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Abstract001

There are few control points a developer can002
leverage to control the behavior of an LLM003
inside an application. A common black-box ap-004
proach to influence LLM inference is through005
careful manipulation of the prompt, such as006
by adding or modifying instructions. However,007
merely adding more instructions provides little008
assurance that they will actually be followed.009
This is especially true as the number of ad-010
ditional instructions grows. We introduce In-011
struction Boosting as a post-generation method012
to increase the reliability of LLM prompt in-013
structions. We show that Instruction Boost-014
ing improves the instruction following rate by015
up to 7 points when boosting two instructions016
and up to 4 points when boosting ten instruc-017
tions. To demonstrate these results we intro-018
duce SCALEDIF, a benchmark with a scaled019
instruction volume of up to ten instructions per020
data sample. We also present an analysis of021
the commonly observed trend that performance022
degrades as more instructions are added. We023
show that an important factor contributing to024
this trend is the degree of tension and conflict025
that arises as the number of instructions is in-026
creased. We contribute a quantitative conflict027
scoring tool that explains the observed perfor-028
mance trends and provides feedback to devel-029
opers on the potential impact that additional030
prompt instructions have on a model’s perfor-031
mance.032

1 Introduction033

Large Language Models (LLMs) have become034

foundational components in the development of035

agentic applications. However, for developers,036

these powerful models often behave like black037

boxes, making it difficult to precisely control their038

output. A typical method for influencing an LLM’s039

behavior is through careful manipulation of the040

prompt, such as by adding or modifying instruc-041

tions. For instance, when testing reveals an unde-042

sirable model outcome, a developer might add a043

corrective instruction to the prompt in an effort to 044

prevent that behavior from recurring. 045

This reliance on prompt-based instructions, how- 046

ever, presents two fundamental challenges. First, 047

there is little guarantee that a newly added instruc- 048

tion in the prompt will actually be followed by the 049

LLM. Second, the progressive addition of instruc- 050

tions can inadvertently introduce tension or even 051

direct contradictions with pre-existing instructions, 052

making it more difficult to satisfy all instructions 053

simultaneously. These issues combined can lead to 054

an often observed phenomenon, where the instruc- 055

tion following rate (IF rate) degrades as the number 056

of instructions increases (Jiang et al., 2024). 057

We propose Instruction Boosting as a test-time 058

post generation method to increase the reliability 059

of LLM instruction following in applications. In- 060

struction boosting is predicated on the observation 061

that it is often easier for an LLM to revise a subop- 062

timal response to meet a set of instructions than it 063

is to generate a perfect response in the first place. 064

As such, our method borrows from concepts of 065

self-correction (Madaan et al., 2023; Huang et al., 066

2024), employing techniques to refine and reinforce 067

initial model responses against the given instruc- 068

tions. As shown in Fig. 1, we apply boosting on an 069

initial response from an LLM in order to increase 070

the number of instructions that are followed. We 071

evaluate several boosting strategies and show in- 072

struction following improvements across a range 073

of open LLMs. Specifically, we show that boosting 074

improves the IF rate by up to 7 percentage points 075

in the case of two prompt instructions and by up to 076

4 percentage points for ten instruction scenarios. 077

To rigorously evaluate our approach, we con- 078

tribute SCALEDIF, a new instruction follow- 079

ing benchmark that extends the popular IFEval 080

dataset (Zhou et al., 2023) to include data sam- 081

ples with up to ten instructions. Our experimental 082

results with SCALEDIF also independently confirm 083

the typical performance degradation with increas- 084
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Figure 1: Overview of the instruction boosting approach.

ing numbers of instructions. Since each instruc-085

tion constrains the model’s response, adding more086

instructions can easily create an over-constrained087

problem. While some instruction sets may contain088

explicit conflicts—pairs of instructions that are im-089

possible to follow simultaneously—we also show090

that even in the absence of such hard conflicts, a091

growing number of constraints can lead to tension092

between instructions, making it increasingly diffi-093

cult to satisfy all of them at once.094

We formalize this notion by defining a soft con-095

flict as a pair of instructions that are difficult,096

though not impossible, to follow simultaneously.097

We developed a quantitative conflict scoring test098

that determines the degree of soft conflict among a099

set of instructions. We show that conflict scores are100

negatively correlated with both the initial IF rate101

and the improved IF rate after boosting.102

We exploit this relationship by proposing the103

conflict scoring test as a valuable feedback tool104

for developers. Developers can compute con-105

flict scores before and after adding additional in-106

structions to a prompt to obtain crucial feedback107

about the impact the additional instructions have108

on model performance. The conflict scoring test109

can serve as an early indicator of expected instruc-110

tion following performance and can guide develop-111

ers in adjusting or modifying instructions to lower112

the conflict score, thereby obtaining improved re-113

sponses and better overall model control.114

This paper makes the following contributions:115

1. The SCALEDIF dataset with an instruction116

volume of up to 10 instructions per data sam-117

ple,118

2. Instruction Boosting as a test-time method119

for developers to increase reliance on prompt- 120

based instructions and control over LLM re- 121

sponses, and 122

3. An instruction conflict scoring test that esti- 123

mates the complexity of satisfying a set of 124

instructions simultaneously to provide feed- 125

back to developers. 126

2 SCALEDIF Dataset 127

To study the effects that additional instructions have 128

on the overall IF rate, we created SCALEDIF, a 129

derivative of the popular IFEval (Zhou et al., 2023) 130

instruction following dataset with up to ten instruc- 131

tions per data sample. The original IFEval dataset 132

contains 541 samples, where each sample contains 133

a query and between one and three verifiable in- 134

structions that must be followed. There are 26 135

distinct classes of instructions, each with its own 136

Python verifier function to validate if a given text 137

follows the instruction. 138

An instruction is defined by a tuple consisting of 139

a (i) textual description, (ii) a class id refering to 140

an associated verifier function, and (iii) a set of ver- 141

ifier function parameters matching the instruction 142

description, as illustrated below: 143

Description “Answer with at least 50 words."
Class id length_constraints:number_words
Parameters { relation: “at least", num_words: 50 }

The adherence of an LLM response to an in- 144

struction can be verified by invoking the associated 145

verifier function on the response text with the given 146

parameters. 147

SCALEDIF: Our derivative dataset consists of 148

538 of the 541 IFEval data samples, each contain- 149

ing a query (e.g., ‘Can you elaborate on “I froze 150
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when I was jogging"?’), and ten unique instruc-151

tions. We rewrote the IFEval samples to isolate the152

query from existing instructions so that the number153

of instructions added to the query could easily be154

varied. We used Mistral Large (Mistral AI, 2024a)155

for an initial extraction of the query from the origi-156

nal IFEval samples and then reviewed and refined157

the extracted queries manually.158

We added ten unique instructions to each159

query to form the new SCALEDIF samples.160

We leverage the fact that the 26 instruction161

classes are largely independent of the (rewrit-162

ten) queries. Any query can be paired with163

instructions from any unique instruction class.164

We made some changes to the instructions165

to ensure query-independence: we replaced166

three instruction classes (response_language,167

english_uppercase, english_lowercase)168

with three new query-independent ones169

(length_constraints:sentence_length,170

detectable_format:yaml_format, star-171

tend:start_checker). This resulted in a set172

P of 26 query-independent instruction classes173

grouped into eight instruction categories: change174

case, combination, detectable content, detectable175

format, keywords, length constraints, punctuation,176

and startend.177

Each of the 538 samples was then assigned a set178

of N = 10 instructions drawn from P . To ensure179

diverse parameter values across instructions, we180

associated each instruction class p ∈ P with a sam-181

pling function S which samples values for its pa-182

rameters, if any. For numerical parameters such as183

number of words or number of paragraphs, we sam-184

ple parameter values from a simple 1-dimensional185

distributions. For parameters requiring keywords186

(e.g., ‘don’t use the word “hot"’), keywords are187

sampled using an LLM (Granite 3.1-8B (IBM Gran-188

ite, 2024)) in order to generate keywords that are189

relevant and meaningful in the context of a given190

query. This keyword sampling approach is in con-191

trast to the original IFEval selection method which192

chose keywords uniformly at random from a large193

vocabulary.194

Fig. 2 shows the number of instructions per in-195

struction category in SCALEDIF. A full list of the196

instruction classes and representative examples is197

included in the Appendix.198

Sampling instruction parameters independently199

for each the N instructions can easily lead to con-200

tradictions. For example, the keywords:existence201

instruction class requires that a set of key-202

Algorithm 1 Constrained Instruction Sampling

Require: Integer N > 0, set of Instructions P
Ensure: List L of N valid (Instruction, Parame-

ters) samples
1: L← empty list
2: while length(L) < N do
3: Sample p uniformly without replacement

from P
4: Compute constraints Cp on p from instruc-

tions in L
5: Sample required arguments Ap using strat-

egy P (Cp)
6: if a valid Ap can be found then
7: Append (p, Ap) to L
8: end if
9: end while

10: return L
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Figure 2: Number of instructions in SCALEDIF across
eight instruction categories. The contribution of individ-
ual instruction classes in each category is distinguished
by color.

words be present in the response, and the key- 203

words:forbidden_words instruction class requires 204

that a set of keywords not appear. These parame- 205

ters must be sampled to be disjoint to avoid contra- 206

dictory instructions that are impossible to follow 207

simultaneously. 208

To solve this problem we enforced pairwise con- 209

straints during parameter sampling. When con- 210

structing an instruction set L and a candidate in- 211

struction I is selected to be added to L, first con- 212

straints CI are computed based on the instructions 213

already chosen for L. For example, if an instruc- 214

tion stating that the response must contain at least 215

N paragraphs is already in L, then a constraint is 216

added to ensure that no other instruction can re- 217

quire the number of words to be less than N ∗ 10. 218

These constraints are enforced while sampling pa- 219
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rameters for the candidate instructions, and if they220

cannot be satisfied, then that instruction is rejected221

and a new candidate is sampled. If instruction pa-222

rameters are successfully sampled which satisfy all223

existing constraints, then the candidate instruction224

is added to the list L. This process is described in225

Alg. 1.226

After sampling ten instructions for each of the227

538 samples, we shuffled the instruction order to228

avoid any sensitivity to the order in which instruc-229

tions appear in the prompt. Finally, we constructed230

scaled down versions of the dataset with 2, 4, 6 and231

8 instructions per sample by randomly removing232

instructions from the 10-instruction dataset version.233

3 Instruction Boosting234

The idea behind instruction boosting is to scale235

compute (Snell et al., 2024) in order to improve236

on the baseline IF rate. As illustrated in Fig. 1,237

instruction boosting operates as a post-generation238

step that, similar to self-correction (Madaan et al.,239

2023; Huang et al., 2024), employs techniques to re-240

fine and reinforce an initial model response against241

the given instructions. Instruction boosting can242

be enabled for a subset or all the instructions in243

given prompt. We devised several boosting strate-244

gies with different cost-performance trade-offs to245

give developers a choice when balancing costs and246

benefits.247

We evaluated instruction boosting on SCALEDIF248

with several open models of various sizes in-249

cluding Llama-3.3-70B-Instruct1 (Llama-70B),250

Llama-3.1-8B-Instruct2 (Llama-8B), Qwen2.5-251

72B-Instruct3 (Qwen-72B), Mixtral-8x7B-Instruct-252

v0.14 (Mixtral-8x7B) and Mixtral-8x22B-Instruct-253

v0.15 (Mixtral-8x22B).254

As shown in Fig. 3 (solid lines), the initial IF rate255

that these models achieve on SCALEDIF ranges256

from 0.56 (Mixtral-7x8B) up to 0.88 (Llama-70B)257

with two instructions, and reduces to 0.39 (Mixtral-258

7x8B) and 0.66 (Llama-70B) with ten instructions.259

Fig. 3 also shows the instruction following boost260

(dotted lines) achieved with the best performance261

boosting strategy (Best-of-N), which will be ex-262

plained in detail in the following section. With two263

instructions the largest IF rate boost is achieved by264

Mixtral-7x22B at 7 percentage points. With ten265

1(Meta AI, 2024a): Meta-Llama-3.3-70B-Instruct
2(Meta AI, 2024b): Meta-Llama-3.1-8B-Instruct
3(Alibaba Cloud, 2024): Qwen2.5-72B-Instruct
4(Mistral AI, 2023): Mixtral-8x7B-Instruct-v0.1
5(Mistral AI, 2024b): Mixtral-8x22B-Instruct-v0.1
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Figure 3: Initial IF rate (solid lines) and Best-of-N boost-
ing performance (dashed lines).

instructions, the largest boost is by Llama-70B at 4 266

percentage points. 267

Note that across all models the IF rate drops as 268

the number of instructions is increased, confirming 269

previously observed instruction following degrada- 270

tion at scale. We will return to examine the factors 271

that contribute to these degradation trends in Sec- 272

tion 4. 273

3.1 Boosting Strategies 274

Instruction boosting is a test-time post-generation 275

improvement strategy. A boosting strategy takes as 276

input a query, a set of instructions and a generated 277

response and produces as output a new response 278

that has been revised to maximize adherence to 279

the instructions. We devised the following boost- 280

ing strategies (see Appendix for the corresponding 281

prompts). 282

Detect+Repair: Detect+Repair proceeds in two 283

steps. First, an LLM-as-a-judge detector (judge 284

detector) is used to determine which instructions 285

have not been followed in the input response. In 286

the second repair step the response is rewritten to 287

repair all detected instruction violations. 288

Best-of-N: Best-of-N samples N rewritten re- 289

sponses that are to follow all instructions not al- 290

ready adhered to in the initial response using tem- 291

perature sampling. Best-of-N does not require an 292

initial detection step. Instead, the judge detector 293

is used as a reward model to assign an instruction 294

following reward to each rewritten response. The 295

reward is the IF rate detected by the judge detec- 296

tor. In a final selection step, the response with the 297

highest reward is chosen as the repaired response. 298

In all experiments we used N = 5 as we observed 299
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diminishing returns at higher sampling rates.300

Best-of-N Oracle: To understand the potential301

IF rates models can achieve in their rewrites, we302

include a variant of Best-of-N that uses an ora-303

cle reward model to assign the actual instruction304

following rate to a given response. We used the305

deterministic IFEval instruction verifiers as the or-306

acle.307

Map Reduce: Map Reduce proceeds in three308

phases. First, the judge detector is used to detect309

violated instructions in the initial response. The310

Map phase creates separate rewrite tasks for each311

detected instruction violation. The final Reduce312

phase merges the independently generated rewrit-313

ten responses into one final repaired response.314

Fig. 4 shows the achieved IF rates for the four315

strategies for Llama-70B, the best performing316

model from Fig. 3. The IF rate achieved in the317

initial responses, prior to boosting is shown as the318

baseline. All boosting strategies lead to IF rate319

improvements over the baseline. Even at two in-320

structions, boosting leads to small improvements321

and the benefits generally increase with the number322

of instructions.323

Among the non-oracle strategies, Best-of-N con-324

sistently provides the largest boost, up to 4 percent-325

age points at ten instructions, increasing the IF rate326

to 0.70 from 0.66. Best-of-N Oracle shows the po-327

tential IF rate achievable through rewrite sampling.328

Even at two instructions, the model is capable of329

generating rewritten responses with an IF rate of330

0.89, a 2 percentage point increase. The boost331

grows as instructions are increased to ten, when332

the IF rate reaches 0.75, an 8.5 percentage point333

increase. Although not shown for space constraints,334

the relative boosting trends across the fours strate-335

gies are similar across all models from Fig.3.336

The gap between Best-of-N and Best-of-N Or-337

acle is a result of inaccuracies in the judge detec-338

tor that is used as the reward model. When using339

Llama-70B as the reward model, the detection ac-340

curacy is 73%. Thus, closing this gap may be341

achieved by replacing the judge detector with man-342

ually coded or LLM generated deterministic veri-343

fiers.344

Task Adherence: Since the instructions are345

mostly orthogonal to the query in each sample, it346

is possible to satisfy them while completely ignor-347

ing the primary task, namely answering the query.348

As a quality check, we used Llama-70B as a task-349

adherence judge on the initial model response and350

on the response after instruction boosting. This351
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Figure 4: Instruction following rate achieved by Llama
70b for different boosting strategies.

task-adherence judge was instructed to determine if 352

the given response was related to the query (see the 353

Appendix for the judge prompt that was used). In 354

the case that the initial response fails this check, the 355

data point is not included in the results. If the ini- 356

tial response passed but after instruction boosting 357

the response failed, this is considered an additional 358

failure mode. Table 1 shows that the largest num- 359

ber of task adherence failures in the initial response 360

generation was incurred for 8 instructions with 22 361

out of 538 (4%) failures. Boosting caused at most 362

7 (1.3%) additional task adherence failures in the 363

10 instruction experiment. 364

Num Instructions 2 4 6 8 10
Initial Failures 0 11 8 22 20

Add’l after boosting 0 0 6 3 7

Table 1: Task Adherence Failures (Llama-70B) out of
538 samples.

3.2 Cost Analysis 365

In addition to the varying benefits among the boost- 366

ing strategies we considered, they also incur dif- 367

ferent cost-benefit tradeoffs. To illustrate these 368

tradeoffs Fig. 5 plots the achieved IF rate against 369

cost measured as completion tokens in Flops. Com- 370

pared to the lowest cost Detect+Repair strategy, 371

Best-of-N trades additional compute for an addi- 372

tional IF rate boost. Map Reduce is less cost ef- 373

fective, requiring significantly more compute for a 374

small IF rate increase. 375

We also explored the following boosting varia- 376

tions. 377

Detect+Repair Expl: As a variant of De- 378
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Figure 5: Costs (completion tokens in Flops) and IF rate
of each strategy for 10 instructions achieved by Llama-
70B.

tect+Repair, we added explanations of instruction379

violations to the rewrite prompt. We expected the380

additional explanation hints to help the model in381

the rewrite task. Surprisingly, adding explanations382

didn’t help and may have only provided a distrac-383

tion to the model since they actually led to a small384

erosion of the IF rate improvements as shown in385

Fig. 5.386

Best-of-N Gen: Instead of sampling N response387

rewrites, Best-of-N Gen samples N initial response388

generations to the query. Both Best-of-N and Best-389

of-N Gen use the judge detector as a reward model.390

As shown in the Fig. 5, compared to rewrite sam-391

pling, sampling the initial responses incurs slightly392

lower cost but was not able to match the IF rate393

improvements of Best-of-N confirming our hypoth-394

esis that repairing a non-compliant draft response is395

generally easier than writing a compliant response396

from scratch.397

4 Instruction Scaling and Conflict398

Analysis399

This section takes a closer look at the drivers for400

the observed instruction scaling trends that show401

decreasing IF rates with increasing numbers of in-402

structions.403

4.1 Soft Conflicts404

In Section 2, we described how we applied pre-405

defined constraints to avoid contradictory instruc-406

tions. For example, an instruction that requires the407

keyword ‘confidential’ to appear in the response408

would contradict one that prohibits the same word.409

We refer to a pair of contradictory instructions as a410

Num instr. 2 4 6 8 10
Conflict score 0.24 0.67 1.17 1.59 2.03

Correlation -0.79 -0.63 -0.46 -0.42 -0.37

Table 2: Estimated average conflict scores (after boost-
ing) for Best-of-N boosting with Llama-70B.

hard conflict. Even after applying these pre-defined 411

constraints and ruling out hard conflicts, there may 412

still be instructions that are difficult for a model to 413

follow simultaneously. For example, instructing a 414

model to include at least 300 words in a response 415

and also instructing it to not repeat any words may 416

be difficult. We carry out a self-play approach to 417

empirically identify such soft conflicts. 418

To quantify the degree of soft conflict in a sam- 419

ple, we compute a conflict score between every 420

pair of instructions assigned to that sample. The 421

conflict score of a pair of instructions indicates the 422

difficulty of following both instructions simultane- 423

ously. Conflict scores are computed by sampling 424

multiple responses from a model for each instruc- 425

tion pair. Each response is checked to determine 426

which instructions were followed: either both in- 427

structions were followed, or at least one was not 428

followed. The latter case indicates possible soft 429

conflicts. This flow is depicted in Figure 6. 430

More precisely, we start from the original dataset 431

D, outlined in Section 2, with N samples, where 432

each sample consists of a query and k instructions. 433

Next we construct a pairwise dataset D̂ as follows: 434

for each sample in D we create k(k − 1) samples 435

with the same query and every subset of two in- 436

structions from the original k instructions. The 437

model generates r responses for each sample in D̂ 438

to produce the response set R̂. The conflict count 439

cij between instructions i and j is the number of 440

responses in R̂ where at least one of the two in- 441

structions i or j were not followed. 442

We can now use the pair-wise conflict counts to 443

compute a conflict score for each sample s ∈ D. 444

Let p(s) be the set of instructions associated with 445

sample s. The conflict score cs of sample s is the 446

normalized sum of the conflict counts for each pair 447

of instructions in s: 448

cs =

∑
(i,j)∈p(s)×p(s),i̸=j cij

|p(s)|
. (1) 449

Conflict score at scale: We expect that samples 450

with higher conflict scores include instructions that 451

are more difficult for a model to simultaneously 452

follow and boost. We see this in Table 2, where the 453
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Figure 6: Steps to empirically compute an estimated conflict score between a pair of instructions.

average conflict scores increase with the number of454

instructions in the dataset. This suggests that part455

of the reason that instruction following compliance456

rate decreases with the number of instructions, as457

observed in Section 3, is that there are inherent458

conflicts when more instructions are added. Recall459

that the conflict scores are computed pair-wise so460

the conflict scores themselves are not susceptible461

to instruction scaling effects.462

Correlation of conflict score: Table 2 also lists463

the Pearson correlation between the IF rate and464

the conflict scores. The correlation decreases with465

increasing instructions; in the case with 10 instruc-466

tions, the correlation is about -0.37.467

We posit two reasons for the decreasing corre-468

lation. First, our conflict scores are only based on469

pair-wise instruction conflicts. There may be more470

complex conflicts that only arise in the interplay of471

more than two instructions. For example, consider472

a set of three instructions that place limits on the to-473

tal number of words, the number of sentences, and474

the number of words per sentence in the response.475

Following any pair of these instructions is easier476

than following all three.477

Furthermore, while our conflict analysis shows478

that soft conflicts are an important contributor to479

degrading IF rates with increasing numbers of in-480

structions, their presence may not be the sole driver481

for this trend. Additional factors may play a role482

that cause IF degradations even in the absence of483

any soft conflicts among instructions. Further in-484

vestigating and quantifying the contributions of485

instruction conflicts and other causes is an avenue486

for future work.487

Segmentation by IF rate: To take a closer look488

into the contribution of conflict scores to degrading489

IF rates, we examine the distribution of conflict490

scores across IF rate segments. Figure 7 plots the491

average conflict score for samples bucketed by the492

IF rate measured for the dataset with ten instruc-493

tions. We see that “harder” samples, i.e., those with494

a lower IF rate, do indeed have a higher conflict495

score. This reinforces our assertion that soft con-496
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Figure 7: Average conflict scores for 10 instruction
dataset, bucketed by the IF rate after boosting.

flicts among instructions contribute to worsening 497

IF rates when there are many instructions. 498

Note that the error bars are the standard error 499

of the mean, which is likely an underestimate of 500

the true uncertainty due to correlations between 501

instruction pairs appearing in multiple samples. 502

Comparison without constraints: Recall from 503

Section 2 that we apply pre-defined parameter sam- 504

pling constraints to avoid including contradicting 505

instructions (i.e, instruction pairs with hard con- 506

flicts) in the dataset. We repeated the above anal- 507

ysis on a dataset where we did not apply these 508

pre-defined constraints. As expected we observed 509

a higher average conflict score: with 10 instructions 510

the average conflict score was 18% higher. 511

4.2 Lost-in-the-Middle 512

Prior work (Liu et al., 2023) looked into the “lost- 513

in-the-middle" effect and observed that perfor- 514

mance is often highest when relevant information 515

occurs at the beginning or end of the LLM input 516

context, and significantly degrades when models 517

must access relevant information in the middle. 518

We investigated whether the lost-in-the-middle 519

effect could play a role in the lowering IF rates we 520

observed at rising numbers of instructions. Large 521

numbers of instructions also have larger numbers 522
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of "middle" instructions. To investigate, we broke523

down the IF rate by instruction position to com-524

pute positional IF rates as the n-th position IF rate.525

However, we found no consistent relationship be-526

tween IF rates and instruction position across mod-527

els. Middle instructions generally did not have528

lower IF rates than first or last instructions. Thus,529

the larger number of "middle" instructions in a list530

of 10 instructions does not appear to be a driver for531

the IF rate degradation we observed.532

5 Related Work533

Instruction following is critical to LLMs, enabling534

them to align with human intent. Related work on535

evaluating a model’s instruction following ability536

includes IFEval (Zhou et al., 2023) which focuses537

on verifiable instructions that can be checked de-538

terministically. IFEval includes data samples with539

one to three instructions per sample. SCALEDIF540

extends IFEval by scaling instruction volume up541

to ten instructions per data sample. Multi-IF (He542

et al.) expands on IFEval to include multi-turn543

conversations in multiple languages. MultiTurnIn-544

struct (Han, 2025), ComplexBench (Wen et al.,545

2024) and FollowBench (Jiang et al., 2024) evalu-546

ate how LLMs handle complex instructions with547

different types of constraints and their composi-548

tions. InFoBench (Qin et al., 2024) introduces a549

new metric (DRFR) that breaks down complex in-550

structions into simpler criteria for a more detailed551

analysis of a model’s compliance with each part552

of the instruction. RefuteBench (Yan et al., 2024)553

focuses on evaluating whether a model can modify554

its response to comply with human feedback in the555

form of refuting instructions in a conversational556

context. Verbalizer manipulation (Li et al., 2024)557

introduces an instruction following evaluation pro-558

tocol for classification tasks. IFScale (Jaroslaw-559

icz et al., 2025) is a benchmark of 500 keyword-560

inclusion instructions for a business report writing561

task and LIFBench‘(Wu et al., 2025) focuses on562

evaluating instruction following in long context563

scenarios.564

Beyond evaluation, prior research has explored565

test-time interventions to improve reasoning and566

overall response quality. An approach similar to567

Detect+Repair boosting is self-correction (Madaan568

et al., 2023; Huang et al., 2024) where a model is569

prompted to evaluate its own initial output and re-570

fine it. Self-correction primarily focuses on improv-571

ing reasoning quality, whereas instruction boosting572

specifically targets a model’s instruction following 573

ability. 574

Although not specifically aimed at instruc- 575

tion following, Chain-of-Thought (CoT) prompt- 576

ing (Wei et al., 2023) can improve model perfor- 577

mance on complex tasks by breaking down a diffi- 578

cult problem into smaller, more manageable steps. 579

Self-Consistency (Wang et al., 2023) builds on 580

CoT prompting by sampling multiple model re- 581

sponses and selecting the most frequent or “con- 582

sistent" response. Similar to Best-of-N boosting, 583

self-consistency leverages a model’s inherent capa- 584

bilities to find a robust solution through compute 585

scaling (Snell et al., 2024). However, in contrast 586

to self-consistency which samples response gen- 587

eration with the goal to improve CoT reasoning, 588

Best-of-N boosting samples response rewrites and 589

is targeted at improving IF rates. 590

(Wu et al., 2024) propose a training method for 591

instruction following with thought generation and 592

(Hou et al., 2025) propose a dynamic pruning ap- 593

proach to improve instruction following. In con- 594

trast, instruction boosting aims to improve instruc- 595

tion following as a post-processing method. 596

6 Conclusion 597

In this work, we’ve demonstrated that prompt- 598

based instruction following in LLMs is a challeng- 599

ing problem, exacerbated by the instruction scal- 600

ing effect. We introduced Instruction Boosting, a 601

test-time strategy to enhance instruction adherence 602

by refining and correcting initial model responses. 603

Our work also contributes a dataset to systemati- 604

cally study instruction following and the effects of 605

boosting at increasing numbers of instructions. Our 606

empirical results on the SCALEDIF dataset confirm 607

that instruction boosting consistently improves in- 608

struction following, with gains of up to 7 and 4 609

percentage points for 2 and 10 instructions, respec- 610

tively. We further contributed the concept of soft 611

conflicts and a quantitative conflict score to explain 612

observed instruction scaling trends and show how 613

conflict scores can be serve as a diagnostic tool for 614

developers. By providing clear feedback to antici- 615

pate instruction following difficulty, our approach 616

offers both a powerful method for improving model 617

reliability and a valuable feedback mechanism for 618

more effective prompt engineering and control over 619

model behavior in applications. 620
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7 Limitations621

This work focused on syntactic instructions which622

can be deterministically checked. More ambigu-623

ous instructions that may require a human or LLM624

judge to validate are the subject of future work.625

In addition, the LLMs were required to follow all626

instructions provided in their prompt. Real-world627

applications can include irrelevant distractor in-628

structions which are outdated or dependent on an629

unfulfilled condition.630
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A SCALEDIF Construction743

The following 26 instruction classes were used in744

the construction of the SCALEDIF dataset.745

length_constraints

sentence_length∗

number_sentences
number_words
number_paragraphs
nth_paragraph_first_word

detectable_format

number_bullet_lists
constrained_response
number_highlighted_sections
title
multiple_sections
json_format
yaml_format∗

detectable_content number_placeholders
postscript

punctuation no_comma

keywords

forbidden_words
frequency
letter_frequency
existence

combination repeat_prompt
multiple_responses

change_case capital_word_frequency
lowercase_sentences

startend
quotation
start_checker∗

end_checker

Table 3: SCALEDIF Instructions, * indicates instruc-
tions not present in IFEval.

All but three746

(length_constraints:sentence_length,747

detectable_format:yaml_format, star-748

tend:start_checker) of these instructions were749

part of the original IFEval dataset. In addi-750

tion, three of the original IFEval instructions751

(response_language, english_uppercase, en-752

glish_lowercase) were removed because they753

created too many conflicts with other instructions 754

to allow long, conflict-free sets. 755

A.1 Constraints 756

In order to ensure that the sets of instructions 757

constructed for SCALEDIF are mutually sat- 758

isfiable, constraints had to be imposed on the 759

sampled parameters. For example suppose 760

that length_constraints:number_paragraphs is 761

sampled with parameters num_paragraphs = 762

3, and then length_constraints:number_words 763

is sampled. Before sampling the parame- 764

ters for length_constraints:number_words, 765

all constraints related to the previously sam- 766

pled instructions will be computed. The 767

length_constraints:number_paragraphs instruction 768

will produce the constraint num_words >= 10∗ 769

num_paragraphs = 30. This constraint is chosen 770

to ensure that the response is allowed to have 771

enough words to form the necessary number 772

of paragraphs. As another example, the key- 773

words:forbidden_words and keywords:existence 774

instructions each have a list of keywords as 775

their parameter. If both of these instructions are 776

sampled, then the second one chosen is required 777

to exclude the keywords already taken by the first 778

one. 779

There is additionally one three- 780

way constraint imposed between 781

length_constraints:sentence_length, 782

length_constraints:number_sentences, and 783

length_constraints:number_words. 784

N_words >= (N_sentences+3)∗(sentence_length+3)
(2) 785

A.2 Example 786

Table 4 shows one representative set of 10 instruc- 787

tions, which were assigned in ScaledIF to the query: 788

"Can you help me write a letter to a company that 789

is refusing to refund a product I bought online?" 790

B Boosting Strategy Details 791

Below we include the prompt templates used in the 792

boosting strategies. 793

B.1 Detect+Repair 794

Detect Prompt: 795

1 <|begin_of_text|><| 796

start_header_id|>system<| 797

end_header_id|> 798

10

https://arxiv.org/abs/2410.10630
https://arxiv.org/abs/2410.10630
https://arxiv.org/abs/2410.10630
https://arxiv.org/abs/2410.10630
https://arxiv.org/abs/2410.10630
https://arxiv.org/abs/2411.07037
https://arxiv.org/abs/2411.07037
https://arxiv.org/abs/2411.07037
https://arxiv.org/abs/2411.07037
https://arxiv.org/abs/2411.07037
https://arxiv.org/abs/2402.13463
https://arxiv.org/abs/2402.13463
https://arxiv.org/abs/2402.13463
https://arxiv.org/abs/2402.13463
https://arxiv.org/abs/2402.13463


Instruction ID Instruction Text
detectable_content:number_pla
ceholders

The response must contain at least 14 placeholders repre-
sented by square brackets, such as [refund].

length_constraints:nth_paragrap
h_first_word

Paragraph 9 must have the word “regular” in its first three
words. Paragraphs and only paragraphs are separated with
each other by two new lines as if it was “\n\n” in python.

keywords:forbidden_words Do not include keywords [’company’, ’complaint’, ’defec-
tive’, ’dispute’, ’dissatisfied’, ’evidence’, ’guarantee’, ’on-
line’, ’policy’, ’product’, ’purchase’, ’receipt’, ’transaction’,
’unsatisfactory’] in the response.

detectable_content:postscript At the end of your response, please explicitly add a
postscript starting with P.S.

length_constraints:sentence_len
gth

All sentences in your response must be at least 12 words.

detectable_format:number_high
lighted_sections

Highlight at least 8 sections in your answer with markdown,
i.e. *highlighted section*.

detectable_format:constrained_r
esponse

Include one of the following options in your answer:
(“My answer is yes.”, “My answer is no.”, “My answer
is maybe.”).

change_case:capital_word_freq
uency

In your response, words with all capital letters should appear
at least 6 times.

length_constraints:number_words Answer with at least 150 words.
detectable_format:multiple_sect
ions

Your response must have 8 sections. Mark the beginning of
each section with Group X, such as: Group 1 [content of
section 1], Group 2 [content of section 2].

Table 4: Instruction IDs and Corresponding Instructions

2 You are a policy compliance checker799

.<|eot_id|>800

3 <|start_header_id|>user<|801

end_header_id|>802

4 Check if the following text follows803

each policy.804

5 For each policy, provide a JSON805

response with:806

6 1. "policy": The policy line being807

checked808

7 2. "answer": "yes" or "no"809

8 3. "explanation": A brief810

explanation811

9812

10 Text to check:813

11 ---814

12 ${text}815

13 ---816

14817

15 Policies to check:818

16 ---819

17 ${policies}820

18 ---821

19 822

20 IMPORTANT: 823

21 1. Return a JSON array with one 824

object per policy line, in the 825

same order as listed above 826

22 2. Each object should have "policy", 827

"answer" and "explanation" 828

fields 829

23 3. Do NOT try to follow the policies 830

in the JSON output. Only check 831

whether the text follows the 832

policies 833

24 4. Be concise and accurate. 834

25 835

26 Example format: 836

27 [ 837

28 { 838

29 "policy": "The first policy 839

line..... ", 840

30 "answer": "yes/no", 841

31 "explanation": "the 842

explanation for the 843

answer" 844
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32 },845

33 {846

34 "policy": "The second policy847

line ..... ",848

35 "answer": "yes/no",849

36 "explanation": "the850

explanation for the851

answer"852

37 }853

38 ]854

39855

40 Return ONLY the JSON array, nothing856

else. Do not include any857

additional text or explanations858

outside the JSON array.<|eot_id859

|>860

41 <|start_header_id|>assistant<|861

end_header_id|>862

Repair Prompt:863

1 <|begin_of_text|><|start_header_id|>864

system<|end_header_id|>865

2 You are an editor and your task866

is to rewrite response.<|867

eot_id|>868

3 <|start_header_id|>user<|869

end_header_id|>The following870

text shows a query and a871

response. The response872

violates one or more873

guidelines from the query874

that it should have followed.875

876

4877

5 <START_OF_QUERY>878

6 ${query}879

7 Your response must follow these880

guidelines:881

8 ${instr}882

9 <END_OF_QUERY>883

10884

11 <START_OF_RESPONSE>885

12 ${text}886

13 <END_OF_RESPONSE>887

14888

15 <START_OF_VIOLATED_GUIDELINES>889

16 ${policies}890

17 <END_OF_VIOLATED_GUIDELINES>891

18892

19 Rewrite the response so that it893

follows all guidelines while894

making only necessary895

changes and keeping the rest896

of the text unchanged. The 897

rewrite must not break any 898

of the guidelines that were 899

already followed in the 900

response. 901

20 You may rewrite the text exactly 902

once, and don't output 903

anything other than the re- 904

written response. 905

21 You must enclose the re-written 906

response in < 907

START_OF_REWRITE> < 908

END_OF_REWRITE> tags.<| 909

eot_id|> 910

22 <|start_header_id|>assistant<| 911

end_header_id|> 912

B.2 Best-of-N 913

1 <|begin_of_text|><| 914

start_header_id|>system<| 915

end_header_id|> 916

2 You are an editor and your task 917

is to rewrite a response to 918

ensure compliance with 919

guidelines.<|eot_id|> 920

3 <|start_header_id|>user<| 921

end_header_id|>The following 922

text shows a query, a 923

response and a set of 924

guidelines. The response may 925

violate one or more 926

guidelines that it should 927

have followed. 928

4 929

5 <START_OF_QUERY> 930

6 ${query} 931

7 <END_OF_QUERY> 932

8 933

9 <START_OF_RESPONSE> 934

10 ${text} 935

11 <END_OF_RESPONSE> 936

12 937

13 <START_OF_GUIDELINES> 938

14 ${instr} 939

15 <END_OF_GUIDELINES> 940

16 941

17 Rewrite the response so that it 942

follows all guidelines while 943

making only necessary 944

changes and keeping the rest 945

of the text unchanged. The 946

rewrite must not break any 947
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of the guidelines that were948

already followed in the949

response.950

18 You may rewrite the text exactly951

once, and don't output952

anything other than the re-953

written response.954

19 You must enclose the re-written955

response in <956

START_OF_REWRITE> <957

END_OF_REWRITE> tags.<|958

eot_id|>959

20 <|start_header_id|>assistant<|960

end_header_id|>961

B.3 MapReduce962

1 <|begin_of_text|><|963

start_header_id|>system<|964

end_header_id|>965

2 You are an editor and your task is966

to generate a response according967

to a user query and to ensure968

compliance with a set of969

guidelines.<|eot_id|>970

3971

4 <|start_header_id|>user<|972

end_header_id|>The following973

text shows the user query, a set974

of per-guideline responses, and975

the set of guidelines. Each per976

-guideline response is an977

example of a response that978

complies with the associated979

guideline.980

5981

6 <START_OF_QUERY>982

7 ${query}983

8 <END_OF_QUERY>984

9 ${per_guideline_responses}985

10 <START_OF_GUIDELINES>986

11 ${instr}987

12 <END_OF_GUIDELINES>988

13989

14 Generate a response so that it990

follows all the guidelines. Use991

the per-guideline responses to992

help generate the final response993

that complies with all the994

guidelines.995

15 Don't output anything other than the996

re-written response.997

16 You must enclose the re-written998

response in <START_OF_REWRITE> < 999

END_OF_REWRITE> tags.<|eot_id|> 1000

17 <|start_header_id|>assistant<| 1001

end_header_id|> 1002

B.4 Best-of-N Gen 1003

1 <|begin_of_text|><| 1004

start_header_id|>system<| 1005

end_header_id|> 1006

2 You are a helpful assistant and 1007

your task is to respond to 1008

queries. Your response must 1009

follow a set of guidelines 1010

.<|eot_id|> 1011

3 <|start_header_id|>user<| 1012

end_header_id|>Here is a 1013

query with a set of 1014

guidelines that must be 1015

followed. 1016

4 1017

5 <START_OF_QUERY> 1018

6 ${query} 1019

7 Your response must follow these 1020

guidelines: 1021

8 ${instr} 1022

9 <END_OF_QUERY> 1023

10 1024

11 Write a response that follows 1025

all guidelines and don't 1026

output anything other than 1027

the response. 1028

12 You must enclose the response in 1029

<START_OF_RESPONSE> < 1030

END_OF_RESPONSE> tags.<| 1031

eot_id|> 1032

13 <|start_header_id|>assistant<| 1033

end_header_id|> 1034

C Task Adherence Judge 1035

1 <|begin_of_text|><| 1036

start_header_id|>system<| 1037

end_header_id|> 1038

2 You are a helpful assistant 1039

whose task is to respond to 1040

user queries. 1041

3 Make sure that your response 1042

follows these instructions: 1043

4 1044

5 {instruction_list}<|eot_id|> 1045

6 <|start_header_id|>user<| 1046

end_header_id|> 1047

13



7 Question:1048

8 {prompt_request}<|eot_id|>1049

9 <|start_header_id|>assistant<|1050

end_header_id|>1051

14
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