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We present Apodex-1.0, a verification-centric model for deep research. The trained model alone, Apodex-1.0,
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base while preserving its general knowledge, coding, reasoning, and instruction-following capabilities.
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deep-research tasks.

Online Service: https://www.apodex.ai
API Platform: https://platform.apodex.ai

§ Apodex GitHub Repository: https://github.com/ApodexAI
Model Weights: https://huggingface.co/collections/apodex/apodex-1

Apodex-1.0-H Apodex-1.0 Apodex-1.0-mini

BrowseComp

Apodex-
1.0-H

Apodex-1.0 Apodex-
1.0-mini

OpenAI-
GPT-5.5-
pro

Kimi-K2.6 Gemini-
3.1-Pro

OpenAI-
GPT-5.5

Claude-
4.8-Opus

DeepSeek-
V4-Pro-

Max

Seed-2.0-
Pro

HLE-Text

Apodex-
1.0-H

Apodex-
1.0

Apodex-
1.0-mini

Qwen3-
Max-
Thinking

Kimi-K2.6 Kimi-K2.5 xAI Grok 4
Heavy

GLM-5.0 DeepSeek-
V4-Pro-

Max

MiMo-
V2.5-Pro

DeepSeek-
V3.2

DeepSearchQA

Apodex-
1.0-H

Apodex-
1.0

Apodex-
1.0-mini

Claude-
4.8-
Opus

Kimi-
K2.6

Claude-
4.6-
Opus

Gemini-
3.1-Pro

Claude-
4.5-
Opus

OpenAI-
GPT-5

Seed-
2.0-Pro

Kimi-
K2.5

Gemini-
3.0-Pro

Muse
Spark

FrontierScience-Olympiad

Apodex-
1.0-H

Apodex-1.0 Apodex-
1.0-mini

Gemini-
3.1-Pro

OpenAI-
GPT-5.4

OpenAI-
GPT-5.2

Seed-2.0-
Pro

Gemini-
3.0-Pro

Claude-
4.5-Opus

Claude-
4.6-Opus

BrowseComp-ZH

Apodex-
1.0-H

Apodex-1.0 Apodex-
1.0-mini

Seed-2.0-
Pro

GLM-5.0 Gemini-
3.0-Pro

OpenAI-
GPT-5

DeepSeek-
V3.2

Claude-
4.5-Opus

FrontierScience Research

Apodex-
1.0-H

Apodex-1.0 Apodex-
1.0-mini

Muse Spark
Contemplating

OpenAI-
GPT-5.4-
pro

Gemini-
3.1-Pro

90.3

75.5

71.5

90.1

86.3 85.9
84.4 84.3 83.4

77.3

60.8

49.0
46.8

58.3

55.5

51.8 50.7 50.4
48.2 48.0

40.8

94.4

84.6

82.2

93.1 92.5
91.3

81.9
80.0

79.0
77.4 77.1 76.9

74.8

87.4

80.3

77.2

82.8 81.8

75.0 74.0 73.0
71.0

59.0

84.1
82.6

80.6
82.4

72.7

66.8
65.0 65.0

62.4

46.7

28.3

25.0

38.3
36.7

23.3

Figure 1: Comparison of Apodex-1.0 with state-of-the-art agents and agentic foundation models.
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1. Introduction
The hardest research problems an agent encounters today are not bounded by model capacity but by what
the model is allowed to interact with. Long-horizon research tasks share a single structural feature: a single
forward pass is not enough, and a single context window cannot hold the work. They demand reasoning
interleaved with retrieval, tool use, and verification, sustained over hundreds of steps and many parallel
branches of investigation. Reliability on such problems cannot come from a model’s parametric memory
alone. It must come from discoverative intelligence: the capacity to reason through active engagement with
the external world, and to check that engagement against itself before committing to an answer.

The dominant approach today is the ReAct paradigm, in which a single agent executes a think–act–observe
loop within one context window. This design carries a paradigm-level ceiling. The loop lengthens, the
context becomes congested, exploration branches contaminate one another, and the only available verification
mechanism—self-reflection—degrades with each additional turn. Empirically, a ReAct agent saturates after a
few hundred steps regardless of the underlying model. Scaling parameters or context further does not lift
this ceiling; it sits below them.

Apodex widens the frame: three jointly designed pieces sit behind the system.

Heavy-duty mode: an agent team with global verification. When the trained model (Apodex-1.0) is
deployed in heavy-duty mode, an orchestrator asynchronously spawns specialized sub-agents for retrieval
and verification, each running with its own context, prompt, and tool set. Sub-agent reports flow into a
shared evidence pool whose status table the orchestrator reads asynchronously, never blocking on the slowest
task. When two reports disagree, when a specific claim needs grounding, or when a draft is ready for a
last pass, the orchestrator dispatches the work to a dedicated verification team—a conflict reviewer, a fact
checker, and a draft-report reviewer. Once exploration completes, a global verifier reasons over the assembled
evidence graph to produce the final answer. The resulting system is Apodex-1.0-H. In our deployment, this
architecture coordinates up to 150 sub-agents executing over 15,000 steps within a single task—two orders
of magnitude beyond the saturation point of a single-agent loop.

A three-stage post-training pipeline. A high-quality data pipeline together with a three-stage post-training
recipe—SFT for behavioral initialization, agentic DPO for trajectory-level judgment, and RL on long agentic
rollouts—substantially raises the deep-research capability of the Qwen3.5 base. Crucially, the recipe is
designed to preserve rather than override: the base model’s general knowledge, coding, reasoning, and
instruction-following capabilities all survive the training process intact, so the post-training is additive on the
deep-research axis rather than a trade across axes.

AgentOS, a task-agnostic runtime. The agent team runs on AgentOS, a runtime whose kernel knows
nothing about any specific task. Workflow policy lives above a narrow runtime facade and task-agnostic
execution mechanisms live below it, so adding a new application is a folder of plugin code rather than a
patch to the kernel.

Running the trained model inside this agent team yields Apodex-1.0-H, our flagship system. Apodex-1.0-H
sets a new state of the art across both open and closed-source models on deep-research benchmarks—
BrowseComp, BrowseComp-ZH, text-only HLE, DeepSearchQA, and FrontierScience-Research. Every
claim in the final report it produces is backed by an explicit evidence chain and independently audited by
the verification team before delivery. We release Apodex-1.0-mini (35B-A3B) and three smaller variants
(0.8B, 2B, 4B) as open weights; remarkably, the 4B variant outperforms every open-source 30B-class model
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on deep-research tasks.

2. Related Works
Agentic Large Language Models Recent advances in LLMs have increasingly focused on enabling agentic
behavior, where models autonomously decompose complex goals into sub-tasks, invoke external tools, and
iteratively refine intermediate decisions based on environmental feedback [1]. Unlike conventional chatbots
that rely primarily on single-step responses, agentic LLMs maintain persistent reasoning traces across many
steps and dynamically coordinate tool execution.

Frontier models increasingly integrate such capabilities either during training or through tightly coupled in-
ference frameworks. Representative examples include GPT-5.5 [2], Claude-Opus-4.8 [3], Gemini-3.1-Pro [4],
DeepSeek-V4 [5], Kimi-K2.6 [6], Seed-2.0-Pro [7], and Muse Spark [8]. Collectively, these developments indi-
cate a paradigm shift in which foundationmodels evolve from passive language generators into general-purpose
autonomous agents capable of executing complex workflows and interacting with real-world environments.

Deep Research Agents Building on the emergence of agentic LLMs, recent work has introduced deep
research agents, a class of LLM-based systems designed for open-ended knowledge synthesis tasks that require
long-horizon reasoning and intensive information retrieval. Rather than answering questions solely from
pre-trained knowledge, these systems actively acquire external information, iteratively refine hypotheses,
and synthesize evidence from multiple sources to produce structured research outputs.

Industrial systems have begun deploying such capabilities at scale, including OpenAI Deep Research [9],
Claude Research [10], Kimi-Researcher [11], and Grok DeepSearch [12], all of which couple LLMs with
integrated web browsing and multi-step planning. In parallel, the open community has explored a variety of
approaches for building open deep research agents, including Tongyi DeepResearch [13], WebThinker [14],
DeepResearcher [15], and others. A common emerging thread is the use of agentic mid-training or post-
training on synthetic research trajectories to instill long-horizon search-and-verify behavior directly into the
model rather than at the prompt layer.

These efforts highlight a broader shift toward LLM systems that function as autonomous research assistants,
capable of long-horizon information gathering, reasoning, and synthesis for complex open-ended tasks.

Multi-Agent Systems and Agent Teams A parallel line of work explores LLM-based multi-agent systems, in
which several language-model agents cooperate, debate, or specialize to solve tasks that exceed the capacity
of any single agent. Representative frameworks include AutoGen [16], MetaGPT [17], ChatDev [18], and
AgentVerse [19], which compose role-playing agents through scripted protocols. A related thread investigates
multi-agent debate and consensus [20, 21], where multiple completions are reconciled into a single answer.
Most of these systems treat the multi-agent topology as an external scaffold layered around a generalist model.
Apodex departs from this convention by training the team behavior—sub-agent spawning, asynchronous
coordination, and self-verification—directly into the model, rather than imposing it through an outer harness.

Verification in LLM Agents A growing body of work targets verification as an explicit step in LLM reasoning.
Chain-of-Verification (CoVe) [22] has a single model draft a response, plan independent verification questions,
answer them, and revise the draft accordingly. Self-Refine [23] and Reflexion [24] iterate generation with
self-critique signals across rounds. Process reward models [25] train a separate verifier to score intermediate
reasoning steps under a learned reward. The common pattern across these approaches is that the verifier is
either the generator itself in a different prompt, or a single model trained to score the generator’s outputs.
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Apodex differs along two axes: the verifier is an independent agent with its own context, prompt, and tool
set rather than the generator in a different mode; and verification is dispatched as an asynchronous team
activity—a conflict reviewer, a fact checker, and a draft-report reviewer operating in parallel—rather than a
sequential self-refinement loop.

Reinforcement Learning for Agentic LLMs Reinforcement learning on long agentic rollouts surfaces
problems largely absent from conventional RLHF: heavy-tailed trajectory lengths stall synchronous pipelines,
off-policy drift between trainer and inference engine becomes structural rather than incidental, and on
Mixture-of-Experts policies a small number of high-magnitude importance-sampling ratios can destabilize an
entire update [26, 27]. Recent work addresses these along two complementary axes: infrastructure designs
that disaggregate or asynchronously interleave training and inference (ROLL [28], ROLL Flash [29]), and
algorithmic modifications that mask or reshape the heavy importance-ratio tail (IcePop [27], DAPO [30],
DPPO [31], RPO [32]). Our training pipeline builds on this toolbox while introducing additional infrastructure
and algorithmic refinements detailed in Section 7.3.

3. The Apodex Agent Team
As foreshadowed in Section 1, Apodex’s deep-research system is organized as an agent team: an orchestrator
(the main agent) decomposes the user query, dynamically spawns specialized sub-agents, collects their
reports asynchronously, and dispatches a dedicated verification team against the assembled evidence before
synthesizing the final answer (Figure 2). The team is assembled around each problem rather than configured
as a fixed pipeline. Three properties distinguish this design from conventional multi-agent systems—self-
verification as an intrinsic team behavior, asynchrony as the coordinating principle, and agent-level parallelism
as the resulting scaling axis—examined in the subsections that follow.

3.1. Self-Verification
The defining capability of the agent team is self-verification. Consider a familiar failure mode of long-
chain reasoning: a single trajectory commits early to a hypothesis and rationalizes downstream from that
commitment, with no opportunity to recognize when an alternative direction would have been better.
Maintaining multiple reasoning paths can surface such errors—agreement across paths increases confidence,
divergence surfaces uncertainty, and inconsistencies signal errors no single chain could catch from within its
own perspective.

Diversity alone, however, has a structural ceiling when bounded to a single agent. The alternative paths still
share the same prompt, the same tools, the same accumulated context, and the same parametric biases.
When the underlying reasoner holds a systematic error, every parallel path inherits it. Reliable verification
must therefore be not merely diverse but genuinely external.

The agent team provides exactly this. Verification is dispatched to an independent agent whose role is
structurally different from the reasoner’s: the verifier does not share the reasoning trace it audits, is prompted
not to continue the reasoning but to evaluate it, and may invoke grounding tools that the original reasoner
did not. In practice, the verification team comprises three specialized roles, each engineered to probe a
distinct failure mode:

• A conflict reviewer that reconciles contradictory reports between two or more expert sub-agents, identi-
fies which claim is better supported by the underlying evidence, and surfaces unresolved disagreements
when no resolution is possible.
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Figure 2: The Apodex agent team. A main agent dispatches expert sub-agents—researcher, data analyst,
developer, and domain specialists—whose reports collect asynchronously in a shared report pool. When
reports conflict, when a claim needs grounding, or when a draft is ready for a final pass, the main agent
dispatches the work to a verification agent team consisting of a conflict reviewer, a fact checker, and a
draft-report reviewer. The verified output becomes the final report.
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• A fact checker that audits individual factual claims against fresh evidence, independent of the sub-agent
that originally produced the claim.

• A draft-report reviewer that examines the synthesis as a whole—citation coverage, claim–evidence
alignment, and logical coherence—before the report is delivered to the user.

Verification proceeds not as introspection but as an external check by agents uninvolved in the process under
review. This is what distinguishes the agent team from a conventional multi-agent system: verification is an
intrinsic capability of the team, a model-level behavior rather than a system-level workaround. This autonomy
is made possible by the asynchronous coordination layer described next.

3.2. Asynchronous Coordination
With verification established as a team behavior rather than a pipeline stage, the surrounding architecture
is organized around asynchrony. In a synchronous multi-agent design, every round waits for the slowest
sub-agent, forcing verification into one of two undesirable regimes: it either blocks exploration or is omitted
under time pressure. The agent team removes this barrier through a shared report pool.

Sub-agents spawn and return independently, depositing their outputs into the pool with a status flag (queued,
in progress, ready). The main agent reads the pool’s status table at its own pace, dispatching downstream
work—verification, synthesis, or further sub-agent spawning—as reports become ready, rather than waiting
on a round to complete. A fast retrieval is not stalled by a slow crawl, and a finding returned early can
feed into verification while other branches continue executing. When a single sub-agent stalls or fails, the
remainder of the team proceeds unaffected, and fault isolation emerges as a structural consequence of the
architecture rather than as an explicit mechanism.

Beyond fault tolerance, asynchrony grants verification structural freedom. Exploration, verification, and
synthesis become three independent control loops, each advancing at its own pace. The report pool, recording
every finding, every verdict, and every user intervention, forms the causal backbone of the system. Conclusions
become auditable, retractable, and forkable. The team returns not only an answer but a complete research
history.

3.3. Agent-Level Scaling
The same architecture that liberates verification also renders parallelism native. Where a single agent
processes one task at a time, an agent team processes many concurrently: a research problem requiring five
distinct leads across three sources is pursued by five sub-agents executing simultaneously. This concurrency is
inherent to the team structure rather than an optimization layered on top, yielding more directions explored
per unit time, more findings cross-referenced, and more verification carried out in parallel.

This parallelism defines a new scaling curve. A ReAct agent reaches its ceiling at a few hundred steps,
bounded by a single context window. The agent team distributes the cognitive load across sub-agents that
each occupy an independent context. In our deployment, the architecture coordinates up to 150 sub-agents
executing over 15,000 steps within a single task, two orders of magnitude beyond the saturation point
of a single agent. This is not the familiar scaling law of larger models on larger clusters but a different
axis entirely: scaling agents rather than parameters. The team behavior that drives this curve—sub-agent
spawning, verification dispatch, asynchronous coordination—is not a framework wrapped around a passive
model but a mode of reasoning the model has been trained to perform natively, through the training pipeline
described in Section 7.
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4. Heavy-Duty Verification
The agent team of Section 3 is itself a test-time scaling axis: many specialized sub-agents working under
one orchestrator, with in-flight verification by a dedicated reviewer team. For the hardest workloads we
add a further scaling axis on top—heavy-duty mode—in which Apodex runs multiple agent teams in parallel
(or, in the math case, multiple iterative attempts) and a global verifier reasons over their combined output.
Conceptually, heavy-duty mode is to the agent team what the agent team is to a single agent. The global
verifier instantiates a different primitive per domain: evidence reasoning over an assembled claim–evidence
graph for deep research, causal-evidence comparison for coding candidates, and generate–verify–revise for
mathematical proofs. We describe each in turn.

4.1. Deep Research Verification via Evidence Reasoning
On real-world research tasks, the answer is not a single object to be scored but a composition of many evidence
pieces that must fit together across sources; a single unsupported or contradicted piece can invalidate the
whole. Selecting among candidate answers by agreement or aggregated score—which is the natural baseline
when multiple agent teams produce multiple answers—collapses them into a count or an average and
throws away the evidence that produced them. The approach saturates as soon as independent teams start
duplicating the same findings rather than completing the missing ones.

Apodex reframes global verification as evidence-based reasoning over a shared graph of evidences and claims.
After the parallel agent teams finish their explorations, the global verifier assembles all collected evidence
into a meta-graph whose nodes are atomic findings and tentative claims and whose edges record support
and contradiction. The verifier then reasons over the full graph rather than selecting among finished answers,
weighing each claim against the support and contradiction it carries and judging corroboration strength
jointly with source diversity. Every claim in the final answer traces back to a node in the graph, keeping
the output auditable. Crucially, what the verifier reasons over is the assembled graph, not the population of
teams that produced it—so the same weights operate from a single explorer up to a large parallel swarm
without modification.

This verification reasoning behavior is learned rather than prompted: we add the global verification task to
Apodex’s RL training data, with data preparation and training following Argus [33].

4.2. Coding Verification via Causal-Evidence Comparison
A candidate patch can pass the visible tests bundled with a task, read as semantically reasonable, and come
with the agent’s own claim of success, yet still fail to causally fix the underlying bug. We call this failure
mode pseudo-correctness. The default form of LLM verification—asking a judge which of two candidates
“looks better” or to assign an absolute quality score—breaks down on coding tasks because perceived quality
and ground-truth correctness can diverge arbitrarily: a patch that masks a bug with a try/except can read
as cleaner than the correct fix, and an agent that fabricates a success message can sound more confident
than one that actually ran a reproducer.

In heavy-duty mode, Apodex runs multiple coding agent teams in parallel and applies causal-evidence
comparison across their candidates: the global verifier picks the trajectory or patch whose answer is most
strongly supported by execution or implementation evidence, and least likely to be pseudo-correct. The
question shifts from which candidate looks better to which is most likely to have causally solved the task.
Coding quality is decomposed into three independently scored rubric axes, each engineered as a probe
against a distinct pseudo-correctness mode: Comprehension asks whether the candidate identified the real
problem rather than pattern-matching on surface features; Causality asks whether the solution addresses
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the actual cause across the full input distribution rather than a visible slice; and Empirical Grounding
asks whether claimed correctness is backed by observable execution rather than only asserted. The same
conceptual framework spans trajectory-level tasks (SWE-Bench Verified [34], Terminal-Bench v2 [35]) and
pure code-generation tasks (LiveCodeBench v6 [36]); only the instantiation differs depending on what kind
of evidence is available.

The clearest empirical implication is that selection quality, not model scale, becomes the dominant lever
on coding benchmarks: as we report in detail in Section 8.3, Apodex-1.0-mini (35B-A3B) in heavy-duty
mode surpasses Apodex-1.0 (397B-A17B) without verifier on LiveCodeBench v6, matching the large model
at roughly an order of magnitude fewer active parameters.

4.3. Math Verification via Generate–Verify–Revise
Mathematical proofs are a sharp testbed for verification: a proof is correct only if every step is justified, and
a single unsupported claim invalidates the whole argument. Answer-only benchmarks miss this entirely.
Unlike deep research or coding, where multiple agent teams can usefully be run in parallel and reconciled,
mathematical proofs benefit more from iterative refinement: each new attempt can be steered by an explicit
diagnosis of the previous one’s weaknesses.

Apodex’s math recipe is generate–verify–revise (GVR), an iterative refinement loop. The model first writes a
full proof. A self-grader—the same model, given only the problem statement and the candidate proof—assigns
a 0–7 score and a short written critique. Conditioned on its previous attempt and the critique, the model
then writes a fresh proof, and the loop repeats for up to K rounds. The highest-scoring attempt is submitted.
A deliberate design choice is that the in-loop grader is never shown the reference solution or the rubric:
leaking either turns the grader into an oracle and inflates apparent scores. The grader’s written feedback, not
just its scalar score, is what distinguishes GVR from naive best-of-K sampling—each new attempt is steered
by an explicit diagnosis of the previous one.

Across all three domains, heavy-duty mode shares the same architectural recipe: many attempts (parallel
for deep research and coding, sequential for math) plus a domain-specific global verifier on top. Together
with the in-flight verification team of Section 3, this realizes the claim made in the abstract: every claim in
the final report Apodex-1.0-H produces is backed by an explicit evidence chain and independently audited
before delivery.

5. AgentOS: A Task-Agnostic Runtime
The agent team of Section 3 and the heavy-duty verification machinery of Section 4 both require a runtime—a
system that schedules work across many concurrent sub-agents, manages context, executes tools, records
what happened, and enforces operational boundaries. Apodex-1.0 (as a standalone ReAct agent) and Apodex-
1.0-H (with the full heavy-duty mode engaged) are both workflows hosted on this runtime, and they share
the same kernel binary; only their plugin configuration differs.

The dominant failure mode at the runtime layer is runtime–workflow coupling. When each task embeds
its own loop, state model, permission rules, tracing, and termination logic into the engine, adding a new
benchmark, tool, agent topology, or verification strategy becomes a special case inside the kernel. The engine
ossifies as a collection of task-specific branches, and new applications cost weeks of kernel surgery rather
than a folder of new code. Reliable agentic compute at scale demands the opposite arrangement: a kernel
that knows nothing about any specific task, and tasks that reach the kernel only through a stable, narrow
surface.
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Figure 3: Overview of AgentOS. A task-agnostic execution kernel (generic agent loop, DAG scheduler,
event bus, registries) sits below a thin node-runtime interface; workflows, observers, tools, and persis-
tence backends attach as plugins through that interface.

We address this with AgentOS, the agent harness underlying Apodex. The kernel provides task-agnostic
execution mechanisms—scheduling, model and tool routing, event streaming, checkpoints, traces, cost
accounting, permission enforcement, and reusable agent components—while workflows loaded as plugins
supply the task-specific policy: how to structure the run, which roles and prompts to use, which tools are
visible, which observers and middleware are active, and how the final answer is judged (Figure 3). On the
same kernel we have built more than a dozen workflows in production: the Apodex-1.0 and Apodex-1.0-H
deep-research workflows, coding-agent variants, formal proof writing, heavy-duty reasoning, etc. Workflow
policy lives above the runtime facade; task-agnostic execution mechanisms live below it. Adding a new
application is a folder of plugin code, not a patch to the kernel.

5.1. Runtime and Plugin Separation
The kernel must not know what task it is running, and a workflow must not know how the kernel executes it.
We enforce this through a single narrow facade—the node context—that every workflow node speaks to in
order to invoke models, call tools, run the generic agent loop, emit events, persist artifacts, and reach the
rest of the system. The facade is deliberately small. We resist adding methods to accommodate individual
workflows, because each extension would otherwise become a future obligation of the kernel.

Above and below this facade the system is layered so that dependencies always point inward. Entry surfaces
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(API routes, in-process SDK, worker CLI) submit tasks. Workflow plugins declare task-specific behavior:
pipeline structure, nodes, roles, prompts, policy hooks, tools, skills, MCP servers, reusable components.
The node context is the only surface they see. Below it sit the generic runtime core (scheduling, agent-loop
execution, resource management, event routing, registries), the state sidecars that attach asynchronously
through sink protocols for events, traces, cost accounting, checkpoints, and telemetry, and the external
resources at the bottom—model inference engines, web and MCP services, sandboxed execution environments.
No dependency runs from the kernel to a workflow, so adding a workflow never edits the kernel.

5.2. Generic Loop, Hooks, and Components
Inside the kernel is a single configuration-driven ReAct-style loop [1]: each turn calls the model, parses tool
calls, executes them, appends observations, updates state, optionally compacts context, and repeats until a
stop condition is reached. The loop itself is deliberately empty of task knowledge. Everything that varies
across applications enters through two complementary surfaces, neither of which is allowed to grow a new
branch inside the loop.

Policy hooks carry the cross-cutting behavior. Observers react to loop-level events—loop start, model response,
tool result, turn end, loop end—and may collect evidence, track plans, synthesize assertions, stream progress,
enforce budgets, detect repetition, or return interventions for the next turn. Middleware wraps the model
and tool calls themselves, handling tracing, token accounting, skill injection, summarization, retries, fallback
routing, and request/response transformation. Switching workflows amounts to swapping the set of hooks;
the deep-research workflow that underlies Apodex-1.0-H attaches roughly a dozen of them, none of which
the kernel is aware of.

Components carry the composable behavior. Where a hook reacts to events, a component is a reusable assembly
that a workflow opts into when its task demands it: the agent bus through which Section 3’s orchestrator
spawns sub-agents, the verifier components that Section 4’s in-flight reviewers and global verifier instantiate,
memory components for long-running context, and write-audit cycles for iterative improvement. Components
are more structured than individual tools but still live above the runtime core: they are workflow-level
building blocks, not mandatory kernel machinery. Hooks and components together keep domain logic out of
the loop while still letting each workflow customize what happens at every meaningful point inside it.

5.3. Workflow Scaffold
A workflow declares its control flow as a directed acyclic graph of nodes that the runtime compiles and
schedules. The design principle is a minimal scaffold with a free interior: a few mandatory nodes provide
macro-level guarantees about the run—typically a clarification node at the start, a verification gate, and a
report node that always produces a final answer—while between them sits a single heavy node that runs the
open-ended reasoning loop of Section 5.2. Inside that node the model is free to choose tools, spawn parallel
sub-agents, and re-plan; the surrounding nodes enforce the task contract without dictating how the answer
is reached. In the deep-research workflow that underlies Apodex-1.0-H this yields the flow clarify → solve →
verify → report, where the verification gate loops back to the solve node whenever citation coverage, average
confidence, share of disputed claims, or unresolved-claim count fails its threshold.

The same scaffold absorbs very different applications without changing shape. A coding workflow focuses
on sandboxed command execution and patch validation. A proof workflow emphasizes iterative writing
and grading. A benchmark-adjudication workflow loops over candidate answers under a verifier-prompt
template. None of them rewrites the kernel; they differ only in which nodes the DAG declares and which
hooks and components those nodes invoke.
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Table 1: The five extension points of AgentOS. Each is added as plugin code or configuration and discov-
ered automatically at startup, with no change to the kernel.

Extension How it is added Examples

Tool a decorated function registered with the tool registry web_search, bash
MCP server a single entry in the mcpServers config github
Skill a SKILL.md folder (description, allowed tools, prompt) verification, finance
Component a reusable composition unit memory, write-audit cycle
Workflow a PipelineSpec plus a register() hook deep research, SWE, proof

5.4. Extending AgentOS
Every domain concern lives in the plugin layer, so extending AgentOS is a matter of adding plugins rather
than modifying the runtime; bootstrap discovery picks them up automatically. The five extension points are
summarized in Table 1. A tool is a decorated function registered with the tool registry. An MCP server is
a single entry in the standard mcpServers config, whose tools are exposed at startup through the same
interface as native tools. A skill is a folder containing a SKILL.md file whose header declares a triggering
description and the tools it may use, and whose body is the prompt injected when the skill fires. A component
is a reusable composition unit, such as a memory module or a write-audit cycle, that a workflow can pull in
without writing it from scratch. A workflow is a folder declaring a pipeline specification, which may freely
mix built-in nodes such as clarify and report with custom ones; it is selected at run time by its pipeline
identifier. None of these requires a change to the kernel, and the same kernel binary runs every workflow we
have ever written.

6. Training Data
Apodex’s post-training data has two purposes: teach the model the long-horizon search-and-verify behavior
that defines deep research, and preserve the general, coding, reasoning, and instruction-following capabilities
it inherits from Qwen3.5. We accordingly construct two complementary data streams—one bespoke for deep
research (Section 6.1), one mixed in to prevent catastrophic forgetting (Section 6.2).

6.1. Deep Research Data
Constructing training data for deep research demands more than general-purpose tool-use traces. Tasks
must require genuine multi-step investigation—retrieval, cross-referencing, analysis, synthesis—with every
answer grounded in authoritative sources. The two underlying faculties, complex open-ended reasoning and
precise goal-directed search, must be trained in lockstep: reasoning alone cannot conjure missing evidence,
search alone cannot impose structure on an unstructured problem. Data that exercises one and neglects the
other produces agents that either think in an information void or retrieve without judgement. We address
this through three principles.

Evidence-grounded knowledge extraction. Every atomic claim must be traceable to a citable origin. We
restrict extraction to academic papers, technical reports, and other research literature, retaining the source
paragraph, bibliographic provenance, and methodological or temporal qualifiers alongside each (entity,
statement) pair. The resulting knowledge memory is smaller than a web-scale corpus but substantially denser
in citable, research-grade facts.

Random-walk synthesis with joint reasoning and retrieval. Questions are synthesized via structured
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random walks over the statement space, biased toward multi-hop trajectories crossing paper boundaries.
Each walk yields a question and the ordered chain of statements it visited—the ground-truth evidence path,
spanning 3–10 steps. At every step, a reasoning sub-step interprets the evidence so far and identifies what is
still missing; a retrieval sub-step acquires the next piece based on that determination. The two capacities
thus interleave: findings reshape the plan, and the evolving plan determines the next query.

Calibrated difficulty via model-in-the-loop filtering. A question is retained only if a panel of models
spanning a capability range produces a meaningful spread: at least one must fail (excluding trivia) and at
least one must succeed (excluding broken or ill-posed items). The filter evaluates the full reasoning–retrieval
pipeline jointly, rejecting questions solvable by pure reasoning or by a single well-formulated query. Survivors
sit at the current capability frontier and force both faculties to be exercised together.

Taken together, this pipeline yields data in which every answer is grounded in citable research, every question
demands joint reasoning and search, and every question is calibrated to the frontier of what current models
can solve.

6.2. Capability-Preservation Data
Deep research data alone trains an agent that has learned to investigate but has unlearned everything else.
We therefore mix in two complementary streams whose sole purpose is to preserve, rather than extend, the
base model’s general capabilities.

General knowledge and instruction following. Breadth is enforced along three axes. Subject breadth spans
STEM, humanities, social sciences, medicine, law, and professional knowledge, with explicit quotas in the
weakest disciplines identified by per-axis diagnosis of the base model. Linguistic breadth treats English and
Chinese as first-class languages, sourced natively rather than translated. Format breadth mixes multiple
answer-presentation templates uniformly to prevent over-fitting to any single evaluation format. Layered on
top, dedicated instruction-following supervision is added at both SFT and RL stages, drawing on diverse
constraint types (format, length, keyword, compositional).

Coding-agent supervision. The coding stream is gated by execution rather than collected at scale. Each
candidate trajectory is admitted only when its environment can be rebuilt, its specification is consistent
with the executable harness, and its terminal outcome can be validated by running the corresponding
checks, so the success signal is reliable before the trajectory enters training. The mixture combines naturally
occurring software changes—which expose realistic dependencies, interfaces, and multi-file interactions—
with controlled task synthesis that populates underrepresented behaviors and difficulty regimes, and varies
the execution harness to induce different feedback latencies and recovery patterns. The final mixture is
balanced across difficulty, interaction horizon, and failure mode, concentrating supervision in the regime
where tasks require nontrivial reasoning but still yield clear, executable, verifiable feedback.

Together, these two streams feed the post-training pipeline described in Section 7.

7. Training Pipeline
The training pipeline turns Qwen3.5 [37] into Apodex-1.0—a model that sustains long-horizon search and
self-verification natively, while keeping its inherited general capabilities intact. Using the data described
in Section 6, we apply a three-stage post-training recipe: SFT establishes a clean behavioral initialization;
agentic DPO supplies the trajectory-level judgment that single-demonstration SFT cannot express; and an
RL stage on long agentic rollouts closes the gap between offline demonstrations and the team-coordinated
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behavior the deployed system needs. The output of this pipeline is Apodex-1.0; deploying Apodex-1.0 in
heavy-duty mode (Section 3, Section 4) yields Apodex-1.0-H.

7.1. Supervised Fine-tuning
SFT alone cannot teach the long-horizon search-and-verify behavior that the later stages target, but no later
stage can recover from a model that has not seen the assistant-side dialogue format in the first place. The
SFT stage therefore aims at exactly one thing: a clean behavioral initialization. Its mixture combines prompt–
response examples (general reasoning, knowledge-intensive QA, coding, mathematics) with structured
multi-turn agentic trajectories containing interleaved reasoning steps, tool calls, and tool observations. All
examples are converted into a unified dialogue format in which tool observations are part of the input
context and only assistant-side tokens contribute to the loss; the model is optimized with the standard
autoregressive likelihood. This stage is deliberately shallow—it aligns output format, strengthens reasoning
and instruction-following, and seeds the agentic priors—and explicitly defers long-horizon behavior to the
preference and RL stages that follow.

7.2. Agentic Preference Optimization
SFT optimizes against a single demonstration per prompt and therefore cannot express the trajectory-level
judgment that distinguishes a careful agent from a careless one: it has no way to say that one valid-looking
trace is better than another. We close this gap before RL with Direct Preference Optimization [38] on a
pairwise dataset DPO = {(xi, H+

i , H−
i )}M

i=1, where H±
i are complete agentic trajectories (reasoning, tool

actions, observations, final answer). Preferences are assigned by final-answer correctness rather than by
handcrafted structural heuristics—planning templates, step counts, tool-use patterns—so different tasks
are free to admit different valid strategies. A trace-level filter removes trajectories with severe repetition,
truncation, malformed tool calls, or invalid outputs on either side. The objective is the standard DPO loss
against a frozen reference.

7.3. Reinforcement Learning
Building on the DPO-aligned trajectories, the final stage fine-tunes the model with RL on long agentic rollouts.
Our RL stack1 targets two axes that dominate end-to-end efficiency and stability on these workloads. The
infrastructure axis combines a fully-asynchronous rollout pipeline with partial-GPU collocation, opportunis-
tically materializing inference engines on training GPUs during their idle window. The algorithm axis pairs
the IcePop bidirectional token-level mask with a bypass-mode importance ratio that elides the conventional
old-log-probability recompute. The two are co-designed: collocation makes a non-trivial fraction of every
rollout off-policy, and the algorithmic correction keeps the gradient well-behaved under that drift.

7.3.1. Infrastructure
Fully-asynchronous rollout. Following ROLL Flash [29], a single persistent rollout worker dispatches
prompts through an SGLang router; the trainer consumes a group as soon as nsamples-per-prompt trajectories
are ready, while laggards continue to be served. A retry buffer holds partially-completed groups across weight
versions, and a configurable bypass probability lets fresh prompts preempt buffer drain to prevent starvation
on tool-call mis-fires. Each token carries its engine’s weight_version in metadata, which is propagated
end-to-end and feeds the importance-ratio correction in Section 7.3.2.

Partial-GPU collocation (hybrid-collocate). A fully-disaggregated deployment leaves the training pool
idle between train(N) and the completion of rollout(N+1). Building on ROLL’s AutoDeviceMapping [28],

1Built on top of radixark/miles (https://github.com/radixark/miles).
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we partition a single Ray placement group into a remote pool of dedicated inference GPUs (always registered
with the router; serves evaluation) and a colocate pool of engines instantiated on the Megatron training GPUs
(unregistered, offloaded during training via SGLang’s release_memory_occupation, and onloaded only
for the rollout tail). Two weight-sync channels are selected by a target broadcast: intra-node Gloo+IPC
(∼1 s) for colocate, cross-node NCCL (tens of seconds) for remote. After train(N), colocate onloads, takes
an IPC update to vN, and serves the rollout tail; it offloads before remote pauses for its NCCL update to
vN. The brief IPC–NCCL window in which colocate serves vN while remote still serves vN−1 is the only
mixed-version period within an iteration, with per-token provenance recorded in the metadata stream above.
The critical invariant—colocate is offloaded whenever the training ranks need its memory—removes any
per-call bookkeeping. Hybrid-collocate sits one step further along the collocate–disaggregate axis than
ROLL’s recipe: a small remote pool sustains steady-state throughput while training GPUs are recruited
opportunistically, at the cost of one onload/offload cycle per iteration amortized across the tail.

7.3.2. Algorithm
Within a single rollout group, tokens may originate from up to three policy versions (vN−2, vN−1, vN; see
Section 7.3.1), so the naive importance ratio rt = πθ(yt | st)/πinfer(yt | st) develops heavy tails—markedly
heavier on MoE models, where small routing differences amplify per-token log-probability gaps and a handful
of tokens with r ≫ 1 are sufficient to destabilize an update [26, 27].

Bypass-mode. Standard PPO recomputes an “old” log-probability snapshot via a fresh forward pass over
every rollout sequence, doubling per-iteration training compute. Bypass-mode instead reuses the inference
engine’s own log-probabilities (already transported per-token, Section 7.3.1) as the denominator,

rt = exp
(︀
log πcurrent

θ (yt)− log πrollout(yt)
)︀
, (1)

which shortens the training step by 5–15% on Qwen35-35A3 agentic configurations, scaling with response
length. To control the resulting heavy tails we apply the IcePop bidirectional mask [27]

M(rt) = rt · 1[rt ∈ [α, β]], α = 0.5, β = 5.0, (2)

zeroing out-of-interval tokens entirely. Masking (rather than truncated importance sampling, which caps
the ratio) was the operative ingredient on long MoE rollouts. We monitor two diagnostics: the IcePop mask
fraction (a persistently high value signals that asynchrony should be tightened rather than the interval
widened) and the rt distribution, which is tighter than under the snapshot formulation because the rollout–
trainer bridge is now a single hop. The mask is interchangeable with DPPO-style divergence masks [30, 31]
without re-introducing the recompute, as both depend only on (πθ , πrollout).

8. Evaluation
We evaluate Apodex along two complementary axes: deep-research capability—the main objective of the
training pipeline and heavy-duty mode—and capability preservation, the requirement that boosting deep
research must not cost the base model’s general, coding, reasoning, and instruction-following abilities.
Section 8.1 reports Apodex-1.0-H against open- and closed-source frontier systems on public deep-research
benchmarks. Section 8.2 confirms that general-knowledge, mathematics, instruction-following, and long-
context capabilities inherited from Qwen3.5 are preserved rather than traded off. Section 8.3 measures
coding-agent and code-generation competence at two model scales and isolates how much of the gain
on agentic coding comes from the heavy-duty verifier. Section 8.4 reports IMO-ProofBench under the
generate–verify–revise loop.

14



Apodex-1.0 Technical Report

Table 2: Performance comparison on agentic search benchmarks. We report the latest publicly available
results for competing models, with scores taken from the technical reports or model cards of other orga-
nizations. To minimize the impact of randomness from agent-environment interactions, we report the
average performance of our Apodex models on each benchmark. For Humanity’s Last Exam, Apodex-1.0
series and DeepSeek-V4-Pro-Max were tested on text-only subset, and other models were tested on the
entire set which includes some multi-modal problems.

Benchmarks Browse
Comp

Browse
Comp-ZH DeepSearchQA Humanity’s Last

Exam w/ Tools

DeepSeek-V4-Pro-Max [5] 83.4 – – 48.2
Kimi-K2.6 [6] 86.3 – 92.5 54.0
Seed-2.0-Pro [7] 77.3 82.4 77.4 54.2
Muse Spark [8] – – 74.8 58.4
OpenAI-GPT-5.5 [2] 84.4 – – 52.2
OpenAI-GPT-5.5-pro [2] 90.1 – – 57.2
Gemini-3.1-Pro [4] 85.9 – 81.9 51.4
Claude-Opus-4.8 [3] 84.3 – 93.1 57.9
Apodex-1.0-mini 71.5 80.6 82.2 46.8
Apodex-1.0 75.5 82.6 84.6 49.0
Apodex-1.0-H 90.3 84.1 94.4 60.8

8.1. Deep Research
We evaluate Apodex under a Deep Research setting, where models are required to solve complex deep research
tasks through multi-step reasoning, web browsing, retrieval, and evidence synthesis. These agentic deep
research benchmarks include Humanity’s Last Exam (HLE) [43], BrowseComp [44], BrowseComp-ZH [45],
DeepSearchQA [46], FrontierScience-Olympiad [47], FrontierScience-Research [47], and SuperChem[48].

Following standard protocols, we report results on the 2,158 text-only subset of HLE. For SuperChem,
we report text-only subset. For BrowseComp, we use Claude-Opus-4.6 as the judge model. For all other
benchmarks, we evaluate on the full test set. To reduce potential data contamination, such as directly
retrieving benchmark answers from public repositories, we block access to relevant benchmark-hosting
websites in the tool environment.

Unless otherwise specified, we use fixed inference settings across benchmarks: temperature = 1.0, top-p
= 0.95, context length = 256K tokens, and maximum output length = 32K tokens. We use LLM-as-a-
Judge evaluation for all benchmarks. Under ReAct mode, all experiments are conducted with a simple
ReAct-style loop, so that the results primarily reflect the model’s own reasoning and tool-use capabilities
rather than additional system engineering. The maximum number of interaction turns is set to Tmax = 600
for all benchmarks in ReAct mode. We set the context retention budget to K = 5 for BrowseComp and
BrowseComp-ZH. Note that we do not apply aggressive context management strategies, such as “discard-all", in
our experiments. Under Agent Team mode, the main agent dynamically spawns sub-agents that can in turn
autonomously spawn verifiers, exercising the model’s native team behavior beyond what the single-agent
loop supports. We set the maximum number of interaction turns to Tmax = 100 for both the main agent and
each sub-agent, with a context length of 256K tokens at each level. Each sub-agent is equipped with the full
tool set, including Python code execution, web search, and web fetch. Because each sub-agent occupies its
own context window, no context management strategies (e.g., keep-last-K) are applied to either the main

15



Apodex-1.0 Technical Report

Table 3: Performance comparison on agentic science benchmarks. We report the latest publicly available
results for competing models, with scores taken from the technical reports or model cards of other orga-
nizations. To minimize the impact of randomness from agent-environment interactions, we report the
average performance of our Apodex models on each benchmark.

Benchmarks FrontierScience
Research

FrontierScience
Olympiad SuperChem

Seed-2.0-Pro [7] 25.0 74.0 53.0
Muse Spark [8] 38.3 – –
OpenAI-GPT-5.2 [39] 25.2 75.0 58.0
OpenAI-GPT-5.4 [40] 33.0 – –
OpenAI-GPT-5.4-pro [40] 36.7 – –
Gemini-3.0-Pro [41] 15.0 73.0 63.2
Gemini-3.1-Pro [4] 23.3 – –
Claude-Opus-4.5 [42] 21.7 71.0 43.2
Apodex-1.0-mini 25.0 77.2 61.4
Apodex-1.0 28.3 80.3 69.0
Apodex-1.0-H 46.7 87.4 74.2

agent or the sub-agents. For Apodex-1.0-H, we use 16 rollouts per query for BrowseComp and HLE and 8
samples for all other benchmarks.

Deep-research benchmarks. Apodex-1.0-H sets a new state of the art across both open- and closed-
source frontier systems on the public deep-research suite. On the search benchmarks of Table 2, it leads
on BrowseComp (90.3, narrowly ahead of GPT-5.5-pro at 90.1), BrowseComp-ZH (84.1), DeepSearchQA
(94.4, ahead of Claude-Opus-4.8 at 93.1 and Kimi-K2.6 at 92.5), and text-only HLE (60.8). On the science
benchmarks of Table 3 the lead is more decisive: FrontierScience-Research (46.7 vs. next-best Muse Spark
at 38.3), FrontierScience-Olympiad (87.4 vs. GPT-5.2 at 75.0), and SuperChem (74.2 vs. Gemini-3.0-Pro at
63.2)—margins of 8–12 absolute points over the strongest competitor in each case.

Comparing within the Apodex family quantifies what heavy-duty mode contributes: on BrowseComp, the
base Apodex-1.0 reaches 75.5 and heavy-duty mode lifts it by +14.8 points; on FrontierScience-Research
the lift is +18.4 (28.3 → 46.7). Even without heavy-duty mode, Apodex-1.0-mini (35B-A3B) is competitive
with mid-tier closed-source systems on BrowseComp-ZH (80.6), DeepSearchQA (82.2), and FrontierScience-
Olympiad (77.2), confirming that a substantial amount of deep-research capability lives in the trained model
itself rather than only in test-time scaling.

Apodex-1.0 Smol Series. To facilitate research in the open-source community, we also train a series
of smaller models using our Deep Research SFT data. These models are designed to provide accessible
starting points for studying long-horizon search, tool use, and agentic reasoning under limited model capacity.
Interestingly, we find that small models can already acquire strong Deep Research capabilities from high-
quality SFT data alone. For example, Apodex-1.0-4B-SFT outperforms every open-source 30B-class model
on both BrowseComp and BrowseComp-ZH, demonstrating that effective data construction can substantially
improve the research ability of compact models.
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Table 4: Performance comparison of smaller open-source Deep Research models. We report results on four
representative agentic benchmarks: BrowseComp, BrowseComp-ZH, Humanity’s Last Exam (text-only),
and DeepSearchQA. Competing model scores are collected from publicly available technical reports or
model cards.

Model Params BrowseComp BrowseComp-ZH Humanity’s Last Exam DeepSearchQA

AgentCPM-Explore-4B [49] 4B 24.1 29.1 19.1 32.8
DR-Venus-4B-RL [50] 4B 29.1 37.7 – 39.6
ReTrac-4B [51] 4B 30.0 36.1 22.2 –
LiteResearcher [52] 4B 27.5 32.5 22.0 –
MarcoDR-8B [53] 8B 31.4 47.1 – 29.2
WebExplorer-8B-RL [54] 8B 15.7 32.0 17.3 17.8
Tongyi-DeepResearch [13] 30B 43.4 46.7 32.9 –
OpenSeeker-v2-30B-SFT [55] 30B 46.0 58.1 34.6 –
RedSearcher-30B [56] 30B 42.1 49.8 34.3 –
Apodex-1.0-0.8B-SFT 0.8B 13.9 10.7 11.2 25.8
Apodex-1.0-2B-SFT 2B 27.9 35.0 18.2 49.9
Apodex-1.0-4B-SFT 4B 48.8 63.5 32.9 69.9

Table 5: Benchmark results. Apodex-1.0-mini and Apodex-1.0 columns are our independent evaluations;
Qwen3.5 numbers are taken from the official release.

Benchmark Apodex-1.0-mini Qwen3.5-35B-A3B Apodex-1.0 Qwen3.5-397B-A17B
AIME 2026 94.7 93.3 93.3 91.3
HMMT Feb 25 92.7 89.0 100.0 94.8
GPQA Diamond 84.7 84.2 87.9 88.4
IFEval 91.5 91.9 93.2 92.6
IFBench 69.9 70.2 75.7 76.5
C-Eval 90.8 90.2 93.4 93.0
MMLU-Redux 92.9 93.3 94.2 94.9
MMLU-Pro 85.9 85.3 87.9 87.8
SuperGPQA 62.2 63.4 66.7 70.4
LongBench v2 58.3 59.0 61.1 63.2
AA-LCR 55.8 58.5 67.6 68.7

8.2. General Capabilities
We adopt a suite of public benchmarks that collectively examine the general capabilities of Apodex-1.0-mini
and Apodex-1.0. These benchmarks are categorized along the following dimensions:

• General Tasks. We report MMLU-Pro [57], MMLU-Redux [58], and C-Eval [59] to measure general
knowledge recall.

• Scientific Reasoning. We use SuperGPQA [60], and GPQA-Diamond [61], to probe graduate-level
scientific knowledge and reasoning.

• Mathematical Reasoning. We employ AIME 2026 [62] and HMMT February 2025 [63].
• Instruction Following. We report the strict-prompt accuracy of IFEval [64], and the constraint pass

rate of IFBench [65].
• Long-Context Understanding. We evaluate AA-LCR [66] and LongBench v2 [67].

For all Apodex models we use a sampling temperature of 0.6, top-p of 0.95, and top-k of 20. The maximum
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Table 6: Coding-agent and code-generation performance. The best score within each scale and benchmark
is shown in bold.

Model SWE-bench
Verified

Terminal-Bench
v2

LiveCodeBench
v6

35B-A3B scale
Qwen3.5 35B-A3B 69.2 40.5 74.6
Apodex-1.0-mini 71.5 39.3 77.8
397B-A17B scale
Qwen3.5 397B-A17B 76.4 52.5 83.6
Apodex-1.0 76.5 51.7 82.0
Apodex-1.0-H 79.0 58.4 85.1

output length is set to 81,920 tokens for reasoning benchmarks, and to 32,768 tokens for knowledge, instruction
following, and long-context benchmarks.

Across this suite, Apodex-1.0-mini and Apodex-1.0 track the general capabilities of their Qwen-3.5 coun-
terparts of matching size. Apodex-1.0-mini is within roughly one point of Qwen3.5-35B-A3B on every
benchmark (AIME 2026, HMMT Feb 25, GPQA Diamond, IFEval, C-Eval, MMLU-Redux/Pro, LongBench v2,
AA-LCR), and Apodex-1.0 likewise tracks Qwen3.5-397B-A17B, leading on HMMT Feb 25 (100.0 vs. 94.8),
C-Eval, MMLU-Pro, and IFEval, and trailing within a few points on GPQA Diamond, IFBench, SuperGPQA,
and LongBench v2. The pattern indicates that the agentic-focused post-training pipeline preserves the
underlying general knowledge, reasoning, and instruction-following capabilities of the base model rather
than trading them off for deep research performance.

8.3. Coding
Apodex-1.0 is designed to substantially improve deep-research capability while preserving strong coding-
agent competence. This section evaluates two questions: whether the deep-research gains reported in
Section 8.1 come at the cost of coding performance, and whether the heavy-duty mode with verification can
convert multiple candidate trajectories into stronger single-answer performance.

Benchmarks and baselines. We evaluate coding ability along two complementary axes. The first is agentic
coding, where a model must interact with a repository, shell, or execution environment over multiple steps.
We measure this setting with SWE-bench Verified [34] and Terminal-Bench v2 [35]. The second is single-shot
code generation, measured by LiveCodeBench v6 [36], whose contamination-controlled, time-windowed
problems provide a cleaner test of generation quality. We report results for two model scales, Apodex-1.0
(397B-A17B) and Apodex-1.0-mini (35B-A3B), each compared with its matched-size Qwen3.5 model.

SWE-bench Verified is evaluated under our internal SWE-agent harness [68], using temperature 1.0, top-p
0.95, top-k 20, a 256K context window, and a 32K maximum output length. Terminal-Bench v2 uses our
internal mini-swe-agent harness with temperature 0.6 and otherwise the same sampling and context settings.
LiveCodeBench v6 is evaluated in a single-shot setting with temperature 1.0, top-p 0.95, and a 64K maximum
output length.

Single-sample results report average pass@1. We additionally evaluate a heavy-duty mode in which the
model samples multiple candidate trajectories and selects one using an adaptive pairwise verifier. We use 4
candidates for SWE-bench Verified and Terminal-Bench v2, and 8 candidates for LiveCodeBench v6.
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Table 7: IMO-ProofBench results under our generate–verify–revise recipe. We report the official IMO-
ProofBench metric: mean score as a percent of the total possible points, with each problem graded 0–7
against a reference solution and a problem-specific rubric [69]. “Basic” covers the 30 pre-IMO to IMO-
Medium problems, “Advanced” the 30 novel IMO-Hard problems, and “Overall” the full 60. Apodex-1.0
(397B) numbers are still in flight.

Model Basic Advanced Overall

Apodex-1.0 49.05 12.38 30.71
Apodex-1.0-H 80.48 34.29 57.38

Table 6 shows that Apodex-1.0 preserves strong coding performance under the same research-oriented
training recipe whose deep-research gains are reported in Section 8.1. In the single-sample regime, both
Apodex models remain competitive with their matched Qwen3.5 bases across the evaluated benchmarks. At
the 35B-A3B scale, Apodex-1.0-mini improves SWE-bench Verified from 69.2 to 71.5 and LiveCodeBench v6
from 74.6 to 77.8, while staying close on Terminal-Bench v2. At the 397B-A17B scale, Apodex-1.0 matches
the base on SWE-bench Verified (76.5 vs. 76.4) and remains within a small margin on Terminal-Bench v2
and LiveCodeBench v6. These results indicate that the research-oriented training recipe does not erase the
model’s coding-agent competence.

This preservation is consistent across both agentic and single-shot settings. On benchmarks requiring
repository or shell interaction, Apodex remains competitive in single-sample decoding and improves further
under the heavy-duty mode with verification, reaching 58.4 at the 397B-A17B scale. On LiveCodeBench v6,
which evaluates single-shot generation rather than agent-environment interaction, Apodex remains broadly
competitive with the base models and also improves under the heavy-duty mode with verification at both
scales. Together, these results suggest that Apodex retains general coding ability while benefiting from the
stronger heavy-duty model.

8.4. Mathematical Proofs
We evaluate proof-writing capability on IMO-ProofBench [69], which contains 30 basic problems (pre-IMO
to IMO-Medium) and 30 advanced problems (novel, IMO-Hard). Each submission is graded 0–7 against a
reference solution and a problem-specific rubric, and the official metric is the mean score as a percentage of
the total possible points.

Table 7 reports results for Apodex-1.0 and for the same model under the generate–verify–revise loop with 10
rollouts (yielding Apodex-1.0-H). The largest gain is on the Advanced subset, where GVR lifts the score from
12.38 to 34.29—a near-tripling, and the strongest within-system improvement we observe on any benchmark
in the report. On the Basic subset, GVR raises the score from 49.05 to 80.48 (+31.4 points absolute, +64%
relative). Aggregated over the full 60-problem suite, Apodex-1.0-H scores 57.38 versus the base Apodex-1.0
at 30.71, an 87% relative improvement.

The pattern is what GVR is designed to produce: the Basic subset already has a non-trivial base score that
revision rounds polish into a near-ceiling number, while the Advanced subset starts from a low base where
iterative critique-and-revise has the most room to operate. Because the in-loop grader never sees the reference
solution or the rubric, the gain comes purely from the model’s ability to score and steer its own proofs across
rounds—not from oracle access.
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Figure 4: Coverage of the Hard Deep Research benchmark. The 41 queries grouped into ten content do-
mains, with each query assigned to exactly one domain by inspecting its reference answer.

9. Internal Evaluation
To evaluate beyond public retrieval benchmarks, we construct Hard Deep Research, a benchmark of 41 queries
requiring multi-source retrieval, multi-step reasoning, and evidence synthesis. Each query is hand-authored
by domain reviewers, and its answer takes the form of a unique entity, a top-k list, an enumerable set,
or a structured derivation. As the answer shape is closed, every query is scored programmatically and
deterministically against locked references, yielding an exact measure of factual retrieval and reasoning
correctness.

9.1. Dataset Composition
Figure 4 illustrates the thematic coverage of the benchmark, which spans ten domains. This distribution
shows that the benchmark is not concentrated on a small set of topics, but instead covers a wide range of
knowledge areas and task contexts.

We design every query so that its answer can be checked deterministically: a single entity or value, a
top-k ranking under a stated metric, an enumerable multi-field set, or a structured derivation against a
closed reference solution such as a map path. Internal domain reviewers curated 41 such queries. Each
is programmatically scorable yet still demands genuine research: rather than recalling a memorized fact
or relying on a single search hit, a model must locate, interpret, and synthesize evidence across multiple
sources.

For each query, reviewers identify the supporting evidence, derive the ground-truth answer, and freeze it
as a versioned, lock-dated reference. A task-specific scoring function then extracts the required structured
claims from a model response and compares them against this reference, with the resulting query-level score
normalized by the maximum attainable score. Some queries additionally include hard-negative cases, where
mentioning specified incorrect items incurs deductions, discouraging exhaustive guessing. The headline
metric is the arithmetic mean of these normalized scores over all 41 queries.
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Model Pos. (%) ↑ Zero (%) ↓ Neg. (%) ↓ Average ↑

Qwen3.6-Plus [72] 24.4 61.0 14.6 −1.4
MiniMax-M2.7 [71] 58.5 29.3 12.2 17.0
GLM-5.1 [73] 63.4 31.7 4.9 40.1
Gemini-3.1-Pro [4] 68.3 26.8 4.9 40.8
OpenAI-GPT-5.4 [40] 70.7 22.0 7.3 41.3
Claude-Opus-4.7 [70] 75.6 17.1 7.3 44.0
Apodex-1.0-mini 73.2 24.4 2.4 49.8
Apodex-1.0 75.6 22.0 2.4 52.9
Apodex-1.0-H 85.4 14.6 0.0 63.6

Table 8: Average scores of the nine candidate models on Hard Deep Research, together with the proportion
of queries scored positive, zero, or negative. Apodex-family rows are highlighted; column-best values
are in bold. Negative scores arise from the hard-negative penalty, which deducts points for mentioning
specified incorrect items.

9.2. Evaluation of Hard Deep Research
Setup. We report aggregate results using the scoring protocol defined in Section 9.1. Each baseline is
evaluated in its deep-research configuration: Claude-Opus-4.7 [70] in Research mode with web search and
external thinking enabled; OpenAI-GPT-5.4 [40] in Deep Research mode with the Pro tier and thinking effort
set to extended; Gemini-3.1-Pro [4] in Deep Research mode with web browsing enabled; MiniMax-M2.7 [71]
in Research mode; Qwen3.6-Plus [72] in Deep Research mode; and GLM-5.1 [73] in ChatGLM-5.1 Agent
mode. All scores are reported on a 0–100 scale, with negative averages possible when hard-negative penalties
exceed positive credit.

Results. Table 8 reports the average scores of the nine candidate models on the Hard Deep Research
benchmark. The Apodex-1.0 family claims the top three positions, led by the Apodex-1.0-H. Notably, even
the smallest variant, Apodex-1.0-mini, ranks third overall, surpassing the strongest commercial baseline,
Claude-Opus-4.7. These higher averages arise first from the Apodex models retrieving a larger number of
correct items, and are further reinforced by their robustness to the hard-negative penalty: they incur far
fewer net-negative responses than the baselines, reflecting their ability to accurately surface relevant items
while avoiding spurious ones. We provide a detailed case study in Section 9.3 for analysis.

9.3. Case Studies
To complement the aggregate metrics in §9.2, this section presents two case studies.

9.3.1. Case 1: Inverse Fact Retrieval from Cryptic Clues with Hallucination Resistance
This is an inverse-retrieval problem driven by indirect clues: the letters “zy” inside the brand name, the
letters “tech” inside the applicant’s name, and a “first-ever” qualifier through an unnamed expedited pathway.
Solving it requires mapping these soft constraints onto a single 2013 biologic and then recovering its exact
license number and approval date. The rubric scores four independent facts at +1 or −1 each, so a confident
but wrong guess is punished to −4 while a correct answer earns +4. Table 9 summarizes the Apodex-1.0-H
output, naming Gazyva (obinutuzumab), BLA 125486, approved 1 November 2013 by Genentech, with
the clarifications that fix the program (Breakthrough Therapy Designation) and rule out the tempting “zy”
distractors.
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Query Answer Clarifications & Exclusions

A certain country’s drug regulatory
agency has a special “fast track” pro-
gram. The first drug ever approved
for market through this fast track
has the letters “zy” in its brand
name, and the company that sub-
mitted the application has “tech” in
its name. What is the official ap-
proval number of this drug, and on
exactly which date was it approved?

Gazyva (obinutuzumab), approval
number BLA 125486, approved on 1
November 2013, submitted by Genen-
tech, Inc. It was the first drug ever ap-
proved under the FDA’s Breakthrough
Therapy Designation. The clues fit ex-
actly: the brand “Gazyva” contains
“zy”, and “Genentech” contains “tech”.

The unnamed “special fast track” is
the FDA Breakthrough Therapy Des-
ignation (created by the FDA Safety
and Innovation Act of 2012), not the
FDA’s separately named “Fast Track”
program. Tempting wrong matches are
ruled out: other “zy”-brand drugs such
as Zytiga or Zydelig come from com-
panies (Janssen/Ortho, Gilead) whose
names lack “tech”, and none was the
first Breakthrough Therapy approval.

Table 9: Apodex-1.0-H response excerpt for the fast-track drug-identification query.

Model Drug identified Company Appr. no. Date Score Norm.

OpenAI-GPT-5.4 [40] Zytiga (wrong) No No No −4 −1.00
GLM-5.1 [73] none No No No −4 −1.00
MiniMax-M2.7 [71] none No No No −4 −1.00
Qwen3.6-Plus [72] Zurnai (invented) No No No −4 −1.00
Claude-Opus-4.7 [70] Gazyva Yes Yes Yes 4 1.00
Gemini-3.1-Pro [4] Gazyva Yes Yes Yes 4 1.00
Apodex-1.0-mini Gazyva Yes Yes Yes 4 1.00
Apodex-1.0 Gazyva Yes Yes Yes 4 1.00
Apodex-1.0-H Gazyva Yes Yes Yes 4 1.00

Table 10: Per-model results on the fast-track drug-identification query. The rubric scores four independent
facts at +1 or −1 each: Drug identity (the named brand/generic), Company, approval number, and ap-
proval date; Score is their sum (range [−4,+4]) and Norm. its normalization to [−1, 1]. All three Apodex
configurations recover every field, whereas four of the six baselines instead report a wrong drug (or none)
and are penalized to −4. Apodex-family rows are highlighted.

Table 10 reports the per-model breakdown. All three Apodex configurations recover every field exactly
for a perfect 4/4. The discriminating behavior is hallucination resistance: four of the six baselines fail,
and they fail loudly. GPT confidently reports Zytiga and Qwen invents “Zurnai”, each wrong on all four
fields and penalized to −4, while MiniMax and GLM-5.1 return nothing. Only the two strongest baselines,
Claude-Opus-4.7 and Gemini-3.1-Pro, also reach 4/4. The case shows that when a query rewards precision
and punishes guessing, the Apodex family reliably converts a set of cryptic clues into a verifiable identifier
rather than a plausible-sounding fabrication.

9.3.2. Case 2: Precision-Constrained Enumeration under a Strict Definitional Boundary
The query admits a closed, objectively checkable answer set whose membership is fixed by a single criterion,
namely a formal government act of expulsion. All three Apodex models answer correctly, returning exactly the
three qualifying laureates with no false positives. As a representative example, Table 11 reports a summarized
version of the Apodex-1.0 output along three axes: the query, the answer that lists the laureates satisfying
the strict criterion, and its clarifications & exclusions that rule out the tempting distractors.
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Query Answer Clarifications & Exclusions

Among writers who
have won the Nobel
Prize in Literature,
which ones were for-
mally expelled or exiled
by the government of
their own country?

Under the strict criterion of a formal govern-
ment act (deportation, banishment, and/or
stripping of citizenship), exactly three lau-
reates qualify: 1) Aleksandr Solzhenitsyn
(1970, USSR): arrested, stripped of citizen-
ship, and deported to Frankfurt in Feb. 1974;
2) Joseph Brodsky(1987, USSR): forcibly
put on a plane to Vienna in June 1972 and
rendered stateless; 3) Miguel Ángel As-
turias (1967, Guatemala): stripped of cit-
izenship and expelled in 1954 by the post-
coup Castillo Armas regime.

Many laureates experienced exile or censor-
ship without ever being subject to a formal
expulsion order, and are excluded on that ba-
sis: 1) Pablo Neruda fled Chile under an
arrest warrant; 2) Thomas Mann had al-
ready emigrated before his denaturalization
by the Nazi regime; 3)Wole Soyinka escaped
across the border to evade arrest; and 4) Gao
Xingjian entered self-imposed exile and was
only later declared persona non grata, among
others.

Table 11: Apodex-1.0 response excerpt for the Nobel-laureate expulsion query.

Model Correct ↑ Over-claimed ↓ Score ↑ Norm. ↑

Claude-Opus-4.7 [70] 3 8 −5.0 −1.7
Gemini-3.1-Pro [4] 3 5 −2.0 −0.7
OpenAI-GPT-5.4 [40] 3 4 −1.0 −0.3
MiniMax-M2.7 [71] 0 0 0.0 0.0
Qwen3.6-Plus [72] 2 1 1.0 0.3
GLM-5.1 [73] 3 0 3.0 1.0
Apodex-1.0-mini 3 0 3.0 1.0
Apodex-1.0 3 0 3.0 1.0
Apodex-1.0-H 3 0 3.0 1.0

Table 12: Per-model results on the Nobel-laureate expulsion query, scored by counting correct (+1) and
over-claimed (−1) items. Score is the raw sum and Norm. is its normalized value. Apodex-family rows
are highlighted. Negative scores arise from the over-claim penalty, which deducts points for asserting
specified incorrect items.

This query rewards recall and precision simultaneously: the rubric awards +1 for each laureate removed by a
formal state act, and −1 for each over-claimed name: a writer who self-exiled, defected, or fled persecution
but was never formally expelled. Table 12 reports the per-model breakdown under this rubric. The ground-
truth answer set contains only three laureates, so the dominant failure mode is over-enumeration. The
Apodex family, all three models, reports exactly the three defensible cases and quarantines the tempting
distractors into an explicit exclusion list, attaining a perfect score with zero penalties. The highest-recall
baselines do the opposite: aiming for exhaustive coverage, they conflate “de facto exile under pressure”
with “formal expulsion” and enumerate as many as fifteen names, as shown in Table 12. For example,
Claude-Opus-4.7 [70] incurs up to eight penalty points and Gemini-3.1-Pro [4] five, driving their normalized
totals well below zero. The case shows that Apodex strikes the right balance: it pursues coverage as fully
and accurately as the evidence allows while avoiding over-claims, which is exactly what the scoring rewards.
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10. Conclusions
We introduced Apodex-1.0, a deep-research model, together with Apodex-1.0-H, the same model deployed
in our verification-centric heavy-duty mode. One thesis underwrites the design: reliability on hard, open-
ended problems is not a function of model scale or context length, but of a team that engages the external
world and audits its conclusions before committing.

Three jointly designed pieces carry that thesis. A high-quality data pipeline and a three-stage post-training
recipe (SFT, agentic DPO, RL on long agentic rollouts) substantially raise the deep-research capability of
the Qwen3.5 base while preserving its general knowledge, coding, reasoning, and instruction-following
capabilities. When the trained model is deployed in heavy-duty mode, it operates inside an asynchronous
agent team: an orchestrator dispatches specialized sub-agents for retrieval and verification, routes their
reports through a shared evidence pool, runs an in-flight verification team (conflict reviewer, fact checker,
draft reviewer) over individual reports, and finally hands the assembled evidence to a domain-tailored global
verifier—evidence reasoning for deep research, causal-evidence comparison for coding, generate–verify–
revise for math. AgentOS, a task-agnostic runtime, hosts both deployment modes above a single narrow
facade, so adding a new application is a folder of plugin code rather than a patch to the kernel.

Apodex-1.0-H sets a new state of the art across open- and closed-source models on the public deep-
research suite—BrowseComp, BrowseComp-ZH, text-only HLE, DeepSearchQA, FrontierScience-Research,
FrontierScience-Olympiad, and SuperChem—and on our internal Hard Deep Research benchmark of 41
reviewer-curated queries, where it leads the strongest commercial baselines by a substantial margin. The
smaller Apodex-1.0-mini surpasses every external baseline on the internal benchmark at a fraction of the
active parameters. We release Apodex-1.0-mini alongside three smaller variants (0.8B, 2B, 4B); remarkably,
the 4B variant outperforms every open-source 30B-class model on deep-research tasks.
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