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Abstract

CLI agents are the closest thing language models have to an embodied setting: the model emits commands,
the terminal executes them, and the returned stream — stdout, errors, file contents, logs, and traces — records the
consequences of its actions. We argue that this stream is a supervision signal, but standard agent RL largely discards it:
GRPO-style training updates action tokens with sparse outcome-level rewards while ignoring environment responses,
even though rollouts already contain them. As a result, failed rollouts often provide little policy-gradient signal,
even though they contain rich evidence about how the environment responds. We introduce ECHO (Environment
Cross-entropy Hybrid Objective), a hybrid loss objective that combines the standard policy-gradient loss on action
tokens with an auxiliary loss that trains the policy to predict the environment observation tokens resulting from
its own actions. ECHO reuses the same forward pass as GRPO, requires no additional rollouts, and turns terminal
feedback into dense supervision that enables learning from all rollouts. ECHO roughly doubles GRPO pass@1 on
TerminalBench-2.0: Qwen3-8B improves from 2.70% to 5.17%, and Qwen3-14B from 5.17% to 10.79%. We find that
ECHO produces policies that are better at predicting terminal dynamics, even for trajectories they didn’t generate:
across held-out rollouts, it sharply reduces environment-token cross-entropy while GRPO alone barely changes
it. From base Qwen3-8B, ECHO matches expert-SFT-then-GRPO performance on held-out terminal tasks without
the expert demonstrations required for SFT, and recovers roughly half of the expert-SFT initialization benefit on
TerminalBench-2.0. In certain settings, ECHO with only environment prediction loss can enable verifier-free self-
improvement, allowing policies to improve on unseen OOD tasks purely by learning from environment interactions.
Together, these results suggest that environment observations are not merely context for future actions, but a dense,
on-policy supervision signal already present in every agent rollout.
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Figure 1: ECHO turns terminal feedback into supervision during agent RL. A terminal-agent rollout interleaves assistant actions,
with environment observations. In standard GRPO, previous terminal outputs can inform future commands, but loss is applied
only to action-token positions and is driven by sparse outcome-level rewards. ECHO adds a complementary cross-entropy loss
on environment-observation tokens, training the same policy to predict the terminal responses caused by its own actions. ECHO
reuses the same rollout and forward pass while making every terminal response an additional training target. Bottom: across
held-out evaluations, ECHO improves task solve rate relative to matched GRPO-only runs and also reaches the peak GRPO
performance substantially earlier in training.
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1 Introduction

Language-model agents learn by acting in environments: a terminal agent edits files, runs tests, reads errors, and
issues follow-up commands until a verifier declares success or failure. The terminal responds to every action with
real environment feedback, but the reward signal that ultimately reaches the trainer is sparse, delayed, and binary.

This sparsity is particularly pronounced in terminal-agent training. As a concrete example, in our Qwen3-8B setting,
often fewer than 15% of on-policy rollouts solve the task, so under standard GRPO (Shao et al.,[2024) the vast majority
of interaction yields little policy-gradient signal. These rollouts are far from uninformative.

Even a failed trajectory contains the actual outputs of whatever the agent ran: file listings, training logs, build errors,
the contents of a config file, the response from a web request, a stack trace, the result of a grep, or anything else a
shell can produce. Every token from the terminal enters the model’s forward computation, yet none of it enters the
loss. The transcript becomes context for the next action and nothing more — and we believe this wastes the most
abundant signal in an interactive environment. We instead train on these tokens directly.

Why should this help? A long-running intuition in language modeling is that good prediction implies good
understanding: predicting the next token well, in Sutskever’s phrasing, “means you understand the underlying
reality that led to the creation of that token” (Sutskever)2023). We borrow this view for agents. To predict what the
terminal will return after a command, the model has to internalize what the command actually does. A policy that
predicts terminal output well is, in a small but real sense, a policy that understands terminals.

We introduce ECHO (Environment Cross-entropy Hybrid Objective), a joint loss function that adds an auxiliary
cross-entropy loss on environment-observation tokens to the usual GRPO loss on action tokens for multi-turn agent
RL:

Lecro () = Larro(6;A) + A Lny (6;0'), 1)

where A indexes assistant-action positions and O’ indexes terminal-output positions inside the environment ob-
servations. The objective requires no teacher model, extra rollouts, or an additional forward pass: it uses the same
logits already computed for the policy update, but gathers them at a different set of token positions. In effect, ECHO
turns the environment stream into dense supervision, so even failed rollouts can teach the policy how the terminal
responds.

We test this hypothesis in TerminalBench-style Docker task environments with Qwen3-8B, OpenThinker-Agent-
v1-SFT, and Qwen3-14B starting policies. ECHO consistently improves both internal held-out evaluations and the
public TerminalBench-2.0 benchmark. On TerminalBench-2.0, ECHO nearly doubles GRPO’s pass@1 rate from
2.70% to 5.17% for Qwen3-8B and from 5.17% to 10.79% for Qwen3-14B. ECHO also reduces dependence on expert
demonstrations: from a base Qwen3-8B, GRPO+ECHO matches OpenThinker-SFT+GRPO on internal evaluations
without using any of the ~15k expert demonstrations behind the SFT model, and closes about half of the expert-SFT
gap on TerminalBench-2.0.

Our contributions:

1. Environment tokens are supervision. Stdout, errors, files, and tool traces are dense, on-policy training targets
that standard agent RL throws away.

2. ECHO. A length-normalized cross-entropy on observation tokens, added to GRPO’s loss on action tokens. The
two terms share one forward pass, require no teacher model, and add no extra rollouts.

3. Consistent improvements over GRPO across model families. ECHO improves Qwen3-8B, OpenThinker-Agent-
v1-SFT, and Qwen3-14B on both internal evaluations and TerminalBench-2.0, nearly doubling pass@1 at 8B and
14B.

4. Reduced reliance on expert-SFT. From a base Qwen3-8B, GRPO+ECHO matches SFT-bootstrapped GRPO from
~15k expert demonstrations, without using any of them.

5. Verifier-free Adaptation. Even without a verifier, the policy can improve by predicting what its own actions cause
in the environment.

Taken together, these findings suggest agent training has been operating with a supervision source masked out:
every policy action has a consequence in the environment, and that consequence is in the rollout already. A simple
auxiliary loss is one way to learn from it, including on failed rollouts.



2 Preliminaries

Multi-Turn Rollout Structure. A training sequence interleaves a system prompt, the user task, and a transcript of
(assistant action, environment observation) pairs:

[sys] [task] [action; ] [obs;] [actiony] [obs;] - - - [actiong] [obsk].
prompt

At each turn, the policy samples action tokens conditioned on the entire prior transcript; the harness parses these
into a bash command, executes it in the container, and appends the resulting terminal output as the next observation.
Let A C {1,..., T} index assistant-action positions and O C {1,..., T} index environment-observation positions.
Trainers compute log-probabilities on the full sequence (every action depends on prior observations), but the
policy-gradient loss is applied only on .A. Observations in O are conditioned on, but receive no direct training signal.

Group-Relative Policy Optimization. GRPO (Shao et al., 2024) optimizes a clipped policy-gradient objective
with group—normalized advantages and no learned value function. For prompt x, sampled rollouts {y() -, and

binary rewards () € {0,1}, each rollout receives a scalar group-normalized advantage A("), applied uniformly to its

action-token positions .4 using the clipped importance ratio p( ),

Lcrro(8; A) = 2 |A1 |Z Z mm( : chp(pg),1 —¢, 1+€)A(l)) @)
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GRPO optimizes only assistant action tokens. Observation tokens remain in context and affect future actions, but are
not policy-gradient targets. With sparse binary rewards, all-zero groups have no reward contrast. In mixed groups,
unsuccessful trajectories receive only a trajectory-level negative signal, so learning concentrates on rare successful
rollouts.

3 Method
3.1 ECHO Objective

ECHO is a hybrid loss objective combining GRPO’s policy gradient loss on action tokens with a supervised next-token
objective on observation tokens. Let py(- | x<;) denote the model’s next-token distribution. The ECHO loss augments
GRPO with a Environment-Prediction Loss: length-normalized cross-entropy on a subset O’ C O of observation
tokens:

1
Leny(6; O') = — VA Y log pe(xt | x<t), 3)
teo’
where Z = |O| normalizes each sequence by its total observation length. ECHO is the joint objective Ly, =

LGrro + ALEny as in equation|[T]

The two losses share a single actor forward pass: the same logits feed both, gathered through different masks
(assistant-action positions for GRPO, additional observation positions for ECHO’s Environment-Prediction loss).
ECHO therefore requires no second rollout, teacher model, or second forward pass; the only added work is a
masked log-probability sum. It composes orthogonally with stabilization techniques aimed at the policy gradient
itself, including void-trajectory filtering (Xue et al.,|2025), overlong filtering and clip-higher (Yu et al., 2025), and
KL-regularized reference updates (Ouyang et al., 2022). Algorithm[I|summarizes the resulting update.

Algorithm 1 ECHO

Require: rollout sequence x1.7; action mask A; env-observation mask O’; full-observation length |O|; advan-
tages {At}te 4; mixing coefficient A.

£ < forwardg(xy.7) > single actor forward; logits at every position
log p: < log softmax(€;)[x;] for all ¢

LGRPO ClippedGRPO({log pt}teA/ {At}teA)

Lcg = (Leeor logpt) /10

return Lgrpo + A Lcg




Computationally, ECHO adds a masked log-probability computation and reduction over existing logits, rather than
a separate model evaluation. Its backward pass adds gradients through the same network activations used by the
policy objective.

3.2 Choosing Observation Targets

We set O’ to the env tokens only, excluding the harness’s warning prefix. An observation message has internal
structure
WARNINGS:\n- ... <command_output> ... </command_output>,

warning tokens terminal-output (env) tokens

where the warning block is a rule-based message emitted when the previous tool call fails parsing or violates
format constraints, and the env block carries the actual command output. The reason for excluding warnings is
empirical: warning tokens are low-entropy and the model memorizes them within ~60 training steps, so warn-only
configurations quickly lose useful gradient. Terminal-output tokens, by contrast, encode task-specific feedback (file
names, test failures, byte counts, error formats) and continue to provide informative gradient throughout training.

3.3 Tuning the Loss Weight

We swept A € {0.001,0.005,0.01,0.02,0.05,0.1,0.2} and found a productive range of 0.01-0.05. Below this range,
the auxiliary gradient is too small to shape representations reliably: world loss can fluctuate or increase while the
policy objective dominates. Above this range, the observation objective begins to compete with the policy update; at
A = 0.1 policy quality plateaus or degrades, and at A = 0.2 runs can collapse into degenerate rollouts whose terminal
outputs are easy to predict but no longer useful. We therefore use a constant A = 0.05 in all reported experiments.
The constant weight is naturally self-annealing: as the model learns terminal-output statistics, Lcg falls rapidly,
reducing the auxiliary contribution without an explicit schedule.

4 Experimental Setup

Training Task Corpus. We start from 2700 curated terminal tasks: 1977 from Endless Terminals (Gandhi et al.,
2026ajb) and 723 from OpenThoughts-Agent-v1-RL (open-thoughts| 2025b), after filtering out analysis /computation,
specialized-application, infrastructure /networking, and complex-bash domains. We then generate 6170 additional
tasks with a modified Endless Terminals pipeline, covering task specification, Dockerfile generation/validation,
and Harbor-format export. We retain only tasks solved by GPT-5 in at least one of 16 attempts, yielding 8870 tasks
across data processing, system operations, and development/tooling. We train on 8770 tasks and hold out 100 for
in-distribution validation (val100).

Harness and Runtime Environment. At each turn, the policy conditions on its prior reasoning, commands, and
command outputs, then emits a thinking block followed by Qwen XML-format bash commands or a task-done
signal. A minimal training harness parses the first command or completion signal, executes it, and returns optional
format warnings plus stdout/stderr and exit code as the next observation. Episodes run for up to 16 turns in Docker,
orchestrated by Harbor (Harbor Framework Team) 2026a), with a 16k context window and at most 2048 generated
tokens per turn. We verify success with unit tests at episode end, using 10-minute agent and 2-minute verifier
timeouts per training task.

Models. We train on three starting policies: Qwen3-8B (Yang et al., 2025), OpenThinker-Agent-v1-SFT (open{
thoughts, 2025a)) (OT-SFT), and Qwen3-14B (Yang et al., 2025). OT-SFT is a Qwen3-8B model SFI’d on ~15k expert
terminal-agent demonstrations from the GLM-4.6 model.

RL Recipe. All experiments use the same GRPO recipe: n = 16 rollouts per prompt, batch size of 16, learning rate
1 x 107, gradient clip 0.2, prompt-level advantage normalization, sequence-level loss aggregation, no KL penalty
unless noted, and rollout temperature 0.8. For ECHO runs, we use A = 0.05 to scale the Environment-Prediction
loss. We provide a reward of 1 if final tests for a task pass, and a reward of 0 otherwise. We train each model for 500
GRPO steps on 8 B200 GPUs.



Model Setup vall00 ITD | TBLite TB2p@l TB2p@3 TB2p@5

Qwen3-8B  Base 34.2 7.0 49 1.57 3.71 4.49
GRPO 549 162 9.5 2.70 6.74 8.99
ECHO 63.7 18.9 11.4 5.17 10.45 13.48
OT-SFT SET 38,5 10.7 6.0 5.62 10.45 12.36
GRPO 635 1838 11.6 7.64 14.38 17.98
ECHO 731 227 | 129 7.87 13.82 17.98
Qwen3-14B Base 353 121 5.7 427 8.99 12.36
GRPO 603 179 9.8 5.17 10.67 13.48

ECHO 650 19.8 15.1 10.79 16.52 19.10

Table 1: Pass rates before RL, after GRPO, and after ECHO for three starting policies. For val100 (100 tasks), ITD (71 tasks), TBLite (OpenThoughts-
TBLite, 100 tasks) we report pass@1 averaged over 8 attempts. For and TB2 (TerminalBench-2.0, 89 tasks) we report pass@k over 5 attempts. Bold
marks the best metrics in each block.

Evaluation. We evaluate model performance on val100, internal-dev (ITD), OpenThoughts-TBLite (TBLite) (open{
thoughts) [2026), and TerminalBench-2.0 (TB2) (Merrill et al.}[2026). val100 is a held-out set of 100 tasks from our
training corpus. Internal-dev is a set of 71 tasks focusing on data processing, systems operations, and develop-
ment/tooling, sampled from TerminalBench 1.0 (core and non-core) and OpenThoughts-TB-dev (open-thoughts,
2025c). OpenThoughts-TBLite is a set of 100 terminal-bench-style tasks calibrated for small-model performance
relative to the harder TB2 benchmark. On val100, ITD, and TBLite, we evaluate using our minimal agent harness,
with 8 rollouts per task at temperature 0.6. On TB2, we use the Terminus 2 harness (Harbor Framework Team, |[2026b)
and perform 5 rollouts at temperature 0.6 with 32k context.

5 Results

ECHO improves every starting policy on every benchmark we test. TerminalBench-2.0 pass@1 nearly doubles at both
8B (2.70 — 5.17) and 14B (5.17 — 10.79), and internal pass rates rise on every slice. The same checkpoints become
substantially better predictors of terminal feedback. They match GRPO'’s peak performance in 1.5-2.3 x fewer training
steps and waste fewer turns at inference. Starting from base Qwen3-8B, adding ECHO to GRPO fully matches
what an expert SFT initialization buys on internal evaluations, and recovers half of its lead on TerminalBench-2.0 —
without using any of the ~15k expert demonstrations the SFT model requires.

51 ECHO Improves Over GRPO Performance

ECHO consistently improves task success. ECHO raises task success on every internal evaluation (val100 and ITD), TBLite,
and TerminalBench-2.0. TerminalBench-2.0 pass@1 nearly doubles for Qwen3-8B (2.70 — 5.17, x1.9) and Qwen3-14B
(5.17 = 10.79, x2.1).

Table [T]compares matched GRPO and ECHO checkpoints across three starting policies. The setup isolates a single
change: whether terminal-output tokens are additionally trained with a cross-entropy objective alongside the
standard policy-gradient loss. Across all three starting policies, ECHO improves every internal evaluation metric
and consistently boosts performance on TerminalBench-2.0 under the Terminus-2 harness. At 8B, TB2 pass@1 nearly
doubles from 2.70 to 5.17; at 14B, it rises from 5.17 to 10.79, with pass@5 increasing from 13.48 to 19.10. The strongest
improvements are statistically significant under paired Wilcoxon tests (App. ??), including the +5.62 pp TB2 pass@1
gain for Qwen3-14B over matched GRPO.

The 14B result is particularly notable. Although the internal gains at 14B are smaller than at 8B, the improvements on
TerminalBench-2.0 are substantially larger. One plausible explanation is that the larger model can internalize more
generalizable terminal dynamics from the observation stream, while at smaller scales the policy and world-modeling
objectives compete more directly for limited capacity. Figure 2Jshows the corresponding training dynamics: at 8B,
ECHO consistently outperforms the GRPO baseline throughout training, while at 14B it reaches a substantially
higher final plateau.
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Figure 2: Pass-rate training curves over 500 GRPO steps. Teal shows GRPO only; pink shows ECHO, with shading where ECHO exceeds the
matched GRPO baseline. Rows are Qwen3-8B base and Qwen3-14B base; columns are vall00 (in-distribution), ITD (OOD), and TBLite (hardest
OOD). OT-SFT-initialized curves appear in App.
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Figure 3: Per-token cross-entropy on terminal output tokens for trajectories from a stronger model, Qwen3 32B. Each panel evaluates a different
distribution; within each panel, starting policies are shown before RL, after GRPO, and after ECHO. RL with GRPO barely changes env-token CE.
Meanwhile ECHO sharply lowers it across all model families and evaluation slices. Lower is better.

5.2 Does ECHO Really Learn Terminal Dynamics?

To test whether ECHO improves the model’s understanding of terminal dynamics, we evaluate environment-token
cross-entropy on a fixed pool of held-out trajectories. We collect trajectories from a stronger model Qwen3 32B on
vall00, ITD, and TBLite, then measure how well each of our models predicts the terminal-output tokens resulting
from Qwen3 32B’s actions.

This evaluation is intentionally off-policy: the evaluated models did not generate these trajectories themselves. Low
cross-entropy therefore requires predicting the outcomes of another stronger agent’s actions, rather than memorizing
a model’s own rollout distribution. If ECHO learns a useful terminal world model, its checkpoints should outperform
matched GRPO-only baselines on this prediction task.



ECHO learns transferable terminal dynamics. On held-out, off-policy trajectories, ECHO sharply lowers environment-token
cross-entropy across all starting policies and evaluation slices, while GRPO alone barely changes it.

Figure 3|shows exactly this pattern. GRPO alone barely changes environment-token cross-entropy relative to the
starting policy, despite improving task success. ECHO, by contrast, sharply lowers prediction error across all starting
policies and evaluation distributions. For Qwen3-14B, cross-entropy drops from 0.24—0.07 on val100, 0.39—0.31 on
ITD, and 0.30—0.23 on TBLite; for Qwen3-8B, the corresponding drops are 0.29—0.07, 0.46—0.32, and 0.35—0.25.
The larger reduction on val100 is expected: val100 is drawn from the same task distribution as training, whereas ITD
and TBLite are out-of-distribution evaluations, so successful transfer requires predicting terminal behavior under
less familiar task structure. These results support the central mechanism behind ECHO: the auxiliary objective trains
the policy to predict how the terminal responds to actions, and the dynamics transfer beyond the model’s own
trajectories.

5.3 ECHO Reduces Dependence on Expert Demonstrations

Expert SFT primes terminal agents before RL by training them on demonstrations from a stronger policy. In our
comparison, OT-SFT is Qwen3-8B SFT’d on ~15k expert demonstrations from a GLM-4.6 teacher. We ask how much of
this expert initialization can be replaced by letting the base model explore and learn from its own terminal interactions.
We define the expert-SFT gap as the gain from OT-
SFT+GRPO over Qwen3-8B+GRPO, and the ECHO lift as
the gain from adding ECHO to Qwen3-8B+GRPO. Figure[d] 25 104% 1 89% 1 50% 1
shows that ECHO recovers almost all of the OT-SFT advan-
tage on internal evaluations: 101.6% of the gap on vall00,
103.9% on ITD, and 88.9% on TBLite. This suggests that much
of what expert SFT provides is environment familiarity—how
commands behave, how errors appear, what files and tests
reveal, and how terminal state evolves. ECHO learns this
signal directly from the model’s own rollouts.
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still help with strategic action selection on the hardest tasks.

ECHO substantially closes expert-SFT gap. On Qwen3-8B, ECHO recovers nearly all of the OT-SFT initialization gain on
internal evaluations and about half of the TerminalBench-2.0 gain, without using expert demonstrations.

5.4 Training and Inference Efficiency

Because ECHO trains on observation tokens already present in each rollout, it can improve how much learning
the policy extracts from a fixed sample budget. We measure this by asking when each ECHO run first exceeds
the best validation score reached by its matched GRPO-only run within 500 steps, using the aggregate total score
(vall00+ITD+TBLite) and TBLite alone.

ECHO often learns faster and uses inference budget more productively. At 8B, ECHO reaches the GRPO-only peak in
1.5-2.3x fewer training steps. At 14B, both runs peak at the same step, but ECHO reaches a higher plateau. At inference,
ECHO halves TB2 timeouts for Qwen3-8B and OT-SFT and reduces completion tokens for all three model pairs.

Table 2] shows large 8B speedups on the aggregate score (1.54-1.92x) and for Qwen3-8B on TBLite (2.27x). The
exception is OT-SFT on TBLite, where GRPO peaks earlier. At 14B, ECHO and GRPO peak at the same step, but
ECHO is higher throughout training (Fig. [2} bottom row), so the benefit appears as a higher plateau rather than faster
convergence.



Total TBLite

Model GRPO ECHO Speedup GRPO ECHO Speedup
Qwen3-8B 460 240 1.92x 500 220 2.27 %
OT-SFT 400 260 1.54 % 220 300 0.73 %

Qwen3-14B 380 380 1.00x 380 380 1.00x

Table 2: First step at which each run reaches its best internal score within 500 GRPO steps. Total aggregates val100, ITD, and TBLite; TBLite
isolates the hardest OOD slice. Pink speedup cells indicate ECHO reaches the score faster (> 1x); teal indicates GRPO is faster.

Timeout rate (%) Turns Tokens
Model GRPO ECHO A GRPO ECHO A GRPO ECHO A
Qwen3-8B 19.8 9.0 —55% 243 19.8 —18% 432k 303k —30%
OT-SFT 45.2 247 —45% 66.3 377 —43% 35.4k 348k —2%

Qwen3-14B  40.7 431 +6% 220 235 +7% 498k 43.1k —13%

Table 3: TerminalBench-2.0 inference-time trajectory statistics. Timeout rate: fraction of TB2 trials that hit the per-task time limit. Turns: average
agent turns per trial. Tokens: average completion tokens per trial. Pink-shaded A cells indicate ECHO wins (lower is better on all three columns);
teal indicates GRPO wins.

Target dist. Rollout filter Step A target (pp) A vall00 (pp)
vall00 (in-dist.) none 70 +3.8 +3.8
PyTerm (OOD) parse/tool=1.0 100 +10.0 -0.9
ITD (OOD) parse/tool=1.0 100 +5.2 +0.4
TBLite (OOD) parse/tool=1.0 100 -39 —-04

Table 4: ECHO with Env-only adaptation. We mask the GRPO loss term and train only the Environment-Prediction loss. We see a +3.8pp lift on
val100 and OOD lifts on PyTerm (+10pp) and ITD (45.2pp) on filtered trajectories, without impacting in-distribution performance (val100).

Table 3| shows that ECHO also improves how agents spend their inference budget. For Qwen3-8B, ECHO cuts
TB2 timeouts from 19.8% to 9.0% and completion tokens by 30%; for OT-SFT, it cuts timeouts from 45.2% to 24.7%
and turns by 43%. Qwen3-14B is the only exception on timeouts and turns, but still uses 13% fewer tokens while
achieving the largest TB2 pass@1 gain. Overall, ECHO produces policies that not only solve more tasks, but spend
less interaction doing so.

5.5 Verifier-Free Adaptation

The main results use ECHO as a joint objective adding environment observation prediction during RL. We next
ask whether the observation loss alone can improve a policy on unseen tasks, without unit-test rewards or any
policy-gradient signal. Starting from our strongest 8B GRPO+ECHO checkpoint, we mask out the GRPO term and
continue training for 100 steps using only the Lcg on environment tokens. In this setting, the model can improve
only by exploring task environments and predicting the terminal outputs of its own actions.

ECHO can drive verifier-free adaptation from interaction alone. On unseen in-distribution tasks, ECHO with Env-only
training improves val100 by +3.8%. On harder OOD tasks, after filtering to clean tool-call trajectories: ECHO’s Env-only
prediction improves PyTerm by 410.0% and ITD by +5.2% without any reward signal, while preserving val100 within +1%.

We evaluate verifier-free adaptation on val100, ITD, TBLite, and PyTerm, a held-out set of 928 synthetic terminal
tasks emphasizing Python script generation. For PyTerm, we use 828 tasks for ECHO-only adaptation and 100 for
evaluation. The starting checkpoint solves ~11.3% of PyTerm, comparable to its TBLite pass rate.

Table 4] and Figure [5|show that Env-prediction training can improve a policy without verifier rewards, but the
usefulness of the signal depends on the quality of exploration. On val100, where the checkpoint is already competent,
unfiltered ECHO-only training gives a +3.8 pp lift. On harder OOD tasks, the policy more often enters bad interaction
regimes: malformed tool calls, parse errors, and unproductive loops, causing the model to only learn from failure
modes. Training on filtered trajectories free of parsing errors and malformed tool calls removes this noise and yields
sustained gains on PyTerm (+10%) and ITD (+5.2%).
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Figure 5: Verifier-free adaptation from environment prediction alone. Starting from the strongest Qwen3-8B+ECHO checkpoint, we turn the
verifier off at step 500 and continue training only on environment-token cross-entropy. Even without reward or policy-gradient updates, pass
rate improves on vall00 (+3.8 pp), ITD (+5.2 pp), and PyTerm (+10.0 pp), showing that a competent agent can sometimes improve from the
consequences of its own actions when terminal feedback is informative

Although TBLite starts at a similar pass rate to PyTerm, the same recipe degrades performance. The difference
appears to be observation structure: PyTerm outputs—tracebacks and file contents—are tightly coupled to executed
Python code, while TBLite often requires shell orchestration over less visible filesystem and process state. Thus
verifier-free ECHO works best when clean exploration exposes predictive feedback. In those settings, the agent can
improve from interaction alone.

6 Related Work and Discussion

Related Work. ECHO builds on work showing that environment interaction contains useful supervision beyond
sparse reward. Classical world-model methods learn dynamics models for planning, imagination, or search (Ha
and Schmidhuber), 2018; Hafner et al} [2020; 2021} 2025} Schrittwieser et al., 2020; Ye et al., 2021); auxiliary-prediction
methods in model-free RL train agents to predict pixels, rewards, forward dynamics, or latent states to improve
representations under sparse feedback (Jaderberg et al., 2017;|Pathak et al.} 2017; Schwarzer et al.,[2021). ECHO follows
this auxiliary-prediction view but in a multi-turn LM-agent setting: the targets are textual terminal observations
already present in the transcript and already used as context for future actions.

For LM agents, the closest comparison is CWM (FAIR CodeGen team et al., 2025)), which trains a large model on
observation—action trajectories from Python and Docker environments. ECHO instead injects observation prediction
directly into on-policy GRPO, requiring no separate corpus, world-modeling stage, dynamics model, or inference-
time simulation. It is also complementary to recent multi-turn agent RL systems such as SkyRL (Cao et al., 2025),
SimpleTIR (Xue et al., 2025), DAPO (Yu et al., 2025), and ArCHer (Zhou et al., 2024): those methods stabilize the
policy-gradient update, while ECHO adds a parallel supervised loss on the observation tokens.

Broader Impacts. ECHO lowers the cost of training terminal agents by reusing existing rollouts and logits, which
may benefit scientific computing, debugging, and developer assistance. More capable shell agents also raise dual-use
risks in software automation. We therefore sandbox all rollouts in ephemeral Docker containers (§4); deployments
based on this recipe should retain comparable isolation, auditing, and human-in-the-loop controls.

7 Conclusion

We introduce ECHO, a simple way to turn the environment responses already present in agent rollouts into
supervision. ECHO adds cross-entropy on terminal-output tokens to the same logits used for GRPO, requiring
no extra rollouts, forward passes, data, or architectural changes. Across different starting policies and model
sizes, ECHO improves over RL-only training, learns faster, matches much of the benefit of learning from expert
demonstrations, and roughly doubles TerminalBench-2.0 pass@1. This suggests a broader opportunity for agentic RL:
trajectories already contain a dense training signal waiting to be used—the observable consequences of the agent’s
own actions.
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Appendix
A  World Cross-Entropy Trajectories

Figure|[6|shows per-token world cross-entropy on warning tokens and on terminal-output (env) tokens over training.
Warning CE drops from ~5.6 nats to <0.05 nats by step 60—the model memorizes warning structure quickly. Env
CE plateaus at 0.05-0.10 nats, the irreducible entropy of real terminal output (variable filenames, byte counts, error
formats). A constant A schedule therefore auto-anneals the warning gradient while preserving the env gradient
indefinitely; this motivates the O’=env_only choice in Section

warning CE (per token, log scale) env CE (per token)

—— warning tokens —— env_only
0.6 1 —— full obs

100.
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Figure 6: Per-token world cross-entropy by target type. Warning CE drops to near-zero within ~60 steps; env CE plateaus at 0.05-0.10 nats and
provides sustained gradient throughout training.

B Hyperparameters and Reproducibility

* Optimizer: AdamW, 1 = 0.9, B2 = 0.95, weight decay 0.01.
¢ Learning rate: 1 x 10~ constant (no warmup or decay), gradient clip 0.2.

* GRPO: n = 16 rollouts per prompt, batch size 16, no KL penalty, prompt-level advantage normalization, €, = 0.2,
€ep; = 0.28.

® Sampling: training temperature 0.8; evaluation temperature 0.6.

e World loss: A € {0.02, 0.05} (SFT vs. base); O’ = terminal-output (env) tokens; per-sequence normalization by
total observation length.

® Run length: 500-1000 GRPO steps on 8 GPUs (A100/B200 mix), ~24—48 h wallclock per run.

Internal-Eval Reproducibility. 8 rollouts/task, sampling temperature 0.6, 16-turn budget. Per-task pass-rate
variance at n = 8 is +0.05; mean-of-100-task variance is approximately +0.025 (Wilson interval). We treat trends
across > 3 consecutive eval points as more informative than single-checkpoint deltas.

TerminalBench-2.0 Reproducibility. Terminus-2 reference agent at temperature 0.6, attempts = 5, 1200 s agent and
verifier timeouts, sampling seed 42. Standard error on pass@1 at n = 5is ~1.5 pp.
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C Expert-SFT Gap

Table[5|reports the absolute pass-rates for the three Qwen3-8B configurations compared in together with the
per-metric SFT gap (SFT+RL minus base RL), the lift from ECHO (base RL+ECHO minus base RL), and the fraction
of the SFT gap recovered by ECHO without expert demonstrations. Values are in pass-rate units (%); internal
columns (vall100, ITD, TBLite) are mean pass-rate, TB2 columns are pass@k.

Table 5: Full breakdown of the expert-SFT gap closed by ECHO on Qwen3-8B base. Rows are absolute pass-rates for the three matched
configurations, the SFT initialization gap, the lift from adding ECHO without expert SFT, and the fraction of that gap closed.

Configuration vall00 ITD TBLite TB2 p@l1 TB2p@3 TB2 p@5
q8b RL 5494  16.22 9.47 2.70 6.74 8.99
q8b RL +ECHO 63.66 18.89  11.39 517 10.45 13.48
q8b SFT + RL 63.52 1879  11.63 7.64 14.38 17.98
SFT gap (SFT+RL — RL) 8.58 2.57 2.16 4.94 7.64 8.99
ECHO lift (RL+ECHO — RL) 8.72 2.67 1.92 2.47 3.71 4.49

% SFT gap closed by ECHO 101.6% 103.9% 88.9% 50.0% 48.6% 50.0%

D OT-SFT Training Curves
Figure[/|shows training curves for the OpenThinker-Agent-v1-SFT-initialized Qwen3-8B runs. The curves follow a
similar trend as Qwen3-8B and Qwen3-14B with the ECHO curve quickly surpassing the GRPO curve and remaining

consistently ahead during training.

= GRPO only == GRPO + ECHO
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Figure 7: OT-SFT-init Qwen3-8B training curves.
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