicit-CoT baseline (CoT-SFT) with 767

LoRA. 768

A.2 Implementation Details of CLaM 769

Dataset We evaluate on the MQuAKE bench- 770

mark (Zhong et al., 2023), including its counterfac- 771

tual split MQuAKE-CF and the time-synchronized 772

split MQuAKE-T. 773

Experimental Model We use GPT2-large (Rad- 774

ford et al., 2019) as the Extractor, and adopt GPT- 775

J (Wang and Komatsuzaki, 2021) as the backbone 776

for both the teacher and the answer-only student. 777

Methods We compare CLaM against repre- 778

sentative knowledge editing baselines, including 779

MEMIT (Tan et al., 2023), MEND (Mitchell et al., 780

2021), and MeLLo (Zhong et al., 2023). 781

Experimental Setting We train the extractor pa- 782

rameters ϕ and the student adapters ∆ while keep- 783

ing the student backbone θ frozen. We train for 784

1 epoch with batch size 1 and gradient accumu- 785

lation 8 (effective batch size 8), using AdamW 786

with an initial learning rate of 1× 10−4, warmup 787

ratio 0.03, no weight decay, and a cosine learning- 788

rate schedule with warmup. The overall objective 789

combines LCE ,LKL,LAlign, with loss weights 790

λCE=1.0, λKL=1.0, and λalign=1.0; the distilla- 791

tion temperature is set to τ=2.0. The default latent 792
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mediator length is K=8 tokens. For parameter-793

efficient tuning, we apply LoRA to the student with794

rank r=16, α=32, dropout=0.05, and use mixed795

bfloat16 precision.796

B GSM8K-Aug Counterfactual Data797

Construction798

We construct a counterfactual version of GSM8K-799

Aug (Deng et al., 2023) by minimally perturbing800

numerical conditions while preserving the original801

problem structure. Each original instance provides802

a question q, a gold answer a, and an explicit chain-803

of-thought CoT from the dataset. These compo-804

nents are kept unchanged.805

For each instance, we use a large language806

model GPT-5.2 (OpenAI, 2025) as a controlled807

data generator to produce a counterfactual variant808

(qcf , acf , cotcf ) under strict constraints. Specifi-809

cally, qcf is obtained by modifying exactly one810

numerical quantity or fraction in q, while keeping811

all other textual content identical. The counterfac-812

tual answer acf is then recomputed accordingly.813

To ensure structural alignment at the mediator814

level, the generated cotcf is required to consist815

solely of symbolic calculation chunks in the form816

«·», with no natural language explanations or ad-817

ditional tokens. This restriction enforces a direct818

correspondence between numerical changes in the819

question and their induced computational effects in820

the reasoning trace.821

The generation process is guided by few-shot ex-822

amples and validated using a strict JSON schema823

to guarantee well-formed outputs and consistency824

across fields. Instances that violate any con-825

straint (e.g., multiple calculation, malformed cal-826

culation blocks) are recreated. As a result, each827

retained counterfactual pair differs from the origi-828

nal instance only in numerical condition, yielding829

aligned tuples (q, a, cot) and (qcf , acf , cotcf ) suit-830

able for input-level and mediator-level counterfac-831

tual analysis. An example is shown in table 6.832

C Structural Details833

In this section, we describe some of the model834

structural details.835

C.1 Teacher and Student836

In CLaM, the teacher and student share the same837

backbone architecture. The teacher model is fully838

frozen and operates with explicit CoT to provide839

reliable supervision signals. The student model840

adopts the same backbone but is trained under an 841

answer-only interface; its backbone parameters are 842

kept frozen, and only lightweight LoRA adapters 843

are introduced and optimized. This design pre- 844

serves the general reasoning capability of the back- 845

bone while enabling parameter-efficient adaptation 846

driven by latent mediation. 847

C.2 Extractor 848

The extractor Eϕ is implemented as a lightweight 849

language model augmented with a projection head 850

to produce a fixed-length latent mediator. Con- 851

cretely, we instantiate the extractor using a GPT-2 852

encoder, which maps the input sequence of struc- 853

tured intermediate steps Z into contextual token 854

representations. Let H ∈ RL×denc denote the last- 855

layer hidden states of the extractor for an input 856

sequence of length L, where denc is the hidden size 857

of the GPT-2 encoder. 858

To obtain a sequence-level representation, we 859

apply a simple pooling strategy by selecting the 860

hidden state corresponding to the last non-padding 861

token: 862

hpool = Hi∗ , i∗ = max{i | maski = 1}. (15) 863

This pooled representation hpool ∈ Rdenc summa- 864

rizes the intermediate facts or steps provided to the 865

extractor. 866

To produce a latent mediator of length K, we 867

apply a linear projection that expands the pooled 868

representation into K embeddings: 869

M̃ = Whpool + b, M̃ ∈ RK·d, (16) 870

where d matches the hidden size of the student 871

model. The projected vector is then reshaped into 872

a sequence of mediator tokens 873

M = reshape(M̃) ∈ RK×d. (17) 874

The resulting mediator M serves as a compact 875

latent representation of the intermediate reasoning 876

content and is injected into the student model to 877

condition answer generation. By constraining K 878

to be small, the extractor is encouraged to encode 879

reasoning-relevant information rather than acting 880

as a high-capacity passthrough. 881
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Original Instance Counterfactual Instance

Question (q) Question (qcf )
Charlie wants to sell beeswax candles. For every pound
of beeswax, he can make 10 tapered candles. One pound
of beeswax and the wicks cost $10.00 in supplies. If he
sells each candle for $2.00 each, what is his net profit if he
makes and sells 20 candles?

Charlie wants to sell beeswax candles. For every pound
of beeswax, he can make 10 tapered candles. One pound
of beeswax and the wicks cost $10.00 in supplies. If he
sells each candle for $3.00 each, what is his net profit if he
makes and sells 20 candles?

CoT (cot) Counterfactual CoT (cotcf )
«20/10=2» «10*2=20.00» «2*20=40.00»
«40-20=20.00»

«20/10=2» «10*2=20.00» «3*20=60.00»
«60-20=40.00»

Answer (a) Answer (acf )
20 40

Table 6: An example of counterfactual construction on GSM8K-Aug. The counterfactual instance is obtained by
modifying a single numerical condition in the question (selling price), which induces consistent changes in both the
answer and the symbolic reasoning trace.
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