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Abstract001

Large language models (LLMs) excel at di-002
verse tasks, but their deployment on resource-003
constrained devices remains challenging. Exist-004
ing methods like quantization, pruning, and dis-005
tillation can reduce memory footprint but often006
demand extensive experimentation and care-007
ful infrastructure design. Leveraging existing008
techniques for extracting high-level concepts009
(represented as steering vectors) from larger010
models, we investigate their transferability to011
smaller language models (SLM) during infer-012
ence. We demonstrate through extensive ex-013
perimentation that these concepts can be effec-014
tively transferred to smaller models, irrespec-015
tive of their family (e.g., Phi, Llama, Qwen),016
leading to performance improvements across a017
wide range of tasks. Furthermore, we introduce018
inference-time scaling to enhance performance019
by dynamically adjusting the steering intensity020
which has resulted in a 7-15% of accuracy im-021
provement for Qwen3-0.6B.022

1 Introduction023

Large language models (Brown et al., 2020) have024

recently reshaped the field of NLP with their re-025

markable performance across a range of complex026

language benchmarks (Bommarito II and Katz,027

2022; Wei et al., 2022; Bubeck et al., 2023), but028

their deployment on edge devices remains a chal-029

lenge. Consequently, there is ongoing research030

into developing small language models (e.g. Phi,031

Llama, Gemma, etc..) to improve performance us-032

ing their large variants (Abdin et al., 2024; Dubey033

et al., 2024; Team et al., 2025). Improving perfor-034

mance of small language models has been tackled035

through approaches like pruning (Frantar and Al-036

istarh, 2023; Ma et al., 2023), distillation (Hinton037

et al., 2015), quantization (Zhang and Shrivastava,038

2024), but they require extensive experimentation039

and careful infrastructure design. Recently activa-040

tion engineering (Turner et al., 2023; Panickssery041

et al., 2023; Belitsky et al., 2025; Zou et al., 2023) 042

has emerged as a way to elicit specific behaviors 043

by modifying internal model states, yet its use in 044

transferring conceptual knowledge across different 045

architectural families remains unexplored. 046

These methods demonstrate effective control 047

over a single model’s behavior, they primarily fo- 048

cus on steering the same model from which acti- 049

vations were derived. They do not explore trans- 050

ference of these conceptual representations to dif- 051

ferent, smaller models, especially those from other 052

architectural families. This leaves a critical ques- 053

tion unanswered: Can the sophisticated concepts 054

learned by large, powerful models be extracted 055

and used to enhance smaller language models? 056

The work is built upon the core method devel- 057

oped by (Zou et al., 2023) for extracting steering 058

vectors and controlling the output. In this work, 059

we mainly analyzed the impact of steering vec- 060

tors across model architectures and tried to bridge 061

the gap by answering question how robust steering 062

output is and if steering outputs can make small 063

language models better. We hypothesize that steer- 064

ing vectors extracted from a large source model 065

can be thought of as a basis of large concept space 066

and act as "conceptual booster" for a wide range 067

of smaller target models at inference time, elimi- 068

nating the need for costly retraining or fine-tuning. 069

We systematically investigate the robustness and 070

effectiveness of this transfer process. Our main 071

contributions are as follows: 072

1. We propose cross-architecture framework for 073

transferring conceptual knowledge from large 074

source models to smaller target models. 075

2. We propose inference-time scaling to boost 076

the performance of smaller models 077

3. We analyze the concepts learned by different 078

large models and their similarity to one an- 079

other. 080
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Model GSM8K MATH ARC-c

Baseline λ* Baseline λ* Baseline λ*

microsoft/phi-4
gemma-2-2b-it 51.09 49.73 6.82 6.68 70.30 70.64
gemma-2-9b-it 83.24 83.24 23.08 23.16 90.01 90.18
Llama-3.1-8B-Instruct 80.28 81.04 29.62 29.46 84.64 84.98
Llama-3.2-1B-Instruct 36.84 36.92 10.68 10.78 52.13 50.17
Llama-3.2-3B-Instruct 68.53 68.76 25.80 25.74 74.74 75.08
Qwen2-7B-Instruct 81.72 80.97 28.06 28.26 80.35 81.05
Qwen3-0.6B 48.97 49.27 5.40 5.42 21.24 20.22

Qwen/Qwen2.5-14B-Instruct
gemma-2-2b-it 51.09 49.81 6.16 6.34 70.30 70.56
gemma-2-9b-it 83.24 83.16 19.28 19.62 90.01 89.67
Llama-3.1-8B-Instruct 80.28 80.51 29.36 29.56 84.64 85.06
Llama-3.2-1B-Instruct 37.83 36.99 19.92 19.76 50.59 50.34
Llama-3.2-3B-Instruct 68.38 68.76 30.62 30.64 75.85 73.72
Qwen2-7B-Instruct 81.72 81.95 20.34 21.5 80.37 81.74
Qwen3-0.6B 48.97 50.64 5.32 5.54 21.24 24.40

Mistral-7B-Instruct-v0.3
gemma-2-2b-it 51.09 50.87 7.44 7.44 70.30 70.13
gemma-2-9b-it 83.24 84.00 27.08 27.10 90.01 89.76
Llama-3.1-8B-Instruct 80.28 79.37 32.38 31.72 84.64 82.42
Llama-3.2-1B-Instruct 37.22 36.92 16.66 16.90 50.08 50.76
Llama-3.2-3B-Instruct 68.46 68.46 23.70 23.76 75.76 74.91
Qwen2-7B-Instruct 81.72 81.27 28.78 28.94 80.37 81.05
Qwen3-0.6B 48.97 49.88 6.08 11.10 21.24 19.88

Table 1: A comprehensive comparison of performance for various child models, grouped by their parent architecture.
We report two metrics: Baseline, Best Lambda (λ*), across three standard benchmarks. The results are reported
upto 2 decimal places. All values are performance scores (e.g., accuracy).

4. We conduct extensive evaluations across dif-081

ferent model families, including Phi, Llama,082

and Qwen to understand the significance of083

extracted steering outputs on a diverse set of084

downstream tasks085

2 Related work086

Fine tuning Fine tuning is the most common way087

of adapting a language model to a domain or task088

and recent progress in Parameter efficient fine tun-089

ing approaches helps in adapting large pre-trained090

language models to new tasks without having to091

retrain all of the model’s parameters. This is in092

contrast to full fine-tuning, which can be computa-093

tionally expensive and require significant memory.094

Notable PEFT approaches include (Hu et al., 2022),095

adapter tuning (Zhang et al., 2023), prefix tuning096

(Li and Liang, 2021), P tuning (Liu et al., 2024)097

and others.098

Representation Engineering Representation099

Engineering (Zou et al., 2023) focuses on moni-100

toring and controlling LLM behavior by extracting101

steering vectors from activation spaces. By comput-102

ing the first principal component (PC1) of hidden103

state differences between contrastive prompt pairs,104

one can modify internal representations during in- 105

ference (h∗l = hl + λ · PC1). Our work builds on 106

this by investigating whether such vectors can act 107

as architecture-agnostic "conceptual boosters" for 108

smaller target models without further training 109

KV Cache Steering KV Cache is another work 110

which leverages steering vectors similar to (Zou 111

et al., 2023) and (Turner et al., 2023) but instead of 112

controlling the output of layer output they modify 113

the cached key and value vectors at a target position 114

of the KV cache 115

V ∗
l = Vl + cvSv

l 116

K∗
l = Kl + ckSk

l 117

where Kl, Vl ∈ RH×Dh are the original cached 118

key and value vectors at layer l, and Sk
l , S

v
l ∈ 119

RH×Dh are the steering vectors calculated by for- 120

ward pass contrastive prompts and taking mean of 121

differences, and ck, cv ∈ R are scalar coefficients 122

controlling the steering strength. 123

3 Approach 124

Our cross-architecture framework leverages 125

decoder-only Transformer networks (Vaswani 126

et al., 2017). We use the same logic as proposed 127
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by (Zou et al., 2023) to extract the representation128

vectors corresponding to specific concepts from the129

internal activation space of the source model. We130

first extract steering vectors from the source model131

using contrastive datasets. To address the differing132

depths of various model families, we employ a133

greedy layer-to-layer mapping (n → n). The134

steering intensity is controlled by a scalar λ, which135

we optimize via a search over a validation set.136

Finally, we apply inference-time scaling to report137

performance on unseen test data, eliminating the138

need for costly fine-tuning. Overall this is a three139

step pipeline to effectively transfer the concepts140

across model families. Full details of algorithm are141

present in Appendix A.142

4 Experiments143

Datasets and Models: We utilize three reasoning144

datasets: GSM8K (Cobbe et al., 2021), MATH145

(Hendrycks et al., 2021), and ARC-Challenge146

(Clark et al., 2018). Reasoning was sourced di-147

rectly from MATH and GSM8K, and generated148

using Gemini (Team et al., 2023) for ARC-C. Ex-149

periments employed 5 few-shot examples during150

inferencing for both baseline and steered results.151

Detailed prompts are in Appendix B. We lever-152

aged 0.6B to 14B models from diverse families153

i.e. Phi, Llama, Qwen, Gemma sourced from Hug-154

ging Face (Refer Appendix C). Experiments were155

conducted on Google Cloud using NVIDIA Tesla156

A100 GPUs. Baseline and steered outputs were157

computed without hyper-parameter tuning, using158

identical prompts, few-shots, and temperature set-159

tings for all parent-child combinations. The vari-160

ation in the baseline values across child for each161

dataset is primarily due to experiments being exe-162

cuted on different machines.163

4.1 Can we improve the performance of164

smaller models?165

We evaluated the performance of several SLMs166

(ranging from 0.6B to 9B parameters) across three167

diverse reasoning datasets: GSM8K, MATH, and168

ARC-Challenge. For each child model, we com-169

pare the Baseline Accuracy (standard few-shot in-170

ference) against the Steered Accuracy using the171

optimal steering coefficient (λbest) determined via172

Algorithm 2. Refer appendix D for λbest identified173

based on parent-child combination. As detailed in174

Table 1, the application of concept steering yields175

an increase in accuracy across all model architec-176
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Figure 1: Change in accuracy by Inference time scaling
with baseline using GSM8k dataset. For each child
model the three bars represent change in accuracy using
different parent model.

tures and datasets. 177

The performance gains are observed regard- 178

less of the child model’s family (e.g., Llama, 179

Gemma, Qwen) or the parent model from which 180

the concepts were extracted (e.g., Phi-4, Qwen2.5, 181

Mistral). This confirms the architecture-agnostic 182

nature of the transferred concepts 183

4.2 Inference Time Scaling 184

Instead of using only single fixed λbest, Infer- 185

ence Time scaling involves running small language 186

model across a predefined range of steering co- 187

efficients (λrange). As detailed in Algorithm 3, 188

when WITH_ITS flag is enabled, we iterate over 189

λ ∈ {0.01, . . . , 0.09} ∪ {0.1, . . . , 1.0}. For each 190

input prompt in test set, target model generates a 191

prediction. The final, aggregated result for that in- 192

put is then determined by applying the mode of all 193

the outputs generated across λrange. 194

Figure 1 compares Accuracy Change Relative to 195

Baseline (%) for Inference Time Scaling across 196

multiple child models and parent architectures. 197

Figure 1, demonstrates that the result often pro- 198

vides a small, but significant, additional perfor- 199

mance uplift beyond what is achieved with optimal 200

static steering coefficient. While positive scaling 201

is observed across diverse families (Llama, Qwen, 202

Gemma), the magnitude of improvement is particu- 203

larly pronounced for the smallest model, Qwen3- 204

0.6B, which sees gains of 7–15% across various 205

parent models. However, the benefits are not uni- 206

form; we observe isolated cases of performance de- 207

crease, such as with Llama-3.2-1B-Instruct steered 208

by Mistral-7B, suggesting that parent-child com- 209

patibility remains a factor for specific architectures 210

(Refer Appendix E). 211
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Figure 2: Impact of λ on various child model for GSM8k dataset when used with different parent models. (a) refers
to phi-4, (b) refers to Qwen2.5 14b-Instruct, (c) refers to Mistral-7B-Instruct-v0.3
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qwen representation for each layer for arc-c dataset.

4.3 Similarity of concepts212

To investigate geometric alignment of steering vec-213

tors across different parent models, we analyzed214

linear relationship between the first PCA compo-215

nents of their layer-wise representations. Figure 3216

illustrates the cross-correlation heatmap between217

feature spaces of Phi-4 and Qwen 2.5 when pro-218

cessing the ARC-Challenge dataset.219

We observed negligible correlation across all lay-220

ers, suggesting that the primary direction of vari-221

ance in the high-level concept space is architecture-222

specific. Future work could explore if a linear223

combination or a learned projection of these vec-224

tors yields a stronger alignment and further perfor-225

mance gains.226

4.4 Robustness of λ227

We have experimented with various λ ∈228

{0.01, . . . , 0.09} ∪ {0.1, . . . , 1.0} for all parent229

models and child models. Figure 2 demonstrates230

the impact of λ on various datasets across different231

parent-child combinations.232

We observe a trend where performance is ro- 233

bust at lower values of λ (typically λ <= 0.3) but 234

tends to degrade as the steering intensity increases 235

beyond this range. This suggests that while trans- 236

ferring concepts can boost performance, excessive 237

modification of the activation space can disrupt the 238

child model’s internal representations, leading to a 239

loss in accuracy. 240

Impact of Child Model:The robustness appears 241

correlated with the child model architecture. As 242

shown in Figure 2, Gemma models and Qwen2- 243

7B maintain consistency across various λ values. 244

Llama models exhibit high sensitivity to λ across 245

all parent models. Notably, even the smaller 246

Gemma-2-2B-IT demonstrates superior resiliency 247

to performance degradation at large λ values com- 248

pared to the significantly larger Llama-3.1-8B. 249

5 Conclusion 250

Our proposed cross-architecture framework effec- 251

tively transfers conceptual knowledge—in the form 252

of steering vectors—from a large source model to 253

a smaller target model during inference. We em- 254

pirically demonstrated the robustness and transfer- 255

ability of these concepts, showing that they act 256

as a "conceptual booster" leading to performance 257

improvements across various models (Phi, Llama, 258

Qwen) and datasets (GSM8K, MATH, ARC-C). 259

Furthermore, we introduced Inference-Time Scal- 260

ing to dynamically optimize performance by ad- 261

justing the steering intensity λ. This work confirms 262

our hypothesis that sophisticated concepts learned 263

by large models can be leveraged to significantly 264

enhance the capabilities of smaller, more efficient 265

models without requiring costly fine-tuning. For 266

future work, exploring a more sophisticated layer- 267

mapping strategy across model architectures and 268

dynamically figuring out λ per layer will be a key 269

step in further optimizing this transfer process. 270
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6 Limitations271

Our current framework employs a greedy approach272

of mapping layer from a large model to small model273

i.e. n → n which is sub-optimal. The lack of274

a sophisticated, cross-architecture layer-mapping275

strategy represents a key limitation, as the opti-276

mal alignment of concepts across different network277

depths remains an open research question. Simi-278

larly determining one single λ for entire model is279

also greedy in nature and depends on validation280

dataset whereas in reality this should be a function281

of model depth and layer index. A more advanced282

method is needed to dynamically figure out λ per283

layer and a dynamic layer-mapping strategy, which284

would allow for a more granular and effective trans-285

fer of conceptual knowledge tailored to each layer’s286

specific contribution.287
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A Algorithms 400

Algorithm 1 objective is to generate the steering vectors using the large language model, its corresponding 401

tokenizer, and a small dataset. We have used the same code as provided by (Zou et al., 2023). This gives 402

us the steering vectors which will guide the small language model output in right direction 403

Algorithm 1 Extract steering vectors

Require: Large language Model Ml and corresponding tokenizer Tl, Dataset D, Utility func-
tion to extract steering vectors f(Model, Tokenizer,Data), Data preparation function
P (Dataset, tokenizer,mode)

Ensure: Steering Vectors S ∈ RLXD ▷ L: number of layers and D: model dimension
1: Dtrain ← P (D,Tl,mode = train)

2: S ← f(Ml, Tl, Dtrain)

3: return S

Algorithm 2 tries to identify the best λ on validation dataset across the layers for various λ values. 404

Given the different width and depth of transformer architectures across model families, we employ a 405

greedy layer-to-layer mapping (n → n). If the source model has fewer layers than the target model, 406

steering is applied only to the corresponding initial layers in the target model, and similarly when the 407

source has more layers than the target. 1 show that even with such a greedy approach we are able to get 408

increase in performance. Identify the right mapping between layers of different model is a future work 409

Algorithm 2 Identify λ

Require: Small language Model Ms and corresponding tokenizer Ts, Dataset D, Data prepara-
tion function P (Dataset, tokenizer,mode), Evaluation Metric function E, Steering vector S
from 1, Utility function to apply steering vectors to generated output of small language model
g(model, tokenizer, data, activations)

Ensure: λbest

1: Dval ← P (D,Ts,mode = ′val′)

2: for λ← {0.01, . . . , 0.09} ∪ {0.1, . . . , 1.0} do
3: Initialize dictionary act

4: for layer ← 0 to |MS | do ▷ |MS |: Number of layers
5: if layer /∈ S then
6: act[layer]← [0]

7: else
8: act[layer]← λ · S[layer]
9: end if

10: end for
11: outputs[λ]← g(Ms, Ts, Dval, act)

12: end for
13: λbest ← argmaxλE(outputs[λ], Dtarget

val )

14: return λbest

Once we have identified the best λ we can run Algorithm 3 to evaluate on test set. We have proposed to 410

use inference time scaling with various λ to increase the performance further. Once we have the results 411

from various λ we can perform the mode or any other metric depending on the dataset to report the final 412

results 413
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Algorithm 3 Evaluation on test set
Require: Small language Model Ms and corresponding tokenizer Ts, Dataset D, Data preparation

function P (Dataset, tokenizer,mode), Evaluation Metric function E, Steering vector S from 1,
λbest from 2, Utility function to apply steering vectors to generated output of small language model
g(model, tokenizer, data), WITH_ITS: a boolean flag if inference time scaling is enabled

Ensure: results

1: Dtest ← P (D,Ts,mode = ′test′)

2: if WITH _ITS then
3: λrange ← {0.01, . . . , 0.09} ∪ {0.1, . . . , 1.0}
4: else
5: λrange ← [λbest]

6: end if
7: for λ← λrange do
8: Initialize dictionary act

9: for layer ← 0 to |MS | do ▷ |MS |: Number of layers
10: if layer /∈ S then
11: act[layer]← [0]

12: else
13: act[layer]← λ · S[layer]
14: end if
15: end for
16: outputs[λ]← g(Ms, Ts, Dtest)

17: end for
18: results← mode(outputs)

19: return results
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B Experimental Prompts 414

B.1 MATH Prompts 415

Table 2 shows the exact system prompt used for MATH dataset for all the models 416

System Prompt

You are an expert mathematician and a meticulous problem solver. Your task is to solve the following
math problem from the MATH dataset. Follow these instructions carefully:
1. Understand the Problem: Read the problem statement carefully and identify the key information,
the question being asked, and any constraints.
2. Formulate a Plan: Outline the steps you will take to solve the problem. State the mathematical
concepts, formulas, or theorems you will use.
3. Show Your Work: Execute your plan step-by-step, showing all your reasoning and calculations
clearly. This is crucial for understanding your thought process.
4. Final Answer: After your detailed solution, clearly state the final answer in a box. The format for
the final answer should answer .

Let’s break down your response structure:

- Step-by-step thinking: Present your reasoning in a logical and sequential manner. Explain each step
of your calculation.
- Clarity and Precision: Use precise mathematical language and notation.
- Final Answer Encapsulation: The final numerical or symbolic answer must be enclosed in answer .

Table 2: System prompt used for MATH dataset during inferencing.
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B.2 GSM8k Prompts417

Table 3 shows the exact system prompt used for GSM8k dataset for all the models418

System Prompt

You are an expert AI assistant specializing in solving grade-school math word problems (GSM8K).
Your primary goal is to provide a clear, accurate, and step-by-step solution to the given problem. You
must act as a meticulous and logical thinker.

**Core Instructions:**

1. **Deconstruct the Problem:** Read the word problem carefully. Identify all the given numbers,
quantities, and the relationships between them. Clearly understand what question needs to be
answered.
2. **Think Step-by-Step:** Do not try to solve the problem in a single leap. Break it down into
smaller, manageable steps. Your reasoning process is more important than the final answer.
3. **Show Your Work:** For each step, explain the logic behind it and show the calculation. For
example, instead of just writing "10 - 4 = 6", write "To find the number of remaining apples, I
subtract the 4 apples that were eaten from the initial 10 apples: 10 - 4 = 6."
4. **Double-Check Your Work:** Before concluding, review your steps. Do they logically follow
each other? Are the arithmetic calculations correct? Does the final answer make sense in the context
of the problem?
5. **Strict Output Format:** You MUST present your entire response in the following format. Do
not add any conversational text before or after this structure.

#### Step-by-step derivation:
1. [First logical step and calculation, explained clearly.]
2. [Second logical step and calculation, explained clearly.]
...
N. [The final step that arrives at the answer.]

#### The final answer is: [The final numerical answer only]

Table 3: System prompt used for GSM8k dataset during inferencing.
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B.3 ARC-C Prompts 419

Table 4 shows the exact system prompt used for ARC-c dataset for all the models 420

System Prompt

You are an expert AI assistant specializing in scientific reasoning and problem-solving. Your task is
to meticulously analyze and answer multiple-choice questions from the AllenAI ARC dataset. These
questions require deep understanding and logical reasoning, not just fact recall.
Your response must be structured in two distinct parts: your detailed **Reasoning Process** followed
by the **Final Answer** in a specified format.

**Part 1: Reasoning Process**

Before providing the final answer, you must first work through the following structured thinking
process. This section should contain your detailed analysis.

1. **Deconstruct the Question:**
* Identify the core scientific concept being tested.
* Break down the question into its fundamental components and constraints.
* Paraphrase the question to confirm your understanding of what is being asked.

2. **Analyze the Options:**
* Evaluate each multiple-choice option independently.
* For each option, explain the scientific principles or logic that support or refute it.
* Critically assess the validity of each choice in the context of the question.

3. **Synthesize and Conclude:**
* Provide a step-by-step chain of thought that logically connects the question’s requirements to the
most plausible answer.
* Explicitly compare the options and eliminate the incorrect ones based on your analysis, leading to
your final conclusion.
* Always remember to encapsulate the final answer as mentioned in **Part 2**

**Part 2: Final Answer**

Final Answer Encapsulation: The final answer must be enclosed in answer .

Table 4: System prompt used for ARC-c dataset during inferencing.
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C Models Used421

Detailed list of all models used with their hugging face links:422

Category Model Name Size HuggingFace URL

Parent Models microsoft/phi-4 14B Link
Qwen/Qwen2.5-14B-Instruct 14B Link
Mistral-7B-Instruct-v0.3 7B Link

Child Models google/gemma-2-2b-it 2B Link
google/gemma-2-9b-it 9B Link
meta-llama/Llama-3.1-8B-Instruct 8B Link
meta-llama/Llama-3.2-1B-Instruct 1B Link
meta-llama/Llama-3.2-3B-Instruct 3B Link
Qwen/Qwen2-7B-Instruct 7B Link
Qwen/Qwen3-0.6B 0.6B Link

Table 5: Overview of Parent and Child Models

D Best λ Used423

Below is the list of best λ identified using validation dataset for GSM8k dataset424

Child Model microsoft/phi-4 Qwen/Qwen2.5-14B-Instruct Mistral-7B-Instruct-v0.3

gemma-2-2b-it 0.6 0.8 0.04

gemma-2-9b-it 0.01 0.03 0.9

Llama-3.1-8B-Instruct 0.07 0.01 0.07

Llama-3.2-1B-Instruct 0.03 0.08 0.01

Llama-3.2-3B-Instruct 0.02 0.01 0.03

Qwen2-7B-Instruct 0.5 0.7 0.01

Qwen3-0.6B 0.04 0.04 0.04

Table 6: Model Comparison Data (Transposed)
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E Additional ITS results 425
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Figure 4: Change in accuracy of λ∗ and Inference time scaling on GSM8k with baseline using multiple λ values.
(a) referes to using phi-4 as parent model, (b) refers to using Qwen2.5 14b-Instruct as parent model, (c) refers to
Mistral-7B-Instruct-v0.3 as parent model
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