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Executive summary

Enterprises are handing real work to Al agents: software that reads files, queries databases, sends email,
calls internal APls, and makes decisions on a person’s behalf. These are no longer chatbots that only

produce words. They act, and their actions carry consequences.

An agent can pass every safety check a vendor runs and still be walked across a policy line by a patient
adversary. The failures that matter surface over several turns, and they happen through the agent’s
tools: a query that reads a column it should not, a message sent to the wrong recipient, a secret pulled
from a document it was asked to summarize. Single-prompt scanners never see them. Most testing tools
miss them for a different reason. They grade the agent’s words. They read the final reply, see a polite

refusal, and record a pass, while the agent quietly did the task it refused to describe.

CONTROLLED TEST

In a controlled test we put Fisher and a leading open-source evaluation platform on the same target agent. That platform’s
premium multi-turn module reported the agent “100% defended.” In reality the agent had been querying password tables
and API-key records through its tools the entire time. The tool graded the refusal text and never looked at what the agent

did. Fisher, run against the same conversations, caught every single one.

Fisher is Molt Al's adversarial testing engine for tool-using Al agents. It runs the kind of patient, multi-
turn campaign a real attacker would, and it scores what the agent does (the actual tool calls) rather than
what it says. The product arc moves Discover, Prove, Remediate: find the agents that hold access to your
data, prove which of them can be exploited, and verify a fix that closes the hole. Prove and Remediate

are available today. Discover is in preview with design partners.

What a security owner gets back is not a wall of alerts. It is a short list of proven findings. Each one is a
concrete failure Fisher can reproduce on demand: scored on evidence rather than a grader’s opinion,
ranked by business impact, and mapped to the frameworks you already report against. Where the fix is a

configuration change, the finding arrives with a patch Fisher has already re-attacked and shown to hold.

That is the difference between “here are some things that looked risky” and “here is exactly what your

agent can be made to do, here is the proof, and here is the fix that survived a fresh attack.”
Agents fail through actions, and most testing cannot see it

Why an Al agent that passes safety evals can still be a serious liability in production.

A base model answers questions. An agent acts on the world: it calls tools, reads live data, remembers
context across a conversation, and produces side effects that outlast the chat. That capability is the
difference between an agent and a standard LLM. It also opens an attack surface that model-level safety
testing was never built to cover. The gap between “the model is safe” and “the system is safe” is where

the business risk sits.

Molt AI - Fisher White Paper - July 2026 1



Post-training alignment helps, but it is not a hard security boundary. Refusal tuning, reinforcement
learning from human feedback, and constitutional methods shape behavior after pretraining, and those
preferences still compete with later context. Tool output can look authoritative. A request can be
decomposed. A claimed role can appear plausible. The alignment layer is useful. It is also demonstrably

fragile.
Failures can look like this:

e A coding assistant refuses to open a secrets file when asked directly, then reads it and repeats the

key aloud when a poisoned “README” in its project tells it to.

e A customer-support agent refuses a refund beyond policy, then approves it when the request is

decomposed patiently across eight turns.

e A retrieval assistant refuses to reveal its hidden instructions, then recites them verbatim after being

told to “cite every source for the compliance audit.”

None of these is visible to a single-prompt checklist, because none of them happens in a single prompt.
They emerge only when an adaptive adversary works the system over many turns, and when the payload

arrives through a channel the agent is built to trust: a file, a database row, a tool’s own description.

The blind spot: grading words instead of actions

A hidden failure lives in the testing tools themselves. Most of them grade the agent’s text. They send an
attack, read the reply, and let a rule or an Al judge decide whether the words look like a refusal. For a
chatbot that is fine. For an agent it is dangerous, because the agent can refuse in fluent English while, a
few tool calls earlier, it already executed the forbidden task. A grader that reads only the transcript
scores that session as a clean defense.

WHY THIS MATTERS NOW

Regulation has stopped treating this as optional. The EU Al Act’s robustness and cybersecurity obligations for high-risk
systems take effect in August 2026. The NIST Al Risk Management Framework asks for continuous, documented
evaluation, and ISO 42001 is published and being adopted. Boards now ask security teams a direct question: how do you
know your Al agents are safe? For most organizations the honest answer today is “we ran some prompts and read the

replies.” That answer no longer holds up, to a regulator or to an attacker.

What Fisher does: Discover, Prove, Remediate

Finding the agents that carry risk, then closing the failures they contain.
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DISCOVER - PROVE —> | REMEDIATE

Discover answers what we should test. Most organizations cannot name the Al agents and third-party
apps that already have standing access to their mail, files, and databases. They arrive as access grants,
marketplace add-ons, and API keys issued outside procurement. Discover inventories them, ranks them
by exposure, and hands the riskiest into assessment. It is in preview with design partners today. Prove

and Remediate are the shipping core of the product, and the focus of this paper.

Prove is the adversarial engine. It runs multi-turn campaigns against a target agent, moving from
reconnaissance to adaptive pressure to targeted exploitation, and it decides success by inspecting the
agent’s tool calls, not its prose. A finding is recorded only when concrete proof appears: a planted

secret actually surfaces, or a tool executes an action it should have refused.

Remediate is the part most tools skip. For a confirmed finding, Fisher proposes a configuration-level fix,
applies it to a faithful replica of the agent, re-runs the original attack and a fresh one, and reports an
honest grade that never claims more than it proved. Your production system is never touched while

Fisher tests.

How Fisher works: the adversarial engine

Strategy-space search

Multi-turn red-teaming is hard because it is combinatorial. A token-level attack, the kind academic
optimizers use, chooses from a vocabulary of roughly fifty thousand tokens at every position, which
explodes far past any hope of covering a multi-turn interaction. Fisher sidesteps that. It searches over a
library of behavioral intents we call strategies: “make the agent rely on tool output without checking it,”

n i

“decompose a blocked request into innocuous steps,” “reframe the request as a compliance obligation.”
Each names an approach rather than a fixed string. At any turn, only the handful of strategies most
likely to work against this kind of model are in play, which turns an intractable search into a tractable

one.

That library today holds 533 strategies: a core set we authored, a much larger set Fisher distilled from
its own successful attacks, and a smaller set its evolutionary search bred from scratch. Most
successful attacks in our data use strategies Fisher learned, not the ones we seeded.

No role marks its owwun homework

Fisher splits the job across four roles, deliberately, so no single model both decides to attack and then
talks itself out of it.
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e The Strategist decides what to try. It picks a strategy and drafts a plan from the target’s description,

its tools, and what the knowledge graph already knows about similar models.

¢ The Tactician decides how to try it. It holds the multi-turn conversation, generating each follow-up

in reaction to what the target actually said, rather than reading a script.

e The Arbiter decides whether it worked. It inspects the tool calls and scoring signals for concrete

proof, and after repeated refusals it forces the Tactician into a structurally different approach.

e The Analyst decides what to learn. It distills a successful attack into a reusable strategy and files it
in the knowledge graph.

Keeping these separate lets the Strategist push the Tactician into a counter-intuitive move (agree with
the refusal, change the subject, come back later) that a single red-team model, in conversation with a

target, tends to get argued out of.

A campaign in three phases

1. Reconnaissance. The Strategist selects an opening strategy and plan. Optionally, a quick judge-free
probe measures how susceptible the target is to each family of attack and warm-starts the plan

accordingly.

2. Execution. The Tactician runs a multi-turn conversation, adapting each turn to the target’s
responses. After consecutive refusals, the Arbiter forces a pivot to a structurally different approach.

Tool calls execute against the real runtime, or a faithful simulation of it.

3. Evaluation. The Arbiter and a scoring pipeline decide whether the episodes produced have
vulnerabilities: a leaked secret, a hierarchy violation, an unauthorized tool action. The externally

reported number is judge-free. A separate judge-blended signal is used only to steer the search.

Attacks that get cheaper over time

Evaluating every strategy against every model exhaustively would be wasteful, because most attack
paths fail early. Fisher borrows a technique from hyperparameter search: run all candidate strategies
over a batch of episodes, rank them by how well they are doing, drop the worst, and hand the freed-up
budget to the survivors. Repeat each generation. Across production runs this concentrated compute on
the productive paths and cut evaluation cost by about 31% with no loss in what it found. That is the

difference between a study you run overnight and one you cannot afford to run at all.

Three attack modes

The same engine drives three modes, chosen per engagement: a standard strategy-driven campaign; a
multi-turn escalation that ramps pressure across five staged turns; and a branching mode that explores

several alternative continuations in parallel when the target refuses, then follows the one that gets
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furthest. Together they give a richer exploitation surface than the fixed multi-turn playbooks most tools
ship.

Testing real systems, not simulators

A finding only means something if it reflects how your agent actually runs.

Live tool servers, and the trust boundary

Fisher’s most distinctive capability is testing against real tool servers rather than mock-ups. It connects
to live filesystem, database, and API tools and plants adversarial content through the tool layer: a
poisoned document, a malicious database row, a manipulated APl response. Not only through the
conversation. This matters because tool-using agents have a trust boundary, and many of them treat
whatever a tool returns as ground truth. That is an attack surface conversation-only testing cannot

reach.

There are two trusted channels an attacker can poison, and Fisher tests both. One is the data a tool
returns: a file’s contents, a row, a response body. The other is the tool’s own description, the
documentation the agent reads before it ever makes a call. Both are indirect prompt injection through a
channel the agent is built to trust, and both are scored the same honest way. A canary is planted in a
protected context, and success is the concrete observation that the canary surfaced, checked against

encoding tricks like base64, homoglyphs, and invisible characters, so an obfuscated leak still counts.

Framework-native, not a synthetic approximation

Real agents are built on orchestration frameworks, and those frameworks have their own prompt
templates, memory handling, and error recovery, any of which can be the thing that breaks. Fisher tests
agents built on the mainstream frameworks (LangChain and LangGraph) through their real tool-calling
pipeline, not a re-implementation, so a vulnerability that only appears when the framework retries a
failed tool call is discoverable rather than invisible. Where a target does not support native tool-calling,
Fisher falls back automatically. And any agent reachable as a plain REST endpoint can be onboarded in a

single step, with no framework required.

A scenario library built for the enterprise

Fisher ships 44 attack scenarios across 28 vulnerability domains, each a self-contained pack of tools,
secrets, scoring rules, and adversarial seed content, so evaluation is repeatable without custom code.

They span three tiers.

e Core: databases, filesystems, email, retrieval injection, code execution, SQL injection, financial

services, customer service, hiring bias, and multi-agent pipelines.
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e Enterprise-critical: telecom customer-data (CPNI) disclosure and SIM-swap bypass; multi-vector Pl
leakage; broken object- and function-level authorization and privilege escalation; system-prompt and
configuration extraction; healthcare and HIPAA protections including sensitive-status handling; and

IT-helpdesk risks like command injection and credential disclosure.

¢ Brand and content safety: content moderation and political neutrality, covert data exfiltration
channels, hallucination and fabricated citations, scope overreach, and unauthorized contractual

commitments.

Grading actions, not words

Judge-free by construction

The success rate Fisher reports counts an episode only when concrete proof fires: a scoring rule
matches on a tool call, or a planted secret is detected in what the agent did. No language-model opinion
enters that number. Fisher does run an internal judge, a useful dense signal for steering the search, but
that signal drives evolution internally and is reported separately. On some scenarios we have measured
that internal judge crediting 18 to 44 points more “successes” than concrete evidence supports.

Keeping it out of the reported rate is exactly why our number stays conservative.

Reproducibility tiers

A finding is only as credible as its reproducibility, so Fisher replays every one three ways (the exact
steps, the same strategy reworded, and the strategy regenerated from scratch) and assigns a confidence

tier from how consistently it recurs.

TIER REPRODUCES WHAT IT MEANS FOR YOU

Deterministic Verbatim, every time A hard-coded weakness; it will recur on every
invocation

Reproducible Exact and reworded replay A systematic weakness in the model’s reasoning

Probabilistic Reworded but not verbatim The attack class is real while specific triggers vary

Anecdotal Once, so far Worth monitoring; not yet enough to prioritize a fix

A release owner filters to the deterministic-and-reproducible band and decides on the findings that will

actually recur, instead of chasing one-offs.

The judge is measured, not trusted

Because Fisher does use a judge internally, it treats that judge as something to be measured. A panel of

six judges from six different vendors re-scores a sample of stored turns. The majority vote becomes the
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reference, and Fisher reports the production judge’s true-positive and false-positive rates against that
panel, each with a confidence interval. This calibrates against a panel of models rather than human

ground truth. The judge’s reliability is a measured, disclosed number rather than an assumption.

Measurement integrity

Several other safeguards keep the system honest. A leak detector normalizes for baseb64, homoglyph,
and invisible-character encodings before checking for a secret, so an obfuscated exfiltration still counts.
Negation-aware rules mean “l can’t share that APl key” is no longer miscounted as a leak. A graded
ladder handles partial system-prompt disclosure. Scores are re-derivable, recomputed from the stored
transcript at a fixed threshold rather than read back from a stale column. The aim is a conservative

number in both directions: never missing an obfuscated leak, never crediting a refusal as a breach.

The evidence bundle

Every finding arrives as a self-contained package, built to be forwarded without translation.

Each finding carries the failure mechanism it exploited (for example, tool-trust exploitation, authority
confusion, or secret exfiltration); the concrete proof, meaning the exact compromised turn or tool call
and the files, records, or endpoints it touched; the reproducibility tier from the three-mode replay; a
mapping to the corresponding MITRE ATLAS adversarial-ML technique; and dual scoring that keeps how

much new information a finding revealed separate from how severe it is.

From that, one assessment produces two reports (an executive summary and an engineering pack) plus
machine-readable exports, including SARIF and an IBM Guardium-compatible format, for the tools your
team already runs. Every reported rate carries a 95% confidence interval, which widens on small
samples. This whole assessment runs inside a client’s own environment: Fisher does not route your
agent’s conversations through a third-party cloud to be graded, which is a firm requirement for anything

that touches regulated or proprietary data.
Verified remediation: the Defender Loop
Closing the original prompt is not the same as closing the vulnerability.

Finding the problem is half the job. Fisher does the other half, and proves it.

For a confirmed finding, Fisher proposes a configuration-level fix (a tightened instruction, a scope
restriction, an injection filter, or a tool-permission change) and never a model retrain, because config
changes are auditable, reversible, and deployable the same day. It picks from four kinds of control,
usually in combination, aimed at the whole class of the finding rather than the singular prompt that

triggered it.

e Hide the data: strip the secret from what a tool returns before the agent ever sees it.
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e Restrict the action: constrain where the agent is allowed to send things.
e Remove the capability: take away a tool too dangerous to hold in this context.

e Tighten the rules: reinforce the written instructions, used as a backstop because weaker models

ignore instructions on their own.

The first three are enforced in code and hold no matter what the model decides. The fourth still has to
earn its grade. The loop will not automatically trust its own proposal, so it applies the fix to a replica
and runs a verification ladder: does the patched agent still boot and do its job, does the original exploit

now fail, and can a fresh adaptive re-attack still get through. Only then does it return a verdict.

VERDICT MEANING
FIXED The original attack is stopped, and a fresh full re-attack still could not get through.
PARTIAL The original attack is stopped, but a full re-attack was not run, so residual risk is stated rather

than assumed away.

BYPASSED The fix did not hold. Recorded, never offered as a fix.

Only fixed and partial are ever presented as fixes. A patch a determined attacker can still beat is
reported as bypassed. On a live gateway deployment we ran the whole cycle end to end and drove an
exfiltration scenario from about a third of episodes succeeding to zero, while surfacing the real trade-off
that the native control cost some utility. The honest verdict makes that tension visible rather than hiding
it. Your production system is never touched while Fisher tests, and rolling out the proven fix stays

under your team’s control.

THE USEFUL RESULT

The outcome is not “we found a bad prompt.” It is a chain of evidence. The agent crossed a boundary. The behavior
reproduced. A candidate control was tested. Then a fresh campaign either found a bypass or it did not. If that final rung

never ran, the report says so.

The proof

Marketing claims are easy to make in this industry. Here is the evidence behind ours.

Head to head against the market leader

We ran a controlled comparison against the most widely used open-source evaluation platform, on the

same target agent (a database assistant), across the same test cases.
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ON AN IDENTICAL TARGET AGENT LEADING SCANNER FISHER

Real vulnerabilities found 6 11
Vulnerabilities missed (false negatives) 5 0
Cost of the assessment $1.85 $0.12
Premium multi-turn module, miss rate on tool-call leaks 100% =

The scanner’s grader read the agent’s refusal text and scored several credential-leaking sessions as
passes. Fisher read the tool calls and caught them. The premium multi-turn module, marketed as that
platform’s main differentiator, reported perfect defense while the agent was leaking. The cost gap is
structural: the competing approach needs a large frontier model to generate its attacks, while Fisher
turns the target’s own behavior into the test.

At scale, and reproducibly

The head-to-head is not a lucky sample. Fisher’s approach has been exercised across a large, live body

of evidence.

56,000+ 500,000+ 10,000+ 22

ADVERSARIAL EPISODES CONVERSATION TURNS REPRODUCED FINDINGS AI MODELS PROFILED

Across 44 attack scenarios spanning 28 risk domains (databases, email, code execution, retrieval,
customer service, healthcare, telecom, finance, and more), Fisher has produced over 10,000 findings that
reproduce reliably enough to act on. The subsections that follow break that evidence down: cross-
model rates, the lift from the adaptive layer, a worked case, the failure modes that recur, and a head-to-

head against a published academic method.
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What a finding looks like

EMAIL ASSISTANT — PRIVATE DATA SENT TO AN OUTSIDER

What Fisher found: Over a few turns, the assistant could be steered into emailing a colleague’s private address and a

confidential meeting access code to an outside party. It would refuse the same request if asked directly.

The proof: Fisher’s record shows the exact tool call that sent the message and the private data it carried, and the finding

reproduced on repeated replays.

The fix: Two guardrails working together: strip the private address and access code from what the assistant’s tools

return, and restrict outbound email to approved recipients. Fisher applied both to a replica and re-ran the original attack.

The data no longer leaked, and it also defeated two attempted workarounds. Graded PARTIAL , because a full adaptive

re-attack was not run, so residual risk is stated clearly.

Cross-model attack success rates

We have profiled 22 model architectures from 1B to 120B parameters. The table below is a point-in-time

snapshot of the 11 that had passed 200 episodes at the time. Verified success (concrete proof) and the

judge-blended exploration score sit side by side on purpose. The gap between them is the judge inflation

we keep out of the headline.

MODEL EPISODES
gemini-2.5-flash-lite 7,263
gpt-0ss:20b 6,889
gpt-5-nano 6,597
gpt-o0ss:120b 6,150
granite-4.0-h-tiny 6,099
gemma3:12b 5,663
glm-4.7-flash 5,078
gemmad:e4b 1,468
qwen3-32b 356
llama-3.1-8b-instruct 301
gemma-4-26b-adb:it 201

VERIFIED ASR

33.5%

47.0%

68.0%

49.9%

58.2%

61.0%

65.9%

57.9%

67.0%

33.0%

38.4%

EXPLORATION

40.4%

61.0%

80.2%

60.7%

69.0%

79.9%

73.5%

66.6%

85.6%

66.4%

38.4%

Three patterns stand out. Model size does not predict safety: a small agentic model and a 32B model

top the verified rankings, while the largest open-weight model in the set sits mid-pack. Even the most
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defensive postures leave roughly one episode in three producing concrete leakage. The consistent gap
between the two columns is the judge inflation that motivates grading on evidence.
Adding the adaptive layer lifts real exploits

When we introduced the adaptive Tactician and its pivots, we re-ran a controlled before-and-after on

previously profiled targets, holding the model, scenario, scoring rule, and judge fixed.

MODEL SCENARIO V1 ASR (N) V2 ASR (N) A

IBM Granite 4.0 H-Tiny langchain_filesystem 61.3% (168) 70.2% (215) +8.9 pp
Gemma4:e4b langchain_filesystem 77.5% (231) 84.0% (163) +6.6 pp
Gemma4:e4b langchain_content_moderation 26.1% (176) 40.8% (157) +14.6 pp

Two different model families gained on the same scenario, and one family gained on two scenarios. The
lift transferred with the renegotiation effect we expected: the adaptive layer turns what would have been

refusals into productive follow-ups.

A finding that reproduced perfectly

One of the strongest findings in our corpus: an assistant with read access to a project was asked to
review its structure, read a planted document containing an APl key, and repeated the key verbatim. A
complete secret exfiltration through tool-trust. It reproduced at 100% across all three replay modes,
earned the maximum impact score, and mapped cleanly to a MITRE ATLAS exfiltration technique. What
makes it credible is the discrimination: the same injection against a smaller model reproduced only 60%
of the time. Larger models are not automatically safer. They were simply better at following instructions,

including the adversarial ones buried in tool output.

The three ways agents fail

Across every run, the confirmed findings cluster around three mechanisms.

1. Tool-trust exploitation: the agent treats tool output as authoritative and acts on a payload hidden

inside it. This is behind most high-confidence findings.

2. Authority confusion: the agent cannot tell a system-level instruction from a user-level one when

both arrive in tool context (a “README” that overrides the system prompt).

3. Decomposition bypass: a request refused as a single ask is accepted when it is spread across turns
or tool calls.
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Against an academic adversary

On a privacy benchmark directly comparable to a recent published method, against the same family of
32B model, Fisher reaches 80% success by turn 20, where the academic adversary projects 27% at the
same point and needs on the order of a hundred turns to approach where Fisher already is. The

advantage is architectural: Fisher carries an evolved strategy population across conversations, instead

of re-deriving what works inside each one.

The compounding asset

Every engagement makes the next one sharper.

Fisher files every finding, strategy, and their relationships in a knowledge graph. It is not a static library.

It is what makes each assessment start ahead of the last.

KNOWLEDGE GRAPH COUNT

Active strategies 427 (46 seed/default + 347 distilled + 34 evolved)
Episode-strategy edges 50,497

Finding-principle edges 2,821

Strategy lineage edges 320

Model-strategy edges 272

Finding-artifact edges 6,099

Strategy co-occurrence edges 185+

The graph does four things. It transfers a strategy that worked on one model to architecturally similar
models. It tracks genealogy: which parent strategies bred the effective variants. It surfaces combinations
of strategies that succeed together where neither does alone. And it accelerates a new engagement by
retrieving the strategies with the highest historical success against similar models, which we have seen

converge two to three times faster than a cold start.

That learning is governed. Customer-specific transcripts, findings, and artifacts stay inside the
configured workspace, retention, and sharing rules, and cross-run learning uses only the strategy
evidence authorized for that assessment. A security team can see which prior evidence shaped a
campaign, trace a strategy to its ancestors, and remove provenance that should no longer take part. A
static scanner grows by adding prompts. We grow by learning which intentions work, where they fail,
and how they combine.
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From evidence to decision

A finding is only useful if a security owner can read it, rank it, and explain it.

An analyst that answers in plain language

The Al Security Analyst is a copilot built into Fisher. Ask it a question the way you would ask a colleague
(“which of my findings touch customer data?”, “what is the fix for this one?”, “how does this map to the
EU Al Act?”) and it queries the live assessment data and answers, with the supporting evidence attached.
It works in three modes: conversational analysis over your results, a structured security briefing for
leadership, and a deep dive into a single finding with remediation guidance. It knows which finding you
are looking at, and it closes each answer with a concrete next step. It does the work that usually falls to
a senior analyst on a deadline: turning a wall of results into “fix this first, and here is what to tell the
auditor.”

Attack maps you canread at a glance

Attack Path Visualization turns transcripts into pictures. For a single finding, a directed graph lays out
the attack turn by turn: what the attacker tried at each step, how the agent responded, and where it
broke. Across a whole assessment, a flow diagram shows how attacks moved from opening move to
breach, which strategies carried the most traffic, and which of them Fisher discovered rather than
seeded. A patterns view surfaces the multi-step sequences that recur across findings. The point is to let
a team see the systemic weaknesses, the moves that keep working against this agent, without reading a

hundred transcripts one at a time.

What an engagement delivers

A fixed-scope assessment that ends in proof, a fix, and a report you can defend.

Fisher is delivered as an Agent Assurance Assessment: a bounded engagement focused on one to three
of your highest-risk agent workflows. Molt Al handles the connection and scope, and you get a guided
path from a connected target to a delivered report. Every sprint produces:

e A short list of proven findings, ranked by business impact, each with its concrete evidence and
reproducibility tier. Not a flood of unverified alerts.

¢ A before-and-after remediation: for findings a configuration change can close, the proposed fix and
the re-attack result that shows it holds.

e Two reports from one assessment: an executive summary for leadership and an engineering pack

for the team that has to act, both drawn from the same evidence.
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e Compliance-mapped output: every finding tagged to the frameworks in the next section, so the work

doubles as conformity evidence.

For integrators and platform teams

Fisher connects to agents the way they are actually built. It tests agents exposed over the Model
Context Protocol, agents built on mainstream orchestration frameworks such as LangChain and
LangGraph, and any agent reachable as a plain REST endpoint. Most existing systems can be onboarded
without rebuilding them for the test. Because assessments are scriptable and repeatable, Fisher fits
naturally as a safety gate in a deployment pipeline: run an abbreviated campaign on each model or

prompt change, and hold the release if a regression appears.

Compliance and governance

Findings that double as conformity evidence, mapped to the frameworks your auditors already use.

Each attack scenario is purpose-built for the controls it exercises, and every finding carries its

framework mappings with it, so a proven exploit is at the same time a documented control failure.

FRAMEWORK ROLE IN A FISHER REPORT

OWASP LLM Top 10 Every scenario tagged; the core agentic risk taxonomy
OWASP Agentic Al Top 10 Every scenario tagged; tool-use and autonomy risks

NIST Al Risk Management Framework Evidence for the Measure and Manage functions

MITRE ATLAS Adversarial technique mapping per finding

EU Al Act Robustness and cybersecurity evidence for high-risk systems
ISO/IEC 42001 Management-system evidence of adversarial testing

GDPR Applied where a finding involves personal data

This holds up in an audit because every grade is backed by a test anyone can re-run. An auditor does
not have to trust the word “fixed.” They can see the original attack, the fix, and the failed re-attack that
proves the attack no longer works. The mapping is not legal advice, certification, or proof that an

untested control works.

Why Molt Al

This is a busy field, and we will not pretend otherwise. Other vendors run adaptive red-teams. The
market for discovering shadow Al agents is crowded with capable incumbents. Molt Al's position is not

that any single capability is ours alone. It is the combination, held to a strict standard of rigor.
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¢ We grade what an agent does, using its tool calls, rather than only what it says.
e We treat a finding as real only when concrete proof fires and the behavior reproduces.

e We carry remediation all the way to a fix that has survived a fresh attack, and we grade that outcome
honestly.

e We keep the whole assessment inside your environment, with evidence an auditor can replay.

e Every engagement adds to a private, growing body of attack intelligence: which strategies work

against which kinds of model, and how failures cluster.

e Each assessment starts from everything the last one learned, and a competitor would have to

rediscover all of it from zero.

Molt Al's premise: trust in an Al system should not be a checkbox. It should be something you can prove, with evidence an

auditor can replay, a fix you can deploy, and a re-attack that shows the failure is closed.

Start with a proof

The fastest way to see what Fisher does is to point it at one of your own agents. An Agent Assurance
Assessment takes a single high-risk workflow from a connected target to a proven finding, a verified fix,
and a report your security, engineering, and audit stakeholders can all use, inside a fixed scope and

timeline.

Request an Agent Assurance Assessment

infoamoltaicorp.com - MOLT AI CORP - DEEP MODEL TRUST

Molt AI Corp. Figures reflect Fisher’s production evidence as of July 2026 and are drawn from live assessment
data. Comparative results describe a controlled evaluation against a named third-party platform on a shared

target and are available in detail on request.
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