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Abstract

Al agent behaviors are difficult to reproduce because nonde-
terminism enters at multiple layers of the Al software stack,
from tensor computation and token sampling to the exter-
nal environment. TTTR is a record-replay framework that
captures these sources and enables selective replay, allowing
one layer to vary while others remain fixed. This supports
cross-layer fault localization, counterfactual analysis, and
reproducible evaluation of agent behavior.
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1 Introduction

An agent may complete a task successfully one day and,
given the identical task the next day, fail or take an entirely
different sequence of actions. No tooling tells us which run
to trust or what differed. Prior work [6] finds that across 17
models and 10 system-administration tasks, agents routinely
exceed 80% pass rates, yet two runs of the same task agree
on their sequence of state-modifying actions only about
39% of the time—sometimes diverging solely because the
environment’s timestamp differed.

Nondeterminism is an old concern in systems, but in the
Al stack its effects are amplified: rather than being contained
within one abstraction layer, it propagates from the GPU up-
ward until it surfaces as a different shell command. We argue
that the missing primitive is record-and-replay spanning all
three layers (§2), and outline TTTR, Tensor-Token-Trace-
level Replay (§3). Replay here means faithfully re-executing
one specific past run in order to investigate it—instead of,
as in recent agent systems [3, 10], reusing a recorded work-
flow on new tasks. TTTR’s principal value lies in selective
replay: holding two layers fixed while releasing the third
turns “what changed?” into a controlled experiment (§4).

This work is licensed under a Creative Commons Attribution 4.0 Interna-
tional License.

RigoLLM °26, Hong Kong, China

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-3090-0/2026/11
https://doi.org/10.1145/3858610.3859269

{Trace time, env state, tool output

record
{Token sampled tokens, random seeds and
replay

noise = variance

{Tensor batch composition, reduction order

Figure 1. Non-determinism enters at three layers and prop-
agates upward.

2 Three layers of non-determinism

Tensor. The arithmetic itself is nondeterministic. Most infer-
ence kernels lack batch invariance: reduction order depends
on how many requests are batched together, so a request’s
output depends on server load at arrival. Batch-invariant
kernels remove this, at roughly 1.6X the latency [5]. Beneath
lies slower drift: cuBLAS guarantees bitwise reproducibility
only on the same architecture and SM count, and not across
toolkit versions [7, 13]. Different hardware generations can
also introduce nondeterminism into the same computation.

Token. Sampling during decoding introduces nondeter-
minism in next-token selection. This is the most visible
source and the only one with a user-facing control, but that
control is weak: the seed parameter is best-effort (“determin-
ism is not guaranteed”) [9].

Trace. The environment contributes timestamps, PIDs,
file listings, network responses, tool outputs, and concur-
rent modifications by other processes. These lie outside the
model, yet they enter its context and so steer later tokens.
Since such fields vary by task, TTTR defines this layer by an
interface rather than a list: every value crossing the agent-
environment boundary.

The layers compose upward (Figure 1): a tie resolved dif-
ferently in a reduction yields a different token, a different
command, then a different machine state: so a debugger for
agents cannot stop at the framework boundary.

3 TTTR: record, replay, and steer

Record boundaries, not state. A failure is not known when
recording starts, so recording must be always-on, and hence
cheap. Like R2 and RR [4, 8], TTTR logs only the nondeter-
ministic inputs crossing each layer boundary and recomputes
the rest. At the tensor layer this is batch composition and
kernel/library identity, not activations; at the token layer,
sampled token IDs and sampler state; at the trace layer, ev-
ery tool result and, beneath it, every syscall return, as in
ReVirt and RR [2, 8]. Two naive baselines fail. Recording


https://doi.org/10.1145/3858610.3859269
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3858610.3859269

RigoLLM ’26, November 15-18, 2026, Hong Kong, China

everything is impractical: FP32 logits over a 150K-entry vo-
cabulary alone cost 0.6 MB per generated token—gigabytes
per session. A transcript, as kept by agent tracing tools, is
cheap but not replayable: it shows what happened, not what
would have happened had one value differed.

Replay decisions, not bits. ODR abandons exact-schedule
reproduction and guarantees only identical output [1]; like-
wise, the right fidelity target for agents is the same decisions,
not bit-identical tensors.

Selective replay is TTTR’s central capability: hold two
layers fixed while releasing the third, or perturb one recorded
value—advance the clock, substitute a tool result, alter a
sampled token—and observe where execution first diverges.
This generalizes mutable replay [12] to arbitrary sources
of nondeterminism, and delta debugging [14, 15] from one
input to a search across layers.

Challenges. (1) After a perturbation causes divergence,
execution leaves the log and continues live, needing per-step
environment checkpoints (e.g., container snapshots). (2) The
agent writes to its environment, so replay must sandbox
side effects. (3) Hosted models hide the tensor layer, limiting
them to token- and trace-level replay.

Prior agent record-and-replay. AgentRR [3] distills recorded
traces into reusable experience so that later, similar tasks
run cheaper and safer; Codex Record & Replay [10] turns
a user’s demonstration into a reusable skill. Both replay a
workflow for reuse; neither reproduces a given execution,
pins its nondeterminism, or reaches below the APL TTTR is
complementary: a debugging primitive.

4 Applications

Fault localization across layers. Pinning one layer to a prior
run isolates the source of divergence, and the answer dictates
the fix. If pinning tensors removes a failure, the agent sits
on a decision boundary that arithmetic noise can tip: no
environment fix will help, and the remedy lies in the prompt
or model. If pinning the trace removes it, minimizing over
trace values names the culprit (say, the timestamp) and the
tool or environment to harden.

Counterfactuals, regression, evaluation. Replay varies one
factor with the rest fixed: would the agent still kill the process
if the port were free? Unlike re-execution, which changes
many factors at once, this is a controlled intervention [11].
Replaying recorded failures against a patched prompt or
model yields regression tests, and pinning lower layers lets
evaluation separate model behavior from lower-layer noise,
which pass rate hides.
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