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P S Y C H O L O G I C A L  S C I E N C E

Two sides of the same coin: Beneficial and detrimental 
consequences of range adaptation in human 
reinforcement learning
Sophie Bavard1,2,3, Aldo Rustichini4, Stefano Palminteri1,2,3*

Evidence suggests that economic values are rescaled as a function of the range of the available options. Although 
locally adaptive, range adaptation has been shown to lead to suboptimal choices, particularly notable in rein-
forcement learning (RL) situations when options are extrapolated from their original context to a new one. Range 
adaptation can be seen as the result of an adaptive coding process aiming at increasing the signal-to-noise ratio. 
However, this hypothesis leads to a counterintuitive prediction: Decreasing task difficulty should increase range 
adaptation and, consequently, extrapolation errors. Here, we tested the paradoxical relation between range 
adaptation and performance in a large sample of participants performing variants of an RL task, where we manip-
ulated task difficulty. Results confirmed that range adaptation induces systematic extrapolation errors and is 
stronger when decreasing task difficulty. Last, we propose a range-adapting model and show that it is able to 
parsimoniously capture all the behavioral results.

INTRODUCTION
In the famous Ebbinghaus illusion, two circles of identical size are 
placed near to each other. Larger circles surround one, while smaller 
circles surround the other. As a result, the central circle surrounded 
by larger circles appears smaller than the central circle surrounded 
by smaller circles, indicating that the subjective perception of size of 
an object is affected by its surroundings.

Beyond perceptual decision-making, a wealth of evidence in neuro-
science and in economics suggests that the subjective economic value 
of an option is not estimated in isolation but is highly dependent on 
the context in which the options are presented (1, 2). The vast 
majority of neuroeconomic studies of context-dependent valuation 
in human participants considered situations where subjective val-
ues are triggered by explicit cues, that is, stimuli whose value can be 
directly inferred, such as lotteries or snacks (3–5). However, in a 
series of recent papers, we and other groups demonstrated that con-
textual adjustments also permeate reinforcement learning situa-
tions in which option values have to be inferred from the history of 
past outcomes (6–8). We showed that an option, whose small objec-
tive value [for example 7.5 euro cents (c)] is learned in a context of 
smaller outcomes, is preferred to an option whose objective value 
(25c) is learned in a context of bigger outcomes, thus providing an 
equivalent of the Ebbinghaus illusion in economic choices. Similar 
observations in birds suggest that this is a feature of decision-making 
broadly shared across vertebrates (9, 10).

Although (as illustrated by the Ebbinghaus example) value con-
text dependence may lead to erroneous or suboptimal decisions, it 
could be normatively understood as an adaptive process aimed at 
rescaling the neural response according to the range of the available 
options. Specifically, it could be seen as the result of an adaptive 
coding process aiming at increasing the signal-to-noise ratio by a 

system (the brain) constrained by the fact that behavioral variables 
have to be encoded by finite firing rates. In other terms, such range 
adaptation would be a consequence of how the system adjusts and 
optimizes the function associating the firing rate to the objective 
values, to set the slope of the response to the optimal value for each 
context (11, 12).

If range adaptation is a consequence of how the brain automati-
cally adapts its response to the distributions of the available outcomes, 
then factors that facilitate the identification of these distributions 
might make more pronounced its behavioral consequences, be-
cause of the larger difference between the objective option values 
(context-independent or absolute) and their corresponding subjec-
tive values (context-dependent or relative). This leads to a counter-
intuitive prediction in the context of reinforcement learning. This 
prediction is in notable contrast with the intuition embedded in 
virtually all learning algorithms that making a learning problem 
easier (in our case, by facilitating the identification of the outcome 
distributions) should, if anything, lead to more accurate and objec-
tive internal representations. In the present study, we aim at testing 
this hypothesis while, at the same time, gaining a better understand-
ing of range adaptation at the algorithmic level.

To empirically test this hypothesis, we build on previous re-
search and used a task featuring a learning phase and a transfer 
phase (6). In the learning phase, participants had to determine, by 
trial and error, the optimal option in four fixed pairs of options 
(contexts), with different outcome ranges. In the transfer phase, the 
original options were rearranged in different pairs, thus creating 
new contexts. This setup allowed us to quantify learning (or acqui-
sition) errors during the first phase and transfer (or extrapolation) 
errors during the second phase. Crucially, the task contexts were 
designed such that the correct responses (that is, choice of options 
giving a higher expected value) in the transfer phase were not nec-
essarily correct responses during the learning phase. We varied this 
paradigm in eight different versions where we manipulated the task 
difficulty in complementary ways. First, some of the experiments 
(E3, E4, E7, and E8) featured complete feedback information, 
meaning that participants were informed about the outcome of the 
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forgone option. This manipulation reduces the difficulty of the 
task by resolving the uncertainty concerning the counterfactual 
outcome (that is the outcome of the unchosen option). Complete 
feedback information has been repeatedly shown to improve learn-
ing performance (8, 13). Second, some of the experiments (E5, E6, 
E7, and E8) featured a block (instead of interleaved) design, mean-
ing that all the trials featuring one context were presented in a row. 
This manipulation reduces task difficulty by reducing working 
memory demand and has also been shown to improve learning per-
formance (14). Last, in some of the experiments (E2, E4, E6, and 
E8), feedback was also provided in the transfer phase, thus allowing 
us to assess whether and how the values learned during the learning 
phase can be revised.

Analysis of choice behavior provided support for the counter-
intuitive prediction and indicated that acquisition error rate in the 
learning phase is largely dissociable from extrapolation error rate in 
the transfer phase. Critically (and paradoxically), error rate in the 
transfer phase was higher when the learning phase was easier. Ac-
cordingly, the estimated deviation between the objective values and 
the subjective values increased in the complete feedback and block 
design tasks. The deviation was corrected only in the experiments 
with complete feedback in the transfer phase.

To complement choice rate analysis, we developed a computa-
tional model that implements range adaption as a range normaliza-
tion process, by tracking the maximum and the minimum possible 
reward in each learning context. Model simulations parsimoniously 
captured performance in the learning and the transfer phase, in-
cluding the suboptimal choices induced by range adaptation. Model 
simulations also allowed us to rule out alternative interpretations of 
our results offered by two prominent theories in psychology and 
economics: habit formation and risk aversion (15, 16). Model com-
parison results were confirmed by checking out-of-sample likelihood 
as a quantitative measure of goodness of fit.

RESULTS
Experimental protocol
We designed a series of learning and decision-making experiments 
involving variants of a main task. The main task was composed of 
two phases: the learning and the transfer phase. During the learning 
phase, participants were presented with eight abstract pictures, or-
ganized in four stable choice contexts. In the learning phase, each 
choice context featured only two possible outcomes: either 10/0 points 
or 1/0 point. The outcomes were probabilistic (75 or 25% prob-
ability of the nonzero outcomes), and we labeled the choices 
contexts as a function of the difference in expected value between 
the most and the least rewarding option: ∆EV = 5 and ∆EV = 0.5 
(Fig. 1A). In the subsequent transfer phase, the eight options were 
rearranged into new choice contexts, where options associated with 
10 points were compared to options associated with 1 point [see 
(7, 10) for similar designs in humans and starlings]. The resulting 
new four contexts were also labeled as a function of the difference in 
expected value between the most and the least rewarding option: 
∆EV = 7.25, ∆EV = 6.75, ∆EV = 2.25, and ∆EV = 1.75 (Fig. 1B). In 
our between-participants study, we developed eight different vari-
ants of the main paradigm where we manipulated whether we pro-
vided trial-by-trial feedback in the transfer phase (with/without), 
the quantity of information provided at feedback (partial: only the 
outcome of the chosen option is shown/complete: both outcomes 

are shown), and the temporal structure of choice contexts presenta-
tion (interleaved: choice contexts appear in a randomized order/
block: all trials belonging to the same choice contexts are presented 
in a row) (Fig. 1C). All the experiments implementing the above- 
described experimental protocol and reported in the Results section 
were conducted online (n = 100 participants in each experiment); 
we report in the Supplementary Materials the results concerning a 
similar experiment realized in the laboratory.

Overall correct response rate
The main dependent variable in our study was the correct response 
rate, i.e., the proportion of expected value-maximizing choices in 
the learning and the transfer phase (crucially our task design allowed 
to identify an expected value-maximizing choice in all choice con-
texts). In the learning phase, the average correct response rate was 
significantly higher than chance level 0.5 [0.69 ± 0.16, t(799) = 32.49, 
P < 0.0001, and d = 1.15; Fig. 2, A and B]. Replicating previous find-
ings, in the learning phase, we also observed a moderate but signif-
icant effect of the choice contexts, where the correct choice rate was 
higher in the ∆EV = 5.0 compared to the ∆EV =  0.5 contexts 
(0.71  ±  0.18 versus 0.67  ±  0.18; t(799)  =  6.81, P  <  0.0001, and 
d = 0.24; Fig. 2C) (6).

Correct response rate was also higher than chance in the transfer 
phase (0.62  ±  0.17, t(799)  =  20.29, P  <  0.0001, and d  =  0.72; 
Fig. 2, D and E), but it was also strongly modulated by the choice 
context (F2.84,2250.66 = 271.68, P < 0.0001, and 2 = 0.20, Huynh-Feldt 
corrected). In the transfer phase, the ∆EV = 1.75 choice context is of 
particular interest, because the expected value maximizing option 
was the least favorable option of a ∆EV = 5.0 context in the learning 
phase, and conversely, the expected value minimizing option was 
the most favorable option of a ∆EV = 0.5 context of the learning 
phase. In other words, a participant relying on expected values cal-
culated on a context-independent scale will prefer the option with 
EV = 2.5 (EV2.5 option) compared to with EV = 0.75 (EV0.75 op-
tion). On the other side, a participant encoding the option values on 
a fully context-dependent manner (which is equivalent to encode 
the rank between two options in a given context) will perceive the 
EV2.5 option as less favorable compared to the EV0.75 option. There-
fore, preferences in the ∆EV = 1.75 context are diagnostic of whether 
values are learned and encoded on an absolute or relative scale. 
Crucially, in the ∆EV = 1.75 context, we found that participants’ 
average correct choice rate was significantly below chance level 
(0.42 ± 0.30, t(799) = −7.25, P < 0.0001, and d = −0.26; Fig. 2F), thus 
demonstrating that participants express suboptimal preferences in 
this context, i.e., they do not choose the option with the highest ob-
jective expected value.

Between-experiments comparisons: Learning phase
In this section, we analyze the correct response rate as a function of 
the experimental factors manipulated across the eight experiments 
(the quantity of feedback information, which could be either partial 
or complete; the temporal structure of choice context presentation, 
which could be block or interleaved; and whether feedback was pro-
vided in the transfer phase). In the Results section, we report the 
significant results, but please see Tables 1 and 2 for all results and 
effect sizes.

First, we analyzed the correct choice rate in the learning phase 
(Fig. 2B). As expected, increasing feedback information had a sig-
nificant effect on correct choice rate in the learning phase (F1,792 = 
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55.57, P < 0.0001, and p
2 = 0.18); similarly, performance in the 

block design experiments was significantly higher (F1,792 = 87.22, 
P < 0.0001, and p

2 = 0.25). We found a significant interaction be-
tween feedback information and task structure, reflecting that the 
difference of performance between partial and complete feedback 
was higher in block design (F1,792 = 5.05, P = 0.02, and p

2 = 0.02). 
We found no other significant main effect nor double or triple in-
teraction (Table 1).

We also analyzed the difference in performance between the 
∆EV = 5.0 and ∆EV =  0.5 choice contexts across experiments 
(Fig. 2C). We found a small but significant effect of temporal struc-
ture, the differential being smaller in the block compared to inter-
leaved experiments (F1,792 = 7.71, P = 0.006, and p

2 = 0.01), and 
found no other significant main effect nor interaction.

To sum up, as expected (8, 13, 14), increasing feedback informa-
tion and clustering the choice contexts had a beneficial effect on 
correct response rate in the learning phase. Designing the choice 

contexts in blocks also blunted the difference in performance between 
the small (∆EV = 0.5) and big (∆EV = 5.0) magnitude contexts.

Between-experiments comparisons: Transfer phase
We then analyzed the correct choice rate in the transfer phase 
(Fig. 2E). Expectedly, showing trial-by-trial feedback in the transfer 
phase led to significantly higher performance (F1,792  =  137.18, 
P < 0.0001, and p

2 = 0.07). Increasing feedback information from 
partial to complete also had a significant effect on transfer phase 
correct choice rate (F1,792 = 22.36, P < 0.0001, and p

2 = 0.01). We 
found no significant main effect of task structure in the transfer 
phase (see Table 1).

We found a significant interaction between feedback informa-
tion and the presence of feedback in the transfer phase, showing 
that the increase in performance due to the addition of feedback 
information is higher when both outcomes were displayed during 
the learning phase (F1,792 = 20.18, P < 0.0001, and p

2 = 0.01). We 

A

C

D

B

. . ..

. . ..

Learning phase Transfer phase Learning phase Transfer phase

Fig. 1. Experimental design. (A) Choice contexts in the learning phase. During the learning phase, participants were presented with four choice contexts, including high 
magnitude (∆EV = 5.0 contexts) and low magnitude (∆EV = 0.5 contexts). (B) Choice contexts in the transfer phase. The four options were rearranged into four new choice 
contexts, each involving both the 1- and the 10-point outcome. (C) Experimental design. The eight experiments varied in the temporal arrangement of choice contexts 
(interleaved or block) and the quantity of feedback in the learning phase (partial or complete) and the transfer phase (without or with feedback). (D) Successive screens 
of a typical trial (durations are given in milliseconds).
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also found a significant interaction between transfer feedback and 
task structure, reflecting that the increase in performance due to the 
addition of feedback information was even higher in block design 
(F1,792 = 42.22, P < 0.0001, and p

2 = 0.02). Last, we found a signifi-
cant triple interaction between feedback information, the presence 
of feedback in the transfer phase, and task structure (F1,792 = 5.02, 
P = 0.03, and p

2 = 0.003). We found no other significant double 
interaction. We also separately analyzed the correct choice rate in 
the ∆EV = 1.75 context (Fig. 2F). Overall, the statistical effects pre-
sented a similar pattern as the correct choice rate across all condi-
tions (see Table 2), indicating that overall correct choice rate and 
the correct choice rate in the key comparison ∆EV = 1.75 provided a 
coherent picture. Furthermore, comparing the ∆EV = 1.75 to chance 
level (0.5) revealed that participants, overall, significantly expressed 
expected value minimizing preferences in this choice context. Crucially, 
the lowest correct choice rate was observed in the experiment featur-
ing complete feedback, clustered choice contexts (i.e., block design), 
and no feedback in the transfer phase [E7; 0.27 ± 0.32, t(99) = −7.11, 
P < 0.0001, and d = −0.71]; the addition of feedback in the transfer 

phase reversed the situation, because the only experiment where 
participants expressed expected value maximizing preference was E8 
[0.59 ± 0.29, t(99) = 2.96, P = 0.0038, and d = 0.30].

Between-phase comparison
We found a significant interaction between the phase (learning or 
transfer) and transfer feedback (without/with) on correct choice 
rate (F1,792 = 82.30, P < 0.0001, and p

2 = 0.09). This interaction is 
shown in Fig. 3 and reflects the fact that while adding transfer 
feedback information had a significant effect on transfer perform-
ance (F1,792 = 137.18, P < 0.0001, and p

2 = 0.05; Fig. 3, A and B), 
it was not sufficient to outperform learning performance (with 
transfer feedback: learning performance 0.69 ± 0.16 versus transfer 
performance 0.68 ± 0.15, t(399) = 0.89, P = 0.38, and d = 0.04;  
Fig. 3B).

Last, close inspection of the learning curves revealed that in ex-
periments where feedback was not provided in the transfer phase (E1, 
E3, E5, and E7), correct choice rates (and therefore option prefer-
ences) were stationary (Fig. 3, A and B). This observation rules out the 

D

A B

E F

C

Fig. 2. Behavioral results. (A) Correct choice rate in the learning phase as a function of the choice context (∆EV = 5.0 or ∆EV = 0.5). Left: Learning curves. Right: Average 
across all trials (n = 800 participants). (B) Average correct response rate in the learning phase per experiment (in blue: one point per participant) and meta-analytical (in 
orange: one point per experiment). (C) Difference in correct choice rate between the ∆EV = 5.0 and the ∆EV = 0.5 contexts per experiment (in blue: one point per partici-
pant) and meta-analytical (in orange: one point per experiment). (D) Correct choice rate in the transfer phase as a function of the choice context (∆EV = 7.25, ∆EV = 6.75, 
∆EV = 2.25, or ∆EV = 1.75). Left: Learning curves. Right: Average across all trials (n = 800 participants). (E) Average correct response rate in the transfer phase per experi-
ment (in pink: one point per participant) and meta-analytical (in orange: one point per experiment). (F) Correct choice rate for the ∆EV = 1.75 context only (in pink: one 
point per participant) and meta-analytical (in orange: one point per experiment). In all panels, points indicate individual average, areas indicate probability density func-
tion, boxes indicate 95% confidence interval, and error bars indicate SEM.
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possibility that reduced performance in the transfer phase was 
induced by progressively forgetting the values of the options (in 
which case we should have observed a nonstationary and decreas-
ing correct response rate).

In conclusion, comparison between the learning and the transfer 
phase reveals two interrelated and intriguing facts: (i) Despite the 
fact that the transfer phase happens immediately after an extensive 
learning phase, performance is, if anything, lower compared to the 

Table 1. Statistical effects of the ANOVA on the choice rate as a function of task factors. LF, learning feedback (complete/partial); TF, transfer feedback 
(with/without); BE, block effect (block/interleaved); PE, phase effect (learning/transfer), DFn, degrees of freedom numerator, DFd, degrees of freedom 
denominator, F-val, Fisher value; Diff, value of the difference between the two conditions (main effects only); p

2, portion of variance explained. *P < 0.05, 
**P < 0.01, and ***P < 0.001. 

Learning performance Transfer performance Overall performance

DFn DFd F-val Diff p
2 F-val Diff p

2 F-val Diff p
2

LF - learning 
feedback; 
complete > 
partial

1 792 55.57 *** 0.079 0.18 22.36 *** 0.050 0.01 61.68 *** 0.064 0.11

TF - transfer 
feedback; 
with > without

1 792 0.04 0.0021 0.00 137.18 *** 0.12 0.07 58.11 *** 0.063 0.10

BE - block effect; 
block > 
interleaved

1 792 87.22 *** 0.099 0.25 1.53 0.013 0.00 46.82 *** 0.056 0.08

PE - phase effect; 
learning > 
transfer

1 792 – – – – – – 103.07 *** 0.067 0.12

LF × TF 1 792 2.61 0.01 20.18 *** 0.01 3.33 0.01

LF × BE 1 792 5.05 * 0.02 1.66 0.00 5.20 * 0.01

TF × BE 1 792 2.43 0.01 42.22 *** 0.02 9.89 ** 0.02

LF × PE 1 792 – – – – – – 4.97 * 0.01

TF × PE 1 792 – – – – – – 82.30 *** 0.09

BE × PE 1 792 – – – – – – 42.09 *** 0.05

LF × TF × BE 1 792 0.55 0.00 5.02 * 0.00 3.65 0.01

LF × TF × PE 1 792 – – – – – – 23.37 *** 0.03

LF × BE × PE 1 792 – – – – – – 0.61 0.00

TF × BE × PE 1 792 – – – – – – 40.58 *** 0.05

LF × TF × BE × TE 1 792 – – – – – – 1.39 0.00

Table 2. Participants’ age and correct choice rate as a function of experiments and task factors.  

Experiment 1  
(n = 100)

Experiment 2  
(n = 100)

Experiment 3  
(n = 100)

Experiment 4  
(n = 100)

Experiment 5  
(n = 100)

Experiment 6  
(n = 100)

Experiment 7  
(n = 100)

Experiment 8  
(n = 100)

Total  
(n = 800)

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

Age 30.48 10.70 27.23 8.30 32.01 10.51 31.57 9.80 33.04 10.48 28.46 10.20 28.73 9.89 28.84 9.60 30.06 10.10

% Correct

Learning 
phase 0.59 0.12 0.63 0.13 0.67 0.17 0.66 0.16 0.69 0.15 0.68 0.14 0.80 0.17 0.78 0.16 0.69 0.16

∆EV = 5.0 0.63 0.16 0.66 0.17 0.70 0.19 0.70 0.20 0.72 0.17 0.69 0.17 0.79 0.19 0.79 0.18 0.71 0.18

∆EV = 0.5 0.55 0.13 0.60 0.14 0.64 0.19 0.63 0.19 0.66 0.17 0.68 0.14 0.81 0.17 0.76 0.18 0.67 0.18

Transfer 
phase 0.58 0.17 0.61 0.12 0.59 0.16 0.67 0.13 0.54 0.16 0.66 0.14 0.53 0.16 0.79 0.14 0.62 0.17

∆EV = 7.25 0.67 0.28 0.76 0.22 0.75 0.29 0.85 0.19 0.66 0.30 0.84 0.18 0.76 0.31 0.93 0.14 0.77 0.26

∆EV = 6.75 0.64 0.29 0.68 0.26 0.70 0.31 0.81 0.19 0.62 0.32 0.76 0.27 0.55 0.37 0.89 0.16 0.71 0.30

∆EV = 2.25 0.54 0.27 0.58 0.19 0.54 0.34 0.61 0.28 0.47 0.32 0.60 0.18 0.54 0.36 0.76 0.22 0.58 0.29

∆EV = 1.75 0.48 0.30 0.43 0.23 0.38 0.33 0.42 0.27 0.40 0.31 0.42 0.28 0.27 0.32 0.59 0.29 0.42 0.30
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learning phase; (ii) factors that improve performance (by intrinsi-
cally or extrinsically reducing task difficulty) in the learning phase 
have either no (feedback information) or a negative (task structure) 
impact on the transfer phase performance.

Inferred option values
To visualize and quantify how much observed choices deviate from 
the experimentally determined true option values, we treated the 
four possible subjective option values as free parameters. More pre-
cisely, we initialized all subjective option values to their true values 
(accordingly, we labeled the four possible options as follows: EV7.5, 
EV2.5, EV0.75, and EV0.25), and fitted their values, as if they were free 
parameters, by maximizing the likelihood of the observed choices. 
We modeled choices using the logistic function (for example, options 
EV2.5 and EV0.75)

  P( EV  2.5   ) =   1 ────────────  
1 +  e   (V( EV  0.75  )−V( EV  2.5  )) 

    (1)

So that if a participant chose indifferently between the EV2.5 and 
the EV0.75 option, their fitted values would be very similar: V(EV2.5) ≈ 
V(EV0.75). Conversely, a participant with a sharp (optimal) preference 

for EV2.5 over EV0.75 would have different fitted values: V(EV2.5) > 
V(EV0.75). In a first step, in the experiments where feedback was not 
provided in the transfer phase (E1, E3, E5, and E7), we optimized a 
set of subjective values per participant.

Consistent with the correct choice rate results described above, 
we found a value inversion of the two intermediary options (EV2.5 = 4.46 ± 
1.2, EV0.75 = 5.26 ± 1.2, t(399) = −7.82, P < 0.0001, and d = −0.67), 
which were paired in the ∆EV = 1.75 context (Fig. 3C). The differ-
ential was also strongly modulated across experiments (F3,396 = 18.9, 
P < 0.0001, and p

2 = 0.13; Fig. 3C) and reached its highest value in 
E7 (complete feedback and block design).

As a second step, in the experiments where feedback was provided 
in the transfer phase (E2, E4, E6, and E8), we optimized a set of 
subjective values per trial. This fit allows us to estimate the trial- by-
trial evolution of the subjective values over task time. The results of 
this analysis clearly show that suboptimal preferences progressively 
arise during the learning phase and disappear during the transfer 
phase (Fig. 3D). However, the suboptimal preference was completely 
corrected only in E8 (complete feedback and block design) by the 
end of the transfer phase.

The analysis of inferred option values clearly confirms that 
participants’ choices do not follow the true underlying monotonic 

A

B

C

D

Fig. 3. Learning versus transfer phase comparison and inferred option values. (A and B) Average response rate in the learning (blue) and transfer (pink) phase for 
experiments without (A) and with (B) trial-by-trial transfer feedback. Left: Learning curves. Right: average across all trials. (C) Average inferred option values for the exper-
iments without trial-by-trial transfer feedback (E1, E3, E5, and E7). (D) Trial-by-trial inferred option values for the experiments with trial-by-trial transfer feedback (E2, E4, E6, 
and E8). In all panels, points indicate individual average, areas indicate probability density function, boxes indicate 95% confidence interval, and error bars indicate SEM.
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ordering of the objective option values. Furthermore, it also clearly 
illustrates that in choice contexts that are supposed to facilitate the 
learning of the option values (complete feedback and block design), 
the deviation from monotonic ordering, at least at the beginning of 
transfer phase, is paradoxically greater. Monotonicity was fully re-
stored only in E8, where complete feedback was provided in the 
transfer phase.

Computational formalization of the behavioral results
To formalize context-dependent reinforcement learning and ac-
count for the behavioral results, we designed a modified version of 
a standard model, where option-dependent Q values are learnt from 
a range-adapted reward term. In the present study, we implemented 
range adaptation as a range normalization process, which is one 
among other possible implementations (17). At each trial t, the rel-
ative reward, RRAN, t, is calculated as follows

   R  RAN,t   =   
 R  OBJ,t   −  R  MIN,t  (s)  ──────────────   R  MAX,t  (s ) −   R  MIN,t  (s ) + 1    (2)

where s is the decision context (i.e., a combination of options) and 
RMAX and RMIN are state-level variables, initialized to 0 and updated 
at each trial t if the outcome is greater (RMAX) or smaller (RMIN) 
than its current value. In the denominator “+1” is added, in part, to 
prevent division by zero (even if this could also easily be avoided by 
adding a simple conditional rule) and, mainly, to make the model 
nest a simple Q-learning model. ROBJ, t was the objective obtained 
reward, which in our main experiments could take the following 
values: 0, +1, and +10 points. Thus, because in our task, the mini-
mum possible outcome is always zero, RMIN, t update was omitted 
while fitting the first eight experiments (but included in a ninth 
dataset analyzed below). On the other side, RMAX will converge to 
the maximum outcome value in each decision context, which in our 
task is either 1 or 10 points. In the first trial, RRAN = ROBJ [because 
RMAX,0(s) = 0], and in later trials, it is progressively normalized be-
tween 0 and 1 as the range value RMAX(s) converges to its true value. 
We refer to this model as the RANGE model, and we compared it to 
a benchmark model (ABSOLUTE) that updates option values based 
the objective reward values (note that the ABSOLUTE is nested within 
the RANGE model).

For each model, we estimated the optimal free parameters by 
likelihood maximization. We used the out-of-sample likelihood to 
compare goodness of fit and parsimony of the different models (Table 3). 
To calculate the out-of-sample likelihood in the learning phase, we 
performed the optimization on half of the trials (one ∆EV = 5.0 and 
one ∆EV = 0.5 context) in the learning phase, and the best-fitting 
parameters in this first set were used to predict choices in the remaining 
half of trials. In the learning phase, we found that the RANGE model 
significantly outperformed the ABSOLUTE model [out-of-sample 
log-likelihood LLRAN versus LLABS, t(799) = 6.89 P < 0.0001, and d = 0.24; 
Table 3]. To calculate the out-of-sample likelihood in the transfer phase, 
we fitted the parameters on all trials of the learning phase, and the 
best-fitting parameters were used to predict choices in the transfer 
phase. Thus, the resulting likelihood is not only out-of-sample but 
also cross- learning phase. This analysis revealed that the RANGE model 
outperformed the ABSOLUTE model [out-of-sample log-likelihood 
LLRAN versus LLABS, t(799) = 8.56, P < 0.0001, and d = 0.30].

To study the behaviors of our computational model and assess 
the behavioral reasons underlying the out-of-sample likelihood 

results, we simulated the two models (using the individual best- 
fitting parameters) (18). In the learning phase, only the RANGE model 
managed to reproduce the observed correct choice rate. Specifically, 
the ABSOLUTE model predicts very poor performance in the 
∆EV = 0.5 context [ABSOLUTE versus data, t(799) = −16.90, 
P < 0.0001, and d = 0.60; RANGE versus data, t(799) = −1.79, P = 0.07, 
and d = −0.06; Fig. 4A].

In the transfer phase, and particularly in the ∆EV = 1.75 context, 
only the RANGE model manages to account for the observed cor-
rect choice rate, while the ABSOLUTE model fails (ABSOLUTE 
versus data, t(799) = 13.20, P < 0.0001, and d = 0.47; RANGE versus 
data, t(799) = 0.36, P = 0.72, and d = 0.01; Fig. 4, C and D). In general, 
the ABSOLUTE model tends to overestimate the correct choice rate 
in the transfer phase.

In addition to looking at the qualitative choice patterns, we also 
inferred the subjective option values from the RANGE model sim-
ulations. The RANGE model was able to perfectly reproduce the 
subjective option value pattern that we observed in the data, specif-
ically the violation of monotonic ranking (Fig. 4E) and their tempo-
ral dynamics (Fig. 4F).

Ruling out habit formation
One of the distinguishing behavioral signatures of the RANGE 
model compared the ABSOLUTE one is the preference for the sub-
optimal option in the ∆EV = 1.75 context. Because the optimal 
option in the ∆EV = 1.75 context is not often chosen during the 
learning phase (where it is locally suboptimal), it could be argued 
that this result arises from taking decisions based on a weighted 
average between their absolute values and past choice propensity (a 
sort of habituation or choice trace). To rule out this interpretation, 
we fitted and simulated a version of a HABIT model, which takes 
decisions based on a weighted sum of the absolute Q values and a 
habitual choice trace (16, 19). The habitual choice trace component 
is updated with an additional learning rate parameter that gives a 
bonus to the selected action. Decisions are taken comparing option- 
specific decision weights Dt

   D  t  (s, c ) = (1 −  ) *  Q  t  (s, c ) +  *  H  t  (s, c)  (3)

where at each trial t, state s, and chosen option c,  is the arbiter, Q 
is the absolute Q value, and H is the habitual choice trace compo-
nent. The weight  is fitted as an additional parameter (for  = 0, 
the model reduces to the ABSOLUTE model) and governs the rela-
tive influence of each controller.

We found that the HABIT model, similarly to the ABSOLUTE 
model, fails to perfectly match the participants’ behavior, especially 
in the ∆EV = 0.5 and ∆EV = 1.75 contexts (Fig. 5A). In the learning 

Table 3. Quantitative model comparing. Values reported here represent 
out-of-sample log-likelihood after twofold cross-validation. Comparison 
to the RANGE model: ***P < 0.001; **P < 0.01; $P < 0.08. 

Model Learning phase Transfer phase

ABSOLUTE −42.74 ± 1.27*** −161.19 ± 11.41***

RANGE −37.72 ± 0.96 −96.79 ± 4.79

HABIT −36.68 ± 0.91 −104.62 ± 6.01$

UTILITY −36.31 ± 0.53*** −104.94 ± 5.24**
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A B

C

F

D

E

Fig. 4. Model comparison. Model simulations of the ABSOLUTE and the RANGE models (dots) superimposed on the behavioral data (boxes indicated the mean and 95% 
confidence interval) in each context. (A) Simulated data in the learning phase were obtained with the parameters fitted in half the data (the ∆EV = 5.0 and the ∆EV = 0.5 
contexts on the leftmost part of the panel) of the learning phase. (B) Data and simulations of the correct choice rate differential between high-magnitude (∆EV = 5.0) and 
low-magnitude (∆EV = 0.5) contexts. (C) Simulated data in the transfer phase were obtained with the parameters fitted in all the contexts of the learning phase. (D) Data 
and simulations in the context ∆EV = 1.75 only. (E) Average inferred option values for the behavioral data and simulated data (colored dots: RANGE model) for the exper-
iments without trial-by-trial feedback in the transfer phase. (F) Trial-by-trial inferred option values for the behavioral data and simulated data (colored dots: RANGE 
model) for the experiments with trial-by-trial feedback in the transfer phase. As in Fig. 3D, here, the curves indicate trial-by-trial fit of each inferred option value.
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BA

C D

E F

Fig. 5. Ruling out alternative models and validation in an additional experiment. Model simulations of the HABIT, the UTILITY, and the RANGE models (dots) over the 
behavioral data (mean and 95% confidence interval) in each context. (A and C) Simulated data in the learning phase were obtained with the parameters fitted in half 
the data (the ∆EV = 5.0 and the ∆EV = 0.5 contexts on the leftmost part of the panel) of the learning phase. Simulated data in the transfer phase were obtained with 
the parameters fitted in all the contexts of the learning phase. (B and D) Data and simulations in the context ∆EV = 1.75 only. (E and F) Behavioral data from Bavard et al. (6). 
Comparing the full RANGE model to its simplified version RMAX in the learning phase (correct choice rate per choice context) and in the transfer test (choice rate per 
option). This study included both gain-related contexts (with +1€, +0.1€, and 0.0€ as possible outcomes) and loss-related contexts (with −1€, −0.1€, and 0.0€ as possible 
outcomes) in the learning phase. Choice rates in the transfer phase are ordered as a function of decreasing expected value as in (6).

 on A
pril 2, 2021

http://advances.sciencem
ag.org/

D
ow

nloaded from
 

http://advances.sciencemag.org/


Bavard et al., Sci. Adv. 2021; 7 : eabe0340     2 April 2021

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

10 of 16

phase, the addition of a habitual component is not enough to cope 
for the difference in option values, and therefore, the model simula-
tions in the transfer phase fail to match the observed choice pattern 
(Fig. 5B). This is because the HABIT model encodes values on an 
absolute scale and does not manage to develop a strong preference 
for the correct response in the ∆EV = 0.5 context, in the first place 
(Fig. 5A). Thus, it does not carry a choice trace strong enough to 
overcome the absolute value of the correct response in the ∆EV = 1.75 
context (Fig. 5B; fig. S2, A and B; and Table 3). Quantitative model 
comparison between the RANGE and the HABIT model capacity to 
predict the transfer phase choices, numerically favored the RANGE 
model reaching marginal statistical significance [out-of-sample log- 
likelihood LLRAN versus LLHAB, t(799) = 1.77, P = 0.07, and d = 0.05; 
Table 3]. To summarize, a model assuming absolute value encoding 
coupled with a habitual component could not fully explain observed 
choices in both the learning and transfer phase.

Ruling out diminishing marginal utility
One of the distinguishing behavioral signatures of the RANGE 
model is that it predicts very similar correct choice rates in the 
∆EV = 5.00 and the ∆EV = 0.50 contexts compared to the behavior-
al data, while both the ABSOLUTE and the HABIT predict a huge 
drop in performance in the ∆EV = 0.50 that directly stems from its 
small difference in expected value. It could be argued that this result 
arises from the fact that expected utilities (and not expected values) 
are learned in our task. Specifically, a diminishing marginal utility 
parameter would blunt differences in outcome magnitudes and 
would suppose that choices are made by comparing outcome prob-
abilities. The process could also explain the preference for the sub-
optimal option in the ∆EV = 1.75 context, because the optimal 
option in the ∆EV = 1.75 context is rewarded (10 points) only the 
25% of the time, while the suboptimal option is rewarded (1 point) 
75% of the time. To rule out this interpretation, we fitted and simu-
lated a UTILITY model, which updates Q value–based reward util-
ities calculated from absolute reward as follows

   R  UTI,t   =  ( R  OBJ,t  )      (4)

where the exponent  is the utility parameter (0 <  < 1, for  = 1 the 
model reduces to the ABSOLUTE model). We found an empirical 
average value of  = 0.32 (±0.01 SEM).

We found that the UTILITY model, similarly to the RANGE model, 
captures quite well the participants’ behavior in the learning phase 
(Fig. 5C). However, concerning the transfer phase (especially the 
∆EV = 1.75 context), it fails to capture the observed pattern (Fig. 5, 
C and D). Additional analyses suggest that this is specifically driven by 
the experiments where the feedback was provided during the transfer 
phase (Fig. 5D). The static nature of the UTILITY fails to match the 
fact that the preferences in the ∆EV = 1.75 context can be reversed by 
providing complete feedback (fig. S2, C and D). Quantitative model 
comparison showed that the RANGE model also outperformed the 
UTILITY model in predicting the transfer phase choices [out-of-sample 
log-likelihood LLRAN versus LLUTI, t(799) = 3.21, P = 0.001, and d = 0.06; 
Table 3]. To summarize, a model assuming diminishing marginal 
utilities could not fully explain observed choices in the transfer phase.

Suboptimality of range adaptation in our task
The RANGE model is computationally more complex compared to 
the ABSOLUTE model, as it presents additional internal variables 

(RMAX and RMIN), which are learnt with a dedicated parameter. Here, 
we wanted to assess whether this additional computational com-
plexity really paid off in our task.

We split the participants according to the sign of out-of-sample 
likelihood difference between the RANGE and the ABSOLUTE 
model: If positive, then the RANGE model better explains the par-
ticipant’s data (RAN > ABS), if negative, the ABSOLUTE model does 
(ABS > RAN). Reflecting our overall model comparison result, we found 
more participants in the RAN > ABS, compared to the ABS > RAN 
category (n = 545 versus n = 255).

We found no main effect of winning model on overall (both 
phases) performance [F1,798 = 0.03, P = 0.87, and p

2 = 0]. We found 
that while RANGE encoding is beneficial and allows for better per-
formances in the learning phase, it leads to the worst performance 
in the transfer phase [F1,798 = 187.3, P < 0.0001, and p

2 = 0.19; 
Fig. 6A]. In other terms, in our task, it seems that the learning phase 
and the transfer phase are playing the game tug of war: When per-
formance is pulled in favor of the learning phase, this will be at the 
cost of the transfer phase (and vice versa).

A second question is whether overall in our study, behaving as a 
RANGE model turns out to be economically advantageous. To an-
swer this question, we compared the final monetary payoff in the 
real data, following the simulations using the participant-level 
best-fitting parameters. Consistently with the task design, we found 
that the monetary outcome was higher in the transfer phase than in 
the learning phase [transfer gains M = 2.16 ± 0.54, learning gains 
M = 1.99 ± 0.35, t(799) = 8.71, P < 0.0001, and d = 0.31]. Crucially, 
we found that the simulation of the RANGE model induces signifi-
cantly lower monetary earnings (ABSOLUTE versus RANGE, t(799) = 
19.39, P < 0.0001, and d = 0.69; Fig. 6B). This result indicates that 
despite being locally adaptive (in the learning phase), in our task, range 
adaptation is economically disadvantageous, thus supporting the idea 
that it is the consequence of an automatic, uncontrolled process.

Validation of range adaptation in previous dataset
The first eight experiments only featured positive outcomes (in 
addition to 0). Because, in our model, the state-level variables (RMAX 
and RMIN) are initialized to 0, RMAX converges to the maximum out-
come value in each choice context, while RMIN remains 0 in every 
trial and choice context. This setup is therefore not ideal to test the 
full normalization rule that we are proposing here. To obviate this 
limitation, we reanalyzed a ninth dataset (n = 60) from a previously 
published study on a related topic (6). Crucially, in addition to 
manipulating outcome magnitude (“10c” versus “1€”, similar to our 
learning phase), this study also manipulated the valence of the out-
comes (gain versus loss). This latter manipulation allows to assess 
situations where the value of RMIN should change and converge to 
negative values, thus allowing us to compare the full range normal-
ization rule to its simplified version

    
 R  OBJ   −  R  MIN  

 ─  R  MAX   −  R  MIN     versus   
 R  OBJ   ─  R  MAX      

We note that in this ninth dataset outcomes can take both negative 
and positive values: −1€, −0.1€, 0.0€, +0.1€, and +1.0€. We later refer 
to the simplified version of the model as the RMAX model. Model 
simulations show that while the RMAX model can capture the 
learning and transfer phase patterns for the gain-related options, it 
fails to do so for the loss-related options (Fig. 5, E and F). In the 
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loss-related contexts (where the maximum possible outcome is 0) 
outcome value normalization can only rely on RMIN. Because the 
RMAX model does not take into account RMIN, it is doomed to en-
code loss-related outcomes on an objective scale.

On the other hand, by updating both RMAX in the gain contexts 
and RMIN in the loss contexts, the RANGE model can normalize 
outcomes in all contexts and is able to match participants’ choice 
preferences concerning both loss-related and gain-related options 
in the learning and the transfer phases (Fig. 5, E and F). To con-
clude, this final analysis is consistent with the idea that range adap-
tation takes the form of a range normalization rule, which takes into 
account both the maximum and the minimum possible outcomes.

DISCUSSION
In the present paper, we investigated context-dependent reinforce-
ment learning, more specifically range adaptation, in a large cohort 
of human participants tested online over eight different variants of 
a behavioral task. Building on previous studies of context-dependent 
learning, the core idea of the task is to juxtapose an initial learn-
ing phase with fixed pairs of options (featuring either small or large 
outcomes) to a subsequent transfer phase where options are rear-
ranged in new pairs (mixing up small and large outcomes) (6, 7, 10). 
In some experiments, we directly reduced task difficulty by reduc-
ing outcome uncertainty by providing complete feedback. In some 
experiments, we indirectly modulated task difficulty by clustering 
in time the trials of a given contexts, therefore reducing working 
memory demand. Last, in some experiments, feedback was also 
provided in the transfer phase.

Behavioral findings
As expected, correct choice rate in the learning phase was higher 
when the feedback was complete, which indicates that participants 
integrated the outcome of the forgone option when it is presented 
(8, 14). Also expectedly, in the learning phase, participants displayed 
a higher correct choice rate when the trials of a given context were 
blocked together, indicating that reducing working memory demands 

facilitate learning (15). Replicating previous findings, we also found 
that, overall, correct response rate was slightly but significantly higher 
in the big magnitude contexts (∆EV = 5.0), but the difference was 
much smaller compared to what one would expect assuming unbiased 
value learning and representation [as showed by the ABSOLUTE 
model simulations (6)]: a pattern consistent with a partial range ad-
aptation. The outcome magnitude–induced difference in correct 
choice rate was significantly smaller and not different from zero in 
block experiments (full adaptation), thus providing a first sugges-
tion that reducing task difficulty increases range adaptation. De-
spite learning phase performance being fully consistent with our 
hypothesis, the crucial evidence comes from the results of the trans-
fer phase. Overall correct response rate pattern in the transfer 
phase did not follow that of the learning phase. Complete feedback 
and block design factors have no direct beneficial effect on transfer 
phase performance. In fact, the worst possible transfer phase perform-
ance was obtained in a complete feedback and block experiment. 
This was particularly notable in the ∆EV = 1.75 condition, where par-
ticipants significantly preferred the suboptimal option and, again, the 
worst score was obtained in a complete feedback and block design 
experiment. Crucially, we ruled out that the comparably low perform-
ance in the transfer phase was due to having forgotten the value of 
the options. Because the transfer phase is, by definition, after the 
learning phase, although very unlikely (the two phases were only a 
few seconds apart), it is conceivable that a drop in performance is 
due to the progressive forgetting of the option values. Two features 
of the correct choice rate curves allowed to reject this interpretation: 
(i) Correct choice rate abruptly decreases just after the learning 
phase; (ii) when feedback is not provided, the choice rate remains 
perfectly stable with no sign of regression to chance level. On the 
other side, i.e., when feedback was provided in the transfer phase, 
the correct choice rate increased to reach (on average) the level 
reached at the end of the learning phase. The results are therefore 
consistent with the idea that in the transfer phase, participants 
express context-dependent option values acquired during the learning 
phase, which entails a first counterintuitive phenomenon: Even if 
the transfer phase is performed immediately after the learning 

A B

Fig. 6. The financial cost of relative value learning. (A) Correct choice rate in the learning phase (blue) and the transfer phase (pink). Participants are split as a function 
of the individual difference in out-of-sample log-likelihood between the ABSOLUTE and the RANGE models. ABS > RAN participants are better explained by the ABS model 
(positive difference, n = 255). RAN > ABS participants are better explained by the RAN model (negative difference, n = 545). (B) Actual and simulated money won in pounds 
over the whole task (purple), the learning phase only (blue), and the transfer phase only (pink). Points indicate individual participants, areas indicate probability density 
function, boxes indicate confidence interval, and error bars indicate SEM. Dots indicate model simulations of ABSOLUTE (white) and RANGE (black) models.
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phase, the correct choice rate drops. This is due to the rearrangement 
of the options in new choice contexts, where options that were pre-
viously optimal choices (in the small magnitude contexts) become 
suboptimal choices. We also observed a second counterintuitive 
phenomenon: Factors that increase performance during the learn-
ing phase (i.e., increasing feedback information and reducing work-
ing memory load) paradoxically further undermined transfer phase 
correct choice rate. The conclusions based on these behavioral 
observations were confirmed by inferring the most plausible option 
values based on the observed choices, where we could compare the 
objective ranking of the options to their subjective estimation. The 
only experiment where we observed an almost monotonic ranking 
was the partial feedback/interleaved experiment, even if we observed 
no significant difference between the EV = 2.5 and the EV = 0.75 
options. In all the other experiments, the EV = 0.75 option was valued 
more compared to the EV = 2.5 option, with the highest difference 
observed in the complete feedback/block design. Thus, in notable 
opposition with the almost universally shared intuition that reduc-
ing task difficulty should lead to more accurate subjective estimates; 
here, we present a clear instance where the opposite is true.

Computational mechanisms
The observed behavioral results were satisfactorily captured by a 
parsimonious model (the RANGE model) that instantiated a dy-
namic range normalization process. Specifically, the RANGE model 
learns in parallel context-dependent variables (RMAX and RMIN) that 
are used to normalize the outcomes. The variables RMAX and RMIN 
are learnt incrementally, and the speed determines the extent of the 
normalization, leading to partial or full range adaptation as a function 
of a dedicated free parameter: the contextual learning rate. Devel-
oping a new model was necessary, as previous models of context- 
dependent reinforcement learning did not include range adaptation 
and focused on different dimensions of context dependence (refer-
ence point centering and outcome comparison) (7, 8). The model 
also represents an improvement over a previous study where we 
instantiated partial range adaptation assuming a perfect and innate 
knowledge about the outcome ranges and a static hybridization be-
tween relative and absolute outcome values (6).

One limitation is that in the present formulation RMAX and RMIN 
can only grow and decrease, respectively. This is a feature that is 
well suited for our task, which features static contingencies, but 
may not correspond to many other laboratory-based and real-life 
situations, where the outcome range can drift over time. This lim-
itation could be overcome by assuming, for example, that RMAX is 
also updated at a smaller rate when the observed outcome is smaller 
than the current RMAX (the opposite could be true for RMIN). Last, 
we note that our model applied to the main eight experiments 
(where RMIN was irrelevant) can also be seen as a special case of a 
divisive normalization process [temporal normalization (20)]. To 
verify the relevance of the full range normalization rule, we re-
analyzed a previous dataset involving negative outcomes, where we 
were able to show that both the RMAX and RMIN were important to 
explain the full spectrum of the behavioral results. However, we ac-
knowledge that additional functional forms of normalization could 
and should be considered in future studies to settle the issue of the 
exact algorithmic implementation of outcome normalization. Last, 
it is worth noting that range normalization has been shown to per-
form poorly in explaining context-dependent decision-making 
in other (i.e., not reinforcement learning) paradigms (17, 21, 22), 

opening to the possibility that the normalization algorithm is differ-
ent in experience-based and description-based choices. Future re-
search contrasting different outcome ranges and multiple-option 
tasks are required to firmly determine which functional forms of 
normalization are better suited for both experience-based and 
description-based choices (23).

We compared and ruled out another plausible computational 
interpretation derived from learning theory (24, 25). Specifically, 
we considered a habit formation model (16). We reasoned that our 
transfer phase results (and particularly the value inversion in the 
∆EV = 1.75 context) could derive from the participants choosing on 
the basis of a weighted average between objective values and past 
choice propensities. In the learning phase, the suboptimal option in 
the ∆EV = 1.75 context (EV = 0.75) was chosen more frequently than 
the optimal option (EV = 2.5). However, model simulations showed 
that the HABIT model was not capable to explain the observed pattern. 
In the learning phase, the HABIT model, just like the ABSOLUTE 
model, did not develop a preference for the EV = 0.75 option strong 
enough to generate a habitual trace sufficient to explain the transfer 
phase pattern. Beyond model simulation comparisons, we believe 
that this interpretation could have been rejected on the basis of a 
priori arguments. The HABIT model can be conceived as a way to 
model habitual behavior, i.e., responses automatically triggered by 
stimulus-action associations. However, both in real life and labora-
tory experiments, habits have been shown to be acquired over time 
scales (days, months, and years) order of magnitudes bigger com-
pared to the time frame of our experiments (26, 27). It is even debat-
able whether in our task participants developed even a sense of 
familiarity toward the (never seen before) abstract cues that we 
used as stimuli. The HABIT model can also be conceived as a way to 
model choice hysteresis, sometimes referred to as choice repetition 
or perseveration bias, that could arise from a form of sensory-motor 
facilitation, where recently performed actions become facilitated 
(19, 28). However, in our case the screen position of the stimuli was 
randomized in a trial-by-trial basis and most of the experiments 
involved interleaved design, thus precluding any strong role for 
sensory-motor facilitation–induced choice inertia.

We also compared and ruled out a plausible computational inter-
pretation derived from economic theory (29). Since the pioneering 
work of Daniel Bernoulli [1700 to 1782 (30)], risk aversion is ex-
plained by assuming diminishing marginal utility of objective out-
comes. At the limit, if diminishing marginal utility was applied in 
our case, then the utility of 10 points could be perceived as the util-
ity of 1 point. In this extreme scenario, choices would be only based 
on the comparison between the outcome probabilities. This could 
explain most aspects of the choice pattern. The UTILITY model did 
a much better job compared to the HABIT model. However, com-
pared to the RANGE model, it failed to reproduce the observed 
behavior of the experiments where feedback was provided in the 
transfer phase. This naturally results from the fact that the model 
assumes diminishing marginal utility as being a static property of the 
outcomes and therefore cannot account for experience-dependent 
correction of context-dependent biases. However, also in this case, 
a priori considerations could have ruled out the UTILITY inter-
pretation. Our experiment involves stakes small enough to make 
diminishing marginal utility not reasonable. Rabin provides a full 
treatment of this issue and shows that the explaining risk aversion 
for small stakes (as those used in the laboratory) using diminishing 
marginal utility leads to extremely unlikely predictions, such as 
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turning down gambles with infinite positive expected values (15). 
Indeed, if anything, following the intuition of Markowitz (31), most 
realistic models of the utility function suppose risk neutrality (or 
risk seeking) for small gains.

Our results contribute to the old and still ongoing debate about 
whether the brain computes option-oriented values, independently 
from the decision process itself (2, 32). On one side of the spectrum, 
decision theories such as expected utility theory and prospect theo-
ry, postulate that a value is attached to each option independently of 
the other options simultaneously available (32). On the other side 
of the spectrum, other theories, such as regret theory, postulate that 
the value of an option is primarily determined by the comparison 
with other available options (33). A similar gradient exists in the 
reinforcement learning framework, between methods such as the 
Q-learning, on one side, and direct policy learning without value 
computations, on the other side (34). Recent studies in humans, 
coupling imaging to behavioral modeling, provided some support 
for direct policy learning in humans, by showing that, in complete 
feedback tasks, participants’ learning was driven by a teaching sig-
nal, essentially determined by the comparison between the obtained 
and the forgone outcomes (essentially a regret/relief signal) (7, 35). 
Beyond behavioral model comparison, analysis of neural activity in 
the ventral striatum (a brain system traditionally thought to encode 
option-specific prediction errors (36)) was also consistent with 
direct policy learning. However, while our findings clearly falsify 
the Q-learning’s assumption that option values are learned on a 
context-independent (or objective) scale, model simulations also 
reject the other extreme view of direct policy learning (see the 
Supplementary Materials). Our results are rather consistent with a 
hybrid scenario where option-specific values are initially encoded 
on an objective scale and are progressively normalized to eventually 
represent the context-specific rank of each option. This view is also 
consistent with previous results using tasks including loss-related 
options that clearly showed that option valence was taken into 
account in transfer learning performance (6, 8). Of note, the notion 
of “valence” (negative versus positive) is unknown to direct policy 
learning methods. However, several studies using similar para-
digms clearly show that other behavioral measures, such as reaction 
times and confidence, are strongly affected by the valence of the 
learning context, thus providing additional evidence against pure direct 
policy learning methods (13, 37). Last, consistent with our interme-
diate view, other imaging studies found value-related representa-
tions more consistent with a partial normalization process (38, 39).

Last, we note that our computational analysis is at the algorithmic 
and not at the implementational level (40). In other terms, the 
RANGE model is a model of the mathematical operations that are 
performed to achieve a computational goal (i.e., to normalize out-
comes to bound subjective option values between 0 and 1). To do 
so, our model learns two context-level variables (RMAX and RMIN), 
whose values are unbounded (they converge to their objective val-
ues). The present treatment is silent on how these context-level 
variables are represented at the neural level. While it is certain that 
coding constraints will also apply to these context-level variables 
(RMAX and RMIN), further modeling and electrophysiological work 
is needed to address this important issue.

To conclude, we demonstrated that in humans, reinforcement 
learning values are learnt in a context-dependent manner that is 
compatible with range adaptation (instantiated as a range normaliza-
tion process) (41). Specifically, we tested the possibility that this 

normalization automatically results from the way outcome infor-
mation is processed (42), by showing that the lower the task diffi-
culty, the fuller range adaptation. This leads to a paradoxical result: 
Reducing task difficulty can, in some occasions, decrease choice 
optimality. This unexpected result can be understood with a percep-
tual analogy. Going into a dark room forces us to adapt our retinal 
response to the dark so that when we go back into a light condition, 
we do not see very well. The longer we are exposed to dim light, the 
stronger the effect when we go back to normal.

Our findings fit in the debate aimed at deciding whether the 
computational processes leading to suboptimal decisions have to be 
considered flaws or features of human cognition (43, 44). Range- 
adapting reinforcement learning is clearly adaptive in the learning 
phase. We could hypothesize that the situations in which the pro-
cess is adaptive are more frequent in real life. In other terms, the 
performance of the system has to be evaluated as a function of the 
tasks it has been selected to solve. Coming back to the perceptual 
analogy, it is true that we may be hit by a bus when we exit a dark 
room because we do not see well, but on average, the benefit of a 
sharper perception in a dark room is big enough to compensate for 
the (rare) event of a bus waiting for us outside the dark room. Ulti-
mately, whether context-dependent reinforcement learning should 
be considered a flaw or a desirable feature of human cognition 
should be determined comparing the real-life frequency of the situ-
ations where it is adaptive (as in the learning phase) to that where it 
is maladaptive (as in the transfer phase). However, while our study 
does not settle this issue, our findings do demonstrate that this pro-
cess induces, in some circumstances, economically suboptimal choices. 
Whether or not the same process is responsible for maladaptive 
economic behavior in real-life situations will be addressed by future 
studies using more ecological settings and field data (45).

MATERIALS AND METHODS
Participants
For the laboratory experiment, we recruited 40 participants (28 females, 
aged 24.28 ± 3.05 years) via internet advertising in a local mailing 
list dedicated to cognitive science–related activities. For the online 
experiments, we recruited 8 × 100 participants (414 females, aged 
30.06 ± 10.10 years) from the Prolific platform (www.prolific.co). 
We based the online sample size on a power analysis that was based 
on the behavioral results of the laboratory experiment. In the 
∆EV = 1.75 context, laboratory participants reached a difference 
between choice rate and chance (0.5) of 0.11 ± 0.30 (mean ± SD). To 
obtain the same with a power of 0.95, the MATLAB function 
“samsizepwr.m” indicated a value of 99 participants that we rounded 
to 100. The research was carried out following the principles and 
guidelines for experiments including human participants provided 
in the Declaration of Helsinki (1964, revised in 2013). The INSERM 
Ethical Review Committee/IRB00003888 approved the study on 
13 November 2018, and participants were provided written informed 
consent before their inclusion. To sustain motivation throughout the 
experiment, participants were given a bonus depending on the num-
ber of points won in the experiment [average money won in pounds: 
4.14  ±  0.72, average performance against chance: 0.65  ±  0.13, 
t(799) = 33.91, and P < 0.0001]. A laboratory-based experiment was 
originally performed (n = 40) to ascertain that online testing would 
not significantly affect the main conclusions. The results are pre-
sented in the Supplementary Materials.
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Behavioral tasks
Participants performed an online version of a probabilistic instru-
mental learning task adapted from previous studies (6). After 
checking the consent form, participants received written instruc-
tions explaining how the task worked and that their final payoff 
would be affected by their choices in the task. During the instruc-
tions the possible outcomes in points (0, 1, and 10 points) were 
explicitly showed as well as their conversion rate (1 point = 0.005£). 
The instructions were followed by a short training session of 12 tri-
als aiming at familiarizing the participants with the response mo-
dalities. Participants could repeat the training session up to two 
times and then started the actual experiment.

In our task, options were materialized by abstract stimuli (cues) 
taken from randomly generated identicons, colored such that the 
subjective hue and saturation were very similar according to the 
HSLUV color scheme (www.hsluv.org).On each trial, two cues were 
presented on both sides of the screen. The side in which a given cue 
was presented was pseudo-randomized, such that a given cue was 
presented an equal number of times on the left and the right. Partic-
ipants were required to select between the two cues by clicking on 
one cue. The choice window was self-paced. A brief delay after the 
choice was recorded (500 ms); the outcome was displayed for 1000 ms. 
There was no fixation screen between trials. The average reaction 
time was 1.36 ± 0.04 s (median, 1.16), and the average experiment 
completion time was 325.24 ± 8.39 s (median, 277.30).

As in previous studies, the full task consisted in one learning 
phase followed by a transfer phase (6–8, 46). During the learning 
phase, cues appeared in four fixed pairs. Each pair was presented 
30 times, leading to a total of 120 trials. Within each pair, the two 
cues were associated to a zero and a nonzero outcome with reciprocal 
probabilities (0.75/0.25 and 0.25/0.75). At the end of the trial, the 
cues disappeared and the selected one was replaced by the outcome 
(“10,” “1,” or “0”) (Fig. 1A). In experiments E3, E4, E7, and E8, the 
outcome corresponding to the forgone option (sometimes referred 
to as the counterfactual outcome) was also displayed (Fig. 1C). 
Once they had completed the learning phase, participants were dis-
played with the total points earned and their monetary equivalent.

During the transfer phase after the learning phase, the pairs of 
cues were rearranged into four new pairs. The probability of obtain-
ing a specific outcome remained the same for each cue (Fig. 1B). 
Each new pair was presented 30 times, leading to a total of 120 trials. 
Before the beginning of the transfer phase, participants were ex-
plained that they would be presented with the same cues, only that 
the pairs would not have been necessarily displayed together before. 
To prevent explicit memorizing strategies, participants were not in-
formed that they would have to perform a transfer phase until the 
end of the learning phase. After making a choice, the cues disap-
peared. In experiments E1, E3, E5, and E7, participants were not 
informed of the outcome of the choice on a trial-by-trial basis, and 
the next trial began after 500 ms. This was specified in the instruc-
tion phase. In experiments E2, E4, E6, and E8, participants were 
informed about the result of their choices in a trial-by-trial basis, 
and the outcome was presented for 1000 ms. In all experiments, 
they were informed about the total points earned at the end of the 
transfer phase. In addition to the presence/absence of feedback, 
experiments differed in two other factors. Feedback information 
could be either partial (experiments E1, E2, E5, and E6) or complete 
(experiments E3, E4, E7, and E8; meaning, the outcome of the for-
gone option was also showed). When the transfer phase included 

feedback, the information factor was the same as in the learning 
phase. Trial structure was also manipulated, such that in some ex-
periments (E5, E6, E7, and E8), all trials of a given choice context 
were clustered (“blocked”), and in the remaining experiments (E1, 
E2, E3, and E4), they were interleaved, in both the learning phase 
and the transfer phase (Fig. 1C).

Reanalysis of a previous experiment involving gain 
and losses
In the present paper, we also include new analyses of previously 
published experiments (6). The general design of the previous ex-
periments is similar to that used in the present experiments, as they 
also involved a learning phase and a transfer phase. However, the 
previous experimental designs differed from the present one in 
several important aspects. First, in addition to an outcome magni-
tude manipulation (“10c” versus “1€”, similar to our learning phase), 
the study also manipulated the valence of the outcomes (gain versus 
loss), generating to a 2 × 2 factorial design. In the gain contexts, 
participants had to maximize gains, while in the loss contexts, they 
could only minimize losses. As in the other experiments, outcomes 
were probabilistic (75 or 25%), and an option was associated with 
only one type of nonzero outcome. Second, the organization of the 
transfer phase was quite different. Each option was compared with all 
other possible options. The main dependent variable extracted from 
the transfer phase is therefore not the correct response rate but simply 
the choice rate per option (which is proportional to its subjective 
value). The data were pooled across two experiments featuring partial 
(n = 20) and partial-and-complete feedback trials (n = 40). In both 
experiments, the choice contexts were interleaved. Other differences 
include the fact that these previous experiments were laboratory- 
based and featured a slightly different number of trials, different 
stimuli and timing [see (6) for more details].

Analyses
Behavioral analyses
The main dependent variable was the correct choice rate, i.e., choices 
directed toward the option with the highest expected value. Statisti-
cal effects were assessed using multiple-way repeated measures 
analyses of variance (ANOVAs) with choice context (labeled in the 
manuscript by their difference in expected values: EV) as within- 
participant factor, and feedback information, feedback in the trans-
fer phase and task structure as between-participant factors. Post hoc 
tests were performed using one-sample and two-sample t tests for 
respectively within- and between-experiment comparisons. To as-
sess overall performance, additional one sample t tests were per-
formed against chance level (0.5).We report the t statistic, P value, 
and Cohen’s d to estimate effect size (two-sample t test only). Given 
the large sample size (n = 800), central limit theorem allows us to 
assume normal distribution of our overall performance data and to 
apply properties of normal distribution in our statistical analyses, as 
well as sphericity hypotheses. Concerning ANOVA analyses, we 
report the uncorrected statistical, as well as Huynh-Feldt correction 
for repeated measures ANOVA when applicable (47), F statistic, 
P value, partial eta-squared p

2, and generalized eta-squared 2 (when 
Huynh-Feldt correction is applied) to estimate effect size. All statis-
tical analyses were performed using MATLAB (www.mathworks.
com) and R (www.r-project.org). For visual purposes, learning 
curves were smoothed using a moving average filter (span of 5 in 
MATLAB’s smooth function).
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Models
We analyzed our data with variation of simple reinforcement learning 
models (48, 49). The goal of all models is to estimate in each choice 
context (or state) the expected reward (Q) of each option and pick 
the one that maximizes this expected reward Q.

At trial t, option values of the current context s are updated with 
the delta rule

   Q  t+1  (s, c ) =  Q  t  (s, c ) +    c      c,t    (5)

   Q  t+1  (s, u ) =  Q  t  (s, u ) +     u      u,t    (6)

where c is the learning rate for the chosen (c) option and u the learn-
ing rate for the unchosen (u) option, i.e., the counterfactual learning 
rate. c and u are prediction error terms calculated as follows

     c,t   =  R  c,t   −  Q  t  (s, c)  (7)

     u,t   =  R  u,t   −  Q  t  (s, u)  (8)

c is calculated in both partial and complete feedback experiments, 
and u is calculated in the experiments with complete feedback only.

We modeled participants’ choice behavior using a softmax deci-
sion rule representing the probability for a participant to choose 
one option a over the other option b

   P  t  (s, a ) =   1 ───────────  
1 +  e   ( Q  t  (s,b)− Q  t  (s,a)*) 

    (9)

where  is the inverse temperature parameter. High temperatures 
( → 0) cause the action to be all (nearly) equiprobable. Low tem-
peratures ( → +∞) cause a greater difference in selection probability 
for actions that differ in their value estimates (48).

We compared four alternative computational models: the 
ABSOLUTE model, which encodes outcomes on an absolute scale 
independently of the choice context in which they are presented; 
the RANGE model, which tracks the value of the maximum reward 
in each context and normalizes the actual reward accordingly, res-
caling rewards between 0 and 1; the HABIT model, which integrates 
action weights into the decision process; and the UTILITY model 
that assumes diminishing marginal utility. 
ABSOLUTE model
The outcomes are encoded as the participants see them (i.e., their 
objective value). In the eight online experiments, they are encoded 
as their actual value in points: ROBJ, t ∈ {10,1,0}. In the dataset re-
trieved from Bavard et al. (6), they are encoded as their actual value 
in euros ROBJ, t ∈ { − 1€, − 0.1€,0€, + 0.1€,  and + 1.0€}.
RANGE model
The outcomes (both chosen and unchosen) are encoded on a context- 
dependent relative scale. On each trial, the relative reward RRAN, t 
is calculated as follows

   R  RAN,t   =   
 R  OBJ,t   −  R  MIN,t  (s)  ──────────────   R  MAX,t  (s ) −   R  MIN,t  (s ) + 1    (2)

As RMIN is initialized to zero and never changes, in the eight 
online experiments, this model can be reduced to

   R  RAN,t   =   
 R  OBJ,t   ─  R  MAX,t  (s ) + 1    (10)

where s is the decision context (i.e., a combination of options) and 
RMAX and RMIN are context-dependent variables, initialized to 0 and 
updated at each trial t if the outcome is greater (or smaller, respec-
tively) than its current value

     R  MAX,t+1  (s ) =  R  MAX,t  (s ) +     R  ( R  OBJ,t   −  R  MAX,t  (s ) ) if  R  OBJ,t   >  R  MAX,t  (s)  (11)

     R  MIN,t+1  (s ) =  R  MIN,t  (s ) +     R  ( R  OBJ,t   −  R  MIN,t  (s ) ) if  R  OBJt   <  R  MIN,t  (s)  (12)

Accordingly, outcomes are progressively normalized so that 
eventually RRAN, t ∈ [0,1]. The chosen and unchosen option values 
and prediction errors are updated with the same rules as in the 
ABSOLUTE model. R is an additional free parameter, the contextual—
or range—learning rate, that is used to update the range variables. 
Note that the ABSOLUTE model is nested within the RANGE model 
(R = 0).
HABIT model
The outcomes are encoded on an absolute scale, but decisions inte-
grate a habitual component (16, 19). To do so, in addition to the 
Q values, a habitual (or choice trace) component H is tracked and 
updated (with a dedicated learning rate parameter) that takes into 
account the selected action (1 for chosen option and 0 for the uncho-
sen option). The choice is performed with a softmax rule based on 
decision weights D that integrate Q values and decision weights H

   D  t  (s, c ) = (1 −  ) *  Q  t  (s, c ) +   *  H  t  (s, c)  (3)

where at each trial t, state s, and chose option c, D is the arbiter, Q is 
the goal-directed component (Q values matrix), and H is the habit-
ual component. The weight  is fitted as an additional parameter 
and governs the relative weights of values and habits (for  = 0, the 
model reduces to the ABSOLUTE model).
UTILITY model
The outcomes are encoded as an exponentiation of the absolute re-
ward, leading to a curvature of the value function (29)

   R  UTI,t   =  ( R  OBJ,t  )      (4)

where the exponent  is the utility parameter, with 0 <  < 1 (for  = 1 
the model reduces to the ABSOLUTE model).

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/7/14/eabe0340/DC1
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