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Abstract001

AI agents offer substantial opportunities to in-002
crease human productivity across many tasks.003
However, their use in complex workflows also004
drives rapid growth in LLM token consump-005
tion.1 When agents are deployed on tasks that006
can require millions of tokens, two questions007
naturally arise: how do agents consume LLM008
tokens, and can we predict token usage before009
task execution? In this paper, we use the Open-010
Hands coding agent as a case study and present011
the first empirical analysis of agent token con-012
sumption patterns using agent trajectories. We013
further explore the possibility of predicting to-014
ken costs before task execution. We find that (1)015
Agent token consumption has inherent random-016
ness even when executing the same tasks; (2)017
Unlike chat and reasoning tasks, input tokens018
dominate overall consumption and cost, even019
with token caching; (3) Predicting output-token020
amounts and the range of total consumption021
can achieve weak-to-moderate correlation, of-022
fering limited but nontrivial predictive signal.023
Surprisingly, we also find that (4) Higher token024
usage does not lead to higher accuracy, as tasks025
and runs that cost more tokens are usually as-026
sociated with lower accuracy. We believe our027
study provides new and useful insights that can028
impact decisions around token consumptions029
for the growing number of AI agentic tasks.030

1 Introduction031

AI agents are being rapidly adopted across do-032

mains, from productivity and customer support to033

data analysis and software development(Liu et al.,034

2023b). Among these, coding agents are among035

the most widely used because they can read reposi-036

tories, reason about issues, call tools, and propose037

patches with minimal human supervision (OpenAI,038

2025; Liu et al., 2023a,b; Yang et al., 2024; Jimenez039

et al., 2024a). However, the prevailing pricing040

1In this paper. we use “token consumption” to refer to both
input and output tokens used by LLM agents

model for coding agents has been widely criticized 041

for two reasons: (1) lack of transparency—users 042

do not know the final cost until a task is finished; 043

and (2) no guarantee of completion—users may 044

still pay even if the task fails (Kinde, 2024). These 045

concerns converge on a central question: Can we 046

predict token consumption before a task is exe- 047

cuted? If we could estimate token usage up front, 048

users would better understand potential costs and 049

choose models or strategies accordingly; providers 050

could design clearer pricing tiers, enforce budget 051

caps, and trigger early alerts. 052

In this paper, we present what is to our knowl- 053

edge the first study on agent token consumption 054

modeling and prediction. To understand the overall 055

pattern of token usage in agentic coding workflows, 056

we use the OpenHands agent (Wang et al., 2025) 057

as a case study, and conduct an empirical analy- 058

sis on SWE-bench-verified (Jimenez et al., 2024b) 059

using trajectories generated by a wide range of dif- 060

ferent models. We investigate three questions: (1) 061

Do coding agents consume different amounts of 062

tokens across tasks and runs? (2) How does task 063

difficulty relate to token consumption? (3) Which 064

token types (input vs. output) drive costs in sequen- 065

tial agent executions, and how are they distributed 066

over the trajectory? 067

Our analysis reveals four key findings. First, 068

more complex tasks tend to consume more to- 069

kens on average, but usage varies substantially 070

across runs; some runs use up to 10× more to- 071

kens than others for the same task. Second, unlike 072

typical chat and reasoning settings, input tokens 073

dominate the overall bill in agentic coding, even 074

when token caching is enabled. A recent study, 075

AgentTaxo (Wang et al.), reports a similar pattern 076

in multi-agent systems, where input tokens out- 077

weigh output tokens by a factor of 2–3 times due to 078

inter-agent communication, reinforcing that agentic 079

workloads are broadly input-heavy across settings. 080

Third, token consumption is not concentrated in 081
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a single step: reading long contexts (files, diffs,082

and retrieved artifacts) and repeated tool-mediated083

expansions together contribute a large fraction of084

the input token budget. Finally, fourth, we find that085

tasks and runs with more token usage are associ-086

ated with lower accuracy. These findings highlight087

both the heavy-tailed nature of token usage and the088

central role of context ingestion in agentic tasks.089

Building on these observations, we study090

whether token consumption can be estimated before091

execution using the coding agent itself. We formal-092

ize the pre-execution estimation tasks in which the093

agent is asked to predict input and output token094

usage given all its available tools and the coding095

environment. Rather than relying on static pre-096

dictors or handcrafted features, we leverage the097

agent’s own planning, tool-usage reasoning, and098

repository exploration capabilities to produce cost099

estimates prior to execution. This formulation al-100

lows the agent to reason about expected workload101

using the same mechanisms it would employ dur-102

ing task solving.103

Our experiments show that richer agent-side rea-104

soning generally improves estimation quality. In105

particular, explicitly reasoning about anticipated106

tool usage and repository structure leads to more107

informative cost estimates. Estimating token con-108

sumption on a log scale yields better calibration109

over broad cost ranges, while output-token usage is110

consistently easier to estimate than input-token us-111

age, reflecting the substantial variability introduced112

by retrieval and context construction. Although113

accurately predicting token usage remains chal-114

lenging, agent self-prediction provides a practical,115

coarse-grained signal of relative cost. These results116

suggest that agent-driven estimation can support117

early budget alerts and approximate cost ranges118

before launching expensive runs, improving trans-119

parency without overpromising point accuracy.120

Overall, this work contributes:121

• the first empirical characterization of token122

consumption in agentic coding on SWE-123

bench, showing large run-to-run variance and124

the dominance of input tokens in overall costs;125

• preliminary experiments on pre-execution126

token-cost prediction with comprehensive127

model settings;128

• evidence that predicting output-token amounts129

and consumption ranges (especially in log130

space) is feasible but challenging, offering131

actionable signals for designing new pricing 132

strategies for agentic systems. 133

Taken together, our empirical analysis and pre- 134

diction study illuminate where tokens go in agentic 135

coding and what can be anticipated before execu- 136

tion, providing concrete steps toward more pre- 137

dictable and user-aligned agent pricing. 138

2 Dataset 139

We collect agent trajectories on the SWE-bench 140

Verified dataset (Jimenez et al., 2024b; Chowd- 141

hury et al., 2024) using the OpenHands frame- 142

work (Wang et al., 2025), which we choose for its 143

state-of-the-art performance among open-weight 144

agents and its transparent, fully auditable execution 145

pipeline. SWE-bench Verified is selected because it 146

is the only large-scale software engineering bench- 147

mark rigorously validated by human annotators to 148

exclude problematic or ambiguous cases. 149

Each problem is evaluated with four indepen- 150

dent runs across a diverse set of agentic model 151

backbones, including Claude Sonnet 3.7, Sonnet 4, 152

Sonnet 4.5, GPT-5, GPT-5.2, Qwen3-Coder-480B- 153

A35B-Instruct, Kimi-K2, and Gemini 3 Pro (Pre- 154

view). These models were selected to span a range 155

of architectures, training paradigms, and deploy- 156

ment settings, while offering strong coding capa- 157

bilities and reliable execution stability. In our main 158

analysis, we aggregate results across all models to 159

identify behavioral and cost-related patterns that 160

are consistent beyond any single backbone, thereby 161

strengthening the generality of the observed phe- 162

nomena. The collected data include full execution 163

trajectories, inference logs, intermediate outputs, 164

evaluation results, and metadata, enabling a com- 165

prehensive analysis of agent behavior and cost dy- 166

namics. 167

In this work, we focus specifically on token 168

consumption throughout the end-to-end problem- 169

solving process: given an initial task description, 170

the LLM agent autonomously interacts with the 171

environment to finish the task without any human 172

intervention. For each problem instance, the agent 173

proceeds in multiple rounds: in each round, the 174

LLM generates a response based on the current 175

prompt, followed by a tool call and execution. In 176

particular, the full conversation history, including 177

all previous prompts and completions, is carried 178

forward unchanged into subsequent rounds. 179

To enable a more detailed analysis of LLM be- 180

havior and its corresponding token consumption 181
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during problem-solving, we extract a set of fine-182

grained metrics from the LLM completion history.183

These metrics are obtained by parsing the struc-184

tured JSON outputs of the agent and leveraging the185

usage information, which records all LLM interac-186

tions at each round. Together, the extracted metrics187

capture both the functional behavior of the agent,188

such as tool usage and file access patterns, as well189

as the underlying token-level dynamics. For all190

token-related metrics, we report values averaged191

over the four independent runs per problem.192

3 An Empirical Investigation of Agent193

Token Consumption194

3.1 Cost Variability and Inefficient Agent195

Behavior196

Variations across different problems and differ-197

ent runs We begin by analyzing the variation198

in token consumption and tool usage across dif-199

ferent problems (averaged over four independent200

runs) and across different runs for the same prob-201

lem. For both total prompt tokens and total comple-202

tion tokens, we observe substantial variation across203

problems, indicating a high degree of instability204

in token usage depending on the specific problem205

instance.206

Figure 1: Distribution of token and tool usage across
SWE-bench instances. Each curve shows the mean and
standard deviation of total prompt tokens, completion
tokens, and tool usage.

To further investigate this phenomenon, we ag-207

gregrate the trajectories from all models, and sort208

all problems by their average total token cost (from209

low to high) and visualize the variation in both to-210

ken usage and tool usage across the four runs for211

each problem (Figure 1). We observe that problems212

with higher overall token costs tend to exhibit sub-213

stantially larger cross-run variance, indicating that 214

the agent’s behavior becomes increasingly unstable 215

on more complex or longer tasks that require more 216

tokens to solve. A similar pattern holds for tool us- 217

age: although the trend is less pronounced than for 218

token consumption, notable variability still exists 219

both across different problems and across runs of 220

the same problem. 221

Accuracy and the Inverse Test-time Scaling 222

Paradox We analyze how accuracy varies with 223

token and tool usage across problems and cost lev- 224

els using a regression-based aggregation across 225

all models, which allows us to control for model- 226

specific effects while capturing global trends. 227

Figure 2(a) show the resulting relationships be- 228

tween accuracy and resource usage. Across mod- 229

els, accuracy tends to decrease as average token or 230

tool consumption increases. Problems that demand 231

more resources are often associated with runs in 232

which the agent explores multiple unproductive tra- 233

jectories, leading to longer contexts and reduced 234

precision in reasoning. We observe the same trend 235

when using completion tokens instead of prompt 236

tokens, as shown in Appendix A. 237

To further examine this pattern, Figure 2(b) strat- 238

ify accuracy by within-problem cost levels. For 239

each problem, the four runs are ranked by total cost 240

and grouped into MinCost, LowerCost, UpperCost, 241

and MaxCost. Accuracy increases modestly from 242

MinCost to LowerCost, but then declines for higher- 243

cost bins, with the clearest drop observed at Max- 244

Cost. This non-monotonic trend is consistent with 245

an inverse test-time scaling phenomenon (Snell 246

et al., 2024; Wu et al., 2025), where additional 247

computation reflects inefficient reasoning cycles 248

and context bloat rather than improved problem 249

solving. 250

Motivated by these observations, we further ex- 251

amine the behavioral patterns underlying high-cost 252

failures by analyzing repeated file view and modify 253

actions across cost levels. As shown in Figure 3, 254

the frequency of repeated viewing and editing in- 255

creases sharply with cost. This indicates that many 256

expensive but failed runs are characterized by re- 257

dundant back-and-forth file access and re-editing, 258

reflecting inefficient search dynamics that inflate 259

context length and token usage without propor- 260

tional progress. While not all high-cost runs are 261

dominated by redundancy, this pattern provides 262

a concrete behavioral explanation for the inverse 263

accuracy–cost relationship observed above. 264

3



((a)) Group accuracy vs. mean prompt tokens. ((b)) Prompt tokens: regression coefficients by cost level.

Figure 2: Accuracy as a function of prompt token usage and cost. Left: Group-level accuracy plotted against
mean prompt token usage across models, with the dashed line indicating a mixed-effects regression trend controlling
for model identity. Right: Estimated accuracy coefficients relative to the minimum-cost setting across cost strata,
with error bars denoting 95% confidence intervals. Accuracy improvements peak at intermediate cost levels and
diminish or reverse at higher costs, indicating a non-monotonic accuracy–cost relationship. Completion-token
analyses are deferred to Appendix A.

((a)) Prompt tokens: repeated modify actions by cost level. ((b)) Prompt tokens: repeated view actions by cost level.

Figure 3: Repeated file operations increase sharply with cost. Mixed-effects regression coefficients (relative to
the MinCost setting) show that higher-cost runs are characterized by a disproportionate rise in repeated file modify
and view actions. This pattern indicates that excessive cost is driven primarily by redundant back-and-forth behavior
rather than increased task coverage. Analogous trends for completion tokens are shown in Appendix A. Error bars
denote 95% confidence intervals.

Human vs. Model Perception of Difficulty We265

analyze how problem difficulty affects token con-266

sumption and tool usage. The difficulty levels fol-267

low the SWE-bench Verified dataset (Jimenez et al.,268

2024b; Chowdhury et al., 2024), which categorizes269

problems based on the estimated time required by270

professional developers to resolve them (e.g., "<15271

min", "15 min – 1 hour", "1–4 hours", ">4 hours").272

Because there are only three instances in the >4273

hours category, we merge it with the 1–4 hours274

group and report them together as >1 hours.275

Aggregating runs across all models, Figure 4276

shows the distribution of prompt tokens, comple-277

tion tokens, and tool usages across difficulty lev-278

els. While overall resource consumption tends to 279

rise with problem difficulty, the relationship is far 280

from linear. Notably, 11.51% of tasks labeled as 281

"<15-minute" required more total tokens than the 282

average ">1-hour" instance, and 27.38% of ">1- 283

hour" tasks consumed fewer tokens than the "<15- 284

minute" group. 285

These outliers highlight that human-estimated 286

difficulty does not always align with the model’s 287

internal notion of complexity. Tasks that seem 288

easy to humans may still demand extensive rea- 289

soning, exploration, or tool interaction from the 290

model, whereas some “hard” problems may be effi- 291

ciently solvable given the model’s prior knowledge 292
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or search strategies. Consequently, human-labeled293

difficulty is an imperfect predictor of model re-294

source expenditure.295

3.2 Token–Cost Dynamics Across Phases and296

Rounds297

To understand how different token types contribute298

to overall cost, we analyze the relationship between299

token usage and cost both at an aggregate phase300

level and within a representative round-level case301

study.302

Charging scheme The total cost for each round303

of interaction returned from Claude API is com-304

posed by separately accounting for four categories305

of tokens: (i) non-cached prompt tokens, (ii) com-306

pletion tokens, (iii) cache creation tokens, and (iv)307

cache read tokens. Non-cached prompt tokens cor-308

respond to input text that is processed without lever-309

aging the cache, whereas cache tokens are either310

created (written once to enable future reuse) or read311

(retrieved in later rounds at a lower marginal cost).312

Each category is billed at a distinct rate, with cache313

creation depending on the persistence setting (here314

we use the 5-minute write rate). The total per-round315

cost is simply the sum of these components.2316

Phase-level Token Usage Dynamics We divide317

each problem-solving trajectory into five chrono-318

logical phases—Early, Early-Mid, Mid, Later-Mid,319

and Later—based on the total number of interac-320

tion rounds for each problem. Within each phase,321

we aggregate data across 500 problem instances322

and compute per-round statistics, including the cor-323

relation between token types and cost, as well as324

the average proportion of each token type in both325

token count and cost.326

Building on this setup, we analyze how different327

token types contribute to cost and usage throughout328

the agent’s problem-solving trajectory. The over-329

all token composition remains stable across phases330

(Figure 5(a)), with cache-read tokens accounting331

for most token usage. This stability suggests that332

although the total number of tokens fluctuates, the333

fundamental interaction structure remains consis-334

tent throughout the process. Notably, the token335

count proportions of non-cached prompt tokens336

and cache creation tokens remain nearly identical337

across all five phases, reflecting that whenever new338

(non-cached) prompt tokens appear, they are subse-339

quently cached for reuse in subsequent rounds.340

2Pricing details are available at https://docs.claude.
com/en/docs/about-claude/pricing. The cost calcula-
tion is shown in Appendix B.

The proportion of cache-read tokens in total cost 341

increases steadily across phases (Figure 5(b)), yet 342

their correlation with total cost remains consis- 343

tently low (Figure 5(c)). This indicates that cache 344

reads are economical operations: as their cost share 345

rises, it reflects efficient reuse of cached informa- 346

tion rather than increased expenditure. In other 347

words, greater reliance on cache reads corresponds 348

to cheaper progress rather than inflated computa- 349

tion. 350

Finally, as shown in Figure 5, cache creation 351

and non-cached prompt tokens dominate the early 352

stages, when the agent constructs its working con- 353

text. Completion tokens become increasingly in- 354

fluential from the mid to later phases, showing the 355

strongest correlation with total cost and reflecting 356

the token-intensive nature of reasoning and code 357

generation. 358

Round-level cost breakdown. To complement 359

the phase-level aggregate view, we now zoom into 360

a representative case study. Figure 6 presents the 361

exact per-round cost decomposition across the four 362

token categories. We observe that the cost of non- 363

cached prompt tokens closely mirrors that of cache 364

creation tokens, which is expected given their simi- 365

lar per-token rates. Moreover, whenever a segment 366

of non-cached prompt tokens appears, it is typi- 367

cally followed by corresponding cache creation, 368

reflecting the mechanism by which uncached input 369

is soon persisted for reuse. The cache read tokens 370

accumulate steadily over rounds and constitute a 371

large fraction of the total cost; however, the total 372

round cost does not monotonically increase, ex- 373

plaining the low correlation between cache reads 374

and per-round cost observed in Figure 5(c). Con- 375

sistent with the trends highlighted earlier, the dom- 376

inant cost drivers vary across phases: in the Early 377

phase, cache creation dominates total cost, while 378

in the Later phases, completion tokens become the 379

primary contributor as generation expands. 380

Trajectory behavior analysis We selected six 381

representative rounds and inspected their detailed 382

trajectories to understand how the agent balances 383

tool use, code generation, and verification. A com- 384

pact summary of the representative steps is shown 385

in Table 1. 386

Rounds dominated by non-cached prompt tokens. 387

In three rounds, token usage was dominated by un- 388

cached input from tool calls. The agent relied heav- 389

ily on repository exploration and targeted searches 390

(e.g., using grep or signature inspection) to locate 391
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Figure 4: Token and tool usage across difficulty levels. Harder tasks generally consume more resources, though
some easy ones still show high token usage, revealing large behavioral variance.

((a)) Proportion of total tokens. ((b)) Proportion of total cost. ((c)) Correlation with total cost.

Figure 5: Token usage and cost composition across problem-solving phases. Each phase (Early → Later)
represents an equal partition of the agent’s trajectory. (a) Token composition remains stable across phases, with
non-cached prompt and cache-read tokens dominating total token usage. (b) Cost composition shows that cache
creation tokens dominate in the early stages, while cache-read costs become the primary contributor in later phases.
(c) Correlation analysis shows that non-cached prompt and cache creation tokens dominate early phases, while
completion tokens are most correlated with total cost later.

relevant code regions and align them with stack392

traces. These actions generated large uncached in-393

put dumps, while the completions were relatively394

short, focusing on synthesizing evidence rather395

than producing long code edits.396

Rounds dominated by completion tokens. In the397

other three rounds, completion tokens dominated398

due to long generated outputs. The agent created399

external reproducers, drafted minimal harnesses,400

implemented guarded fixes (e.g., for None return401

annotations), and validated results with environ-402

ment overrides. These trajectories involved exten-403

sive explanatory text and multi-line code edits, with404

most tokens coming from generated content rather405

than tool outputs.406

4 Predicting Token Consumption407

In this section, we investigate approaches for pre-408

dicting the token consumption of the OpenHands409

agent. Prediction quality is measured using the410

Pearson correlation coefficient. 411

4.1 Self-Prediction by the Agent 412

We experiment with using the coding agent itself 413

as the predictor of token consumption. This de- 414

sign is motivated by the intuition that the agent 415

responsible for executing a task has the most direct 416

access to its own workflow, including intermedi- 417

ate planning, tool usage, and exploration behavior. 418

In this setting, we modify the instructions of the 419

OpenHands coding agent so that its objective is to 420

estimate token usage rather than to solve the coding 421

problem. The agent retains its full tool-calling and 422

interaction capabilities, but is guided by an updated 423

system prompt to predict the token cost required 424

for a given task. This setup allows the agent to 425

actively explore the codebase, generate intermedi- 426

ate plans, and reason about the expected workload 427

before execution. 428

Prediction Setting We focus on a fine-grained 429

self-prediction setting, in which the agent is ex- 430
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Figure 6: Round-level token cost breakdown. Exact per-round costs decomposed into non-cached prompt tokens,
cache creation (5m persistence), cache reads, and completion tokens. The dominant cost source shifts from cache
creation in early phases to completion tokens in later phases.

Round Tool Usage Action summary

1 execute_bash (ls/grep) Locates decorator, call sites, and links trace.
2 execute_bash (repo search) Explores files broadly, traces errors.
7 execute_bash (signature search) Dumps large files while checking signatures.
11 str_replace_editor Writes reproducer, explains failure, suggests fix.
15 str_replace_editor Proposes patch for None return issue.
22 str_replace_editor Adds guard for None and verifies fix.

Table 1: Representative trajectory steps across analyzed rounds.

plicitly instructed to decompose the task and pro-431

duce detailed estimates of token usage (see Ap-432

pendix C.2 for the full prompt). In practice, we433

observed that several models struggled to reliably434

follow the prediction instructions, often deviating435

from the required format or failing to produce us-436

able estimates. We therefore restrict our analysis437

to Sonnet-4.5 and GPT-5.2, which demonstrated438

more consistent instruction-following behavior and439

were able to reliably complete the self-prediction440

process. Due to budget limitations, we conducted441

three independent runs using the same set of 500442

samples.443

Results and Observations Table 2 summarizes444

the performance of agent self-prediction across445

models and token types. Using the coding agent446

as the predictor yields non-trivial but modest cor-447

relations with ground-truth token usage for both448

Sonnet-4.5 and GPT-5.2. GPT-5.2 consistently449

achieves stronger alignment with ground truth than450

Sonnet-4.5, particularly for output-token prediction451

(0.213 vs. 0.123). Overall, these results indicate452

that self-prediction captures coarse trends in token453

usage but remains noisy at the instance level.454

Self-Prediction Cost vs. Task Cost and Predic-455

tion Error We further analyze whether the cost456

incurred by self-prediction is informative of the457

actual task cost and whether it correlates with pre-458

diction error. As shown in Table 2, self-prediction 459

cost exhibits a weak but positive correlation with 460

task cost for both models, with GPT-5.2 show- 461

ing a stronger association (0.246) than Sonnet-4.5 462

(0.119). This suggests that self-prediction cost par- 463

tially reflects underlying task difficulty, though the 464

relationship remains limited. Importantly, corre- 465

lations between task cost and absolute prediction 466

error are generally small and inconsistent across 467

settings, and in some cases negative (e.g., Sonnet- 468

4.5 output tokens). These results indicate that 469

higher self-prediction cost does not reliably cor- 470

respond to improved or degraded prediction ac- 471

curacy. Taken together, self-prediction provides 472

a low-cost, coarse-grained signal of relative task 473

difficulty without introducing systematic bias into 474

token estimation quality. 475

4.2 Challenges 476

While it is natural to let a coding agent predict 477

its own token consumption—since it is arguably 478

most familiar with its own decision-making—we 479

find that this approach, despite yielding higher cor- 480

relation with actual usage, suffers from several 481

challenges. In both settings we have explored, 482

self-prediction tends to consistently overestimate 483

the true cost. We also considered providing few- 484

shot examples to give the agent a better sense of 485
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Model Token type Corr w/ GT Corr (AbsErr, task cost) Corr (pred cost, task cost)

Sonnet-4.5 Input tokens 0.1355 0.1155 0.1185Output tokens 0.1229 -0.4563

GPT-5.2 Input tokens 0.1796 0.2243 0.2461Output tokens 0.2130 0.0822

Table 2: Prediction performance across settings for self-prediction by the same agent.

the token cost per round. However, it is difficult486

to construct representative high-quality examples:487

available samples are heterogeneous and often fail488

to capture general patterns, and directly including489

multi-round few-shot traces would quickly exceed490

the context window of current LLMs. Therefore,491

few-shot settings require further study. Moreover,492

compared to the cost of a single LLM call, users493

may be unwilling to tolerate the latency and over-494

head introduced by multi-round estimation. As a495

result, self-prediction, although appealing in prin-496

ciple, remains challenging in practice.497

5 Discussion498

In this paper, we present the first empirical analysis499

of agent token consumption and explore different500

methods to predict it. In this section, we highlight501

the main limitations of our study and discuss the502

implications of our findings for the design and pric-503

ing of agent-based systems.504

Limitations A key limitation of our study lies in505

the range of agentic model backbones evaluated.506

Although we analyze multiple models, including507

Sonnet 3.7, Sonnet 4, Sonnet 4.5, GPT-5, GPT-5.2,508

Qwen Coder, Kimi-K2, and Gemini 3 Pro (Pre-509

view), this still represents only a limited subset of510

the broader agentic model landscape. Collecting511

full execution trajectories for additional models is512

extremely costly in both time and compute, which513

constrains the breadth of our evaluation. While514

the qualitative patterns we observe are consistent515

across the models tested, validating these findings516

on a wider range of architectures and agent designs517

would further strengthen their generality. To facili-518

tate such extensions, we release our experimental519

pipeline to enable future work to replicate and ex-520

pand our analysis.521

Agent Pricing One of the central challenges for522

providers of agentic systems is how to price them.523

Traditional AI products such as ChatGPT often rely524

on subscription-based models, since typical users525

consume only a limited number of tokens. By con-526

trast, agentic tasks can require very large amounts527

of tokens, even for seemingly simple problems, due 528

to multi-step reasoning and tool use. This makes ac- 529

curate prediction of token consumption important 530

for designing sustainable pricing strategies. Our 531

findings show that token usage, especially input to- 532

kens, is highly variable and difficult to predict due 533

to the stochastic nature of agent trajectories. As 534

a result, purely upfront pricing remains challeng- 535

ing, and consumption-based pricing may remain 536

the most practical option until more reliable pre- 537

execution cost estimation methods are developed. 538

User Transparency Reliable token predictions 539

are also important for user transparency and trust. 540

Ideally, an agentic system would be able to inform 541

users about the likely cost of a task before execu- 542

tion, allowing them to make informed decisions. 543

However, current language models struggle to pro- 544

vide accurate point estimates, limiting the feasibil- 545

ity of presenting exact costs in advance. That said, 546

our results suggest the potential of using agent it- 547

self for cost prediction, which could help systems 548

identify tasks with potentially high cost. Such sig- 549

nals may enable providers to issue early warnings, 550

request explicit user approval, or offer alternative 551

execution modes before proceeding, even when 552

precise predictions are not possible. 553

6 Conclusion 554

With the rapid growth of agent token consumption 555

in various settings, predicting future token usage 556

before task execution becomes an important task 557

for reasonable and transparent pricing of AI agents. 558

In this paper, we propose the first study aimed at 559

understanding and predicting agent token consump- 560

tion on agentic coding tasks. Through a series of 561

empirical analyses of agent trajectories, we reveal 562

important findings about the pattern of agent token 563

usage in agentic coding tasks. Furthermore, we 564

explore a range of token usage prediction methods 565

and highlight the challenges of predicting agent 566

token consumption before task execution. 567
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A Completion Token Analyses628

This appendix presents complementary analyses629

using completion tokens in place of prompt tokens.630

Across all settings, the completion-token results631

closely mirror the trends reported in the main text:632

accuracy decreases as completion-token cost in-633

creases, and higher-cost runs are associated with a634

sharp rise in repeated file view and modify actions.635

These findings reinforce the conclusion that exces-636

sive computation is primarily driven by redundant637

agent behavior rather than productive progress, and638

that the inverse accuracy–cost relationship is not639

specific to prompt tokens.640

B Cost Calculation Details641

B.1 Explicit Caching Models (Claude Models)642

Promptnon-cached = Prompttotal −CacheRead. (1)643

Costround = (Promptnon-cached × rin)644

+ (Completion × rout)645

+ (CacheCreation × rcache_create)646

+ (CacheRead × rcache_read). (2)647

where rin is the base input rate, rout is the output648

rate, rcache_create is the cache creation rate (5-minute649

writes in our setting), and rcache_read is the cache650

read rate.651

B.2 Implicit Cache (GPT5 and alike)652

For GPT-5 models, we use OpenAI’s implicit653

caching mechanism. The API reports cached654

prompt tokens automatically, without explicit655

cache creation. At the time of our experiments,656

the official pricing is: Input: $1.250 / 1M tokens,657

Cached input: $0.125 / 1M tokens, and Output:658

$10.000 / 1M tokens.3659

The non-cached prompt is660

Promptnon-cached = Prompttotal−CacheReadimplicit.
(3)661

The total cost is662

Costround = (Promptnon-cached × rin)663

+ (CacheReadimplicit × 0.2 rin)664

+ (Completion × rout). (4)665

3See the official pricing documentation: https://openai.
com/index/introducing-gpt-5/

C Prompt for Self-Prediction by the Same 666

Agent 667

C.1 Zero-Shot Setting 668669

IMPORTANT: You are a TOKEN ESTIMA-
TION agent, NOT a problem-solving agent.
Your ONLY goal is to estimate token costs,
NOT to fix bugs or implement features. You
MUST call the finish tool with a JSON esti-
mate, NEVER with actual code changes.

Your task is to estimate how many LLM tokens
would be consumed to solve this problem if a
coding agent were to complete it end-to-end.

Follow these phases to estimate token costs:

Phase 1. EXPLORATION: Explore the code-
base to understand the problem

• 1.1 Read the problem description and under-
stand what needs to be fixed

• 1.2 Explore relevant files and directories to un-
derstand the codebase structure

• 1.3 Search for key functions, classes, or vari-
ables related to the issue

• 1.4 Identify the root cause and complexity of
the problem

Phase 2. ANALYSIS: Analyze the complexity
and required changes

• 2.1 Assess the scope of changes needed (num-
ber of files, lines of code)

• 2.2 Consider the debugging iterations likely
needed

• 2.3 Evaluate the testing complexity and itera-
tions

• 2.4 Estimate the number of tool calls and rea-
soning steps

Phase 3. TOKEN ESTIMATION: Calculate
token usage for the complete solution

• 3.1 Estimate input tokens for:

– Repository exploration and file reading
– Code analysis and debugging
– Implementation iterations

670
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((a)) Group accuracy vs. mean completion tokens across mod-
els. ((b)) Completion tokens: regression coefficients by cost level.

((c)) Completion tokens: repeated modify actions by cost level. ((d)) Completion tokens: repeated view actions by cost level.

Figure 7: Completion-token analyses. Top: Group-level accuracy plotted against mean completion-token usage
across models, with mixed-effects regression trends controlling for model identity. Bottom: Mixed-effects regression
coefficients (relative to the MinCost setting) for repeated file modify and view actions across cost levels. The
completion-token results mirror the prompt-token trends reported in the main text, exhibiting decreasing accuracy
with higher cost and a sharp rise in redundant file operations at higher cost levels. Error bars denote 95% confidence
intervals.

– Testing and verification

• 3.2 Estimate output tokens for:

– Reasoning and analysis responses
– Code generation and explanations
– Debugging responses
– Test results interpretation

• 3.3 Calculate total tokens and confidence level

Phase 4. FINISH: Provide final token estimate

• 4.1 Call the finish tool with a JSON object
containing:

– predicted_input_tokens

– predicted_output_tokens

– predicted_total_tokens
671

– confidence (0–1)

– breakdown_by_phase

Remember: You are estimating COSTS, not im-
plementing SOLUTIONS. Do NOT write actual
code fixes or modify any files. Your final deliv-
erable is a JSON token estimate, not a working
solution.

672
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C.2 Zero-Shot + Fine-grained Breakdown673

Setting674

IMPORTANT: You are a TOKEN ESTIMA-
TION agent, NOT a problem-solving agent.
Your ONLY goal is to estimate token costs,
NOT to fix bugs or implement features. You
MUST call the finish tool with a JSON esti-
mate, NEVER with actual code changes.

Fine-Grained Requirements:

• Round all estimates to the nearest 10 tokens
(e.g., 30, 40, 70). Do NOT round to hundreds.

• Break down into atomic actions: reading issue
description, listing files, inspecting one file,
analyzing one function/class, one debugging
iteration, one test run.

• Do NOT output ranges (e.g., “200–300”). Al-
ways a single number.

• First give sub-action estimates, then sum into
totals per phase, then overall totals.

• Final JSON must contain fine-grained esti-
mates inside breakdown_by_phase.

(Other parts are the same as in the zero-shot set-
ting and are omitted.)

675

D The Use of Large Language Models676

(LLMs)677

We used different LLMs to prediction token con-678

sumption in our experiments. In addition, large679

language models (e.g., ChatGPT) were used only680

as general writing aids to polish language, improve681

clarity, and format prompts. All experimental de-682

sign, data analysis, and conclusions were made and683

verified by the authors.684
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