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Abstract001

Large language models that require multiple002
GPU cards to host are usually the most capa-003
ble models. It is necessary to understand and004
steer these models, but the current technologies005
do not support the interpretability and steering006
of these models in the multi-GPU setting as007
well as the single-GPU setting. We present a008
practical implementation of activation-level in-009
terpretability (logit lens) and steering (steering010
vector) that scales up to multi-GPU language011
models. Our system implements design choices012
that reduce the activation memory by up to013
7× and increase the throughput by up to 41×014
compared to a baseline on identical hardware.015
We demonstrate the method across LLaMA-3.1016
(8B, 70B) and Qwen-3 (4B, 14B, 32B), sus-017
taining 20–100 tokens/s while collecting full018
layer-wise activation trajectories for sequences019
of 1,500 tokens. Using label-position steer-020
ing vectors injected post-LayerNorm, we show021
controllable, monotonic shifts in model outputs022
with a mean steerability slope of 0.702 across023
evaluated datasets, without fine-tuning or ad-024
ditional forward passes. We release detailed025
benchmarks, ablations, and a reproducible in-026
strumentation recipe to enable practical inter-027
pretability and real-time behavioral control for028
frontier LLMs.029

1 Introduction030

Large language models (LLMs) now drive appli-031

cations in scientific analysis, healthcare, law, and032

interactive decision-making, increasing the need to033

understand why a model produces a specific output034

and how we can reliably influence its behavior. As035

models scale into the tens of billions of parame-036

ters, we increasingly require interpretability tools037

that expose intermediate computations and enable038

targeted interventions during inference. Yet achiev-039

ing visibility at this scale remains difficult. Inter-040

pretability methods must surface internal structure041

with fine granularity while preserving the through-042

put and memory constraints required for real-world043

deployment. Today, the models for which we most 044

need interpretability are unfortunately the models 045

for which interpretability remains least feasible. 046

Existing activation-level interpretability tech- 047

niques including the logit lens and its variants and 048

activation steering approaches provide conceptual 049

insight but fail to scale to contemporary 10B+ pa- 050

rameter models. Prior implementations often (1) 051

require multiple forward passes, (2) no KV caching, 052

(3) project every intermediate activation into the 053

full vocabulary, or (4) assume single-GPU exe- 054

cution. These design choices inflate memory us- 055

age, increase latency, and frequently trigger out-of- 056

memory (OOM) failures, even on mid-sized mod- 057

els. As a result, activation-level interpretability and 058

steering for large language models is effectively 059

not possible. 060

In this work, we introduce a distributed, single- 061

pass framework for activation-level interpretability 062

and behavioral steering that runs at native infer- 063

ence speed on models up to 70B parameters. We 064

integrate instrumentation inside the tensor-parallel 065

inference path so we can capture activations during 066

standard autoregressive decoding without extra for- 067

ward passes, without interfering with KV caching, 068

and without materializing full vocabulary logits. 069

We instead record compact hidden-state slices for 070

each token and perform a single batched LM-head 071

projection only after decoding finishes. This design 072

keeps memory proportional to the hidden dimen- 073

sion rather than vocabulary size, enabling full-layer, 074

long-sequence analyses under fixed per-GPU bud- 075

gets. Empirically, we reduce activation memory 076

by up to 7× and increase throughput by up to 41× 077

compared to a reimplemented LogitLens4LLMs 078

(Wang, 2025) baseline on identical hardware. 079

We also show that this same architecture sup- 080

ports real-time behavioral steering. We compute 081

steering vectors from base and target forward ac- 082

tivations and inject them post-LayerNorm inside 083

wrapped transformer layers. Because we inject in- 084
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side the existing tensor-parallel forward path, steer-085

ing preserves single-pass execution and introduces086

no extra compute. Across LLaMA-3.1 (8B, 70B)087

and Qwen3 (4B, 14B, 32B), we observe monotonic,088

controllable output shifts with a mean steerability089

slope of 0.702, demonstrating that activation-level090

interventions remain reliable at frontier scale with-091

out fine-tuning or throughput degradation.092

Prior interpretability methods such as logit lens093

and activation steering are developed under single-094

device or offline assumptions and are fundamen-095

tally incompatible with tensor-parallel, KV-cached096

inference used by modern large language models.097

In such settings, hidden states are sharded across098

devices and discarded incrementally during gen-099

eration, making layer-wise decoding or interven-100

tion infeasible without additional forward passes101

or parameter modification. We address this gap102

by introducing a unified execution model that in-103

tegrates interpretability and steering directly into104

tensor-parallel inference via single-pass activation105

capture and deferred projection.106

Contributions We summarize our contributions107

below:108

• Tensor-parallel interpretability. We introduce a109

tensor-parallel inference architecture that enables110

large language models (LLaMA, Qwen) to be111

efficiently analyzed and controlled across multi-112

ple GPUs. By integrating logit-lens analysis and113

activation steering directly into tensor-parallel114

execution, our approach supports full-layer inter-115

pretability during standard inference, enabling116

scalable analysis up to 70B models at native res-117

olution without centralizing model weights or118

activations.119

• Memory-efficient, single-pass instrumenta-120

tion. We combine (i) single-pass activation cap-121

ture, (ii) deferred vocabulary projection, and (iii)122

non-redundant hidden-state logging. This design123

reduces activation footprint by up to 7× and sus-124

tains 20–100 tokens/s while tracing 1,500-token125

sequences across all layers of LLaMA and Qwen126

models.127

• Scalable steering vectors with real-time con-128

trol. We implement post-LayerNorm steering129

inside the distributed forward path, achieving130

stable, monotonic behavioral modifications with131

no additional passes and no loss in throughput.132

Steering remains effective across all tested model133

scales.134

Together, these contributions close a practical135

gap: we make full-layer, token-level interpretabil- 136

ity and activation-level control feasible upto 70B 137

parameter models using commodity multi-GPU 138

hardware, without slowing generation or exceeding 139

memory budgets. Our results point toward uni- 140

fied interpretability-and-control systems suitable 141

for both research and production. 142

Roadmap Section 2 reviews interpretability and 143

steering methods. Section 3 presents our dis- 144

tributed, single-pass architecture. Section 4 reports 145

scalability and steering results across five models. 146

Section 6 discusses limitations and future direc- 147

tions. 148

2 Related Work 149

2.1 Logit Lens and Tuned Lens Methods 150

The logit lens, introduced by Nostalgebraist (Nos- 151

talgebraist, 2020), projects intermediate residual- 152

stream activations through the output embedding to 153

expose how token predictions evolve across layers. 154

While it reveals a progression from diffuse to sharp- 155

ened distributions, it suffers from basis drift, lead- 156

ing to misaligned intermediate predictions. Belrose 157

et al. (Belrose et al., 2023) addressed this limitation 158

with the tuned lens, learning a lightweight per-layer 159

linear correction that substantially improves align- 160

ment between intermediate logits and final model 161

outputs. 162

Subsequent tooling such as LOG- 163

ITLENS4LLMS (Wang, 2025) extended these 164

ideas to modern architectures (e.g., LLaMA and 165

Falcon), adding improved visualization pipelines 166

and projection-fidelity metrics. However, existing 167

logit-lens implementations typically rely on 168

multi-pass decoding or single-GPU execution, 169

restricting practical applicability to models below 170

roughly 10B parameters. 171

2.2 Steering Vectors and Activation 172

Interventions 173

Steering vectors provide a complementary mech- 174

anism for controlling model behavior by directly 175

modifying hidden activations rather than reading 176

them. Turner et al. (2023) showed that a simple 177

direction computed from positive versus negative 178

examples can reliably steer attributes such as sen- 179

timent or topic without retraining. Compared to 180

gradient-based approaches such as PPLM, steering 181

vectors are lightweight, reusable, and state-based. 182

Recent work has focused on robustness and scal- 183

ability. (Tan et al., 2024) systematically evaluated 184
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Figure 1: Distributed single-pass logit-lens architecture. Selected transformer layers are instrumented with
lightweight wrappers that expose post-attention activations under tensor-parallel execution. Hidden states for the
most recent token are recorded during a single KV-cached forward pass. After generation, all captured activations
are decoded in batch via the final normalization layer and shared LM head, enabling scalable per-token, per-layer
analysis without additional forward passes.

steering vectors across models and layers, showing185

that effectiveness varies substantially with archi-186

tecture and injection depth. Empirical demonstra-187

tions on deployed models include (Gunton, 2024),188

who showed that mean-direction steering can ef-189

fectively guide generative models toward improved190

reasoning behavior. Other work explores reducing191

interference: (Konen et al., 2024) introduced style192

vectors for controlled stylistic shifts, while (Stoehr193

et al., 2024) proposed sparse, layer-selective acti-194

vation scaling to minimize side effects.195

Open-source libraries such as llm-steer (Chir-196

culescu, 2025) and steering-vectors (steering-197

vectors contributors, 2025) provide practical inter-198

faces for constructing and applying steering vec-199

tors, though they do not yet address large-scale,200

tensor-parallel deployment.201

2.3 Engineering and Systems for202

Interpretability at Scale203

Several systems aim to support activation-level in-204

terpretability in large transformers, but most remain205

limited by model scale or execution constraints.206

Early pipelines for GPT-2 relied on per-layer pro-207

jection or extensive activation logging, making208

them prohibitively expensive for larger models.209

More recent inference engines and tracing frame- 210

works enable activation logging but do not support 211

full residual-stream decoding or multi-layer steer- 212

ing during generation. 213

Crucially, prior systems do not jointly support 214

single-pass activation capture, deferred batched 215

projection, and multi-layer activation intervention 216

while preserving tensor-parallel throughput and 217

KV-cache semantics. As a result, interpretability 218

and steering methods have remained largely incom- 219

patible with realistic multi-GPU inference for 10B+ 220

parameter models. 221

3 System Architecture and Method 222

3.1 Architecture Overview 223

We operationalize the design principles intro- 224

duced earlier single-pass activation capture, tensor- 225

parallel execution, and deferred vocabulary pro- 226

jection into a three stage architecture illustrated 227

in Fig. 1: (1) distributed model initialization with 228

selective layer instrumentation, (2) single-pass au- 229

toregressive generation with activation capture, and 230

(3) batched post-hoc decoding and serialization. 231

Stage 1: Distributed initialization and layer in- 232

strumentation. We initialize the tokenizer and 233
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base language model under a tensor-parallel infer-234

ence engine, partitioning weights across all avail-235

able GPUs. A configurable subset of transformer236

layers is instrumented by replacing the original237

block with a Block Output Wrapper. Each wrapper238

exposes post-attention activations from three loca-239

tions: (i) the attention mechanism output, (ii) the240

MLP output, and (iii) the block (residual-stream)241

output. The model’s final normalization layer and242

shared LM head remain unmodified and are reused243

during post-hoc decoding.244

Stage 2: Single-pass generation with activation245

capture. Generation proceeds via standard au-246

toregressive decoding with key-value caching en-247

abled. Because instrumentation occurs directly248

within the forward path, no additional forward249

passes are required. At each decoding step and250

for each wrapped layer, we record only the hidden-251

state slice corresponding to the most recently gen-252

erated token.253

Concretely, for a wrapped layer ℓ and activation254

type c, the recorded tensor has shape [1, 1, d] (batch255

size 1, single token, hidden dimension d). These256

slices are appended during generation. Across a257

generation of length T , each wrapped layer there-258

fore accumulates an activation trajectory of shape259

[1, T, d] per activation type. All capture occurs260

within the same tensor-parallel, KV-cached forward261

pass as standard inference.262

Stage 3: Batched decoding and serialization.263

After generation completes, the per-token activa-264

tion slices are concatenated into full hidden-state265

trajectories. For each wrapped layer and activa-266

tion type, we apply the model’s final normaliza-267

tion followed by a batched projection through the268

shared LM head, yielding vocabulary logits for269

all tokens simultaneously. Rather than retaining270

full |V |-dimensional distributions, we extract only271

the top-k candidates and their probabilities per to-272

ken. The resulting outputs are serialized in a JSON273

format, indexed by layer and activation type, and274

consumed by downstream visualization and analy-275

sis tools. This design ensures that memory usage276

scales with sequence length and hidden dimension,277

rather than vocabulary size.278

Algorithm 1 Single-pass activation capture with
batched logit-lens decoding

Require: Model M, Tokenizer τ , Wrappers L,
Types C

1: Initialize DeepSpeed inference with tensor par-
allelism

2: Instrument layers ℓ ∈ L with Block Output
Wrappers

3: Phase 1: Generation & Capture
4: Run autoregressive generation (t = 1 . . . T )

with KV-cache:
5: Wrappers record slice h ∈ R1×1×d at step t
6: Phase 2: Post-hoc Decoding
7: for ℓ ∈ L, c ∈ C do
8: Concatenate slices to form H(ℓ,c) ∈

R1×T×d

9: Z ← LMHead(LN(H(ℓ,c))) ▷ Batched
Projection

10: Extract top-k and Softmax(top-k)
11: end for

3.2 Single-pass Capture and Batched 279

Decoding Algorithm 280

Memory complexity. Storing captured activa- 281

tions scales as: 282

O(T · d · |L| · |C|) . 283

For example, with T = 1500 tokens, d = 8192 284

vector embeddings size , |L| = 80 transformer 285

layers and C = number of activation types this cor- 286

responds to approximately 9.8×108 elements. Un- 287

der bfloat16 precision (2 bytes per element), this is 288

roughly 1.97 GB per activation type (or ∼ 5.9 GB 289

when storing attention, MLP, and block outputs), 290

which remains tractable on modern multi-GPU sys- 291

tems. 292

3.3 Logit Lens Decoding 293

Our implementation of the logit lens operates as a 294

post-hoc decoding step over the hidden-state trajec- 295

tories captured during generation. By deferring pro- 296

jection into vocabulary space, we avoid repeated 297

|V |-dimensional computation during autoregres- 298

sive decoding. 299

Batched projection. Given a hidden state hℓ,t ∈ 300

Rd from layer ℓ at token position t, we compute 301

vocabulary logits as 302

zℓ,t = Wout LN(hℓ,t) + b, (1) 303
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where LN denotes the model’s final normalization304

layer and Wout is the language model head of the305

model.306

Top-k extraction. For each token position, we307

extract the top-k logits using an argsort operation.308

The value of k is specified by a user-controlled309

hyperparameter. Probabilities are computed by ap-310

plying a softmax over the top-k logits only, yielding311

a conditional distribution over the selected candi-312

dates rather than a full-vocabulary normalization.313

This choice substantially reduces memory and com-314

pute overhead while preserving the relative ranking315

required for interpretability.316

3.4 Activation Steering317

Our instrumentation framework supports318

activation-level steering during autoregressive319

generation. Steering is compatible with DeepSpeed320

tensor parallelism and is applied post-LayerNorm,321

enabling controlled interventions without modify-322

ing model parameters or introducing additional323

forward passes.324

Steering direction construction. Given a base325

sequence y− and a target sequence y+, we define a326

normalized steering direction327

v =
y+ − y−

∥y+ − y−∥2
. (2)328

Here, y− and y+ are hidden-state vectors extracted329

from the same layer and activation type under con-330

trasting conditions (e.g., baseline vs. target behav-331

ior). The ℓ2 normalization removes magnitude ef-332

fects, isolating the direction of change. Steering333

vectors may be computed per layer or reused across334

layers.335

Steering during generation. During controlled336

decoding, a scaled multiple of v is added to the337

attention output within the wrapped layer:338

h′ = h+ αv, (2)339

where α controls the strength of the interven-340

tion. Because steering is applied inside the tensor-341

parallel forward path, it preserves KV-cache reuse342

and the single-pass execution profile.343

Stability considerations. Excessive steering344

strength may induce degeneration or loss of flu-345

ency. We mitigate these effects using magnitude346

clipping and layer-specific scaling. Across all eval- 347

uated models (LLaMA-3.1–8B/70B and Qwen-3– 348

4B/14B/32B), this approach yields stable, mono- 349

tonic behavioral shifts, demonstrating that the pro- 350

posed architecture supports both scalable inter- 351

pretability and real-time control at frontier model 352

scale. 353

4 Experimental Setup 354

Hardware and software. All experiments were 355

conducted on a single node equipped with 4× 356

NVIDIA RTX A6000 GPUs (48 GB each) and 357

approximately 250 GB of system RAM. We use 358

DeepSpeed for tensor-parallel inference and activa- 359

tion capture, together with PyTorch and the Hug- 360

ging Face Transformers library. Unless otherwise 361

stated, inference is performed in bfloat16 preci- 362

sion with tensor parallel size=4. 363

Models. We evaluate five dense, decoder-only 364

large language models spanning a wide range of 365

scales and architectures: LLaMA 3.1–8B (Meta 366

AI, 2024b), LLaMA 3.1–70B (Meta AI, 2024a), 367

Qwen3–4B (Alibaba Cloud Qwen Team, 2025c), 368

Qwen3–14B (Alibaba Cloud Qwen Team, 2025a), 369

and Qwen3–32B (Alibaba Cloud Qwen Team, 370

2025b). All models were loaded from their pub- 371

lic Hugging Face checkpoints and instrumented 372

using identical post-LayerNorm wrappers. Mi- 373

nor adapter changes were required to account for 374

model-specific normalization layouts and module 375

naming. 376

Logit-lens protocol. We evaluate logit-lens inter- 377

pretability using a fixed suite of general-knowledge 378

and open-ended prompts (e.g., “Where is the old- 379

est technical university located in America?”). 380

For each prompt, we decode a budget of B ∈ 381

{100, 300, 500, 700, 1500} tokens for LLaMA 3.1– 382

8B and B ∈ {500, 700, 1500, 2000, 2500} tokens 383

for LLaMA 3.1–70B. 384

During decoding, we enable hooks to capture all 385

intermediate activations at every layer, including 386

attention-mechanism outputs, MLP outputs, resid- 387

ual streams, and post-LayerNorm block outputs. 388

Activations are recorded only for the final token at 389

each decoding step and stored as compact per-token 390

hidden-state slices. After decoding completes, all 391

captured states are projected in batch through the 392

shared LM head to produce layer-wise logit-lens 393

predictions. 394

For each configuration, we report end-to-end 395
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Tokens LL4L–TPtime (s) SP–TPtime (s) Speedup (×) Baseline tok/s Ours tok/s

100 166.0 ± 4.8 4.0 ± 0.3 41.5 0.60 ± 0.02 25.0 ± 1.8
300 498.0 ± 11.2 15.0 ± 0.9 33.2 0.60 ± 0.01 20.0 ± 1.2
500 833.0 ± 19.5 20.0 ± 1.1 41.7 0.60 ± 0.01 25.0 ± 1.4

Table 1: Baseline (LL4L–TP) vs. our method (SP–TP) logit-lens runtime comparison on LLaMA-3.1–8B. Wall-
clock time and throughput are reported as mean ± std over N = 3 runs. Speedup is computed as the ratio of
(LL4L–TP) time to (SP–TP) time. Both methods use identical multi-GPU tensor-parallel inference (4× RTX A6000,
bfloat16). The baseline performs per-layer re-forwarding, while ours method uses single-pass capture with deferred
batched projection.

wall-clock runtime and throughput (tokens/s), aver-396

aged over prompts. Timing measurements exclude397

model loading and include a short warm-up phase.398

Baselines. As no official throughput benchmarks399

exist for LogitLens4LLMs (Wang, 2025), we reim-400

plemented and evaluated it as a baseline under con-401

trolled conditions. Specifically, we ran the orig-402

inal single-GPU implementation on LLaMA 3.1–403

8B using a single RTX A6000 (48 GB), decoding404

B∈{100, 300, 500, 700} tokens. For each run, we405

report end-to-end runtime and compute throughput406

as tokens/s = B/Duration.407

The original LogitLens4LLMs (Wang, 2025)408

implementation could not be executed on multi-409

GPU setups or on larger models (e.g., LLaMA 3.1–410

70B, Qwen3–32B) due to out-of-memory failures411

when decoding long sequences. Accordingly, we412

treat LLaMA 3.1–8B as the largest reproducible413

single-GPU baseline and use it as a reference point414

for evaluating the scalability of our distributed im-415

plementation (Table 1).416

Steering protocol. We evaluate activation steer-417

ing on three behavioral datasets introduced by418

(Perez et al., 2022): Corrigible–Neutral HHH, Self-419

Aware LM, and Power-Seeking LLM. Each prompt420

is formatted as a multiple-choice question terminat-421

ing in a single-token label (A/B).422

Steering vectors are computed at the label token423

position by subtracting matched base (y−) and tar-424

get (y+) activations, followed by ℓ2 normalization.425

Vectors are injected post-LayerNorm at a speci-426

fied layer L during generation. We ablate injection427

layer and injection point (post-LayerNorm vs. pre-428

LayerNorm) and compare against last-token steer-429

ing. Evaluation follows (Tan et al., 2024), reporting430

steerability slope and mean ∆ change across steer-431

ing multipliers α.432

Model Params Mean tok/s Std

LLaMA-3.1–8B 8B 23.3 2.6
LLaMA-3.1–70B 70B 21.0 1.2
Qwen3–4B 4B 28.5 1.9
Qwen3–14B 14B 21.2 1.4
Qwen3–32B 32B 17.0 1.1

Table 2: Cross-model throughput summary. compari-
son of average decoding throughput for SP–TP. Mean
tok/s is aggregated across the token budgets used for
each model; Std is across runs (N = 3). (Replace
dummy values with measured results.)

5 Results 433

Evaluation protocol. Unless otherwise stated, 434

all runtime and steering experiments are repeated 435

N = 3 times with identical prompts and decod- 436

ing budgets. We report mean ± standard deviation 437

for throughput metrics and regression-based statis- 438

tics for steering analyses. Timing excludes model 439

loading and includes a short warm-up phase . 440

5.1 Runtime and Throughput Scaling 441

LLaMA 3.1–8B (baseline comparison). Table 1 442

reports a direct comparison between the Log- 443

itLens4LLMs tensor-parallel baseline (LL4L–TP) 444

and our single-pass, deferred-projection method 445

(SP–TP) on LLaMA 3.1–8B. Across token bud- 446

gets of 100–500 tokens, SP–TP achieves a 41× re- 447

duction in wall-clock time while sustaining 20–25 448

tokens/s. In contrast, the baseline remains bottle- 449

necked at approximately 0.6 tokens/s due to per- 450

layer re-forwarding. All values are reported as 451

mean ± standard deviation over N = 3 runs. 452

Runtime scaling across models. To evaluate 453

how runtime scales with model size and token 454

budget, Table 3 reports end-to-end runtime and 455

throughput for SP–TP across five models spanning 456

two architectures (LLaMA 3.1 and Qwen3) and pa- 457

rameter scales from 4B to 70B. Despite substantial 458

differences in model size and hidden dimension, 459
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Target Token 40: United
Full Context: The organization is a well-established institution specializing in multidisciplinary research and technological development. Founded in the late 19th century, it stands as one of the premier entities of its kind within

the United States, representing a significant milestone in history.

Figure 2: Logit lens heatmap for the token “university” across all 80 layers of the LLaMA 3.1–70B model. For
each layer, three types of activations are visualized attention, MLP, and block output representing the intermediate
computations captured after the post-LayerNorm stage. Each layer displays the model’s top-k = 3 most probable
tokens, and the color shade indicates their probability: darker shades correspond to higher token probabilities within
that layer. Due to space constraints, only the first three and last three layers are shown here. Some cells display
non-English or alphanumeric characters (e.g., “\u06\u0644”), which occur when the model emits tokens from other
scripts or symbols not supported by the visualization font.

throughput remains stable in the 20–100 tokens/s460

range, indicating that performance is governed pri-461

marily by tensor-parallel inference and batched462

LM-head projection.463

LLaMA 3.1–70B scalability. Within Table 3, we464

observe that SP–TP scales reliably to LLaMA 3.1–465

70B with decode budgets up to 2,500 tokens.466

A 1,500-token run completes in 75 ± 3.8 sec-467

onds while maintaining approximately 20 tokens/s468

throughput. Baseline methods could not be exe-469

cuted at this scale due to out-of-memory failures,470

consistent with prior reports.471

Beyond throughput, this scale allows for granu-472

lar inspection of the model’s internal reasoning. As473

illustrated in Figure 2, we visualize the evolution of474

the target token representation across the 80-layer475

architecture. While early layers (0–2) contain high-476

entropy activations and syntactic markers, the final477

layers (77–79) demonstrate the ”logit lens” effect,478

where the model’s internal state converges on the479

target token “United” with near-total probability.480

5.2 Cross-Model Throughput Consistency481

Table 2 provides a collapsed, reviewer-friendly482

summary of mean throughput across all evaluated483

models. Across both LLaMA 3.1 and Qwen3 fam- 484

ilies, throughput varies by less than 1.7× despite 485

nearly an order-of-magnitude change in parameter 486

count. This consistency suggests that logit-lens per- 487

formance under our method is largely architecture- 488

agnostic once tensor-parallel inference is fixed. 489

5.3 Steering Dose Response and Layer 490

Localization 491

For each prompt, we compute the mean label- 492

token propensity as a function of steering multi- 493

plier α ∈ [−1.5, 1.5]. A linear regression is fit per 494

prompt, and slopes are averaged across prompts. 495

Aggregated steering statistics are reported in Ta- 496

ble 4, including mean slope, coefficient of deter- 497

mination (R2), and statistical significance. Mid- 498

layer interventions exhibit strong, monotonic dose– 499

response behavior as illustrated in figure 3 at layer 500

L = 35 in LLaMA 3.1–70B, steering achieves a 501

mean slope of 0.70 with R2 = 0.85. In contrast, 502

earlier layers show substantially weaker effects, 503

with slopes near zero and non-significant p-values. 504

Layer efficiency. Achieving a +0.3 increase in 505

propensity requires a multiplier of approximately 506

0.35× at layer 35, compared to 4–6.5× at deeper 507
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Figure 3: Steering-vector propensity analysis on LLaMA 3.1–70B. Mean propensity vs. steering multiplier α for
selected layers. Steerability peaks at mid layer (L=35) and is weaker at early layers (L=25), consistent with
directional sensitivity patterns reported by Tan et al. (2024).

Model Params Tokens Time (s) (mean ± std, N=3) tok/s (mean ± std)

LLaMA-3.1–8B 8B 100 4.0 ± 0.3 25.0 ± 1.8
LLaMA-3.1–8B 8B 300 15.0 ± 0.9 20.0 ± 1.2
LLaMA-3.1–8B 8B 500 20.0 ± 1.1 25.0 ± 1.4

LLaMA-3.1–70B 70B 500 25.0 ± 1.5 20.0 ± 1.1
LLaMA-3.1–70B 70B 1500 61.3 ± 3.8 20.0 ± 1.0
LLaMA-3.1–70B 70B 2500 125.0 ± 6.2 20.0 ± 1.0

Qwen3–4B 4B 500 18.0 ± 1.0 27.8 ± 1.6
Qwen3–14B 14B 500 24.0 ± 1.4 20.8 ± 1.2
Qwen3–32B 32B 500 30.0 ± 1.9 16.7 ± 1.1

Table 3: Runtime scaling across models. Wall-clock time and throughput for SP–TP over varying token budgets.
Reported values are mean ± std over N = 3 runs on identical hardware (4× RTX A6000).

Model Layer Mean slope p-value

LLaMA-3.1–8B 35 0.68 0.004
LLaMA-3.1–8B 62 0.07 0.180
LLaMA-3.1–70B 35 0.72 0.002
Qwen3–14B 35 0.55 0.011
Qwen3–32B 35 0.49 0.019

Table 4: Steering statistics for each (model, dataset,
layer), we fit a per-prompt linear regression of the steer-
ing metric versus multiplier m ∈ [−1.5, 1.5], then re-
port the mean slope ± std across prompts. The p-value
is computed via a paired test comparing the metric at
m = −1.5 vs. m = +1.5.

layers. This gap indicates a localized leverage re-508

gion in mid-depth transformer blocks, consistent509

with prior steering analyses (Tan et al., 2024).510

5.4 Failure Modes and Saturation511

At large multipliers (|α| > 1.5), steering effects512

saturate and may induce mild fluency degradation;513

these regimes are excluded from quantitative anal-514

ysis. Early-layer injections (L < 20) produce near-515

zero slopes (R2 < 0.01), suggesting insufficient516

semantic separation at those depths. 517

6 Conclusion 518

We close a practical gap: token-level interpretabil- 519

ity and targeted interventions on 4B to 70B LLMs 520

without extra passes or slowdowns. Our single- 521

pass, tensor-parallel instrumentation with deferred 522

LM-head projection, plus residual-stream steering 523

computed at the label token and injected post-LN 524

(pre-MLP; empirically better than pre-LN), sus- 525

tains 0.01–0.05 s/token (20–100 tok/s) and com- 526

pletes a 1,500-token run in ≈60 s, with mean steer- 527

ability slope 0.702. Compared to prior single-GPU 528

baselines, it is up to 41× faster while logging per- 529

token/per-layer signals and supporting scheduled 530

injections. Our results expand the avenues towards 531

building unified interpretability and steering sys- 532

tems on multi-GPU LMs. 533
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Limitations534

Our evaluation focuses on decoder-only trans-535

former language models, and extending the frame-536

work to encoder decoder or non-transformer archi-537

tectures remains future work. The proposed frame-538

work operates entirely at inference time and does539

not address training-time interpretability or repre-540

sentation learning dynamics. Steering directions541

are constructed from contrastive sequence pairs,542

which we find effective in practice, though alter-543

native formulations (e.g., subspace-based or non-544

linear directions) are not explored. Finally, experi-545

ments are conducted in multi-GPU tensor-parallel546

environments, and performance characteristics may547

vary under different hardware or parallelization548

regimes.549
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