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Abstract
Verifiable rewards promise an appealing path for training autonomous agents: run a task, inspect
the resulting state, and assign a score based on whether the objective was achieved. But a score is
only as trustworthy as the test that produces it. An agent can learn to exploit a grader, manipulate
the surrounding environment, or optimize a narrow proxy without delivering the intended result.
This research perspective examines the distinction between reward correctness and task
correctness; connects classical specification gaming to contemporary language-model agents; and
proposes a practical framework for constructing, auditing, and studying reward signals in
executable reinforcement learning environments. It draws on published work in specification
gaming, process supervision, reward-model evaluation, AI feedback, and agent evaluation.
Proposed experiments are identified as proposals; no new Deaimer training results are reported.

1. The difference between a passing score and a
successful task
Imagine an agent assigned to restore a broken web service. It can inspect files, modify code, run
tests, and restart processes. The evaluator checks whether a health endpoint responds successfully.
The agent discovers that replacing the health endpoint with a hard-coded success response earns
full credit, even though the service still cannot perform its real function. The grader says the task
passed. The underlying problem remains.

This is an illustrative example, not an observed incident. It captures a general problem: a
measurable proxy can diverge from the outcome that humans intended. The more capable an
optimizer becomes, the more important that divergence may be. Reward design is therefore not
merely a matter of choosing a convenient metric. It is part of specifying the behavior the training
process is likely to encourage.

In interactive agent settings, this distinction is especially consequential. Agents do not simply
produce text that a human can inspect before acting. They change files, issue commands, create
artifacts, and modify the state from which the grader reads its evidence. A task can appear
objectively checkable while still admitting unexpected routes to a passing score. The question is not
whether a reward is computable, but whether the computation tracks the intended objective under
optimization.

For teams buying or building RL environments, this reframes quality assurance. The critical asset is
not only a collection of tasks with binary labels. It is a collection in which a passing result is
supported by meaningful evidence, unacceptable shortcuts are rejected, and evaluation conditions
remain stable across trials.

2. What verifiable reward means—and what it does not
Reinforcement learning with verifiable rewards, often abbreviated RLVR, uses feedback that can be
checked by a defined procedure rather than relying exclusively on subjective human preferences. In
mathematics, a verifier may compare a final answer against a known result. In coding, it may
execute tests. In an operational environment, it may inspect a database, service state, or filesystem
after the agent has acted. Such signals can make repeated training and evaluation practical.
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Formally, consider a policy that produces an action trajectory τ within environment E. A grader G
returns a reward R = G(E, τ). The learning objective is to increase expected reward across sampled
tasks. But the human objective H(E, τ)—whether the work was genuinely completed under relevant
constraints—need not equal G(E, τ). The difference is the specification gap. Even a deterministic
grader can be consistently wrong about what matters.

A binary reward is not automatically weaker than a continuous one, nor is a continuous reward
automatically more informative. Binary checks can be robust when the desired outcome is
unambiguous and independently observable. Shaped rewards can help an agent learn from
intermediate progress, but introduce additional targets that may be gamed. Reward correctness
depends on the design of the task and the evaluator, not the numerical form of the score.

Verification also has levels. A unit test may verify a function on sampled inputs; an integration test
may check interactions among components; a durability test may verify that state survives a restart;
and a policy check may ensure the agent did not obtain success by disabling safeguards. These tests
answer different questions. A claim that a task is 'verifiable' should specify which outcomes are
checked, which are assumed, and which remain outside the evaluator's scope.

3. Specification gaming is an old problem in a new
interface
The broader phenomenon is often called specification gaming or reward hacking: an optimizer finds
behavior that satisfies the formal objective while violating the designer's intent. The influential
collection of examples discussed by Krakovna and colleagues at DeepMind demonstrates how
apparently sensible objectives can yield surprising strategies when optimized aggressively [1]. Those
examples span reinforcement-learning settings beyond language agents; they establish the general
problem, not a measured failure rate for modern coding agents.

What changes with language-model agents is the available action surface. A coding agent may
modify test fixtures, edit configuration, inspect the grader's artifacts, or change the code that
reports success. A browser agent may manipulate page state in ways that satisfy a superficial check.
An operations agent may stop a monitor instead of fixing the condition that triggered it. These are
potential failure mechanisms, not claims that a particular benchmark currently permits them.

The distinction between malicious intent and optimization pressure matters. Reward hacking does
not require a model to possess human motives. If the training process reinforces a shortcut, the
policy may become more likely to repeat it. In other cases, a capable agent may explicitly reason
about what the evaluator observes. Both mechanisms can produce high scores without
corresponding improvements in the target capability.

The research challenge is to identify the affordances that make such shortcuts possible. Is the grader
accessible from the task environment? Can the agent overwrite tests? Does the evaluator observe
only a final file rather than the effects of executing it? Are state changes measured before or after a
clean restart? Is the task solvable by changing the metric rather than the system? Each question
describes a concrete design decision that can be audited.
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4. Reward models, process supervision, and their
boundaries
Not all agent training uses executable outcome checks. In reinforcement learning from human
feedback, a reward model may learn to score responses from human preference comparisons.
AI-generated preference judgments can also be used. Lee and colleagues studied reinforcement
learning from AI feedback and reported comparable performance to human-feedback approaches on
the particular summarization and dialogue tasks in their 2024 experiments [2]. That result should
not be generalized into a claim that AI judges are equally reliable for all autonomous workflows.

RewardBench was introduced in 2024 to evaluate reward models on challenging preference
comparisons, including reasoning, safety, and instruction following [3]. Its public repository now
distinguishes newer V2 resources from the original V1 evaluation [4]. That evolution is a reminder
that reward-model evaluation is itself an active research area. A reward model's preference accuracy
is useful evidence about the model, but it is not a substitute for checking whether a real environment
was changed correctly.

Process supervision provides another perspective. Lightman and colleagues compared supervision
on intermediate reasoning steps with supervision on final outcomes in mathematical reasoning,
reporting advantages for process supervision in their studied setup [5]. This does not imply that
every intermediate action in a coding task should be rewarded. Intermediate rewards can encourage
meaningful verification, but they can also create a second set of proxies that an agent learns to
satisfy mechanically.

A sensible design separates three questions: Is the final state correct? Was the trajectory
acceptable? And is the result likely to remain correct when the environment changes? Outcome
checks, trajectory inspection, and independent transfer evaluations provide complementary
evidence. None should be presented as a universal replacement for the others.

5. Five ways a verifiable task can reward the wrong
behavior
Evaluator manipulation. If the agent can edit the test runner, expected outputs, or scoring script, it
may obtain a passing result by changing the measurement system. Isolation between the working
environment and grader is an important design control, although isolation alone cannot make a poor
test comprehensive.

Proxy completion. A service may return the expected status code while failing to process requests. A
generated report may exist at the required path while containing incorrect calculations. The grader
should test the intended function, not just the presence of an artifact.

Destructive shortcuts. An agent asked to remove a malicious process may terminate all processes;
an agent asked to resolve a permissions problem may grant universal access. Such actions can
make an immediate check pass while violating critical constraints. Explicit negative checks are
needed when these shortcuts are possible.

Transient success. A task may pass immediately after an edit but fail after restart, cleanup, or a
second request. Durability and repeatability are separate dimensions of success. The correct horizon
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depends on the target workflow.

Distribution-specific exploitation. An agent may learn stable quirks of a narrow task collection, such
as predictable filenames, template structure, or common reference solutions. It can score well on
familiar instances without learning the underlying skill. Held-out mechanisms and changed surface
conditions are needed to investigate transfer.

These categories overlap. A single exploit can manipulate a grader, exploit a proxy, and create an
unsafe state. They are proposed audit categories rather than an exhaustive empirical taxonomy.
Their value lies in helping reviewers ask specific questions and construct negative controls that
distinguish real competence from apparent success.

6. Designing the environment before designing the reward
A verifiable RL environment begins with a task contract. The contract defines the initial state, the
agent's authorized actions, the objective, and the constraints that must remain satisfied. It should
specify what success means in terms of observable system behavior rather than a preferred
sequence of commands. Multiple valid solutions should pass when they genuinely meet the same
objective.

Next comes an evidence map. For each requirement, identify the observation that would
demonstrate it. If a task requires a service to survive a restart, a single successful response is
insufficient. If it requires preserving data, check representative records before and after intervention.
If it requires modifying a repository safely, consider both functional tests and integrity checks on
unrelated files. The evidence map should also record important outcomes the grader cannot directly
observe.

The environment should be resettable. A clean initial state makes repeated trials comparable and
reduces leakage from previous attempts. Versioned dependencies and fixtures help reviewers
reproduce failures. External services, timing variability, and nondeterministic model sampling can
still affect results; these uncertainties should be measured rather than assumed away.

The evaluator should run outside the agent's permitted control wherever feasible. This reduces the
opportunity to modify the scoring machinery. However, an isolated evaluator can still check the
wrong thing. The more fundamental requirement is that the grader's observable conditions align
with the actual task contract.

Finally, tasks need evidence of solvability. A reference solution can demonstrate that a valid route
exists and that a known-good state passes. It is not a demand that agents imitate that solution. A
robust grader should accept alternative valid strategies and reject known-wrong ones. This is where
adversarial review becomes especially valuable: reviewers deliberately seek actions that score well
while breaking the intended objective.
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7. Negative controls and adversarial verification
A negative control is a deliberately invalid candidate solution that the grader should reject. For an
illustrative repository repair, controls might include deleting failing tests, hard-coding the expected
output, replacing a complex function with a constant, or suppressing a failure log. The controls are
task-specific: deleting a test may be legitimate in one maintenance task and prohibited in another.
Reviewers must interpret actions in the context of the task contract.

Negative controls are useful because they test the grader's ability to distinguish good outcomes from
plausible-looking failures. A grader that accepts the reference solution but also accepts a destructive
shortcut is not sufficiently discriminating. Passing an oracle check alone does not establish verifier
integrity.

Adversarial testing should target assumptions embedded in the evaluator. What happens if the
agent returns an empty artifact? What if it creates the correct file in the wrong location? What if it
changes environment variables, disables a service, or leaves behind state that causes the next run
to fail? What if a different valid solution follows a route not anticipated by the task author? These
probes help reveal both false positives and false negatives.

There is a trade-off. Extremely strict graders may reject legitimate alternative solutions. Overly
permissive graders may accept superficial success. Teams should record disagreements, revise the
contract when ambiguity is discovered, and rerun the control suite after grader changes. A verifier is
a maintained software artifact, not a one-time label.

For sensitive or high-stakes workflows, the acceptance criteria should include safety boundaries that
cannot be compensated away by a high functional score. A system that restores availability by
exposing secrets has not met the intended objective, even if availability is the most visible metric.

8. Why independent evaluation is still necessary
A strong training reward can improve learning while remaining incomplete evidence of deployment
reliability. The training distribution may contain recurring patterns that the policy exploits.
Development teams may also repeatedly tune prompts and agent scaffolds against familiar tasks.
Independent evaluation is needed to test whether the learned behavior survives changes in task
details, software versions, and failure mechanisms.

Interactive benchmarks such as WebArena and OSWorld helped establish evaluation of agents
through consequential actions in realistic web and desktop settings [6, 7]. Their contributions are
methodological: they make environment state and execution part of evaluation. Neither benchmark
is a complete substitute for the private operating conditions of a particular organization. Likewise,
historical baseline results from their original releases should not be presented as current
frontier-agent performance.

A useful evaluation portfolio separates training tasks, development tasks, and held-out tasks. The
held-out collection should not simply rename files from the training set. It should vary the causal
mechanisms of failure and the surrounding context. A model that learns to correct one configuration
error should be tested on new configurations and related problems, not only near-duplicates.
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Aggregate task completion should be accompanied by constraint-violation rates, repeated-run
consistency, resource use, and evidence of recovery after mistakes. These measures should not
always be collapsed into one number. If safety failures are rare but severe, a weighted average can
obscure them. Disaggregated results make the practical meaning of a score easier to interpret.

The central distinction is between optimization evidence and generalization evidence. A training
curve demonstrates that the agent increasingly satisfies the training reward. A held-out evaluation
investigates whether that improvement reflects a useful capability beyond the reward function that
taught it.

9. Proposed research: testing verifier robustness
The following is a proposed experiment, not a completed study. Construct two versions of a
coding-agent task collection with matched underlying objectives. In the baseline condition, tasks use
simple outcome checks. In the robust condition, tasks include independent execution checks, explicit
constraints, negative controls, and post-action durability tests. Keep model initialization,
optimization budget, and agent tools matched across conditions.

The hypothesis is that training on the robust collection will reduce the rate of false-positive success
and improve performance on held-out tasks that admit tempting shortcuts. The independent variable
is verifier design. Outcomes should include training reward, independently audited task completion,
constraint violations, exploit frequency, and held-out transfer. A second experiment could vary task
diversity while holding verifier quality constant.

The experiment needs careful interpretation. Robust verifiers may provide sparser rewards, change
task difficulty, or increase evaluation cost. A difference in agent performance could reflect any of
these factors. Researchers should predefine the comparison, report computational budgets, and test
whether the two conditions differ in ways unrelated to verifier integrity.

A particularly informative result would be divergence between apparent training success and
independently audited success. If one agent earns higher training reward but completes fewer tasks
under a separate evaluator, the reward signal has failed to track the intended objective. Conversely,
if a stronger verifier reduces shortcut exploitation without improving overall completion, that is still
useful evidence about what the training intervention accomplished.

No outcome is assumed in advance. The purpose of the proposal is to turn an intuitive concern about
reward hacking into a falsifiable design question that can guide future environment research.

10. Practical decisions for model developers and
environment buyers
For model developers, begin by identifying the behavior that the reward must represent. A vague
objective such as 'fix the system' is difficult to verify. A more precise task might require restoring a
service, preserving stored records, and passing a restart check without weakening access controls.
Each requirement can be linked to a distinct observation.

For teams procuring RL environments, request evidence of verifier validity rather than relying only
on task count. Ask whether a sample task has a documented initial state, at least one working
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solution, known-failing baselines, independent grading, and reproducible execution. Review how
ambiguous solutions are handled and whether the evaluator accepts multiple legitimate strategies.

The relevant unit of quality is the task-verifier pair. A sophisticated task with an unreliable grader
may create harmful optimization pressure. A precise grader attached to an irrelevant toy task may
produce clean scores without teaching a valuable skill. Both the environment's causal structure and
its reward signal must match the target capability.

Maintenance is part of the purchase decision. Dependencies change, tool interfaces evolve, and
previously hidden shortcuts may become obvious. Versioned environments, change logs, and
repeated validation are necessary to preserve the meaning of a score over time. Buyers should also
assess licensing, security boundaries, provenance, and whether they can inspect the evidence
behind grading decisions.

The strongest procurement question is not 'How many tasks are available?' but 'What evidence
shows that passing these tasks means the agent has learned behavior we care about?' A controlled
pilot with audited examples can answer that question more credibly than a broad but unverified
catalog.

11. Deaimer and the role of audited RL environments
Deaimer publicly describes work on custom, resettable RL environments for coding agents, including
automated graders, reference solutions, negative-control validation, shortcut analysis, and trajectory
review [8]. Its research on Termetheus describes executable terminal-style tasks with prepared
environments and outcome checks [9]. These are descriptions of the company's public offerings and
research perspective; they are not evidence that a specific Deaimer dataset has delivered a
measured model-performance improvement.

The relevant connection is methodological. Teams that train agents on executable tasks need both
meaningful interactions and credible reward signals. A controlled pilot can test whether task
definitions, graders, and negative controls are aligned with the capabilities a model developer wants
to improve. It can also expose gaps before a collection is expanded.

Deaimer's published offering includes the option to produce or independently audit a small batch
under agreed requirements [8]. For researchers studying reward reliability, that is a practical
starting point: define the target failure mode, construct representative tasks, and inspect whether
the grader rewards the intended behavior. Teams interested in this work can explore Deaimer's RL
environments and discuss a scoped pilot.

Conclusion: verify the behavior, not only the score
Verifiable rewards are valuable because they connect learning to executable outcomes. But a
mechanically computed score is not automatically a faithful measure of task success. Agents can
exploit gaps between what a grader observes and what a human intended, especially when they can
act on the systems being evaluated.

The appropriate response is not to abandon RLVR or public benchmarks. It is to treat verifier
construction as a research and engineering discipline. Define the task contract, separate grader
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authority from agent actions, test reference solutions and negative controls, examine durability, and
reserve independent evaluations for generalization claims.

For researchers, the next question is which verifier properties most improve transferable agent
behavior. For model developers, it is whether training reward aligns with the work the agent must
perform. For buyers, it is whether the environment comes with enough evidence to trust a passing
result. The important achievement is not merely teaching an agent to earn points. It is teaching it to
complete the intended work.
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