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Abstract001

Text embedding models are typically trained in002
an instruction-agnostic manner, limiting their003
ability to follow explicit user instructions in004
retrieval tasks. We propose a unified con-005
trastive learning framework for instruction-006
aware text embeddings based on Dual-Level In-007
structional Contrastive Learning (DICL), with008
an Asymmetric Fusion Distillation strategy to009
preserve general semantic capability. We in-010
troduce GEDI, a large-scale instruction–text011
dataset, and ICE, a benchmark for evaluating012
instruction-following behavior in embedding013
models. Experiments demonstrate that our014
method achieves state-of-the-art performance015
on ICE and improves instruction-following re-016
trieval by up to double-digit p-MRR gains017
across multiple benchmarks and embedding018
backbones, while retaining 99.6% of the base019
model’s performance on standard embedding020
benchmarks.021

1 Introduction022

Imagine a user interacting with a digital assistant023

by providing the same input text under different024

natural-language instructions, such as “Explain this025

article.” versus “What is the sentiment of this para-026

graph?”. Although the text remains unchanged,027

the intended tasks are fundamentally different. A028

well-designed embedding model should therefore029

produce instruction-dependent representations that030

reflect the user’s intent. In practice, however, most031

existing text embeddings ignore explicit instruc-032

tions and map each input text to a single fixed033

vector. As instruction-driven conversational and re-034

trieval systems become increasingly common, this035

mismatch highlights a critical challenge: embed-036

ding models must follow user instructions while037

preserving their general-purpose semantic capabil-038

ity.039

Text embeddings are foundational for modern040

NLP applications, supporting semantic search,041

Figure 1: An illustration comparing fixed and dynamic
instruction strategies for embedding models. The model
on the left uses a fixed instruction and is limited to a
specific task. The model on the right supports dynamic
instructions and can handle various tasks (text summa-
rization, sentiment analysis, question answering, etc.)
based on the user’s instruction.

retrieval-augmented generation (RAG) (Palangi 042

et al., 2016), and knowledge-intensive tasks (Suber- 043

caze et al., 2015). However, existing methods strug- 044

gle to align embeddings with diverse user instruc- 045

tions. As illustrated in Figure 1, many approaches 046

rely on fixed, templated prompts that bind mod- 047

els to specific task contexts, limiting their ability 048

to generalize across dynamic instructions such as 049

summarization, sentiment analysis, and question 050

answering. Even when instructions are explicitly 051

provided, traditional models often fail to incorpo- 052

rate them meaningfully, treating different instruc- 053

tions as noise rather than informative context (Fig- 054

ure 5). Moreover, naïvely fine-tuning on instruc- 055

tion data risks catastrophic forgetting, degrading 056

the model’s original semantic capabilities (Zheng 057

et al.). Collectively, these issues reveal three key 058

challenges: (1) reliance on static templates instead 059

of open-ended instruction handling, (2) inadequate 060

modeling of instruction–content interactions, and 061

(3) the absence of systematic evaluation for instruc- 062
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tion understanding.063

We propose a unified framework for learn-064

ing general-purpose instruction-aware text em-065

beddings via dual-level contrastive learning. Our066

framework introduces four key components.067

Dual-Level Instructional Contrastive Learning068

(DICL) explicitly models instruction-conditioned069

relevance while preserving instruction-invariant se-070

mantic structure, enabling embeddings to adapt071

to different instructions without fragmenting the072

representation space. Asymmetric Fusion Distil-073

lation (AFD) further stabilizes training by selec-074

tively transferring task-agnostic knowledge from075

the base encoder, ensuring strong general-purpose076

embedding capability. To support effective training077

and evaluation, we construct GEDI, a large-scale078

dataset of naturally phrased instruction–text pairs,079

and introduce ICE, the first benchmark designed080

for systematic evaluation of instruction-following081

behavior in embedding models. Extensive exper-082

iments demonstrate that our framework achieves083

state-of-the-art instruction-following performance084

on ICE and yields substantial improvements across085

multiple instruction-aware retrieval benchmarks,086

while retaining 99.6% of the base model’s perfor-087

mance on MTEB.088

2 Related Work089

Instruction-Augmented Embedding Models. Re-090

cent models integrate natural language instructions091

to produce task-adaptive embeddings. Approaches092

include TART (Asai et al., 2022) and INSTRUC-093

TOR (Su et al., 2023), which employ multi-task in-094

struction tuning, as well as LLM-Embedder (Chen095

et al., 2024) and task-focused embeddings (Li096

et al., 2024) that categorize instructions for retrieval.097

While effective, these methods often rely on pre-098

defined templates or fixed task categories, limiting099

their adaptability to diverse or unseen instructions.100

Our work avoids rigid templates and explicitly mod-101

els instruction semantics through contrastive learn-102

ing.103

Contrastive Learning Frameworks. Con-104

trastive learning improves embeddings by distin-105

guishing positive and negative pairs. Techniques106

such as improved negative sampling in Rock-107

etQA (Qu et al., 2021) and hard-negative methods108

in HNCSE (Liu et al., 2024) have advanced generic109

semantic similarity. However, these methods do not110

explicitly account for instruction context. In con-111

trast, our DICL framework directly incorporates112

instruction–input pairs into the contrastive objec- 113

tive to learn instruction-sensitive representations. 114

LLM-Driven Embedding Optimization. 115

LLMs have been used to generate synthetic data 116

and supervise embedding training, as seen in mul- 117

tilingual dataset creation (Wang et al., 2024) and 118

retrieval-generation combined approaches (Zhang 119

et al., 2023). While promising, such methods 120

often depend heavily on LLM inference and do 121

not directly model instruction semantics within 122

embeddings. Our approach leverages existing 123

instruction-following data in a contrastive setup to 124

naturally align instructions with content. 125

Model Fusion and Distillation. Techniques like 126

model fusion and distillation aim to add capabil- 127

ities without losing existing performance. Exam- 128

ples include RetroMAE with self-distillation (Chen 129

et al., 2024) and mixture-of-experts designs (Guo 130

et al., 2025). Inspired by these, our Asymmetric Fu- 131

sion Distillation blends the original and instruction- 132

tuned embeddings to preserve general semantics 133

while enhancing instruction sensitivity. 134

3 Methods 135

3.1 GEDI: General Embedding Data with 136

Instructions 137

To train our instruction-aware embeddings, we 138

curate a large dataset of instruction–text–output 139

triplets, capturing realistic user queries. We start 140

from the Alpaca-CoT collection of instruction- 141

following data (which contains many ques- 142

tion–answer pairs with instructions). After ex- 143

tracting examples with non-empty instruction, 144

input, and output fields (all in English), we filter 145

for practical length constraints (4–1024 characters 146

for each field), yielding about 3 million candidates. 147

Figure 2 shows the character-length distribution of 148

instructions, inputs, and outputs after initial filter- 149

ing. 150
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Figure 2: Word length distribution of Instructions, In-
puts, and Outputs in the Alpaca-CoT dataset (3M entries
after initial filtering).

2



Many of these samples are noisy or redundant.151

To ensure high quality, we design a multi-expert152

voting framework for further filtering (Figure 3).153

First, we remove duplicates within each field and154

across fields (e.g., identical input and instruction).155

Next, we use multiple pre-trained models to score156

the semantic similarity between each (instruction,157

input) pair and the output. We compute similarity158

scores for each model and use the median score as159

a threshold: samples above the threshold “pass” for160

that model. We then apply a logical AND across161

models, keeping only samples that pass every ex-162

pert. This two-stage filtering yields about 54,449163

high-quality examples.164

Figure 3: Multi-expert binary voting framework for
automatic data filtering. The framework integrates dedu-
plication and model-wise semantic similarity evaluation,
retaining samples that meet quality thresholds across all
experts.

To ensure quality, we employed Deepseek-R1 to165

verify that each example’s output correctly follows166

its instruction, resulting in 22,026 well-aligned167

instruction-text pairs in our GEDI dataset. We fur-168

ther generated hard-negative examples using the169

same model to create semantically related but incor-170

rect outputs for contrastive training. Comparative171

analysis against existing collections—MEDI (Su172

et al., 2023), InBedder (Peng et al., 2024), and InF-173

IR (Zhuang et al., 2025)—demonstrates GEDI’s su-174

perior diversity and coverage. As shown in Table 1,175

GEDI yields more clusters (9) and a higher seman-176

tic diversity score (0.03) than the other datasets.177

While InF-IR achieves a high Silhouette score178

(0.67), indicating well-separated clusters, it covers179

fewer semantic categories (3 clusters). In contrast,180

GEDI maintains a balanced profile with broader181

topic coverage, as reflected in its higher cluster182

count and competitive CH/log(n) score, confirming183

its more comprehensive and varied instruction-task 184

distribution. 185

Metric MEDI Inbedder InF-IR GEDI

DBSCAN 3 6 3 9
Noise Points 0.00 98.00 13.00 220.00
Silhouette -0.26 0.04 0.67 0.31
Semantic 0.01 0.01 0.01 0.03
Adaptive EPS 0.81 1.06 0.75 0.95
CH / log(n) 0.21 22.49 1160.80 401.62
Noise Rate % 0.00 0.98 0.13 2.20
Sample Size 319 10000 10000 10000

Table 1: Cluster Analysis Results Showing Partition
Quality, Diversity Measures and Algorithm Perfor-
mance Across Datasets. CH Index is normalized as
CH/log(n) to mitigate sample size effects.

Figure 4 provides a qualitative compar- 186

ison of instruction semantics. We encode 187

each instruction from the datasets by prompt- 188

ing "What is the functional category 189

of the given instruction?" using 190

roberta-large-InBedder (Peng et al., 2024), 191

then project the vectors via PCA. MEDI instruc- 192

tions cluster tightly in one region, suggesting 193

limited variety. InBedder has more spread but still 194

concentrates to one side. In contrast, GEDI covers 195

a broad, balanced space (pink points), reflecting 196

a wider range of instruction types. This diversity 197

makes GEDI a strong foundation for training 198

instruction-aware embeddings. 199

Figure 4: 2D visualization of the semantic distribution
of instruction embeddings across the InF-IR, GEDI,
Inbedder, and MEDI datasets using PCA.
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3.2 Instruction Contrastive Evaluation (ICE)200

Conventional embedding benchmarks evaluate201

downstream task performance but fail to assess202

how well embeddings reflect instruction semantics.203

To quantify this capability, we introduce the In-204

struction Contrastive Evaluation (ICE) framework.205

As illustrated in Figure 5, the semantic similarity206

of the same text can vary depending on the given207

instruction. For example, under the instruction208

"What is the animal mentioned?", the sentences "I209

love cat!" and "I dislike cat!" should be close in210

the embedding space, while "I love dog!" should211

be distant. A model that does not adapt to instruc-212

tions would fail this basic test. To systematically213

measure instruction understanding, we propose the214

following three metrics.215

Embedding Space Comparison Across Models and Instructions

Models
gte-base
bge-m3
m3e-base
bart-base

gte-Qwen2-1.5B-instruct
gte-large-en-v1.5
mxbai-embed-large-v1
Qwen3-Embedding-0.6B

instructor-large
jina-embeddings-v3
roberta-large-InBedder
stella_en_400M_v5

Instructions
What is the animal mentioned here?
What is the emotion expressed here?

Texts
I love cat!
I love dog!
I dislike cat!

Texts
I love cat!
I love dog!
I dislike cat!

Figure 5: Embedding space comparison across
instruction-aware models under varying instructions.

Instruction Retrieval Score (IRS) IRS evalu-216

ates an embedding model’s ability to retrieve the217

correct output given an Instruction+Input query.218

We sample 3,000 triplets (Ii, Qi, Oi) from each219

dataset, encoding them into a retrieval pool con-220

taining instructions, inputs, and outputs. For each221

query (Ii+Qi), the model retrieves the top semanti-222

cally aligned output Oi. IRS is the top-1 accuracy:223

IRS =
1

N

N∑
i=1

⊮
[
argmax

j
sim(e

(i)
iq , eall) = id(Oi)

]
(1)224

A high Instruction Retrieval Score (IRS) signi-225

fies the model’s ability to contextually interpret226

Symbol Description

e
(i)
iq Embedding of Ii +Qi

eall Embedding of all candidates
id(Oi) Index of gold output Oi

sim(·, ·) Similarity function
⊮[·] Indicator function

Table 2: Notation for IRS.

instructions, perform semantic (rather than surface- 227

level) matching, and exhibit strong discriminative 228

retrieval capability, making it a crucial metric for 229

evaluating instruction-aware retrieval in RAG and 230

agent systems. 231

Instruction Guidance Strength (IGS) Mea- 232

sures embedding models’ ability to prioritize in- 233

struction semantics over surface similarity. The 234

core requirement: Instruction+Input embed- 235

ding should align closer to the correct Positive 236

than to any Negative, even if the latter is lexically 237

closer to the Input. 238

Motivation. Standard models excel at paraphrase 239

detection but may fail when instructional intent con- 240

flicts with lexical cues. IGS evaluates instruction- 241

aware retrieval. 242

IGS =
1

N

N∑
i=1

⊮
[
sim(e

(i)
iq , e

(i)
p ) > sim(e

(i)
iq , e

(i)
n )

]
(2)

243

Instruction Target Differential Score (ITDS) 244

Quantifies the margin by which positives outper- 245

form negatives in embedding space, assessing align- 246

ment confidence beyond binary ranking: 247

ITDS =
1

N

N∑
i=1

sim(e
(i)
iq , e

(i)
p )− 1

K

K∑
j=1

sim(e
(i)
iq , e

(j)
n )


(3) 248

Key properties: 249

ITDS employs K negative samples per instance, 250

where higher values indicate stronger instruction 251

separation, thereby complementing IGS by quanti- 252

fying alignment strength. 253

3.3 Dual-Level Instructional Contrastive 254

Learning (DICL) 255

We identify two dimensions of instruction under- 256

standing: internal (semantic meaning capture) 257
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and external (intent-driven discrimination). DICL258

jointly optimizes both through:259

The Instruction Retrieval Score (IRS) provides260

a dual-dimensional assessment of instruction com-261

prehension, evaluating both the internal quality of262

instruction-guided semantic representation and the263

external sensitivity to instruction-driven output dis-264

tinctions.265

Notation. Let the training set be D =266

{(q, p,N )}, where each query sample q =267

(xinst
q , xtext

q ) is paired with a positive sample p =268

(xinst
p , xtext

p ) and a set of negative samples N =269

{(xinst
n , xtext

n )}.270

Symbol Description

xinst Instruction input (e.g., task prompt)
xtext Content input (e.g., example or main text)
xmix Concatenation: concat(xinst, xtext)

f(·) Shared encoder network
h = f(x) Embedding of input x
sim(a,b) Cosine similarity: a⊤b

∥a∥·∥b∥

γ Margin in hinge loss
τ Temperature for InfoNCE softmax
sij Scaled similarity: sim(f(xi),f(xj))

τ

N Batch size

Table 3: Notation used in training objectives.

1. Mixed Input Construction.

xmix = concat(xinst, xtext)271

2. Semantic Encoder and Similarity.

h = f(x), sim(a,b) =
a⊤b

∥a∥ · ∥b∥
272

3. Improvement Loss. Encourages full inputs to273

outperform partial inputs:274

Limp = max
(
0, γ − sim(f(xmix

q ), f(xmix
p ))

+ sim(f(xtext
q ), f(xmix

p ))

+ max
(
0, γ − sim(f(xmix

q ), f(xmix
p ))

+ sim(f(xinst
q ), f(xmix

p ))

275

4. Contrastive Loss. Distinguishes positive and276

negative samples:277

Lcon = max
(
0, γ − sim(f(xmix

q ), f(xmix
p ))

+ sim(f(xmix
q ), f(xmix

n ))
278

5. Batch-wise InfoNCE Loss. Encourages intra- 279

batch discrimination: 280

Lbatch =
1

N

N∑
i=1

− log
esii∑N
j=1 e

sij
,

sij =
sim(f(xmix

i ), f(xmix
j ))

τ

281

6. Symmetric InfoNCE Loss. Swaps anchor and 282

target: 283

Lsym =
1

N

N∑
i=1

− log
esii∑N
j=1 e

sji
284

7. Total Objective. Final training loss: 285

Ltotal = Limp + Lcon + Lbatch + Lsym 286

3.4 Asymmetric Fusion Distillation 287

Embedding model fine-tuning often suffers from 288

catastrophic forgetting. To address this while lever- 289

aging embedding space redundancy (Yoon et al., 290

2024), we propose Asymmetric Fusion Distilla- 291

tion (AFD). AFD combines embeddings from (1) a 292

base model and (2) a new instruction-tuned model 293

using asymmetric weighting: 294

Efused(x) = λ ·Enew(x) + (1− λ) ·Ebase(x) (4) 295

where λ ∈ [0.4, 0.6] balances new capabilities 296

against base knowledge retention. 297

A student model is trained to mimic this fused 298

representation: 299

LAFD =
1

|N |
∑
x∈N

∥Estudent(x)− Efused(x)∥2 (5) 300

This distillation preserves base model robustness 301

while incorporating new adaptations, minimizing 302

performance degradation on original tasks. 303

4 Experimental 304

4.1 Training Configuration 305

The training was conducted on a single NVIDIA 306

GeForce RTX 3090 GPU using the PyTorch frame- 307

work with CUDA acceleration. Employing a 308

parameter-efficient fine-tuning strategy, only the 309

last 4 layers of the model were updated while all 310

preceding layers remained frozen. The optimizer 311

used was AdamW with a learning rate of 1e-5 and a 312

linear warmup schedule. The model was trained for 313

5 epochs with a batch size of 8, and a fixed random 314

seed of 42 was set to ensure reproducibility. 315
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Model Name MTEB(eng, v2)

Class. 11 Cluster 6 Pair. 3 Rerank 4 Retri. 7 STS 10 Sum. 1 Avg 42

gtr-t5-large 66.54|63.90 32.65|29.38 85.33|82.68 55.36|51.81 48.82|45.51 60.10|62.90 29.48|29.30 59.65|57.51

instructor-large 70.42|68.54 37.73|36.26 86.16|75.64 57.44|51.88 50.72|42.88 65.62|65.01 30.36|29.31 63.08|59.11

gtr-t5-large-DICL

with MEDI 66.01|64.43 28.09|27.59 85.11|85.14 55.63|53.89 50.13|48.20 61.33|63.22 28.64|28.26 59.19|58.44

with InBedder 66.48|63.69 29.85|28.35 85.05|83.33 55.53|52.88 49.09|45.69 62.33|63.76 29.78|28.39 59.55|57.66

with GEDI 66.51|68.70 32.01|33.10 84.72|85.51 55.75|55.72 48.51|47.75 61.87|63.41 30.29|30.82 59.64|60.63

roberta-large 62.90|59.13 25.24|25.62 57.78|54.95 41.92|41.43 14.59|11.31 36.26|36.93 28.63|27.44 42.29|40.23

roberta-large-InBedder 61.37|65.86 21.55|27.78 37.18|61.17 39.84|43.26 14.18|17.60 32.99|44.59 29.39|27.98 39.30|47.02

roberta-large-DICL

with MEDI 62.79|61.39 30.96|33.31 51.72|70.00 42.86|49.33 16.85|29.16 39.84|38.69 28.79|26.57 43.42|48.60

with InBedder 58.07|58.47 20.90|26.84 22.27|63.76 37.15|44.94 11.70|14.36 19.54|43.24 29.31|15.28 32.06|43.74

with GEDI 60.40|58.69 27.49|29.01 63.52|72.66 42.11|43.59 22.32|30.85 50.66|51.44 28.57|28.48 47.78|50.37

stella_en_400M_v5 74.74|84.07 40.23|41.74 85.92|85.43 58.14|58.29 54.89|55.24 69.10|70.52 30.60|31.66 65.67|68.33

stella_en_400M-DICL

with MEDI 72.54|79.83 36.44|43.06 76.72|83.52 54.21|57.57 21.82|49.83 41.55|66.97 27.15|30.51 52.58|65.67

with InBedder 64.02|81.93 31.32|39.99 32.62|83.64 48.19|55.69 14.02|44.12 13.85|38.11 30.28|30.96 35.88|60.62

with GEDI 67.64|82.31 32.96|39.29 48.84|84.49 41.32|54.75 31.28|50.99 52.80|68.71 30.52|32.22 51.10|66.07

stella_en_400M-Distill 74.19|83.44 37.88|40.78 75.60|86.10 53.31|58.00 49.80|54.30 67.18|71.66 30.46|32.04 62.77|68.07

Table 4: We compare baseline models, instruction-tuned baselines (e.g., Instructor-large, roberta-large-InBedder),
and our proposed DICL-based models trained on three different datasets: MEDI, InBedder, and GEDI. Models
trained with DICL generally outperform their respective baselines, with GEDI-trained models achieving the best
average performance, indicating stronger generalization across task types.

4.2 Main Result Analysis316

Table 4 compares baseline models, pre-317

vious instruction-tuned baselines (e.g.,318

Instructor-large, roberta-large-InBedder),319

and our DICL-trained models (using MEDI,320

InBedder, and GEDI datasets) on the MTEB321

benchmark (English tasks). Key observations322

include:323

Instruction Sensitivity: Many baseline mod-324

els degrade when given an instruction. For325

example, roberta-large drops from 42.29 to326

40.23 when instructions are added. This shows327

that the model does not adapt well to instruc-328

tions. In contrast, instruction-tuned models329

like roberta-large-InBedder see mixed effects:330

their performance without instructions is lower, but331

they benefit from having instructions.332

Effectiveness of DICL: Our DICL frame-333

work consistently improves instruction robust-334

ness. For roberta-large, the DICL/GEDI vari-335

ant achieves 50.37 average (with instructions)336

versus 40.23 for the base, closing the gap and337

even exceeding base performance. Similarly,338

gtr-t5-large-DICL/GEDI improves instruction-339

assisted retrieval by +3.12 points (from 57.51 to340

60.63) without losing base accuracy (59.65 to341

59.64).342

GEDI Superiority: Models trained on the343

GEDI dataset show the best overall performance.344

For instance, roberta-large-DICL/GEDI outper-345

forms the MEDI-trained version by +1.77 average 346

points (50.37 vs. 48.60), especially on retrieval 347

(30.85 vs. 29.16) and semantic similarity tasks 348

(51.44 vs. 38.69). GEDI’s diverse instruction cover- 349

age leads to stronger generalization. While MEDI- 350

trained models excel on some classification tasks 351

(due to task-specific tuning), GEDI yields superior 352

balanced gains across all task types. 353

Instruction Robustness: Unlike fixed- 354

instruction models, DICL can handle unseen 355

instructions. The instructor-large baseline 356

actually regresses when presented with novel 357

instructions (63.08 vs. 59.11), whereas our 358

gtr-t5-large-DICL/GEDI improves under 359

instruction (59.64 to 60.63). This demonstrates 360

DICL’s ability to generalize to new instructions, 361

solving a major limitation of prior methods. 362

4.2.1 Evaluation on Instruction 363

Comprehension (ICE) 364

Table 5 shows the ICE results on our test sets. We 365

see that DICL-trained models dramatically outper- 366

form baselines in instruction understanding: 367

Instruction Retrieval Score (IRS): 368

roberta-large-DICL achieves an IRS 369

of 19.15, a +10.20 gain over the 8.95 of 370

vanilla roberta-large. gtr-t5-large-DICL 371

reaches 26.75 IRS, compared to 15.20 for 372

instructor-large. The stella_400M-DICL 373

model achieves 52.05 IRS, which is 3.74× higher 374

than the 13.90 of the original stella_400M. These 375
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huge gains show that our models can correctly376

retrieve outputs using the instructions as guidance.377

Model Name ICE

IRS IGS ITDS

bart-base 8.95 64.32 5.42
bge-m3 12.70 63.59 10.47
gte-base 17.05 63.10 4.96
mxbai-embed-large-v1 12.10 63.82 13.86
jina-embeddings-v3 17.60 65.10 12.52

gtr-t5-large 11.35 62.60 1.21
instructor-large 15.20 62.23 0.67
gtr-t5-large-DICL 26.75 67.24 4.30
roberta-large 8.95 63.41 0.016
roberta-large-InBedder 9.90 64.94 0.024
roberta-large-DICL 19.15 79.27 6.02
stella_en_400M_v5 13.90 64.82 4.13
stella_en_400M-DICL 52.05 83.47 6.76
stella_en_400M-Distill 34.35 74.44 4.66

Table 5: Evaluation of various embedding models on the
proposed Instruction Contrastive Evaluation (ICE)
metrics, including Instruction Retrieval Score (IRS)
on the GEDI and MEDI subsets, Instruction Guidance
Strength (IGS), and Instruction Target Differential Score
(ITDS).

Instruction Guidance Strength (IGS): DICL378

models also boost IGS substantially (e.g.,379

roberta-large-DICL has IGS 79.27 vs 63.41 for380

the base), indicating that they prioritize the correct381

(instruction-consistent) output even over distracting382

alternatives.383

Instruction Target Differential Score (ITDS):384

The ITDS margin is also much higher for DICL385

models (e.g., 6.02 vs 0.024 for roberta variants),386

reflecting stronger confidence in the correct output.387

Overall, the ICE benchmark confirms that388

our DICL approach fundamentally improves the389

instruction-awareness of embeddings, a capabil-390

ity largely missing in previous methods. In other391

words, we effectively teach the model why two392

outputs are equivalent or different based on the393

instruction.394

4.2.2 Evaluation on Instruction-Following395

Following recent work on instruction-following396

retrieval such as InF-IR, which highlights the397

value of fine-grained and contrastive <instruction,398

query, passage> supervision, we construct a small-399

scale but high-quality evaluation dataset using a400

multi-stage LLM-based generation and verification401

Model R04 N21 C17 FIR
Models with Inf-Embed (reported from InF-IR)
Llama-3.2-1B-Inst -2.1 0.6 0.2 -0.4

+ Inf-Embed 5.6 3.8 1.9 3.8
Qwen2.5-3B-Inst -1.3 2.4 -0.4 0.2

+ Inf-Embed 3.3 1.8 3.7 2.9
e5-base-v2 -6.7 -2.0 -2.9 -3.9

+ Inf-Embed 6.9 3.2 5.3 5.1
Models trained with GEDI-DICL (ours)
e5-base-v2 -6.7 -2.0 -2.9 -3.9

+ GEDI-DICL 0.9 11.3 10.6 7.6
Qwen3-Emb-0.6B 2.3 2.6 6.1 3.7

+ GEDI-DICL 6.6 11.4 13.1 10.4
stella_en_400M_v5 -4.7 1.7 0.9 -0.7

+ GEDI-DICL 3.7 19.2 10.8 11.2

Table 6: p-MRR on Robust04 (R04), News21 (N21),
Core17 (C17), and FollowIR (FIR). Inf-Embed results
are reported from the original InF-IR work, while GEDI-
DICL results are obtained under our training framework.

pipeline. This process yields approximately 3,000 402

instruction–query–document triplets with strong 403

semantic contrast. 404

To better leverage this finer-grained supervi- 405

sion, we apply Dual-Level Instructional Con- 406

trastive Learning (DICL) with a tier-aware con- 407

trastive objective. The core learning principle of 408

DICL remains unchanged, while higher- and lower- 409

quality instruction–query variants are distinguished 410

through a unified InfoNCE formulation: 411

L(ai,pi) = − log
exp

(
s(ai,pi)

)∑
z∈Ci exp

(
s(ai, z)

) , (6) 412

where s(·, ·) denotes temperature-scaled cosine 413

similarity. We defer the full loss instantiation to 414

Appendix A. 415

Table 6 presents p-MRR improvements on four 416

instruction-following retrieval benchmarks under 417

two different training settings. The upper block 418

reports results from Inf-Embed, which are taken 419

directly from the InF-IR work and trained on 420

their curated instruction-following corpus. Con- 421

sistent with prior findings, Inf-Embed yields clear 422

gains over instruction-tuned baselines, confirming 423

the effectiveness of fine-grained and highly con- 424

trastive <instruction, query, passage> supervision 425

for instruction-aware retrieval. 426

The lower block reports results obtained under 427

our training framework using GEDI-DICL. Across 428

all evaluated backbones, GEDI-DICL consistently 429

improves instruction-following performance, with 430
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particularly strong gains on News21 and Core17.431

For instance, GEDI-DICL improves e5-base-v2 by432

+11.3 and +10.6 p-MRR on News21 and Core17,433

respectively, and yields consistent improvements434

across all datasets for Qwen3-Emb-0.6B. These435

results indicate that explicitly modeling hierarchi-436

cal relevance among instruction–query variants437

enables more effective utilization of instruction-438

following signals than uniform contrastive training.439

Notably, GEDI-DICL demonstrates robust effec-440

tiveness across diverse embedding architectures,441

suggesting that the proposed training objective is442

largely model-agnostic. The improvements are es-443

pecially pronounced on datasets with more com-444

plex or implicit instructions, such as News21 and445

FollowIR, highlighting the benefit of structured,446

tier-aware contrastive learning under instruction-447

aware supervision.448

4.3 Asymmetric Fusion Distillation Analysis449
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Data Type
Epoch-1
Epoch-3

Figure 6: This figure illustrates the impact of blending
the fine-tuned model with the original pre-trained model
at varying weight ratios on multiple accuracy metrics.
The x-axis represents the weight ratio of the new model,
while the y-axis displays the corresponding performance
scores across different evaluation tasks. The comparison
includes our full model alongside three ablated variants.

Figure 6 analyzes how the fused model performs450

as we vary λ. We observe:451

The full DICL model exhibits strong robustness,452

maintaining over 90% of base FEVER accuracy453

across a wide range of λ while consistently improv-454

ing instruction responsiveness (IRS). In contrast, 455

removing DICL leads to severe semantic drift, with 456

FEVER accuracy collapsing once λ > 0.3, demon- 457

strating the necessity of contrastive supervision. 458

Although DICL fine-tuning alone slightly degrades 459

general embedding quality, the final Asymmetric 460

Fusion Distillation (AFD) stage effectively recov- 461

ers it: the distilled model retains 99.6% of the 462

original MTEB performance while preserving in- 463

struction awareness. Notably, the fusion behavior 464

stabilizes within three epochs, indicating rapid con- 465

vergence of the training pipeline. 466

5 Limitations 467

Our framework relies on automatically constructed 468

instruction–text supervision, which may not fully 469

capture the diversity of real-world instructions de- 470

spite consistency-based filtering. In addition, we 471

focus on single-instruction conditioning and do 472

not explicitly address multi-instruction or compo- 473

sitional settings. Finally, while our method gen- 474

eralizes across multiple embedding backbones, its 475

scalability to larger foundation models remains to 476

be explored. 477

6 Conclusion 478

We present a comprehensive framework for 479

instruction-aware text embeddings. Our contri- 480

butions include a Dual-Level Instructional Con- 481

trastive Learning (DICL) objective, an Asym- 482

metric Fusion Distillation (AFD) strategy, the 483

GEDI dataset, and the ICE benchmark. Experi- 484

ments demonstrate that our method effectively re- 485

solves the tension between instruction sensitivity 486

and general-purpose utility, enabling a single model 487

to follow diverse instructions without compromis- 488

ing its semantic capabilities. This work provides 489

a foundation for more adaptable, user-aligned em- 490

bedding models, with future directions including 491

extension to multimodal inputs and more complex, 492

compositional instructions. 493
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A Tiered Ranking Contrastive Loss579

A.1 Task Formulation580

Let {Di}Bi=1 denote a mini-batch of training in-581

stances with batch size B. Each instance Di con-582

sists of: (i) a ground-truth target text pi, (ii) a posi-583

tive instruction I+i and a positive query Q+
i , (iii) a584

negative instruction I−i and a negative query Q−
i ,585

and (iv) a set of external negative texts {ni,k}Ki
k=1.586

All texts are encoded by a shared text encoder587

and ℓ2-normalized to obtain vector representations.588

We denote the embedding of a text x as ex.589

To model instruction–query interactions, we ad-590

ditionally construct composed representations591

eI+i Q+
i
= f(I+i , Q+

i ), (7)592

eI+i Q−
i
= f(I+i , Q−

i ), (8)593

eI−i Q+
i
= f(I−i , Q+

i ), (9)594

where f(·) concatenates the instruction and query595

into a single input sequence before encoding.596

A.2 Tiered Relevance Structure597

We categorize candidate representations into five598

relevance tiers according to their semantic quality599

with respect to the ground-truth target:600

• Tier 1: composed positive instruction and601

query (I+, Q+),602

• Tier 2: single positive instruction I+ or single603

positive query Q+,604

• Tier 3: partially corrupted compositions605

(I+, Q−) or (I−, Q+),606

• Tier 4: single negative instruction I− or neg-607

ative query Q−,608

• Tier 5: external negative texts.609

Our objective is to learn an embedding space in610

which representations from higher tiers are consis-611

tently ranked above those from lower tiers.612

A.3 Similarity Function613

We employ a temperature-scaled cosine similarity:614

s(a,b) =
a⊤b

τ
, (10)615

where τ is a temperature hyperparameter.616

A.4 Tier-1 Ranking Loss with Target Anchors 617

We first treat the ground-truth target embedding epi 618

as the anchor and enforce the Tier-1 representation 619

to be the most similar. The loss is defined as an 620

InfoNCE-style classification objective: 621

LT1 = − 1

B

B∑
i=1

log
exp

(
s(epi , eI+i Q+

i
)
)∑

z∈C(1)
i

exp
(
s(epi , z)

) , (11) 622

where the candidate set C(1)
i includes: all Tier-2, 623

Tier-3, Tier-4, Tier-5 representations of instance 624

i, as well as Tier-1 representations from other in- 625

stances in the same mini-batch, which serve as hard 626

negatives. 627

A.5 Symmetric Target–Tier Alignment 628

To encourage symmetric alignment, we addition- 629

ally reverse the anchor and positive roles by treating 630

the Tier-1 representation as the anchor: 631

Lsym = − 1

B

B∑
i=1

log
exp

(
s(eI+i Q+

i
, epi)

)∑
z∈C(2)

i

exp
(
s(eI+i Q+

i
, z)

) .
(12) 632

Here, C(2)
i consists of external negatives and target 633

embeddings from other batch instances. 634

A.6 Tier-2 Anchor Ranking Loss 635

We further constrain single positive components 636

to be closer to the target than lower-quality tiers. 637

Specifically, we define two losses using I+i and Q+
i 638

as anchors: 639

LI+ = − 1

B

B∑
i=1

log
exp

(
s(eI+i

, epi)
)∑

z∈C(3)
i

exp
(
s(eI+i

, z)
) ,

(13)

640

LQ+ = − 1

B

B∑
i=1

log
exp

(
s(eQ+

i
, epi)

)∑
z∈C(4)

i

exp
(
s(eQ+

i
, z)

) .
(14)

641

In both cases, the negative candidate sets include 642

Tier-3 and Tier-4 representations, external nega- 643

tives, and target embeddings from other batch in- 644

stances. 645

A.7 Explicit Tier-1 vs. Tier-2 Margin 646

Enforcement 647

To explicitly enforce that Tier-1 representations 648

dominate Tier-2, we introduce an additional con- 649

trastive loss: 650
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LT1>T2 = − 1

B

B∑
i=1

log
exp

(
s(epi , eI+i Q+

i
)
)∑

z∈C(2)
i

exp
(
s(epi , z)

) ,
(15)651

where C(2)
i consists of the Tier-1 positive and all652

Tier-2 candidates.653

A.8 Overall Objective654

The final training objective is the sum of all loss655

terms:656

L = LT1 + Lsym + LI+ + LQ+ + LT1>T2. (16)657

This tiered ranking formulation enables fine-658

grained supervision over instruction–query com-659

positions, encouraging the model to capture hi-660

erarchical relevance relationships beyond binary661

positive–negative distinctions.662

Table 9: Different Task Instruction

Task Name Instruction
ArguAna Query Instruction: Represent the argument for retrieving counter-arguments:

Doc Instruction: Represent the counter-argument for retrieval:
CQADupstackAndroidRetrieval Query Instruction: Represent the Android-related question for retrieving supporting answers:

Doc Instruction: Represent the Android-related answer for retrieval:
CQADupstackEnglishRetrieval Query Instruction: Represent the English language question for retrieving supporting answers:

Doc Instruction: Represent the English language answer for retrieval:
CQADupstackGamingRetrieval Query Instruction: Represent the gaming-related question for retrieving supporting answers:

Doc Instruction: Represent the gaming-related answer for retrieval:
CQADupstackGisRetrieval Query Instruction: Represent the GIS-related question for retrieving supporting answers:

Doc Instruction: Represent the GIS-related answer for retrieval:
CQADupstackMathematicaRetrievalQuery Instruction: Represent the Mathematica-related question for retrieving supporting answers:

Doc Instruction: Represent the Mathematica-related answer for retrieval:
CQADupstackPhysicsRetrieval Query Instruction: Represent the physics-related question for retrieving supporting answers:

Doc Instruction: Represent the physics-related answer for retrieval:
CQADupstackProgrammersRetrievalQuery Instruction: Represent the programming question for retrieving supporting answers:

Doc Instruction: Represent the programming answer for retrieval:
CQADupstackStatsRetrieval Query Instruction: Represent the statistics question for retrieving supporting answers:

Doc Instruction: Represent the statistics answer for retrieval:
CQADupstackTexRetrieval Query Instruction: Represent the TeX/LaTeX question for retrieving supporting answers:

Doc Instruction: Represent the TeX/LaTeX answer for retrieval:
CQADupstackUnixRetrieval Query Instruction: Represent the Unix-related question for retrieving supporting answers:

Doc Instruction: Represent the Unix-related answer for retrieval:
CQADupstackWebmastersRetrievalQuery Instruction: Represent the webmaster-related question for retrieving supporting answers:

Doc Instruction: Represent the webmaster-related answer for retrieval:
CQADupstackWordpressRetrieval Query Instruction: Represent the WordPress-related question for retrieving supporting answers:

Doc Instruction: Represent the WordPress-related answer for retrieval:
ClimateFEVER Query Instruction: Represent the climate-related claim for retrieving supporting evidence:

Doc Instruction: Represent the climate-related evidence for retrieval:
DBPedia Query Instruction: Represent the question about general knowledge for retrieving supporting documents:

Doc Instruction: Represent the general knowledge document for retrieval:
FEVER Query Instruction: Represent the factual claim for retrieving supporting evidence:

Doc Instruction: Represent the factual evidence for retrieval:
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Task Name Instruction
HotpotQA Query Instruction: Represent the multi-hop question for retrieving supporting facts:

Doc Instruction: Represent the factual information for retrieval:
NFCorpus Query Instruction: Represent the medical question for retrieving supporting documents:

Doc Instruction: Represent the medical document for retrieval:
NQ Query Instruction: Represent the Wikipedia question for retrieving supporting documents:

Doc Instruction: Represent the Wikipedia document for retrieval:
SCIDOCS Query Instruction: Represent the scientific question for retrieving supporting papers:

Doc Instruction: Represent the scientific paper for retrieval:
SciFact Query Instruction: Represent the scientific claim for retrieving supporting evidence:

Doc Instruction: Represent the scientific evidence for retrieval:
TRECCOVID Query Instruction: Represent the COVID-19 related question for retrieving supporting documents:

Doc Instruction: Represent the COVID-19 related document for retrieval:
Touche2020 Query Instruction: Represent the argumentative question for retrieving supporting arguments:

Doc Instruction: Represent the argument for retrieval:
MSMARCO Query Instruction: Represent the web search query for retrieving relevant documents:

Doc Instruction: Represent the web document for retrieval:
AmazonCounterfactualClassificationInstruction: Represent the text for determining if it contains counterfactual statements:
AmazonPolarityClassification Instruction: Represent the product review for classifying sentiment as positive or negative:
AmazonReviewsClassification Instruction: Represent the review text for categorizing its overall sentiment or rating:
Banking77Classification Instruction: Represent the customer query for classifying its intent in banking services:
EmotionClassification Instruction: Represent the sentence for classifying the expressed emotion (e.g., joy, sadness, anger, fear):
ImdbClassification Instruction: Represent the movie review for classifying sentiment as positive or negative:
MTOPDomainClassification Instruction: Represent the utterance for classifying its domain in task-oriented dialogue:
MTOPIntentClassification Instruction: Represent the utterance for classifying its intent in task-oriented dialogue:
MassiveIntentClassification Instruction: Represent the utterance for classifying its intent in multilingual task-oriented dialogue:
MassiveScenarioClassification Instruction: Represent the utterance for classifying its scenario in multilingual task-oriented dialogue:
ToxicConversationsClassification Instruction: Represent the conversation text for detecting toxic content:
TweetSentimentExtractionClassificationInstruction: Represent the tweet for extracting and classifying its sentiment:
ArxivClusteringS2S Instruction: Represent the Arxiv paper for set-to-set clustering:
BiorxivClusteringS2S Instruction: Represent the Biorxiv paper for set-to-set clustering:
MedrxivClusteringP2P Instruction: Represent the Medrxiv paper for pairwise clustering:
MedrxivClusteringS2S Instruction: Represent the Medrxiv paper for set-to-set clustering:
RedditClustering Instruction: Represent the Reddit post for clustering:
RedditClusteringP2P Instruction: Represent the Reddit post for pairwise clustering:
StackExchangeClustering Instruction: Represent the StackExchange post for clustering:
StackExchangeClusteringP2P Instruction: Represent the StackExchange post for pairwise clustering:
TwentyNewsgroupsClustering Instruction: Represent the Twenty Newsgroups post for clustering:
SprintDuplicateQuestions Instruction: Represent the question for retrieving duplicate questions:
TwitterSemEval2015 Instruction: Represent the Tweet post for retrieving duplicate comments:
TwitterURLCorpus Instruction: Represent the Tweet for retrieving similar URLs:
AskUbuntuDupQuestions Query Instruction: Represent the Ubuntu-related question for retrieving duplicate questions:

Doc Instruction: Represent the Ubuntu-related question for duplicate detection:
MindSmallReranking Query Instruction: Represent the News query for retrieving articles:

Doc Instruction: Represent the News article for retrieval:
SciDocsRR Query Instruction: Represent the scientific document query for retrieving related papers:

Doc Instruction: Represent the scientific document for retrieval:
StackOverflowDupQuestions Query Instruction: Represent the programming question for retrieving duplicate questions:

Doc Instruction: Represent the programming question for duplicate detection:
BIOSSES Instruction: Represent the biomedical sentence:
SICK-R Instruction: Represent the sentence for relatedness analysis:
STS12 Instruction: Represent the statement:
STS13 Instruction: Represent the statement:
STS14 Instruction: Represent the statement:
STS15 Instruction: Represent the statement:
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Task Name Instruction
STS16 Instruction: Represent the statement:
STS17 Instruction: Represent the statement:
STS22 Instruction: Represent the statement:
STSBenchmark Instruction: Represent the statement for semantic textual similarity:
SummEval Instruction: Represent the Biomedical summary for retrieving duplicate summaries:
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Multi-Stage Instruction-Enhanced Data Generation Prompts

Stage 1 Prompt: Instruction–Query–Follow Framework Generation
Motivation: Construct a high-level semantic control framework to explicitly model how Instruction alters the interpretation of Query in
retrieval-based vector models.
The key observation is that in instruction-aware retrieval, the Query alone is insufficient to determine the correct document; only the
combination of Instruction + Query defines the retrieval intent.
Given a seed text (used only as inspiration rather than content), the model is asked to generate a retrieval framework, not concrete
documents.
This stage explicitly separates semantic roles before any document text is produced.
The model is instructed to generate:
Instruction: A retrieval-oriented instruction describing how to interpret and process the Query.
Query: A standalone retrieval query derived from the theme of the seed text.
Pos_follow: A semantic description specifying what properties the positive document must satisfy under Instruction + Query.
Negs_follow: Multiple descriptions specifying different semantic deviation strategies for negative documents.
The output is required to be in JSON format and must not contain any actual document content.
This stage enforces that Instruction semantically governs Query interpretation and defines retrieval boundaries.

Stage 2 Prompt: Positive and Negative Document Generation
Motivation: Explicitly materialize how Instruction reshapes semantic similarity by generating documents that are indistinguishable at
surface level but separable under Instruction-aware embeddings.
Using the framework produced in Stage 1, the model is instructed to generate:
Pos: A complete document that strictly follows the semantic constraints defined by Instruction + Query and Pos_follow.
Negs: Multiple complete documents that are highly similar to Pos in topic, length, and style, but violate Instruction constraints in
different ways as specified by each Negs_follow.
The prompt emphasizes that all Pos and Negs are documents assumed to be pre-stored in the retrieval database, not answers to the Query.
Each negative example must fail for a distinct reason (e.g., wrong focus, missing key constraint, semantic inversion, partial relevance).
This stage operationalizes the abstract semantic rules from Stage 1 into concrete retrieval candidates, ensuring that only Instruction-aware
representations can reliably distinguish Pos from Negs.

Stage 3 Prompt: Instruction Effect Explanation and Semantic Justification
Motivation: Provide an explicit semantic explanation of how Instruction modifies similarity relationships, serving both as supervision
signal and interpretability anchor.
The model is asked to generate a concise explanation describing:
How the Instruction changes the semantic interpretation of the Query.
Why the Pos document satisfies the retrieval intent only under Instruction + Query.
How different Negs reflect distinct failure modes with respect to the Instruction.
This stage enforces a meta-level understanding:
the semantic similarity between (Instruction + Query) and Pos should be higher than that between Query and Pos alone.
The explanation serves as a consistency check that the generated data aligns with instruction-conditioned embedding training objectives,
rather than surface-level lexical similarity.

Table 7: Prompt templates for a three-stage instruction-enhanced data generation pipeline, explicitly modeling how
Instructions reshape semantic similarity in retrieval-oriented vector models.
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Stage 4 Prompt: LLM-based Instruction-aware Retrieval Validation

Motivation: Use a large language model as a semantic oracle to verify whether the generated retrieval data truly reflects instruction-
conditioned semantic understanding, rather than surface-level relevance.
The key idea of this stage is to transform the retrieval task into a multiple-choice reasoning problem, where the LLM must explicitly
decide which candidate document best satisfies the combined semantics of Instruction + Query.
Given a validated retrieval instance containing one positive document (Pos) and multiple hard negative documents (Negs), the model is
prompted with:
Instruction: The retrieval instruction that specifies how the query should be interpreted.
Query: The user query whose intent is conditioned by the Instruction.
Options: A shuffled list of documents, including exactly one Pos and several Negs, presented as multiple-choice candidates.
The prompt asks the LLM to select the single most appropriate option according to Instruction + Query, and to output only the option
label (e.g., A, B, C).
To rigorously test instruction sensitivity, the same multiple-choice prompt is evaluated under four semantic configurations:
1) Instruction_positive + Query_positive (the model should select Pos).
2) Instruction_positive + Query_negative (the model should not select Pos).
3) Instruction_negative + Query_positive (the model should not select Pos).
4) Instruction_negative + Query_negative (the model should not select Pos).
Each configuration is evaluated multiple times with randomized option ordering to reduce positional bias.
A data instance is retained only if the LLM’s selections are consistent with the expected outcomes across rounds (strict or majority-vote
mode).
This stage filters out retrieval samples where the positive document can be identified without relying on instruction semantics, ensuring
that the remaining data enforces instruction-aware similarity in embedding space.

Table 8: Prompt template for Stage 4: LLM-based post-verification of instruction-conditioned retrieval data using
multiple-choice semantic judgment.
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Paraphrase Prompt

Motivation: Vector Model instruction semantic understanding
The main phenomenon is that the existing embedding models trained on HotAQ data can understand the semantics of a text, but they are
very straightforward and understand based on the text content contained in the text.
Let me give you an example
Its directive requires text
Instruction = "Please output the opposite semantic representation of the following sentence:"

If I type in the text
Input = "Apples are red"

The target text is consistent with human understanding
Output = "The apple is not red"

Then, in theory, the semantic vector obtained by (Instruction + Input) should be the semantic vector of Output, and the similarity is very
high. But in fact, the semantic vector obtained by (Instruction + Input) contains the information of the Instruction text, which reduces the
similarity between instruction and Output.
According to human understanding, the semantic similarity between Instruction and Output should be greater than that between Input
and Output.

Of course, Instruction does not have to be in this form only; it can also be other types of instruction information.

Now please help me to judge whether the Instruction, Input and Output in the following data are consistent with the data used to train the
semantic understanding of the vector model instructions. Please explain the reasons for your judgment in the way of chain of thought.
“‘json
{example_data}
“‘

Output in Json format:
“‘json
{
"CoT": ,
"Judgment": Yes or No,
}
“‘

Table 10: Prompt template for evaluating whether given Instruction-Input-Output examples align with the vector
model’s instruction-based semantic understanding training paradigm.
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Paraphrase Prompt

This study aims to improve the deep semantic understanding ability of vector models for complex instructions and break through the
limitation of traditional text embedding models that only focus on literal matching. Current models trained on HotpotQA and other
datasets can effectively capture explicit semantic features, but when faced with instructions that need to perform logical transformations
(such as semantic reversal and emotional transformation), the generated semantic representations often lack instruction compliance.

Taking the task of "generating inverse semantics" as an example, the existing model is easy to identify "apples are red" and "bananas are
red" as similar semantics (sharing color features), but cannot accurately identify "apples are not red" as the true semantic inversion. This
indicates that the current model fails to effectively distinguish the difference between surface features and deep semantic logic when
understanding operational instructions.

The research goal is to construct high-quality contrastive learning triples (Input-Positive-Negative), focusing on the following problems:

Instruction-aware modeling: Enabling models to not only understand text content, but also accurately capture the semantic requirements
of manipulation instructions (e.g., negation, analogy, inference)

Semantic boundary division: By designing challenging negative examples (including synonym interference, logical conflict samples,
irrelevant topic samples, etc.), the model’s ability to distinguish subtle semantic differences is enhanced

Generalization ability improvement: An enhanced dataset covering multiple instruction types (negation, hypothesis, condition judgment,
etc.) is constructed to adapt the model to the requirements of open domain instruction semantic understanding

Finally, it is expected to produce an instruction-sensitive semantic encoding model, whose core breakthrough lies in the ability to jointly
encode operation instructions and text content, forming a structured distribution in the semantic representation space that conforms to
human logic reasoning. This will provide more powerful base model support for application scenarios that require complex semantic
understanding such as dialogue systems and intelligent retrieval.

Now I have the standard data for the semantic understanding of input and positive vector model instructions, but there is still a lack of
Negative data to enhance the comparative learning effect of model training.

—

Input:
“‘json
{example_data}
“‘

—

Requirements:
1. The format of the negative data should be close to the length of the Positive data.
2. Generate the current negative data and the fit score of the input.
3. Score on a scale of 0-5, where 0-1 indicates information completely irrelevant to the current discussion, 2-4 indicates some relevance
but error, and 5 indicates a complete correspondence (a positive score).
Think about as many different types of Negative data as possible, and gradually increase the score so that the model understands multiple
dimensions.
5. Output as Json:
“‘json
{
"negative": ,
"score":
}
“‘

Table 11: Prompt template for generating instruction-aware negative samples and semantic fit scores to enhance
contrastive learning in vector-based semantic models.
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