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Abstract

Agentic coding tools create new opportunities
to transform research workflows. The perfor-
mance of agentic systems depends not only on
large language models (LLMs), but also on the
surrounding harness: the orchestration code
that determines an agent’s behavior. We present
ToFU, an open-source agentic harness for re-
searchers that can read codebases, edit files,
run commands, and integrate with development
tools. TOFU plays a dual role in research.
As a research assistant, it achieves higher
Pass@1 than CLAUDE CODE on SWE-bench
Verified across three backbone LLMs while
using 28.4% fewer tokens by macro-averaged
relative reduction; its multilingual enhance-
ment further improves MAPS : SWE-bench accu-
racy by 2.6 points on average over the same har-
ness without enhancement. As a research ob-
ject, TOFU provides a white-box harness whose
orchestration logic, tool-use behavior, and con-
text management can be inspected, modified,
and evaluated while retaining an application-
level user experience. Released under the MIT
License, TOFU supports self-hosted deploy-
ment, including privacy-sensitive settings when
paired with locally hosted models.

¢ github.com/NiuTrans/ToFu

1 Introduction

Large language models (LLMs) present new oppor-
tunities to transform intelligent assistants. Rather
than merely receiving user requests and generat-
ing textual responses (Liu et al., 2024; Singh et al.,
2025; Anthropic, 2024), modern intelligent assis-
tants can interact with external tools and environ-
ments to perform actions such as web search, file
editing, and code execution (Yao et al., 2023; An-
thropic, 2025; OpenAl, 2025; Li et al., 2025).
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Figure 1: Human interaction with the TOFU harness.

The performance of agentic systems depends on
both LLMs and the surrounding harness: the or-
chestration code that shapes an agent’s behavior.
An agentic system acts toward a goal with a de-
gree of autonomy (Anthropic, 2025; OpenAl, 2025;
OpenClaw, 2026). A harness enables the agent
to read documents or codebases, plan sequences
of actions, execute them using development tools,
evaluate the results, and adjust its approach.

The widespread adoption of current agentic sys-
tems is constrained by several challenges in cur-
rent agentic harnesses. (i) Token efficiency: even
simple requests can incur substantial fixed context
overhead from system instructions, tool schemas,
and interaction history, while complex multi-step
tasks further increase financial cost. (ii) Multilin-
gual capability: because multilingual performance
depends partly on the backbone LLM, agentic sys-
tems can exhibit performance gaps between En-
glish and other widely spoken or low-resource lan-
guages (Shi et al., 2023; Qin et al., 2024; Mu
et al.,, 2024; Hofman et al., 2026). (iii) Open-
source projects and local deployment: privacy-
sensitive users may prefer to deploy both the LLM
and the agentic harness locally to reduce external
data exposure (Xu et al., 2024; Ge et al., 2024;
Siyan et al., 2025). (iv) White-box research in-
strument: current harnesses involve a trade-off
between research-oriented systems that prioritize
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reproducibility and benchmark evaluation (Yang
et al., 2024; Wang et al., 2025) and polished com-
mercial products whose provider-managed models
and orchestration may change over time (OpenAl,
2025; Anthropic, 2025). Research on harness evo-
Iution (Lee et al., 2026; Seong et al., 2026; Lin
et al., 2026a,b; Chen et al., 2026) benefits from
open-source harnesses that combine inspectable or-
chestration, strong benchmark performance, and an
application-level user experience.

In this paper, we present TOFU, a token-efficient,
multilingual-enhanced, and open-source agentic
harness for researchers. In our evaluation, TOFU
combines strong benchmark performance with im-
proved token efficiency; its three-layer context-
compaction design manages long agentic contexts.
Its multilingual and swarm modes provide optional
mechanisms for cross-lingual interaction and multi-
agent coordination. Moreover, TOFU supports a
wide range of applications through Model Context
Protocol (MCP) integrations, enabling direct inter-
action with platforms such as Overleaf, GitHub,
and Notion, as well as external agentic coding sys-
tems as callable components. More importantly,
TOFU serves as an open-source baseline that com-
bines a usable product surface with strong bench-
mark performance. Our contributions are:

* We present TOFU, an open-source agentic har-
ness that extends Al research assistants from
reactive advice toward autonomous goal com-
pletion.

* We design the harness and context-
management pipeline for token efficiency.
On SWE-bench Verified, TOFU achieves
a 28.4% macro-averaged relative reduction
in token usage (up to 43.6%) compared with
CLAUDE CODE across three backbone LLMs,
while achieving higher Pass@1.

* We enhance TOFU via a multilingual mode,
where an auxiliary translation layer enables
the agent to operate internally in English. This
leverages the stronger English performance
of many LLMs while preserving the source
language at the user-facing interface.

* The open-source nature of TOFU enables
users to further extend and customize it for
task-specific needs, while its white-box de-
sign offers a baseline for harness research that
balances effectiveness with user experience.

2 TOFU architecture

2.1 Framework overview

This section introduces the modular architecture of
TOFU and the information exchanged among its
components. TOFU consists of six modules: the
User Interface, Agent Orchestration Core, Model
Abstraction Layer, Capability Runtime, State &
Knowledge, and Context Management.

User Interface defines the interaction between
users and TOFU. Users can access TOFU through
a Web Ul or a bot on a social platform. Similar to
interactions with LLMs, users can submit queries
and attachments, including files, screenshots, and
file paths. In addition, the interface allows users to
configure settings such as model selection, thinking
mode, and whether to enable sub-agents or multilin-
gual enhancement. Users can interrupt the agentic
tool during its reasoning process or resume the con-
versation from a checkpoint. For safety considera-
tions, TOFU requires explicit user approval before
executing actions that may be risky, irreversible, or
involve external permissions. The interface sends
the final user message and configuration settings to
the Agent Orchestration Core for processing, and
also stores preference information, such as feed-
back and approvals, in long-term memory.

Agent Orchestration Core The Agent Orches-
tration Core serves as the agent control center of
ToFu. It is not the model itself, but rather a control
layer responsible for organizing agent behaviors.
The Orchestration Core decomposes user requests,
coordinates planner-worker-critic style reasoning,
manages tool calls, tracks intermediate observa-
tions, and controls fallback, checkpointing, inter-
ruption, and finalization. In general, the task of
the Orchestration Core is to receive, integrate, and
dispatch information. It organizes short- and long-
term memory through the State & Knowledge and
Context Management modules, enables tool invo-
cation and external system interaction through the
Capability Runtime module, and accesses LLMs
through the Model Abstraction Layer module. For
complex tasks, it also invokes the swarm scheduler,
enabling multiple sub-agents to work in parallel
while preserving dependency-aware coordination
and final synthesis.

Model Abstraction Layer provides a unified
gateway over heterogeneous LLM providers, mod-
els, API keys, and streaming protocols. It nor-
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Figure 2: Overview of the TOFU harness.

malizes provider-specific differences into a con-
sistent message and tool-call interface, parses rea-
soning traces and usage statistics, and handles rate
limits, retries, and fallback routing. This abstrac-
tion allows the orchestration core to remain model-
agnostic while still exploiting different models for
reasoning, translation or summarization.

Capability Runtime is the action and exten-
sion environment through which TOFU interacts
with external systems. It executes tool calls and
returns their results together with any resulting
state changes or external effects. The Capabil-
ity Runtime includes native capabilities such as
code/project tools, shell execution, web search,
desktop/browser access, document processing, im-
age generation, and scheduling, as well as exten-
sion adapters such as MCPs and external agent
APIs. TOFU supports applications such as Over-
leaf, GitHub, Slack and Notion through MCPs.
Runtime governance mechanisms, including ap-
proval checks, human guidance, tool-result han-
dling, and recovery cues, ensure that these capabil-
ities remain controllable during execution.

State & Knowledge The State & Knowl-
edge module maintains the persistent information
needed for continuity across tasks and sessions. It
stores conversation state, execution history, task
traces, long-term memories, and reusable skills,
allowing TOFU to recover prior context without
replaying entire conversations. This layer supports

both operational state tracking and accumulated ex-
periential knowledge, so future reasoning can reuse
past decisions, project conventions, bug patterns,
and workflow knowledge.

Context Management The Context Manage-
ment module constructs the short-term working
context that is actually sent to the model at each rea-
soning step. It selects and injects relevant messages,
memories, skills, tool results, and knowledge; ap-
plies context compaction and cache-aware layout
strategies; and supports multilingual enhancement
detailed in Section 2.4. The purpose of this module
is to maximize useful information density while
controlling token cost, prompt-cache stability, and
context-window pressure.

2.2 Three-layer context compaction

ToFU adopts a layered context compaction strategy
to manage long agentic conversations under lim-
ited context windows. The design aims to reduce
redundant or low-value tokens while preserving
the information necessary for continued reasoning,
tool use, and task completion. Instead of applying
a single global truncation rule, TOFU combines
three complementary forms of compaction.

First, TOFU performs size-aware budgeting for
tool outputs. Large results from search, command
execution, or web fetching are externalized and
replaced with compact previews and recoverable
references, so the model keeps awareness of the evi-
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dence without carrying the full text in context. File-
reading outputs are treated more conservatively,
since truncating source-code content often causes
repeated tool calls and increases total cost.

Second, TOFU applies cache-aware micro-
compaction to cold history. Recent tool results
and reasoning traces are preserved verbatim, while
older bulky tool outputs, stale reasoning blocks,
and image-heavy results are replaced with con-
cise placeholders. This process is deterministic
and does not require an additional LLM call. It is
also designed to avoid modifying cached prefixes,
thereby reducing context size without unnecessar-
ily invalidating prompt-cache reuse.

Third, when the conversation approaches the
usable context limit, TOFU triggers query-aware
semantic compaction. A lightweight model (e.g.
GPT-40) summarizes older turns with respect to the
current user query: critical turns are preserved in
high fidelity, useful turns are compressed, tangen-
tial turns are briefly mentioned, and irrelevant turns
are removed. The current in-flight turn is always
kept intact. This produces a compact working-state
summary that retains user instructions, technical
decisions, file context, errors, and pending steps,
enabling the task to continue after compression
with minimal loss of operational context.

2.3 Memory and retrieval subsystem

The memory subsystem of TOFU is implemented
as a persistent, retrieval-oriented knowledge layer
rather than raw conversation replay. Memories
are stored as structured Markdown records with
metadata such as name, description, tags, scope,
and runtime eligibility. The system distinguishes
project-specific memories from global memories,
allowing reusable experience to be shared across
tasks while still preserving project-local conven-
tions. Instead of injecting all memory contents into
every prompt, TOFU only provides a compact indi-
cation that memories are available, then the model
retrieves relevant memories on demand.

Memory retrieval is based on lightweight BM25
ranking over memory metadata and content. This
design avoids the cost and latency of dense em-
bedding calls while remaining effective for tech-
nical memories, where exact terms such as library
names, error messages, APIs, and file patterns are
often highly informative. The model may search
memories with task-specific keywords, inspect the
returned memory paths, and then load only the
records that are actually useful. Memories can also

be created, updated, deleted, or merged during task
execution, enabling the system to accumulate bug
patterns, project conventions, user preferences, and
workflow knowledge over time.

Overall, the memory and retrieval system pro-
vides TOFU with long-term experiential recall
while keeping context usage, latency, and retrieval
noise under control.

2.4 Multilingual enhancement

ToFu supports multilingual interaction through a
translate-then-reason workflow. When the user
communicates in a non-English language, the in-
put is first translated into English before being sent
to the main reasoning model, allowing the system
to benefit from stronger English-centric model ca-
pabilities and broader English web resources. Af-
ter the model completes its reasoning and gener-
ates a response, the output is translated back into
the user’s original language for display. The orig-
inal text is preserved alongside the translated ver-
sion, and code blocks or explicitly marked non-
translatable spans are protected to reduce semantic
or formatting corruption.

2.5 Swarm scheduler

ToFuU uses a dependency-aware swarm sched-
uler to coordinate multiple sub-agents for complex
tasks. Each sub-task is represented as an agent
objective with optional dependencies, forming a
directed acyclic graph. Independent agents are ex-
ecuted in parallel, while dependent agents are de-
layed until their prerequisite results become avail-
able. This allows TOFU to exploit parallelism with-
out sacrificing task coherence.

The scheduler injects completed prerequisite re-
sults into downstream agents’ context, enabling
later agents to build directly on earlier findings
rather than rediscovering the same information. To
improve robustness, agent execution is bounded
by concurrency control, rate-limit-aware execution,
and automatic retry with failure context. In re-
active mode, a master agent periodically reviews
completed results and decides whether the current
evidence is sufficient or whether additional agents
should be spawned. Thus, the swarm scheduler
provides an adaptive execution mechanism that bal-
ances parallel speed, dependency correctness, and
iterative task refinement.
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Agentic Harness Pass@1 (Solved/Attempted) Avg. Cost ($/inst.)  Avg. Tokens (/inst.)  Avg. Turns
L. Claude Opus 4.6 (Anthropic, 2026)

ToFu 83.2% (416/500) $5.13 663,881 17.5
CLAUDE CODE 79.6% (398/500) $4.97 837,764 18.6
OPENCODE 74.2% (371/500) $7.00 757,925 22.7
II. GLM-5.1 (Zhipu-Al, 2026)

ToFu 80.4% (402/500) $1.19 575,255 17.5
CLAUDE CODE 77.6% (388/500) $1.67 1,020,453 20.0
OPENCODE 71.6% (358/500) $0.81 568,097 15.5
II1. DeepSeek-V4-Pro (DeepSeek-Al, 2026)

ToFu 80.2% (401/500) $1.66 1,110,192 21.9
CLAUDE CODE 75.2% (376/500) $1.86 1,401,574 21.6
OPENCODE 71.8% (359/500) $1.08 831,294 17.6

Table 1: Performance of TOFU, CLAUDE CODE, and OPENCODE on the full SWE-bench Verified benchmark
across three backbone LLMs. All patches are graded by the official SWE-bench harness inside udocker.

3 ToFu applications

3.1 User interface

ToFuU’s Ul exposes agent behavior through a com-
pact set of runtime controls rather than a plain chat
interface. As shown in Figure 4 (left), the bottom
toolbar organizes these controls into four groups.
Enhance enables auxiliary capabilities such as code
execution, memory injection, and automatic trans-
lation. Tools grants access to external action envi-
ronments, including browser control, desktop op-
eration, scheduling, image generation, and human
guidance. Mode selects higher-level orchestration
strategies such as swarm-based parallel agents or
autonomous plan-execute-review loops. Search
controls whether the agent can retrieve external
web information during a turn. The left sidebar pro-
vides persistent conversation management, allow-
ing users to create new chats, browse and resume
dialogue history, organize dialogues into folders,
and perform actions such as referencing, moving,
duplicating, or deleting a conversation. Dashboards
at the top of the left sidebar are the paper reader,
history search, daily report, and settings.

3.2 Paper Reader

As shown in Figure 4 (right), TOFU integrates a
paper reader. Uploading a PDF or pasting an arXiv
URL opens a split-pane view (PDF left, chat right)
with grounded Q&A over the parsed text, a gen-
erated paper report, and a translated version of
the PDF via Babel PDF!. The Q&A feature and
paper-report generation are powered by the TOFU
harness.

"https://app.immersivetranslate.com/babel-doc

3.3 Overleaf

TOFU can assist scientific manuscript writing in
Overleaf by connecting the agent to the project
workspace through our open-source Overleaf
MCP2. This integration turns an Overleaf project
into an editable and inspectable writing environ-
ment, where TOFU can list projects and files, read
LaTeX sources, analyze document sections, revise
abstracts or method descriptions, update specific
sections, manage auxiliary files, inspect version
history and diffs, and compile the manuscript to
obtain PDFs and logs. In this way, TOFU supports
the full academic writing loop, from understanding
the current manuscript and proposing revisions to
applying precise LaTeX edits and validating the
compiled result within the user’s existing Overleaf.

4 Evaluation

Agentic coding is the primary task for harnesses
since system-level interaction relies on understand-
ing both problems and programming tools.

4.1 Evaluation setup

Dataset We utilize SWE-bench Verified (Ope-
nAl, 2024), a human-filtered subset of 500 in-
stances from SWE-bench (Jimenez et al., 2024)
created in collaboration with OpenAl. SWE-bench
is designed to evaluate the ability of LLMs/agents
to solve real-world software engineering tasks. It
requires models to fix existing issues in large and
complex GitHub repositories, similar to how soft-
ware engineers operate. Human annotators re-
viewed each instance to ensure the problem descrip-
tions are clear, the test patches are correct, and the
tasks are solvable given the available information.

Zhttps://github.com/rangehow/overleaf-mecp
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Metrics We evaluate agentic coding performance
using Pass@1, the fraction of benchmark instances
solved in a single run. We also evaluate the sys-
tem efficiency of agentic harnesses. We report Avg.
Cost ($/inst.) and Avg. Tokens (/inst.) as
the average monetary cost and total token usage per
instance, respectively. We additionally report Avg.
Turns as the average number of agent—environment
interaction turns per instance.

Agentic harnesses and models We compare
ToFu with two baselines: commercial CLAUDE
CODE (Anthropic, 2025) and open-source CLI
OpenCode (SST, 2026). As the performance of
agentic systems depends on both the design of agen-
tic harnesses and the capability of backbone LLMs,
we evaluated three leading LLMs: Claude Opus
4.6 (Anthropic, 2026), GLM-5.1 (Zhipu-Al, 2026),
and DeepSeek-V4-Pro (DeepSeek-Al, 2026).

4.2 Evaluation results

TOFU outperforms CLAUDE CODE with fewer
tokens. As shown in Table 1, TOFU achieves the
best Pass@1 on the SWE-bench Verified bench-
mark across all three backbone LLMs. Averaged
over the three LLMs, TOFU outperforms CLAUDE
CODE and OPENCODE by 3.8 and 8.7 percentage
points in Pass@1, respectively. More importantly,
this improvement is achieved with substantially
lower token consumption than CLAUDE CODE:
TOFU uses fewer tokens for all three LLMs, with
a 28.4% macro-average of the per-model relative
reductions in token usage. This shows that the per-
formance gain does not require consistently higher
token usage and is consistent with a more efficient
harness design. Although OPENCODE is cheaper
or more token-efficient for some model settings,
its solving performance is consistently lower than
ToFuU, indicating a clear trade-off between cost
and task success. Note that Avg. Tokens includes
both input and output tokens. Monetary cost does
not scale linearly with this total because providers
may price input, cached input, and output tokens
differently. Overall, these results show that TOFU
provides a stronger accuracy—efficiency balance,
improving pass rate while maintaining competitive
cost, token usage, and turns.

More tokens do not necessarily imply better per-
formance An interesting observation from the
comparison between TOFU and CLAUDE CODE is
that higher token consumption does not necessarily
lead to better performance. On the contrary, TOFU
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Figure 3: Performance of TOFU with multilingual en-
hancement (M-Enh) on MAPS: SWE-bench.

outperforms CLAUDE CODE with fewer tokens and
comparable costs. This suggests that there remains
substantial room to improve the token efficiency
of current harnesses, which is one of our future
optimization goals.

4.3 Multilingual enhancement

We utilize MAPS (Hofman et al., 2026), a multi-
lingual benchmark for agent performance and se-
curity. MAPS consists of four benchmarks: GAIA,
MATH, SWE-bench, and Agent Security, and has
been translated into ten languages: Spanish (es),
German (de), Arabic (ar), Russian (ru), Japanese
(ja), Portuguese (pt), Hindi (hi), Hebrew (he), Ko-
rean (ko), and Italian (it). We evaluate TOFU’s
agentic coding performance on MAPS: SWE-bench
in all ten languages using Claude Opus 4.6.

As shown in Figure 3, the experimental results
indicate that multilingual enhancement improves
accuracy by an average of 2.6 points compared with
using the source language directly. Specifically, it
improves performance in 7 of the 10 languages and
decreases performance in the remaining 3.

5 Related work

Agentic coding tools. An agentic system acts
toward a goal with a degree of autonomy, rather
than LLMs that respond to one prompt at a time
or an agent workflow designed for specific tasks
(Anthropic, 2025; OpenAl, 2025; OpenClaw, 2026;
MiniMax, 2026). Agentic coding tools read a code-
base, plan a sequence of actions, execute them us-
ing real development tools, evaluate the results, and
adjust their approach. The developer sets the objec-
tive and retains control over what gets committed,
but the execution loop runs independently.

Agentic harnesses. The harness is an important
determinant of agentic-system performance along-
side the backbone LLM. Accordingly, work on
harness evolution (Lee et al., 2026; Seong et al.,
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2026; Lin et al., 2026a,b; Chen et al., 2026) ex-
plores methods such as self-evolution and active
learning to improve orchestration. Such research
benefits from open-source harnesses that expose
their implementation while retaining strong bench-
mark performance and a usable application surface.
Research-oriented systems such as SWE-agent and
OpenHands emphasize reproducibility and agen-
tic coding (Yang et al., 2024; Wang et al., 2025),
whereas commercial products such as Codex rely
on provider-managed models and infrastructure,
which makes controlled harness-level study more
difficult (OpenAl, 2025).

6 Conclusion

We present TOFU, an agentic harness for re-
searchers that achieves strong benchmark perfor-
mance, improved token efficiency, competitive cost,
and stronger multilingual performance than its non-
enhanced variant in our evaluation. We release
TOFU under the MIT License to support self-
hosted deployment; privacy-sensitive users can pair
it with locally hosted models to reduce external
data exposure. Moreover, TOFU provides a white-
box harness that retains strong benchmark perfor-
mance and an application-level user experience.

Limitations

This work has several limitations. First, our evalua-
tion mainly focuses on coding ability, while eval-
uation in broader research-assistant scenarios is
limited to a small human preference study with
only seven annotators; due to cost constraints, we
have not yet conducted large-scale studies with real
users. Second, although TOFU achieves strong per-
formance with lower token usage, we do not yet
provide a systematic quantitative analysis of the
trade-off between token efficiency and task perfor-
mance, which we leave to future work.
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A Human Evaluation

We evaluate on 100 tasks spanning time-sensitive
facts, false-premise correction, citation honesty,
multi-source comparison, fact-checking, and doc-
umentation lookup. We compare with CLAUDE
CODE; both systems use Claude Opus 4.6. Each
task was rated blind by seven annotators in position-
counterbalanced order for accuracy, grounded-
ness (claims backed by independently checkable
sources), and overall usability; accuracy was scored
against author-verified ground truth.

Across 700 pairwise comparisons, human raters
prefer TOFU in 77% of cases, versus 18% for
CLAUDE CODE, with 5% ties. Every annotator
prefers TOFU overall (per-annotator win rate 76—
86%). TOFU leads on all three criteria (p < 0.001),
and the preference holds in every category, includ-
ing documentation lookup (58%).

Category ToFuwin n

Multi-source comparison 97% 70
False-premise correction 94% 84
Time-sensitive facts 80% 112
Common-knowledge 80% 112
Citation honesty 79% 84
Fact-checking 73% 70
Documentation lookup 58% 168
Overall 77 % 700

Table 2: Blind pairwise human preference for TOFU by
category, with 7 annotators x 100 cases in total.

B UI demonstration

Fig. 4 shows the TOFU UI and paper reader.

C Case study: Booking a flight

We include one complete, unedited trace to show
that TOFU’s tool-call loop, the same one used on
SWE-bench, transfers to everyday web interaction,
and that the run is fully attributable end to end.

Task. “Find flights from Washington to
New York tomorrow between 13:00—-18:00 on
trip.com, shortest duration first.” TOFU resolves
“tomorrow” —2026-06-29 and the cities to airport
groups (WAS, NYC) with no further input.

Trace. Listing 1 is the full five-round trace: in-
spect the session, build a parameterized search
URL, wait for the page to settle, screenshot for
grounding, then inject the round-5 DOM probe
in Listing 2, which filters candidate nodes by a

time-and-stops pattern and de-duplicates them into
machine-readable rows.

Listing 1: Trace of 5 rounds tool-call.

[R1] browser_list_tabs
args: {3}
result: 3 tabs open; none on trip.com.

[R2] browser_create_tab
args: {"active": true, "url”
"https://us.trip.com/flights/showfarefirst
?dcity=was&acity=nyc&ddate=2026-06-29
&triptype=ow&class=y&quantity=1
&searchboxarg=t"}
result: Created tab #12166360.

[R3] browser_wait
args: {"tab_id": 12166360, "time": 6}
result: Waited 6.0s.

[R4] browser_screenshot
args: {"tab_id": 12166360,
"full_page": false}
result: Screenshot captured (png).

[R5] browser_execute_js
args: {"tab_id": 12166360, "code": <see Listing 2>,
"description”: "Extract all flight rows
(times, duration, stops, airports, price)”}
result: 40 text rows -> 12 in-window flights.

Listing 2: Core of the round-5 DOM probe.

Array.from(document.querySelectorAll('[class*="flight-item
"],div"))
filter(el => /\d{1,2}:\d{2}\s?(AM|PM)/.test(el.innerText
)
&& /\dh|Nonstop|stop/i.test(el.innerText)
&& el.innerText.length < 400)
.map(el => el.innerText.replace(/\n+/g,' | ').trim());

Result. Of the scraped rows, twelve are nonstop
and inside the 13:00-18:00 window. Sorted by
duration, the two shortest tie at 1h22m: United
(Gojet) DCA—EWR at $215, departing 1:00 PM and
3:10PM. ToFU surfaces these and states its as-
sumptions explicitly (all-airport WAS/NYC; prices
unverified, nothing booked). This visible chain
of resolve, navigate, ground, scrape, filter, sort,
and recommend-with-caveats is exactly the trans-
parency the white-box design targets.

D Design comparison with OpenCode

Table 3 contrasts the designs across context, tools,
orchestration, and recovery. A notable difference
is recovery: OpenCode does not retry by default,
whereas TOFU performs bounded in-loop retries.
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Figure 4: TOFU UI and paper reader.

Design axis

OpenCode

ToFu

Context management

Long tool outputs

Reusing old
context

Cache breakpoints

When context is
full

Summary focus

Persistent memory

Change reminders

Tool design
Multi file
operations
Orchestration

Reasoning loop

Sub agent
execution
Agent
communication

Every result is hard truncated to a fixed size, and
the overflow is saved to a file the agent must
re-open

Rewrites old tool results in place, which
invalidates the provider prompt cache for later
turns

Placed by position on the first and last messages,
recomputed every turn, and the pruning step
mutates the prefix they depend on

A single fixed threshold triggers one
summarization pass

The same generic prompt regardless of the
current task

None, only human written instruction files and
the raw conversation history

Only mode switch notices, edited into an existing
message

One file per call, so reading or editing NN files
needs IV separate calls

A single agent calls tools in one flat loop, with no
review step

One shot delegate and wait, run one at a time
with no dependencies

Results return only to the parent, so sibling
agents cannot share findings

Robustness (unattended runs)

Failed request
Interrupted stream

Failed tool call

No automatic retry by default, and no switch to
another provider or key

Ends the turn

Marked as an error

Keeps a bounded preview plus a re-expandable
reference, and leaves file reads intact to avoid
re-read loops

Replaces only cold results with short
placeholders while keeping a hot tail, so the
cached prefix is never rewritten

Of the four markers, one is reserved for the
growing tail and one for the last tool, so system
blocks cannot crowd them out; the stable prefix is
cached for one hour and the tail for five minutes

A zero cost pass runs every round, and an LLM
summary fires only above about 80% of the limit
Rates each past turn for relevance to the current
query, keeping critical turns verbatim and
dropping the rest

Markdown records the agent writes itself,
retrieved by keyword and surfaced proactively
across sessions

A recently-modified-files and next-step reminder,
added as a new message so the prefix stays intact

Batched, so one call reads or edits many files,
amortizing per call overhead and reducing turns

A Planner, Worker and Critic loop with a
verification gate

A dependency aware graph runs independent
agents in parallel and defers dependent ones
Each finished result is injected into its
dependents, and a coordinator can spawn follow
up agents from intermediate findings

Bounded automatic retry, model fallback, and
provider or key rotation

Re-runs the interrupted turn, up to 16 times with
backoff

Returned to the model as a structured request to
retry with corrected input

Table 3: Source-verified design comparison of TOFU and OpenCode.
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