

































































delivery.

Case 3: International City Homepage for Shanghai

Case 3 User Input

User instruction.

Collect image materials and generate a city homepage introducing Shanghai for an international
audience. The page should be concise, modern, and visually premium.

Figure 13 Generated homepage for introducing Shanghai to an international audience. The artifact uses a premium
skyline-centered hero section, modern navigation, bilingual city branding, and concise city highlights.

This case evaluates whether the agent can convert a concise creative brief into a polished city-promotion
homepage. The generated artifact presents Shanghai with a modern international visual identity, balancing
landmark imagery, city branding, navigation, and key city statistics. It is representative of production coding
because success requires visual-material selection, audience-aware content abstraction, page composition,
frontend implementation, and high-quality visual presentation rather than isolated code generation.

4 Frontier Research

Frontier research scenarios represent some of the most demanding use cases for LLM-based agents. They
require deep reasoning, specialized knowledge, long-horizon problem solving, and reliable intermediate and
final outputs. This section evaluates whether Seed2.1 can act as an intelligent collaborator for scientific
research, computer science, advanced mathematics, and model-development workflows.

4.1 Benchmark Results

The frontier research evaluation suite focuses on tasks that go beyond routine productivity and require
research-level problem solving. We evaluate on four benchmarks, each targeting a distinct capability axis:
PostTrainBench [47] tests whether LLM agents can automate LLM post-training pipelines under bounded
compute; FrontierScience-Research [62] requires multi-step scientific reasoning grounded in domain literature;
FrontierCS [36] poses open-ended computer-science problems whose solution quality can be objectively
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measured; and HorizonMath [59] targets research-level mathematical discovery on predominantly unsolved
problems with automatic verification.

Claude-4.7 Gemini-3.1 Seed2.1 Seed2.1

Benchmark GPT-5.5 Opus Pro Turbo Pro
PostTrainBench [47] 25.0 27.4 - 18.3 16.5
FrontierScience-Research [62] 33.9 20.0 16.7 33.3 28.3
. 41.0/ 40.0 43.8/44.1 33.5/334 29.1/282
FrontierCs [36] 58.6 ] 64.4 50.8 46.3
HorizonMath [59] 7.1 4.0 4.0 2.0 2.0

Table 6 Frontier research evaluation. FrontierCS evaluates open-ended computer-science problem solving and reports
three oldial sub-scores for each available model.

As shown in Table 6, Seed2.1 delivers competitive performance across frontier research scenarios that demand
advanced reasoning, verification, and long-horizon planning. On FrontierScience-Research, Seed2.1 Turbo
scores 33.3, within 0.6 points of GPT-5.5 (33.9) and nearly double the scores of Claude-4.7 Opus (20.0) and
Gemini-3.1 Pro (16.7). On FrontierCS, Seed2.1 reports results across all three official sub-scores, confirming
its ability to sustain open-ended computer-science problem solving over extended reasoning horizons.

4.2 Deep Think

Seed2.1 Deep Think is an inference-time reasoning configuration designed for complex reasoning tasks in
frontier research and advanced engineering. Unlike standard inference modes that directly produce a final
response, Deep Think executes an automated loop of reason! verify ! revise! select. Within this loop
the model can invoke web search to retrieve domain literature and use sandbox-based code execution to test
intermediate hypotheses, check implementation details, and refine candidate solutions before committing to
a final answer. The pipeline is modular: individual components—search, code execution, verifiers, external
harnesses, task-specific toolchains—can be swapped or extended. This architecture makes Deep Think
especially suitable for problems where correctness depends on multi-step reasoning, executable validation, and
iterative refinement.

Seed2.1 Seed2.1 Gemini-3.1 Gemini-3.1

Benchmark Pro Deep Think Pro Deep Think
IMO 2025 65.2 81.0 - 815
IMOProof-Adv [35] 54.3 83.8 49.0 76.7
IPho 2025 79.3 89.0 76.3 87.7
FrontierScience-Research [62] 33.3 40.7 16.7 23.3

Table 7 Frontier research evaluation results of Seed2.1 Deep Think.

As shown in Table 7, Seed2.1 Deep Think substantially outperforms Seed2.1 Pro and reaches a level competitive
with—or exceeding—Gemini-3.1 Deep Think: it scores 81.0 vs. 81.5 on IMO 2025, 83.8 vs. 76.7 on IMOProof-
Adv, and 40.7 vs. 23.3 on FrontierScience-Research. These gains suggest that iterative reasoning with
tool-assisted verification is an effective path for improving scientific-research assistance. More broadly, the
results indicate that Seed2.1 is moving beyond standard coding and question-answering toward research-
oriented agentic workflows, where models decompose problems, reason through domain constraints, verify
intermediate results, and accelerate scientific exploration.
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4.3 Scientific and Mathematical Research Assistance

Beyond benchmark-style evaluation, we further examine whether Seed2.1 can assist frontier research workflows
where success requires domain understanding, long-horizon reasoning, tool use, and iterative verification. We
focus on two representative settings: physics-oriented scientific computing and exploratory mathematical
construction.

Physics-oriented scientific computing. In a representative physics case, Seed2.1 is asked to implement
form-factor quadrature and assemble z_core for frozen-core quasiparticle band narrowing. Unlike ordinary
programming tasks, this task requires the model to connect domain theory, numerical formulas, element-specific
data files, executable code, and verifier feedback. The model must read task requirements and theoretical
formulas, inspect sodium and aluminum core data, implement the required numerical pipeline, and iteratively
repair the solution according to verifier feedback.

This case is representative of frontier scientific computing because success depends on far more than code
generation: the model must understand the scientific objective, translate formulas into numerically stable
procedures, respect environment constraints (e.g., no external dependencies beyond NumPy/SciPy), repair
edge cases exposed by the verifier, and produce reproducible artifacts. As shown in Figure 14, Seed2.1 can
operate within domain-specific research-engineering workflows where theory, computation, and verification are
tightly coupled.

Mathematical research assistance. We also evaluate Seed2.1’s ability to assist exploratory mathematical
research. Beyond solving benchmark-style math problems, research assistance requires the model to help
mathematicians search for constructions, test proof ideas, and reduce the trial-and-error cost of constructive
arguments. Related public evaluations include HorizonMath and other recent mathematical reasoning
benchmarks [1, 4, 35, 59].

A representative case comes from research on the local geometry of oscillatory integrals on three-dimensional
Riemannian manifolds [12]. In this interaction, mathematicians used Seed2.1 to search for an explicit
construction related to the second item of Theorem 2.7. Seed2.1 produced a correct construction example
that helped guide the complete metric construction and proof. The final theorem argument and construction
example were independently verified by the researchers.

As shown in Figure 15, this case suggests that Seed2.1 can support frontier mathematical exploration by
generating candidate constructions and compressing the trial-and-error cost in constructive proof development.

Together, these cases illustrate a capability profile that goes beyond single-turn question answering. In both
scientific computing and mathematical exploration, Seed2.1 acts as a research-engineering partner: it ingests
domain context, proposes concrete implementations or constructions, iterates under external feedback, and
helps convert abstract research goals into independently verifiable artifacts.

4.4 Seed for Seed

Seed for Seed explores how Seed2.1 can support the model-development lifecycle itself, rather than only serving
as a downstream user assistant. As illustrated in Figure 16, Seed for Seed organizes model self-improvement
around connected loops such as the Eval Loop, Data Loop, Training Loop, Infra Loop. As the model’s
coding and agentic capabilities improve, it becomes increasingly capable of participating in long-running R&D
workflows such as evaluation construction, failure analysis, data cleaning, data synthesis, training iteration,
and infrastructure optimization.

4.41 Overview

To make this capability concrete, we present representative cases spanning these loops. Across these cases
a common pattern emerges: humans define goals and quality gates, while agents execute long-horizon
iterative workflows—inspecting intermediate results, repairing failures, and consolidating reusable artifacts.
(summarized in Table 8). Across these cases a common pattern emerges: humans define goals and quality
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Figure 15 Math research-assistance showcase. Seed2.1 proposes an explicit tensor construction and verifies the required
non-vanishing condition through a staged proof. The construction provided useful guidance for the second item of
Theorem 2.7 in the oscillatory-integral geometry work [12].
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Figure 16 Seed-for-Seed development loop. Seed2.1 participates in evaluation, data, training, and infrastructure loops
through long-horizon execution and continuous target-driven iteration.
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gates, while agents execute long-horizon iterative workflows—inspecting intermediate results, repairing failures,
and consolidating reusable artifacts.

Automated Benchmark Integration (Eval Loop): agents read external benchmark papers or repositories,
adapt them to internal evaluation harnesses, configure judges or verifiers, run smoke tests, repair failures,
and align scoring protocols—turning what was manual engineering work into an agent-executed workflow.

Automated Model Diagnosis (Eval Loop): Auto-Eval agents select or generate targeted tests, while Post-Eval
agents analyze traces, tool calls, artifacts, and metric changes to identify capability gaps and root causes.
This moves evaluation beyond static score reporting toward active capability analysis.

Iterative Rule Cleaning (Data Loop): Optimizer and Evaluator agents iterate over regex/rule filters for
noisy pretraining data, checking precision, recall, false positives, and false negatives under explicit quality
constraints—converting repetitive manual filtering into a long-horizon optimization loop.

SFT Data Synthesis (Training Loop): agents propose data-synthesis plans, generate training data, launch
SFT jobs, trigger companion evaluations, and summarize experiment results, closing the loop from data
hypothesis to measured outcome.

GUI Agent Co-Evolution (Training Loop): agents compare successful and failed GUI trajectories, locate
the earliest divergence step, and generate leak-safe corrective skills or training examples—allowing model
failures to become direct inputs for the next training round.

RL Framework Optimization (Infra Loop): agents build a dedicated multi-agent harness in which actor
agents implement framework changes and critic agents evaluate code quality, experiment results, and
quality-gate satisfaction, enabling engineering experience to accumulate across iterations.

4.4.2 Showcase Evidence

We highlight seven of the above cases with quantitative or qualitative evidence, spanning the Eval, Data,
Training, Infra, and Kernel loops.

Eval Loop: Automated External Benchmark Integration. Automated benchmark integration pipeline (Figure 17).
Given only a repository URL, the agent autonomously executes an 11-step pipeline—from cloning and
analyzing the external benchmark, through code generation and infrastructure deployment, to iterative score
alignment—producing a production-ready evaluation that faithfully reproduces published baselines. The
baselines table shows correctness, latency, tool usage, and cost for the internally aligned configuration (Claude
Code CLI + Opus 4.6) across four corpus format settings (N = 133 questions; exact -match tolerance = 0%),
reproduced from the OfficeQA Pro paper §3.2. The entire integration, which previously required approximately
three engineer-days per benchmark, completes in roughly six hours with zero human intervention after the
initial URL input.

Eval Loop: From Scores to Root Causes. ProEval capability audit of Seed 2.0 Pro on puzzle zero -
shot (250 questions, 25 types; Figure 18). Through 5 iterative rounds with 241 targeted probe questions
(95+55+30431430), the dual-agent system (Post-Eval + Auto-Eval) discovered that 18 percentage points of
failures (across 8 representative puzzle types) were false negatives caused by evaluator design flaws (format
matching, single-answer acceptance). After correction, true capability is substantially higher than surface scores
suggest. The audit precisely identified three hard capacity limits — search depth (Sudoku cliff at 27 givens),
global constraint integration (Skyscrapers cliff at n=6), and generative vocabulary — and demonstrated that
expert-level prompt engineering has zero effect on capacity-bounded tasks. The complete audit, which would
require weeks of manual expert analysis, was completed autonomously by the agent system.

Data Loop: Autonomous Rule Iteration for Pre-training Data Cleaning. As shown in Figure 19, Evaluator
and Optimizer agents alternate per round under a precision  0.95 gate; iteration runs until the 300M token
budget is exhausted. The recall progression curve (top-right) shows Seed 2.1 Pro tracking GPT-5.5 throughout
the 300M-token budget, reaching 43.3% vs. 44.5% validation recall. Claude Opus 4.8 leads at 51.6%. All runs
fully autonomous, no human intervention.
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Figure 17 Eval Loop: automated external benchmark integration.
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Figure 18 Eval Loop: from scores to root causes.
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Figure 19 Data Loop: autonomous rule iteration for pre-training data cleaning.

Training Loop: Data-Synthesis-Driven SFT Improvement. A Master Agent orchestrator dispatches an Actor
Agent (data synthesis, fork, train, deploy) and a Critic Agent (independent evaluation) in a closed loop
(Figure 20). Each iter round launches up to 5 parallel SFT variants spanning a learning-rate data-mixture
sweep, runs the full 5-stage pipeline (data train deploy eval stop), and ends with the Master
Agent selecting a champion and deriving the next-iter strategy. Across 3 iter rounds and 13 experiments over
4.9 days, the champion’s score rose from 0.40 (baseline) to 0.70 (475

Training Loop: GUI Trajectory Diagnosis and Auto-Correction. As illustrated in Figure 21, from a single Rollout
batch, the system captures a failed trajectory and a success trajectory for a real-world GUI task: purchasing
the cheapest high-speed train ticket on Ctrip from Beijing to Shanghai on June 22, 2026. Action-level diff
localizes the first divergence to step 8: the failed agent skipped the price-sort tab and selected the cheapest
train visible under the default order, G531 at ¥576, while the success trajectory first sorted by price and
selected the true lowest-fare option, D11 at ¥296. The failed agent’s own reasoning at the divergence step,
“picked the visibly-cheapest train,” quoted verbatim from assistant_message , reveals a partial-observability
bias caused by relying on the default list order. The system then distills a compact inline correction skill, about
40 tokens, using only locally visible Ul state. After injecting the skill, a re-trial succeeds and reduces the fare by
48.6%. The failed /success trajectory pair is then banked as training data, closing both the model-improvement
loop, where the skill and trajectory pair become next-round training signal, and the environment-improvement
loop, where the same pair informs future question-bank curation. The full diagnosis-and-correction cycle,
which would otherwise require hours of manual root-cause analysis, completes in under 30 seconds without
human intervention.

Infra Loop: Multi-Agent Harness for RL Framework Co-Evolution. Given a long-horizon framework re-
implementation task, the agent does not begin by editing the target (Figure 22). It first constructs a
task-specific multi-agent harness with three specialized roles. The Actor decomposes the task goal, designs
an implementation plan, and drives development and testing. It autonomously launches RL experiments
to validate its work, and iterates between implementation and verification under a per-round work plan,
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Figure 20 Training Loop: data synthesis driving SFT improvement.
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Figure 21 Training Loop: GUI trajectory diagnosis and auto-correction.
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dispatching round-scoped sub-agents — branch, fix, and investigation workers — as needed. The Critic holds a
production-readiness bar strictly stronger than spec compliance. Each round, it dispatches Analyst sub-agents
along four axes — code audit, experimental-result interpretation, spec compliance, and production-readiness —
against a single source-of-truth requirements file it maintains. Every verdict is anchored in concrete evidence;
unverifiable is a first-class outcome. Its deliverable to the Actor is not a score but a remediation packet:
what blocks the round, what is rework versus refinement, the minimum next step, and the open questions
to resolve before completion. The Monitor sits above the inner Actor—Critic loop. It spawns evidence and
review sub-agents to ground-truth claims, distills generalized rules (sediment) into NOTES.md so lessons
from round N reduce mistakes in round N+1, and — over longer horizons — evolves the Actor—Critic harness
itself toward iteratively better performance. At this snapshot the loop has spanned over one month and 600+
rounds of continuous operation. We deliberately do not report a terminal benchmark: by design, the loop has
not terminated.

Figure 22 Infra Loop: multi-agent harness for RL framework co-evolution.

Kernel Loop: Agent-Driven GPU Kernel Optimization. Our model excels at agentic GPU kernel generation
(Figure 23). Given a PyTorch reference and a target device, it autonomously inspects the hardware, fuses
multi-stage operations into a single kernel, and iteratively benchmarks, profiles, and autotunes memory loads,
compute precision, warps, and pipeline stages—keeping only what genuinely helps. We find it writes clean,
correct Triton from the first attempt and reasons soundly about the memory hierarchy: it recognizes that
attention decode is memory-bound, knows when fusion eliminates intermediate HBM traffic, and, just as
importantly, it recognizes when fashionable tricks like split-KV or persistent grid-stride kernels actually hurt
and confidently reverts them. On a representative paged-attention decode workload for the NVIDIA HS800,
its first fused Triton kernel—collapsing paged K/V gather, attention, and online softmax into one—already
beats the PyTorch baseline by 4.54 , and after autotuning (Hopper TMA loads, BF16 compute, and
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warp,/pipeline-stage sweeps) it reaches 1.36 ms at 94% MBU-—5.90 faster than eager PyTorch and matching
the FlashAttention-3 reference. We believe this disciplined, measurement-driven loop is what makes the model
a genuinely useful kernel engineer rather than just a code generator.

Figure 23 Kernel Loop: agent-driven GPU kernel optimization.

4.4.3 Summary

Overall, Seed for Seed points toward a self-reinforcing development pattern: better models help build better
evaluations, cleaner data, stronger training pipelines, and more reliable infrastructure—which in turn produce
more capable future models. The showcases above demonstrate that this loop is already operational: Seed2.1
can autonomously execute multi-hour optimization runs, coordinate multi-agent actor—critic workflows, and
convert model failures into actionable training signals, all with minimal human intervention beyond goal
specification and quality-gate design.
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A Representative Trae Agent Bench Examples

This appendix presents representative examples from Trae Agent Bench. Long prompts, code snippets, and
stack traces are shortened with ellipses for readability, while preserving the original task structure, comments,
and implementation hints.

Example 1: JavaScript Error Fixing

Subset: error_fix_js vl 3. Total cases: 170.

Prompt. Please fix the bug in the project according to the information below.
Issue description. The custom time input requires two clicks before it receives focus.

Bug description. When the user clicks the time input for the first time, it does not receive focus. The
input only receives focus after a second click.

Reproduction steps.
Go to the custom time-input example in the date picker demo.
Click the date-picker input to open the picker.
Click the time input.
The time input does not receive focus.
Click the time input again.
The time input receives focus.
Expected behavior. The time input should receive focus on the first click.
Environment. Windows 11; Firefox Developer Edition 128.0b7 and Chrome 126.0.6478.127.

Additional context. The issue appeared after upgrading from react-datepicker  4.17.0 to 7.2.0. The
previous version worked correctly.

Comments.
A contributor volunteered to take the issue.
A follow-up comment indicates that a pull request had been opened.

The proposed fix makes the custom time input focus correctly on the first click.

Example 2: Python Error Fixing

Subset: error_fix_python_vl 3. Total cases: 100.

Prompt. Please fix the bug in the project according to the information below.
Issue description. pt.max is not differentiable inside a PyMC model.
Description. The following call to model.dlogp() raises a Notimplemented error:
with pm.Model() as model:

x = pm.Normal("x", shape=(2,))

mu = x.max()

pm.Normal(“obs", mu, observed=np.random.uniform())
model.dlogp()
This should be differentiable, because pt.max already implements gradients. The issue may be related
to graph rewrites, log-probability rewrites, or MaxAndArgmax.
Comments.
min triggers the same NotlmplementedError.

This is expected because min can be implemented as the negative of a maximum over negated val-
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ues.
A commenter identifies the issue as related to gradient handling during graph rewrites.

The maintainers note that this issue is probably not suitable for a first-time contributor because it
requires deeper understanding of rewrite and gradient logic.

Example 3: Java Error Fixing

Subset: error_fix_java_vl 2. Total cases: 60.
Prompt. Please fix the bug in the project according to the information below.

Issue description. When parsing a generic method with an array type parameter, such as LiSt<T[]> ,
the parser raises java.lang.UnsupportedOperationException:  TJ].

Versions. javaparser-core: 3.25.0. javaparser-symbol-solver-core: 3.25.0.
Test case.

import com.github.javaparser.StaticJavaParser;

import com.github.javaparser.ast.CompilationUnit;

import com.github.javaparser.ast.expr.MethodCallExpr;

import com.github.javaparser.symbolsolver.JavaSymbolSolver;

public class TypeParamlisArray {
public static void main(String[] args) {
CombinedTypeSolver combinedTypeSolver = new CombinedTypeSolver();
combinedTypeSolver.add(new ReflectionTypeSolver());

JavaSymbolSolver symbolSolver =
new JavaSymbolSolver(combinedTypeSolver);
StaticJavaParser.getConfiguration()
.setSymbolResolver(symbolSolver);

CompilationUnit cu = StaticJavaParser.parse(

"import java.util.List;\n" +
"import java.util.ArrayList;\n" +
“class D {\n" +

void main() {\n" +

Integer[] a = new Integer[{1, 2};\n" +

' List<Integer[]> | = new ArrayList<>();\n" +
" l.add(a);\n" +
' m(l);\n" +

An" +

<T extends Number> void m(List<T[]> a) {}\n" +
“An");

MethodCallExpr method = cu.findFirst(
MethodCallExpr.class,
¢ -> c.getNameAsString().equals("m")
)-get();

System.out.printin(method.calculateResolvedType());

Stack trace excerpt.

Exception in thread "main" java.lang.UnsupportedOperationException: T[]
at MethodResolutionLogic
.isAssignableMatchTypeParametersMatchingQName(...)
at MethodResolutionLogic
.isAssignableMatchTypeParameters(...)
at MethodResolutionLogic.isApplicable(...)

at Expression.calculateResolvedType(Expression.java:552)
at TypeParamlsArray.main(TypeParamisArray.java:29)

Comments.

The reporter confirms Java 11.0.18.
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The reproduction is later updated because the original parsed compilation unit did not compile.
The suspected cause is incorrect type inference for Arrays.asList(int[]).
The relevant method may be MethodCallExprContext.resolveMethodTypeParameters(..).

The key distinction is that Arrays.asList(new Integer[] {1, 2}) should return List<Integer> |
while Arrays.asList(new int[] {1, 2}) should return List<int[]>.

Additional code from discussion.

public static<T> List<T> asList(T... a) {
return new ArrayList<>(a);
}

Example 4: Go Error Fixing

Subset: error_fix_ go vl 3. Total cases: 30.

Prompt. Please fix the bug in the project according to the information below.

Issue description. The CORS middleware sends empty and/or unnecessary headers.
Problem description.

It sends an empty Access-Control-Allow-Origin header when the request has no Origin header
or when the origin is not allowed.

It sends CORS headers even when the request has no Origin header or when the provided origin is
not allowed.

Expected behavior. The CORS middleware should not send an empty
Access-Control-Allow-Origin: header. It should only send Access-Control-* headers when
a valid Origin header is provided.

Reproduction commands.

# Origin is not allowed
curl -X OPTIONS -H "Origin: http://bar.com” -l http://localhost:1323/

HTTP/1.1 204 No Content

Access-Control-Allow-Methods: GET,HEAD,PUT,PATCH,POST,DELETE
Access-Control-Allow-Origin:

Vary: Origin

# Origin is missing
curl -X OPTIONS -l http://localhost:1323/

HTTP/1.1 204 No Content

Access-Control-Allow-Methods: GET,HEAD,PUT,PATCH,POST,DELETE
Access-Control-Allow-Origin:

Vary: Origin

Debugging code.
package main

import (
"net/http"

"github.com/labstack/echo/v4"
"github.com/labstack/echo/v4/middleware"

)

func main() {
e := echo.New()
e.Use(middleware. CORSWithConfig(middleware.CORSConfig{
AllowOrigins: [Jstring{"http://example.com"},
p)]
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e.GET("/", func(c echo.Context) error {
return c.String(http.StatusOK, “Hello, World!")
D

e.Logger.Fatal(e.Start(":1323"))

Version. v4.1.17

Example 5: JavaScript Code Generation

Subset: code_gen_js vl 3. Total cases: 150.

Prompt. Please implement the following feature based on the provided information.
Feature description. Expose a resetScale method from the ImagePreview component.
Motivation. The user needs a button-controlled way to reset image zoom.

Proposed API. Expose resetScale as part of the component API.

Comments.
The maintainers agree with the requested API change.
They invite a pull request against the main branch.
They ask for changelog entries, TypeScript definitions, documentation, and tests if needed.
They also ask the contributor to make sure CI passes before review.
Tips.
ImagePreview component:
expose resetScale through useExpose
resetScale signature: () => void
ImagePreviewltem component:
expose resetScale
export ImagePreviewltemProps
types.ts:
add ImagePreviewltemExpose

add ImagePreviewltemInstance
add resetScale to ImagePreviewExpose

Example 6: Python Code Generation

Subset: code_gen_python_v1l 3. Total cases: 90.
Prompt. Please implement the following feature based on the provided information.

types of demand.

The accuracy of intermittent demand estimates.
Parameters.

adi_threshold: default 1.32

cv_threshold: default 0.49

features: optional list of {"adi", "cv2", "class"}

Behavior.

adi:

average demand interval.
last index minus first index,
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Feature description. Implement a Syntetos—Boylan ADI/CV feature extractor for classifying different

Task. The implementation should follow the Syntetos—Boylan expert classification of time series from




divided by number of non-zero values minus one.

cv2:
variance / mean squared,
computed on the sample of non-zero values.
The reference uses the biased variance estimator.

class:
adi <= threshold and cv <= threshold: "smooth"
adi <= threshold and cv > threshold: "erratic"
adi > threshold and cv <= threshold: "intermittent"
adi > threshold and cv > threshold: "lumpy"

Comments.

A contributor expresses interest in implementing the feature to better understand time-series analy-
sis.
The maintainer confirms that the task is suitable as a good first issue.
The maintainer offers help with the new-estimator guide or partial pull requests.
The contributor later explains a delay due to midterms, and the maintainer confirms that there is
no rush.

Tips.

Create class ADICVTransformer in:
sktime/transformations/series/adi_cv.py

Class:
ADICVTransformer(BaseTransformer)

Constructor:
__init__(self, features=None,
adi_threshold=1.32,
cv_threshold=0.49)

_transform:
return pd.DataFrame with columns:
"adi, "cv2". "class"

Class labels:
"smooth", "erratic", "intermittent”, "lumpy"

Example 7: Frontend Artifact Generation

Subset: artifacts v3_1. Total cases: 100.

Prompt excerpt A. Implement the following React requirement in pages/index.tsx . Prefer Tailwind
for styling. All required IDs, classes, function names, and implementation constraints must be followed
exactly.

Example task: Restaurant inventory statistics page.

Page title:
<title>Restaurant Inventory Statistics</title>
<hl>Restaurant Inventory Statistics</h1>

Sales form:
#sales-form
#gongbao Kung Pao Chicken sold today
#yuxiang Yu-Shiang Shredded Pork sold today
#gingzhu Steamed Sea Bass sold today
#edit Update inventory

Error area:
#error-messages
show "Please enter a numeric value" if input is invalid
show "Insufficient inventory" if stock is insufficient
hide after 2 seconds
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Stock table:
#stock-table
columns: Dish Name / Current Stock / Sold Today

Initialization.

let dishes = [
{ id: "gongbao", name: "Kung Pao Chicken", stock: 100, threshold: 0 },
{ id: "yuxiang", name: "Yu-Shiang Shredded Pork", stock: 80, threshold: O },
{ id: "gingzhu", name: "Steamed Sea Bass", stock: 60, threshold: 0 }

Prompt excerpt B. Implement a product-review management system with two modules: product man-
agement and review management.

Required elements:
#container, #title, #nav
#nav-product, #nav-review

Product module:
#product-module, #add-commodity
#add-product-form
#product-name, #product-price
#product-description, #product-stock
#product-status, #product-category
#add-product-btn, #cancel
#product-list
.edit-commodity, .delete-commodity

Review module:
#review-module, #add-comment
#review-form, #review-user
#rating-stars, .star
#review-content, #add-review-btn
#review-list
.edit-comment, .delete-comment

Modal:
#modal, #modal-content
#modal-message, #modal-textarea
#modal-yes, #modal-no

Original code file.
import React from 'react’;

const Demo = () => {
return (
<main>
<h1>Rsbuild with React</h1>
</main>
)i
I

export default Demo;

Example 8: Web-Bench Code Task

Subset: web_bench_code v2 2. Total cases: 80.

Prompt. Add a square-root button with the text «P 6 the right of the clear button. Clicking it
should calculate the square root using the current display content directly.

Original code.

<ldoctype html>
<html lang="en">
<head>

<tittle>Simple Calculator</title>
<style>
.calculator { width: 300px; margin: 50px auto; ... }
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.display { width: 100%; height: 40px; ... }
.buttons {
display: grid;
grid-template-columns: repeat(4, 1fr);
gap: 5px;

}
button { padding: 10px; font-size: 18px; ... }
</style>
</head>
<body>
<div class="calculator">
<input type="text" class="display" id="display" readonly />
<div class="buttons">
<button onclick="calculate('7")">7</button>

<button onclick="calculate('=")">=</button>
<button onclick="calculate('+')">+</button>
<button onclick="calculate('C")" style="grid-column: span 4">
Clear
</button>
</div>
</div>

<script>
let displayValue = ";

function calculate(value) {
if (value === 'C") {
displayValue = ";
} else if (value === '=') {
try {
displayValue = eval(displayValue).toString();
} catch (error) {
displayValue = 'Error’;

} else {
displayValue += value;

document.getElementByld(‘display').value = displayValue;
</script>

</body>
</html>

Example 9: Repository Question Answering

Subset: repo_ga_agent_ vl_2. Total cases: 100.

Prompt format. Repo QA tasks evaluate whether the agent understands the whole repository, includ-
ing architecture, repository inputs and outputs, module behavior, implementation details, and bug-
location reasoning.

Task categories.

. Architecture summarization

. Repository input/output understanding
. Module understanding

. Implementation Q&A

. Bug localization

OGN WNPE

Example 10: Repository Environment Management

Subset: repo_env_vl 1. Total cases: 60.

Prompt format. Repo Env tasks evaluate whether the agent can reconstruct and debug a runnable
repository environment.

Typical requirements.

1. Inspect the repository structure.




. Install or repair dependencies.
. Configure the runtime environment.
. Run tests or project commands.

O wWN

. Diagnose build, dependency, or configuration failures.
. Verify the repository in a clean execution environment.

Seed-for-Seed Showcase

This appendix presents representative Seed-for-Seed showcase cases. Instead of treating these cases as isolated
demos, we organize them as a model-development loop in which Seed2.1 participates in evaluation, data,
training, and infrastructure workflows. The cases illustrate four recurring capabilities: long-horizon execution,
target-driven iteration, multi-agent collaboration, and reusable workflow consolidation.

Overall Showcase A complete internal showcase, including demo videos, execution traces, intermediate
artifacts, and final reports, is available at: Seed-for-Seed Overall Showcase.

Eval Loop

Eval Loop

Data Loop

Case 1: Automated Benchmark
Integration

Problem: external benchmarks re-
quire manual adaptation before in-
ternal evaluation.

Agent workflow: read paper/repo !
adapt harness! configure verifier !
run smoke tests ! align scores.
Output: runnable internal benchmark
and evaluation report.

Case 2: Automated Model Diagno-
sis

Problem: score tables do not explain
capability gaps or next-step improve-
ments.

Agent workflow: Auto-Eval selects
or generates tests! Post-Eval ana-
lyzes traces! hypotheses are verified
through new tests.

Output: model-diagnosis report and
reusable hard-case set.

Case 3: Iterative Rule Cleaning
Problem: noisy pretraining data re-
quires repeated regex/rule cleaning.
Agent workflow:  Optimizer pro-
poses rules! Evaluator checks pre-
cision/recall ! rules are revised.
Output: cleaned data, rule history,
and failure cases.

Training Loop

Training Loop

Infra Loop

Case 4: SFT Data Synthesis
Problem: improving an SFT metric
requires a long algorithm-engineering
loop.

Agent workflow: propose data plan
I synthesize data! launch SFT !
run companion evaluation.

Output: synthetic data, training job,
evaluation results, and experiment
report.

Case 5: GUI Agent Co-Evolution
Problem: failed GUI rollouts are
hard to convert into precise correc-
tive training data.

Agent workflow: compare success/-

failure trajectories ! locate earliest
divergence!
rective skills.
Output: updated task set, corrective

skills, and training data.

generate leak-safe cor-

Case 6: RL Framework Optimiza-
tion

Problem: RL infrastructure changes
often require heavy engineering ef-
fort.

Agent workflow: build multi-agent
harness! actor implements changes
I critic evaluates experiments ! it-
erate to quality gate.

Output: reusable multi-agent harness
and optimized RL training frame-
work.

Table 8 Seed-for-Seed showcase matrix. The six cases cover evaluation, data, training, and infrastructure loops in the

model-development lifecycle.

C Fundamental Capability

Seed 2.1 maintains frontier-level capability in world knowledge, reasoning, and visual understanding. In
addition, Seed 2.1 further strengthens multilingual capability, reflecting the Seed model family’s commitment

to broader international deployment.
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. Gemini-3.1 Claude-4.7 Seed2.1 Seed2.1

Capability Benchmark GPT-5.5 Pro Opus Turbo Pro
ChartQAPro [37] 69.4 70.2 65.5 70.9 70.9
Infoaraphics OCRBenchv2 [21] 61.1 62.8 56.9 62.8 63.2
grap CharXiv-DQ [66] 95.0 94.9 93.1 94.6 95.5

CharXiv-RQ [66] 83.2 83.5 82.1 82.5/83.6* 85.4 | 86.4*
MathVista [34] 84.2 90.2 84.4 90.5 90.7

Math MathVision [61] 92.2 89.2 83.1 90.1/92.7  92.6 | 94.5*
DynaMath [84] 75.9 72.1 63.1 68.1 73.1
MathVerse (Vision-Only) [79] 84.6 87.7 77.4 89.2 89.7

STEM MMMU-Pro [78] 81.2 80.5 74.0 80.1/82.2* 81.6 | 82.7*
EMMA [23] 79.0 72.1 68.7 78.4 79.3

ZeroBench [48] (main) 13.0 12.0 8.0 11.0 / 20.0* 18.0 / 22.0*

Visual Puzzles ZeroBench (sub) 41.0 41.9 37.1 49.1/ 57.2* 49.4 | 56.3*
VisuLogic [71] 43.5 44.8 32.6 52.9 54.3
VLMsAreBiased [58] 49.8 735 30.2 68.3 83.6
Percention & VisFactor [26] 56.2 54.0 30.5 43.9 51.4
Recopnmon RealWorldQA [69] 82.2 85.4 75.6 86.3 86.7
9 BabyVision [7] 55.9 54.4 222 62.9 73.7
MeasureBench [33] 49.9 44.4 29.7 58.9 62.9
SimpleVQA [10] 58.6 69.9 56.5 711 74.5
Knowledge WorldVQA [82] 34.6 44.3 35.9 48.6 53.0
WorldBench [77] 58.4 62.9 52.9 63.7 67.6
BLINK [22] 78.3 79.1 70.4 79.4 81.4
Spatial MMSIBench (circular) [75] 36.0 27.4 174 314 35.9
Reg’sonm TreeBench [60] 615 60.5 36.8 711 711
9 ERQA [53] 64.5 70.8 52.5 71.3 72.0
EmbSpatialBench [18] 81.9 84.2 77.2 82.5 83.4
LongContext DUDE [56] 81.7 82.1 84.5 83.1 82.8
Understanding MMLongBench-128K [64] - 70.7 - 76.9 78.3

Table 9 Fundamental vision capability evaluation. We report Pass@1 in these benchmarks. The best score (no-tool
result) for each benchmark is marked in bold, and the second best isunderlined. Seed2.1 results marked with an are
obtained with tools.

C.1 Vision Capabilities

We evaluate Seed2.1 Pro on a broad suite of public vision-language benchmarks, covering infographics,
mathematical and STEM reasoning, visual puzzles, perception and recognition, knowledge-intensive VQA,
spatial reasoning, and long-context understanding. As shown in Table 9, Seed2.1 Pro delivers consistently
strong results against leading frontier models, achieving the best performance on a wide range of benchmarks.
In particular, it obtains top scores on CharXiv-RQ (85.4, or 86.4 with tools), MathVision (92.6, or 94.5
with tools), MMMU-Pro (81.6, or 82.7 with tools), ZeroBench, and several perception-oriented benchmarks,
demonstrating a substantial improvement in fundamental visual understanding.

Math, STEM, and Knowledge. Seed2.1 Pro demonstrates comprehensive strength in mathematical reasoning,
achieving the best no-tool performance on MathVista (90.7), MathVision (92.6), and MathVerse (89.7), while
remaining highly competitive on DynaMath. With tool use, its advantage becomes more pronounced, reaching
94.5 on MathVision and further widening the gap over other frontier models. In STEM reasoning, Seed2.1 Pro
also shows strong progress, achieving the best result on MMMU-Pro (81.6, or 82.7 with tools) and EMMA
(79.3). For knowledge-intensive VQA, a traditionally strong area for the Seed series, Seed2.1 Pro further
consolidates its advantage, setting new best results on SimpleVQA (74.5), WorldVQA (53.0), and WorldBench
(67.6), indicating more reliable visual knowledge grounding and real-world recognition.

Perception-Centric Visual Understanding. Beyond reasoning-heavy tasks, Seed2.1 Pro makes broad improve-
ments in perception-centered capabilities, including infographic understanding, visual puzzles, perception and
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Capability Benchmark Human Gemini-3.1-Pro  Gemini-3.5-Flash Seed2.1 Turbo  Seed2.1 Pro

Knowledge VideoSimpleQA [5] - 70.0 76.0 71.4 76.4

& VideoHolmes? [9] - 65.9 67.1 67.6 68.2

Reasoning Minerva 2 [39] - 63.5 68.6 65.9 70.7

Mot TVBench [11] 94.8 71.0 76.4 77.2 80.5
otion -

o TOMATO [49] 95.2 60.4 71.9 56.8 79.5

. MotionBench [25] - 69.9 70.6 74.8 74.9
Perception -

ContPhy [81] - 64.5 63.8 61.1 63.6

VideoMME 2 [20] - 86.7 87.2 89.0 89.2

Long Video LVBench [63] - 66.2 76.3 76.8 78.0

LongVideoBench [68] - 76.5 77.6 80.6 80.6

Multi Video CrossVid [30] 89.2 48.8 58.6 63.2 65.0

LiveSports-3K [6] - 89.0 86.5 77.1 76.8

Streaming OVOBench [40] 92.8 64.1 64.5 79.2 80.7

OVBench [27] - 58.8 56.5 69.7 70.0

Table 10 Fundamental video understanding capability evaluation.

recognition, and spatial reasoning. It achieves leading results on OCRBenchv2 (63.2), CharXiv-DQ (95.5),
and CharXiv-RQ (85.4, or 86.4 with tools), reflecting stronger document understanding, chart reading, and
fine-grained visual detail extraction. On visual puzzle benchmarks, Seed2.1 Pro reaches the best performance
on ZeroBench main (18.0, or 22.0 with tools) and VisuLogic (54.3), showing that improved perception also
benefits visually grounded logic solving. The model further achieves top results on VLMsAreBiased (83.6),
RealWorldQA (86.7), BabyVision (73.7), and MeasureBench (62.9), and leads or matches the best performance
on spatial benchmarks such as BLINK (81.4), TreeBench (71.1), and ERQA (72.0), suggesting stronger
robustness in fine-grained recognition and real-world spatial understanding.

Long-Context Understanding. Seed2.1 Pro also performs strongly on long-context multimodal understanding,
achieving 78.3 on MMULongBench-128K. This indicates its ability to process long documents, multi-page
materials, and extended task contexts, supporting more stable performance in complex agentic workflows.

Qualitative Results. Beyond the quantitative evaluation results reported above, we also include qualitative
examples that demonstrate Seed2.1’s capabilities in tool-augmented vision and visual coding. Further details
can be found in Section E and Section F, respectively.

C.2 Video Understanding Capabilities

We conduct a comprehensive evaluation of the Seed2.1 family, including Seed2.1-Turbo and Seed2.1-Pro,
across a broad spectrum of video understanding capabilities, spanning knowledge and reasoning, motion
perception, long-video comprehension, multi-video understanding, and streaming video analysis. As shown in
Table 10, Seed2.1 consistently advances the performance frontier across these dimensions, with Seed2.1-Pro
serving as the strongest model in the family and achieving leading results on most reported benchmarks.
These results demonstrate the effectiveness of Seed2.1 in strengthening core video intelligence, particularly
in video reasoning, fine-grained motion understanding, long video understanding, and real-time streaming
scenarios.

Specifically, Seed2.1-Pro achieves strong performance on knowledge and reasoning benchmarks, reaching
75.5 on VideoSimpleQA, 68.2 on VideoHolmes, and 70.7 on Minerva. Its gains are especially pronounced
in motion perception, where it obtains 80.5 on TVBench, 79.5 on TOMATO, and 74.9 on MotionBench,
substantially outperforming Gemini-3.1-Pro and Gemini-3.5-Flash on these benchmarks and narrowing the
gap to human-level motion understanding. For long-video understanding, Seed2.1-Pro further reaches 89.2 on
VideoMME, 78.0 on LVBench, and 80.6 on LongVideoBench, showing robust capability in long-range temporal
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modeling and evidence aggregation. In streaming video understanding, Seed2.1-Pro also achieves 80.7 on
OVOBench, highlighting its improved ability to process evolving visual inputs and support interactive video
reasoning. Despite these advances, gaps remain on several challenging settings such as human-level motion
perception and certain streaming scenarios, indicating that fine-grained temporal state tracking, physical
dynamics modeling, and real-time cross-context reasoning remain important directions for future work.

C.3 Language Capabilities

This section evaluates the model’s fundamental language capability, including knowledge, reasoning, and
multilingual performance. The knowledge evaluation covers both broad graduate-level knowledge and culturally
grounded factual knowledge, using benchmarks such as SuperGPQA [19], KINA [28], and HLE-Verified [44].
The reasoning evaluation further includes scientific and research-code reasoning through SciCode [55], as
well as olympiad-style frontier science reasoning through FrontierScience-Olympiad [62]. In addition, we
include MSQA to evaluate multilingual and multicultural knowledge coverage, and use HLE-textonly and
BrowseComp with search tools to assess search capabilities.

Claude-4.7 Gemini-3.1 Seed2.1 Seed2.1

Category Benchmark GPT-5.5 Opus Pro Turbo Pro
SuperGPQA [19] 72.7 68.5 76.6 67.4 70.8
Knowledge  KINA [28] 52.6 46.7 53.2 46.6 48.3
HLE-Verified (no tool) [44] 50.4 46.9 48.2 42.4 42.9
SuperChem [80] 61.1 55.0 71.4 56.6 59.8
ArcAGI2 [45] 85.0 75.8 77.1 61.3 62.5
. SciCode [55] 58.4 56.4 62.3 57.8 59.8
Reasoning . . .
FrontierScience-Olympiad [62] 69.0 69.0 79.0 76.0 75.0
FS - Research [83] 33.9 20.0 16.7 23.3 28.3
LiveMathematicianBench [24] 50.8 36.7 43.5 27.7 20.9
MathArena Apex 69.8 - 58.9 354 31.3
AetherCode 81.6 52.0 74.7 67.9 65.8
BeyondAIME [4] 91.0 79.0 90.0 88.0 87.0
Multilingual MSQA 57.4 42.8 69.7 42.0 50.2
Search HLE-textonly(with Search) [44] 52.2 54.7 51.4 54.6 55.7
BrowseComp(with Search) [67] 84.4 79.3 85.9 84.9 86.2

Table 11 Fundamental language capability evaluation.

MSQA MSQA, short for Multicultural SimpleQA, is an internal multilingual benchmark designed to evaluate
culturally specific factual knowledge across 11 major languages. It contains 1,086 human-annotated and
reviewed questions covering history and collective memory, beliefs and value systems, social norms and
customs, linguistic expression, and cultural products. Each question is designed to have a single objective
answer, remain stable over time, and focus on knowledge that is culturally grounded rather than globally
generic.

Results As shown in Table 11, Seed 2.1 shows balanced capability in knowledge, reasoning, and multilingual
understanding. Seed2.1-Pro consistently improves over Seed2.1-Turbo on knowledge benchmarks such as
SuperGPQA and KINA, as well as on MSQA, indicating stronger factual coverage and better multilingual
cultural knowledge with scale. On reasoning-heavy benchmarks, Seed 2.1 performs strongly on SciCode and
FrontierScience-Olympiad, with both Seed2.1-Turbo and Seed2.1-Pro remaining competitive against frontier
baselines. These results suggest that Seed 2.1 maintains strong core language capability while expanding
toward more multilingual and internationally relevant use cases.
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D General Agent Showcase Figures

This appendix collects detailed visual showcases for the General Agent section. The main text summarizes
the task requirements and model behavior, while the figures here provide supporting visual evidence for
crowdsourced evaluation examples, Agent Startup Bench cases, and daily-life task cases.
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D.1 Agent Startup Bench and Daily-Life Showcase Figures
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Figure 24 Agent Startup Bench educational task. Seed 2.1 performs multi-document reasoning, GPA calculation, and
layout-preserving PDF backfilling.
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Figure 25 Agent Startup Bench financial task. Seed 2.1 computes Altman Z-scores over a constrained equity universe
and produces an audit-friendly risk table.
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Figure 26 Agent Startup Bench legal task. Seed 2.1 converts bankruptcy-reorganization facts into a structured legal
memorandum and recovery strategy.
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Figure 27 Agent Startup Bench medical task. Seed 2.1 integrates clinical presentation, imaging context, pathology,
and treatment constraints into a diagnosis-centered decision-support workflow.
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Figure 28 Agent Startup Bench operations-analytics task. Seed 2.1 converts fragmented operational worksheets into a
board-ready, formula-driven Excel analysis system.
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Figure 29 Agent Startup Bench airline-operations task. Seed 2.1 builds a traceable Q4 executive review workbook
from large, multi-source airline operations data.
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Figure 30 xDailyBench personal government-service scheduling task. Seed 2.1 converts a complex administrative
scenario into an executable appointment and document-handling plan.
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E Visual Tool Showcase Figures

This appendix collects detailed visual showcases for the Visual Tool section.
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Figure 31 Seed2.1 leverages the code tool to better interpret images and tackle the problems.
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Figure 32 Seed2.1 leverages the code tool to better interpret images and tackle the problems.
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Figure 33 Seed2.1 leverages the code tool to better interpret images and tackle the problems.
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Figure 34 Seed2.1 leverages the code tool to better interpret images and tackle the problems.
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F Visual Coding Showcases

The visual coding showcases illustrate Seed 2.1’s ability to transform multimodal visual inputs, such as real
webpage screenshots, design drafts, sketches, and flowcharts, into directly runnable single-file webpages or
frontend applications. These cases highlight the model’s integrated frontend production skills: reconstructing
page layout, visual style, content hierarchy, and responsive behavior; implementing interactive components,
dynamic effects, and complete user flows; and preserving visual fidelity while producing executable artifacts.

Case 1: Webpage Recreation

Input image. The user provides a reference webpage screenshot, as shown in Figure 35.

User instruction. Please precisely recreate this website based on the reference image.

Case 2: Sketch-to-Webpage Generation 1

User Input

Input image. The user provides a sketch of the landing page, as shown in Figure 36.

User instruction.

Create an oldial landing page for the NOVA Esports club based on this draft sketch. Use an

8-bit pixel arcade retro style with the specified high-contrast retro color palette. Add a CRT scan-
line eléct across the full page. All elements should use square, non-rounded pixel design, with
pixel borders and olSet shadows. Implement interactions including a boot-up startup animation,
player-selection switching, animated match-record bars, a live countdown, and fan barrage message
sending. Alternate the corresponding dark backgrounds across dilérent sections as required. For
copy details that are not explicit in the sketch, you may supplement or adjust them appropriately.

Unless | explicitly ask to change the layout in the instructions above, or to add content that would
change the overall layout, strictly follow the sketch’s layout, module order, element count, spatial
relationships, and information hierarchy when generating the webpage. You may add necessary
visual details and Ul polish only if they do not change the layout, do not break the information
hierarchy, and do not conflict with the previous instructions.

Unless | explicitly ask to preserve the draft, hand-drawn, or wireframe style, do not directly copy
the sketch’s rough lines, red annotations, arrow explanations, or temporary marks. Treat them as
design intent and translate them into a formal webpage Ul.

The final page should look like a normal, complete, usable, and visually polished website, not a
traced copy of the sketch.

Case 3: Sketch-to-Webpage Generation 2

User Input

Input image. The user provides a sketch of the homepage, as shown in Figure 37.

User instruction.

Create a homepage for the Morandi Atelier home-furnishing brand based on this draft sketch. The
overall page should feel premium, quiet, and natural, using a Morandi-inspired low-saturation
palette with oEwhite, gray-brown, and wood-texture tones. Use generous whitespace, soft shad-
ows, rounded cards, and subtle frosted-glass or translucent overlay el@cts. Headings should have
an artistic feel, while body copy should remain concise and restrained. Use high-quality furniture
and interior-scene imagery where possible, emphasizing materials, craftsmanship, and lifestyle ex-
pression. The hero image should feel immersive, with an elegant gradient overlay. Buttons should
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have clear primary and secondary hierarchy. Navigation should be clean on desktop and expand-
able on mobile. Series cards, space-inspiration filter tabs, service entries, and store information
should all include refined hover feedback and transition animations. When switching inspiration
categories, the content should update naturally. The newsletter email form should provide clear in-
put states and submission feedback. The brand-story and store-service sections should strengthen
messages around craftsmanship, heritage, environmental commitment, appointment experience,
and free consultation, making the page feel more like a boutique home-furnishing showroom than
an e-commerce promotion page. Keep the copy restrained and elegant, avoiding an overly pro-
motional tone. For copy details that are not fully written in the sketch, you may supplement or
adjust them according to the page semantics.

Unless | explicitly ask to change the layout in the instructions above, or to add content that would
change the overall layout, strictly follow the sketch’s layout, module order, element count, spatial
relationships, and information hierarchy when generating the webpage. You may add necessary
visual details and Ul polish only if they do not change the layout, do not break the information
hierarchy, and do not conflict with the previous instructions.

Unless | explicitly ask to preserve the draft, hand-drawn, or wireframe style, do not directly copy
the sketch’s rough lines, red annotations, arrow explanations, or temporary marks. Treat them as
design intent and translate them into a formal webpage UI.

The final page should look like a normal, complete, usable, and visually polished website, not a
traced copy of the sketch.

Case 4: Flowchart-to-Webpage Generation

User Input

Input image. The user provides a flowchart-style process sketch, as shown in Figure 38.
User instruction.

Based on this flowchart/process-sketch image, understand the business flow and page logic it
expresses, and generate a directly runnable single-file webpage application. Do not redraw the
flowchart itself as nodes, arrows, swimlanes, or diagrams; the goal is not to build a flowchart
viewer. Instead, implement the real user-facing product experience behind the flow: pages, forms,
dashboards, wizards, tools, or applications.

The complete interaction chain in the flowchart must be implemented in the page, including user
actions, page states, step transitions, validation, loading states, success paths, failure paths, and
conditional branches. If the flow involves backend APIs, data persistence, login authentication,
payment, notifications, or third-party services, simulate them with mock functions in frontend
JavaScript; the page behavior must still call these mocks and display reasonable request, response,
loading, success, and error states.

If the flowchart contains multiple steps or roles, implement the corresponding multi-step Ul and
state transitions so that the user can complete the process end to end. Use the main language
shown in the image for page copy; if it is unclear, use Chinese. Finally, output only one complete
index.html single-file source code containing HTML, CSS, and JavaScript.
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Reference image
Generated webpage

Figure 35 Reference input and generated result for the webpage recreation showcase (case 1).
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Generated webpage

Reference sketch

Figure 36 Reference input and generated result for the first sketch-to-webpage generation showcase (case 2).
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Generated webpage
Reference sketch

Figure 37 Reference input and generated result for the second sketch-to-webpage generation showcase (case 3).
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Reference flowchart

Reservation success state in the generated webpage

Generated webpage

Figure 38 Reference input and generated result for the flowchart-to-webpage generation showcase (case 4).
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