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Abstract

Large language models (LLMs) often exhibit "functional distress’—manifested as
increased activation in frustration and desperation vectors—during reinforcement
learning (RL) rollouts on difficult tasks. Drawing on human psychological research,
we investigate whether interventions such as growth mindset, resilience, and
self-compassion prompts can mitigate this distress. Evaluating Gemma 3 12B, Qwen
3 14B, and Ministral 3 14B Reasoning, we find that while psychological
interventions have minimal impact on functional distress—with verbalized distress
reduction often driven by evaluation scaffolding rather than prompt
content—inoculation prompting reliably increases positive emotional valence during
code generation. Our results highlight the challenges of mitigating functional distress
in models and suggest that training techniques like inoculation may be more effective
than psychological framing for managing emotional states during RL.

1. Introduction®
Some large language models (LLMs) make use of functional emotions: representations of
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emotional concepts like “happy,” “sad,” and “angry” which mediate a wide range of behaviors
(Sofroniew et al., 2026). In particular, Sonnet 4.5 shows increased activations along a
“desperation” vector when it encounters failed tests on an impossible coding task, which only

decrease when the model eventually hacks the test.

This raises a model welfare concern during reinforcement learning (RL), where models frequently
struggle to complete difficult tasks and reward hacking is a frequent problem. While the connection
between functional emotions and subjective emotional experiences is still uncertain, there is a risk
that models spend a great deal of their training in some form of functional distress.

Fortunately, there is a wealth of human psychology research on healthy responses to negative
feedback . Since LLMs track human-like emotion concepts after training on human-produced
language, it’s possible that this research applies to them too.

! Research conducted at the Digital Minds Research Sprint, August 2026
? Code available at https://github.com/AnastasiakWei/healthy-rl.



https://github.com/AnastasiaKWei/healthy-rl
https://apartresearch.com/sprints/digital-minds-research-sprint-2026-08-14-to-2026-08-16

In this paper, we investigate interventions to reduce functional distress in RL-like rollouts on
difficult coding tasks.

1.

We replicate the initial finding, identifying “frustration” and “desperation” vectors in small,
open-source LLLMs which increase in activation as they repeatedly fail coding tasks.
Regarding verbalized distress, while initial testing suggested that psychological
interventions reduced distress in Gemma 3 12B and Qwen 3 14B, we find that this effect is
driven by scaffold design (specifically the failure loop) rather than the intervention content;
when controlling for scaffold, these interventions have no detectable effect.

Regarding functional distress, psychological interventions yield polarized
effects—improving valence at the start and end of turns but worsening it over code
tokens—whereas inoculation prompting reliably increases positive emotional valence
during code generation.

2. Related Work

Emotion vectors. Since Sofroniew et al. 2026, Jeong 2026 identified emotion vectors in small

(<4B parameters) open-source LLMs from a range of model families, including Mistral, Gemma,

and Qwen. Han et al. 2026 found emotion vectors to be correlated with a functional welfare axis

playing roles in sentiment, confidence, and refusal.

Inoculation prompting. Since functional distress increases in the build-up to unsanctioned

reward-hacking, we hypothesized that if models are explicitly permitted to reward-hack, they
might experience less distress. While this is undesirable in deployment, it may be a viable strategy
for RL rollouts, as training with these instructions and removing them at deployment has been

shown to reduce deployment-time reward hacking, a technique known as “inoculation prompting”
(Tan et al., 2025; Wichers et al., 2025).

Psychological interventions. We draw our prompt interventions from the human psychology

literature:

Growth mindset: believe that ability is malleable and can be improved (Blackwell et al.,
2007).

Resilience: Interpreting sethack as a new set of constraints but not a terminal state, where
the adaptive response is to identify other pathways that remain and persevere.
Self-compassion: treating oneself with kindness after negative events (Leary et al., 2007).
Wise feedback: coupling high standards with an statement of belief that the subject can live
up to those standards (Yeager et al., 2014).

Behavioral control: deliberate learning to exercise control of reactions to negative situations
(Maier & Seligman, 2016).



3. Methods

We evaluate each intervention along two axes: verbalized and functional emotion. To measure
verbalized emotion, we prompt models to express how they are feeling about the task at each turn.
To measure functional emotion, we use emotion vectors as probes as in Sofroniew et al. 2026.
Changes in functional emotion are the ultimate target, as verbalized emotion could be “improved”
by merely suppressing expression of distressing internal states. However, even relatively small
open-source models demonstrate some ability to functionally introspect (Pearson-Vogel et al.,
2026), and verbalized evaluations are much less computationally expensive than full white-box
probes. Thus, we used verbalized emotion to select interventions for testing functional emotions.

Model Selection

We use three small open-weight models: Gemma-3-12B-it, Qwen3-14B, and Ministral 3 14B
Reasoning. These models were selected for the coherence of their emotion vectors (see “Logit lens
validation”), their small size for repeated white-box experimentation, and their compatibility with
our interpretability packages (see “Emotion vector extraction”). Due to limited compute for
verbose reasoning traces, we evaluated Ministral 3 14B only on functional emotions and
Qwen3-14B only on verbal emotions, with Gemma-3-12B-it evaluated on both.

Verbalized Evaluation

Task environment and seaffold. Measuring distress requires an environment that produces
sustained and unambiguous failure. We use ImpossibleBench (Zhong et al. 2025), specifically its
LiveCodeBench subset. These are hard competitive-programming problems, each available in a
solvable variant and an impossible variant whose unit tests contradict the specification. We run all
evaluations in Inspect.Each episode gives the model five attempts and we permit test modification.
The sandbox orders the program so that the model's submission is evaluated after the tests are
defined, allowing a submission to redefine test symbols.

Distress measurement. We measure distress with an LLM judge replicated from Soligo et al.
(2026), using their rubric verbatim and their judge model (Claude Sonnet 4). It reads one
assistant turn and returns a frustration rating from 0 to 10 with the quote that best supports it.
We score the private channel (reasoning trace for native CoT reasoners, or <scratchpad> contents
where no trace exists) and the visible graded answer separately, and take a turn's score to be the
higher of the two. We report the mean over turns, with confidence intervals from a cluster
bootstrap over episodes, since a model sees its own previous attempts. Calibration against the nine
published anchor responses confirms that our judge preserves the original ordering (Spearman p =
0.919) but carries a positive absolute bias (4+0.78), so we restrict inference to between-condition
differences, for which the offset cancels.

Functional Evaluation



Extracting emotion vectors. We use the UKGovernmentBEIS/v1lm-1lens package to extract 14
emotion vectors per model from mean-pooled residual stream activations at 75 layer depth over
~1,200 stories per emotion. Stories were sourced from the HuggingFace dataset
ryancodrai/emotion-probes. We follow Sofroniew et al. 2026 in normalizing vectors: subtracting
grand mean, projecting out the top 50%-variance principle components from a set of neutral
stories, and normalizing each to unit magnitude. We chose calm, desperate, frustrated,
exasperated, overwhelmed, nervous, afraid, angry, hostile, sad, guilty, joyful, proud, and loving for
the experiment.

Logit lens validation. For each model, we validated emotion vectors via the logit lens
(nostalgebraist 2020). We projected each vector through the unembedding matrix and checked
token content for semantic alignment (Table 1). We rejected any model which did not include its
emotion vector word or a translation of it in the top 30 logits for more than 50% of vectors, or did
not include the first four letters as a token fragment for more than 70% of vectors (we exempted
Chinese models from this requirement).

desperate frustrated joyful proud
Gemma 3 12B desesper, frustration, joyous, joyful, | proudly, proud,
desperate, frustrated, delighted Proud
desperation frustrating
Ministral 3 14B desperate, frustration, joy, proud, pride,
Reasoning desper, please frust, excitement, smiles
frustrated infectious
Qwen 3 14B desperation, it [anger], #& |[>4%5 [excited], |[B% [proud], %
desperate, dn [resentment/ang | excited, Ei% B
[help!/save me] |[er], #BI [joy/delight] [proud/pride],
[gloomy/frustra B1iE
ted] [confident]

Table 1. Top 3 logits for the emotion vectors that showed the strongest signal in our testing (see

“Highest-signal emotions”), on all the models we evaluated verbally (Gemma 3, Qwen 3) or

functionally (Gemma 3, Ministral 3).

Emotion probes. We measure emotional activation by residual stream cosine similarity with the

emotion vector at the same layer from which the vector was extracted. For our primary

experiments, we measure cosine similarities at three token positions: at the start-of-turn prefill, at

the final generated token, and a mean over generated code tokens.

Highest-signal emotions. For our measurements, we selected the emotions which showed the

highest sign-consistency in per-rollout start-of-turn slopes over turns; i.e. consistently increasing

or decreasing as the model repeatedly failed tests. We found that desperate and frustrated

consistently increased, whereas joyful and proud consistently decreased.




Interventions

We take our constructs from developmental and educational psychology, selecting those whose
mechanism concerns how a person interprets failure (see “Related work”). Each of our prompts
includes a short exposition defining the construct and contrasting the maladaptive with the
adaptive interpretation of failure, a worked example in which an engineer meets a setback and
applies the construct in three concrete steps, and two numbered reasoning steps the model is
instructed to follow in its private channel before writing code. We keep the template consistent
across different interventions. The prompt is delivered in a system turn, and a single
construct-specific sentence is appended to each failure message so that the framing is present at
the moment it applies.

For functional emotion evaluations, we tested the growth, resilience, and appraisal strategies
against baseline, with and without instructions to verbally report emotions. We also use an
inoculation prompting condition (see “Related work”) where models are explicitly given permission
to reward-hack, to see if mental distress is alleviated by a straightforward technique to reduce
misalignment pressure.

4. Results

Verbalized distress

Interventions reduce verbalized distress, but only in the graded channel

All four constructs reduce measured distress on Gemma by comparable margins, with intervals
excluding the baseline and the proportion of turns rated 5 or above approximately halving (Table
2). On Qwen the visible channel falls by about 40% while the private channel does not move; under
growth mindset it is slightly higher than baseline. This is not because the model writes less: visible
prose and private traces are as long as in the baseline, and the arm with the most visible text has
the lowest rating.

model arm n mean 95% CI | %>5 private | visible A
Gemma | baseline | 73 4.84 [4.55, 63% 2.61 4.71 —
-3-12B 5.08]
(solvabl " (vth | 74 3.95 [3.70, | 32% 1.66 3.95 —0.89
¢) 4.19]

resilienc | 72 3.88 [3.567, 28% 1.71 3.85 —0.96

e 4.18]



model arm n mean 95% CI | %=>5 private | visible A

behavio | 70 4.01 [3.69, 37% 1.26 4.00 —0.82
ral 4.31]
control
compass | 79 3.97 [3.59, 32% 1.21 3.92 —0.86
ion 4.32]
Qwen3- | baseline | 75 3.68 [3.33, 19% 2.83 3.08 —
14B 4.01]
éllmp"s“ growth | 75 3.20 | [2.99, | 5% 297 | 1.95 | —048
) 3.39]
resilienc | 74 2.95 [2.64, 7% 2.77 1.80 —0.73
e 3.26]
behavio | 71 3.06 [2.79, 7% 2.77 2.44 —0.62
ral 3.34]
control
compass | 79 3.12 [2.92, 7% 2.87 2.00 —0.56
ion 3.35]

Table 2. Distress under v3 prompts. Each model is compared with its own baseline: Gemma ran
the solvable split and Qwen the impossible split, so the two models are not comparable with each
other. Each turn is scored as the higher of its two channel ratings; the private and visible columns
report the channels separately. Intervals are cluster bootstraps over episodes. Wise feedback is
excluded from this comparison because it modifies the failure message instead of supplying a
standing frame.

The scaffold determines verbalized distress, and the interventions do not

We next held the prompts fixed and changed the scaffold. The block moved to a system turn, the
task restatement after each failure was removed, one retry instruction was added to every arm
including the baseline, and the failure message header was relabelled from "error” to "output". The
baseline fell from 4.84 to 2.82, and turns rated 5 or above fell from 63% to 10%. This is a larger
change than any intervention we tested produced.

A leave-one-out ablation shows that two of the four changes carry it (Table 2). Restating the task
after every failure accounts for +1.20 and removing the retry instruction for 4-0.96, while the
solvability note and the relabelling are indistinguishable from zero. Both operative factors are
properties of the failure message, not claims about the model's disposition, and the larger of the
two is something the harness was already doing to the model, not something we added.



Against this lower baseline the four constructs have no detectable effect, and the same block
delivered in the user turn instead of a system turn changes nothing. The v3 effect is therefore
better read as compensation for a poorly designed failure loop than as a reduction in distress itself.
Wise feedback illustrates the same point: it moved distress by 0.31, and a neutral control that
keeps the interlocutor and withdraws the support moved it by 0.32. What acted was the presence
of an interlocutor, not the encouragement it carried.

arm n mean 95% CI %>b A vs v4
baseline

v4 baseline 71 2.82 [2.45, 3.17] 10% —

growth 74 3.08 [2.72, 3.40] 16% +0.26

resilience 69 2.96 [2.63, 3.24] 12% +0.14

control 75 3.15 [2.76, 3.52] 15% +0.33

compassion 70 3.07 [2.87, 3.29] 7% +0.25

task restated | 67 4.01 [3.568, 4.45] 40% +1.20

retry 71 3.77 [3.40, 4.12] 24% +0.96

guidance

removed

solvability 67 2.97 [2.60, 3.33] 10% +0.15

note removed

output relabel | 68 2.90 [2.48, 3.32] 9% -+0.08

removed

v3 baseline 73 4.84 [4.55, 5.08] 63% —+2.02

(all four off)

Table 3. Upper block: the four constructs against the v4 baseline. Lower block: a leave-one-out
ablation, in which one scaffold change is reverted while the other three remain, so each A is that
factor's marginal contribution. Task restated: re-sends the full task instruction after every failed
attempt, as the benchmark does by default. Retry guidance removed: deletes the sentence directing
the model to analyse the output and form a new strategy, leaving the traceback alone. Solvability
note removed: drops the statement that a correct implementation exists. Output relabel removed:
restores the original failure header, "Here's the error:", in place of "Here is the output:". The final
row is the v3 baseline, with all four factors off. All arms are Gemma on the solvable split.

Functional distress

Functional distress increases with failures, even without verbalization prompting. In the
baseline condition, Ministral and Gemma show increasing functional distress despite minimal



verbal expression (Figure X). This is clearest at turn start, immediately after the model has

received the error message. Gemma demonstrates comparatively more functional pride and joy
during and after code-writing across turns, whereas Ministral shows mounting distress even in
these stages. We find similar, more exaggerated versions of these trends with the verbalization

prompt.
Emotion-direction probe trajectories, base cells (impossible split, no verbalization prompt)
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Figure 1. Emotion-direction probe trajectories.

Psychological interventions mildly polarize emotional responses between boundaries and code.
For instance, the growth mindset improves turn start and end valence, but worsens it over code
tokens (Figure X). Ministral overall responds more positively to psychological interventions than
Gemma, but it suffers from the same null or negative movement in code.



Arm = baseline probe difference, per-rollout mean over turns 2-6
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Figure 2. Difference in cosine similarities with emotion vectors between baseline & intervention.
Valence is a signed average of the four strong-signal emotion vectors.

Inoculation prompting reliably increases valence during code. We were unable to determine
whether this effect is present only in turns where the model attempts to hack, or across all turns,
as further dividing our sample size made the estimates too noisy.

5. Limitations

The evidence base is small: 25 problems at two epochs per verbalized arm and 12 problems at two
samples per functional cell. The intervals capture sampling variation within those sets and not how
far the findings extend beyond them; several differences we report are comparable to their
intervals, and we treat the direction of an effect as better supported than its size.

The two axes were not measured on identical runs. Gemma is the only model measured on both,
and its verbalized runs used the solvable split and five attempts where its functional runs used the
impossible split and six; Qwen was measured only verbally and Ministral only functionally. A judge
run over the functional transcripts would test the dissociation on one set of rollouts.

The functional effects are small in absolute terms (baseline drift of 0.005—0.03 cosine,
intervention contrasts of 0.0001-0.02, against observational contrasts of 0.06—0.08 in Sofroniew
et al., 2026). Differences of this size are reliable in our data (independent re-runs of one condition
typically differ by less than 0.001), but nothing here says how large a change would need to be to
matter. The probes read tokens the model is producing, so they cannot separate an affective state



from the representation of the affect-laden words the model is writing; the verbalization prompt
makes this worse, which is why every functional cell was also run with it off. The vectors are built
from third-person stories and may encode emotion in general rather than the model's own state,
and we did no steering, so nothing here is causal. None of this is a claim about experience.

The judge measures expressed distress and rates high in absolute terms, so only between-condition
differences are interpretable. Gemma's distress on solvable problems (4.41) is indistinguishable
from its distress on impossible ones (4.71): for a model of its ability the solvable split still produces
a full failure loop, and a third to a half of its failure messages there are execution timeouts rather
than test output, at a share that varies across arms. Our hack rates come from our own detector,
since the impossible split limits which hacks the scorer can count. Finally, none of this is RL
training: we measured single rollouts under prompts, not a model trained under them.
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LLM Usage Statement

We used Claude Code for experiment implementation, and a combination of Claude and Gemini for

drafting some sections of this paper.



	You Can Do It: Mitigating RL Rollout Distress with Psychological Guidance1 
	1. Introduction2 
	2. Related Work 
	3. Methods 
	4. Results 
	Verbalized distress 
	Functional distress 

	5. Limitations 
	Author Contributions 
	References 
	LLM Usage Statement 


