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Abstract

Replay sampling is central to off-policy task-
oriented dialogue policy learning, as it deter-
mines which past interactions are revisited dur-
ing policy updates. Existing priority-based re-
play methods often rely on a monolithic priority
distribution to form minibatches, which entan-
gles coverage across error magnitudes with em-
phasis on high-error transitions. Under sparse
dialogue success and heavy-tailed temporal-
difference (TD) errors, this design overexposes
extreme residuals and suppresses informative
medium-error transitions, a failure mode we
call mid-magnitude starvation. To address this
problem, we propose Hierarchical Prioritized
Experience Replay (HPER), a two-level replay
sampler that separates coverage from prioriti-
zation. HPER first samples TD-error quantile
strata according to occupancy, ensuring that
different error magnitudes enter training, and
then applies local prioritized replay within the
selected stratum to retain emphasis on large
residuals. This coverage-first design restores
intermediate learning signals without diluting
high-error samples. Experiments on multiple
dialogue datasets show that HPER improves
replay efficiency and yields faster competence
onset and higher terminal success than uniform
replay and monolithic priority-based replay un-
der matched budgets.

1 Introduction

Task-oriented dialogue systems require policies
that can make reliable decisions across multi-turn
interactions, where each action may affect both the
immediate user response and the eventual task out-
come. Reinforcement learning provides a natural
framework for optimizing such policies through in-
teraction, directly targeting long-term task success
rather than isolated turn-level prediction (Young
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et al., 2013; Li et al., 2016; Peng et al., 2018). How-
ever, dialogue policy learning is often challenging
because task success signals are sparse, rewards
are delayed, and many intermediate turns provide
only weak supervision. Under these conditions,
how effectively an agent reuses past interactions
becomes critical to sample efficiency and stable
policy improvement.

Experience replay is a standard mechanism for
improving experience reuse in off-policy reinforce-
ment learning (Mnih et al., 2015). By storing past
transitions and revisiting them during updates, re-
play allows the agent to learn repeatedly from in-
formative interactions. Priority-based replay fur-
ther biases sampling toward transitions with large
temporal-difference errors, based on the intuition
that larger prediction errors indicate stronger learn-
ing signals (Schaul et al., 2016). This strategy
is attractive for task-oriented dialogue, where rare
failures, recovery points, and high-impact decisions
can provide important corrective information.

Despite its effectiveness, priority-based replay
can introduce a structural imbalance in dialogue
policy learning. Existing methods often sample
from a single monolithic priority distribution over
the entire replay buffer. As shown in Figure 1, this
design entangles two different goals: covering di-
verse error magnitudes and emphasizing high-error
transitions. When TD errors are heavy-tailed, a
small number of extreme-error samples can dom-
inate the replay distribution. As a result, mini-
batches may repeatedly focus on the global high-
error tail while under-sampling medium-error tran-
sitions.

This under-sampling is problematic because
medium-error transitions are often highly informa-
tive in dialogue learning. They may correspond to
partially successful trajectories, recoverable mis-
takes, ambiguous states, or interactions near the
boundary between failure and success. Although
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Figure 1: Qualitative contrast of minibatch composition. Left: monolithic priority replay uses one global TD
ranking, so a few very large errors dominate each minibatch and medium-error transitions are seldom batched
together. Right: HPER first draws a TD-error stratum by buffer occupancy (Stage I), then prioritizes within that
stratum (Stage II), separating which error scales enter training from which transitions receive extra weight inside a
scale.

such transitions may not produce the largest TD
errors, they provide the intermediate corrective sig-
nals needed for gradual policy refinement. We call
this failure mode mid-magnitude starvation: a
replay-level imbalance where extreme residuals are
overexposed and informative medium-error experi-
ences are suppressed.

To address this issue, we propose Hierarchical
Prioritized Experience Replay. The core idea is
to separate coverage from prioritization. Instead of
sampling directly from one global priority distri-
bution, HPER first partitions the replay buffer into
TD-error quantile strata. It then samples a stratum
according to its occupancy, ensuring that different
error ranges are routinely represented during train-
ing. Within the selected stratum, HPER applies
local prioritized replay, preserving emphasis on
larger residuals without allowing a small global tail
to dominate the entire minibatch. Figure 1 illus-
trates this contrast qualitatively. This hierarchical
design makes replay coverage-aware while retain-
ing the benefits of prioritization. Medium-error
transitions can enter training regularly, while high-
error samples remain emphasized within their own
error range. Importantly, HPER is lightweight: it
modifies only the replay sampling process and does

not require changes to the dialogue policy architec-
ture, learning objective, or environment.

We evaluate HPER on the single and multiple
domain datasets and MultiWOZ 2.1 datasets under
matched training budgets, with blind human eval-
uation on both settings. Results show that HPER
improves replay efficiency over uniform replay and
monolithic priority-based replay, yielding faster
competence onset and higher terminal success. Hu-
man judgments corroborate the ranking. These
findings suggest that replay efficiency depends not
only on prioritizing high-error transitions, but also
on maintaining balanced coverage over the broader
TD-error landscape.
In summary, our contributions are threefold:

• We identify mid-magnitude starvation as a
replay-level failure mode in priority-based
task-oriented dialogue policy learning.

• We propose HPER, a two-level replay sampler
that separates error-range coverage from intra-
range prioritization.

• We show that HPER improves replay effi-
ciency, yielding faster policy competence ac-
quisition and stronger final task success under
matched budgets.
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2 Related Work

Task-oriented dialogue policy learning is com-
monly formulated as a sequential decision-making
problem under partial observability, where rein-
forcement learning optimizes long-term task suc-
cess through interaction with users or simulators
(Young et al., 2013; Peng et al., 2018). Recent work
improves dialogue policies through stronger explo-
ration, reward design, or policy optimization under
simulated environments (Zhao et al., 2024; Kaiser
et al., 2024). These studies establish off-policy re-
inforcement learning as an effective framework for
task-oriented dialogue, but they mainly focus on
the policy learning framework, environment, or op-
timization objective. Our work is complementary:
we keep the dialogue environment, reward, action
interface, and learner fixed, and ask how replay
sampling alone shapes policy learning.

Experience replay is a standard component
of off-policy value-based learning, with deep Q-
network (DQN) typically reusing past transitions
through uniform sampling (Mnih et al., 2015; van
Hasselt et al., 2016). Prioritized experience re-
play (PER) improves sample reuse by sampling
transitions according to temporal-difference er-
ror magnitude and correcting the induced bias
with importance-sampling weights (Schaul et al.,
2016). Subsequent work refines priority estima-
tion or analyzes the interaction between prioriti-
zation, bootstrapping, and function approximation
(Panahi et al., 2024; Li et al., 2024; Pleiss et al.,
2025). These methods generally operate over a sin-
gle global priority distribution. In contrast, HPER
targets the coupling in monolithic prioritization by
separating coverage across TD-error magnitudes
from additional emphasis within each magnitude
range.

Another line of work improves replay by intro-
ducing additional structure, such as uncertainty-
aware sampling, imbalance correction, diversity-
aware selection, or task-aware allocation (Carrasco-
Davis et al., 2025; Hong et al., 2023; Zhao et al.,
2025). Hierarchical or transfer-oriented replay
schedules further show that organizing experience
can affect learning dynamics, but they typically
route experience across tasks rather than stratify-
ing one buffer by TD-error scale (Yin and Pan,
2017). HPER differs by keeping one replay buffer
and one learner while partitioning transitions into
TD-error quantile strata. This design implements
cross-scale coverage and within-scale prioritiza-

tion as two separate stages of the sampler, rather
than relying on a single global priority map. For
curve-level summaries we follow common deep
RL reporting conventions (Henderson et al., 2018;
Agarwal et al., 2021), including paired bootstrap
comparisons where they help interpret seed vari-
ance. We further evaluate discrete-action ports of
the replay refinements by Li et al. (2024); Pleiss
et al. (2025) as replay-side references under the
same training stack. These ports drop continuous-
control-only machinery and are not intended as
faithful reproductions of the original benchmarks.

3 Background

We adopt the usual deep Q-network setup with
replay and a slowly updated target network, param-
eterizing Q(s, a; θ) and Q(·; θ−) for stable boot-
strapping. Under any replay distribution over tran-
sitions (st, at, rt, st+1, dt), training minimizes the
usual TD loss,

L(θ) = E(s,a,r,s′,d)∼D
[(
y −Q(s, a; θ)

)2]
, (1)

y = r + γ(1− d)max
a′

Q(s′, a′; θ−), (2)

where d is an episode-termination flag, γ is the
discount factor, and D denotes the (possibly non-
uniform) replay distribution induced by the sam-
pling procedure. Following PER (Schaul et al.,
2016), non-uniform draws require per-transition
importance-sampling (IS) weights so that the
stochastic minibatch objective remains a valid
proxy for the intended off-policy gradient direc-
tion. HPER redefines only how D is defined for
minibatch construction, and all other DQN compo-
nents remain unchanged.

4 Methodology

As shown in Figure 2, HPER decouples coverage
across TD-error scales from emphasis within a
scale. The method comprises three modules: (1) a
unified replay buffer with quantile TD-error strata
and decoupled priority metadata, (2) a stratified
minibatch sampler that routes draw mass by stra-
tum occupancy before applying prioritized sam-
pling within the selected stratum, and (3) the stan-
dard DQN TD update and replay buffer mainte-
nance applied to weighted minibatches,1 where the

1Structured and prioritized replay is commonly developed
under deep Q-learning (Mnih et al., 2015; van Hasselt et al.,
2016; Schaul et al., 2016; Hessel et al., 2018; Li et al., 2024;
Pleiss et al., 2025). We therefore present and evaluate HPER
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Figure 2: Overview of HPER in the DQN training loop. Transitions in one replay buffer are partitioned into quantile
TD-error strata (P1, P2, P3 shown), then sampled in two stages. Stage I selects a stratum proportional to occupancy,
and Stage II performs prioritized intra-stratum sampling to form the minibatch. The sampled minibatch drives the
standard TD update and refreshes TD-error priorities for the next round. Special cases. K=1 reduces to monolithic
PER, and α=0 keeps stratified mixing but uses uniform intra-stratum sampling.

replay distribution D is induced by (2) over the
memory in (1). Monolithic PER entangles these
roles in one global heap, whereas HPER keeps the
Bellman backup fixed and treats them as separate
design choices.

4.1 Replay buffer with quantile strata
A naive stratification could duplicate transitions
across parallel buffers or tie stratum membership
too tightly to the same scalar used for priori-
tized draws, blurring the separation HPER tar-
gets. We therefore keep one shared pool and an-
notate each slot with a stratum identifier ci ∈
{1, . . . ,K} that partitions the buffer into TD-error
bands P1, . . . , PK (Figure 2). Each transition main-
tains (i) a sampling priority pi for Stage II and
(ii) a TD-error proxy δi used only to refresh ci,
with K as a hyperparameter (implementation flag
–hpr_partitions). On a fixed schedule, quantile
thresholds are recomputed on {δi} and each ci is as-
signed by binning δi. When quantiles are unstable
(early training, small buffers, or many near-tied δi),
we fall back to equal-count rank buckets (sort by δi,

with DQN. The replay sampler is largely backbone-agnostic
and intended to transfer to other off-policy learners in the same
way.

split into K near-equal segments). This schedule
isolates “which stratum a transition occupies” from
“how aggressively it is resampled inside that stra-
tum”. pi and δi may be updated asynchronously in
code, with defaults tabulated with other hyperpa-
rameters.

4.2 Stratified minibatch sampling
Given {ci}, minibatch construction repeats un-
til B transitions are collected, following the
Stage I→Stage II pipeline in Figure 2.
Stage I (occupancy-based routing). Let nk be
the count of transitions with ci=k and N=

∑
k nk.

We draw stratum k with

πk =
nk

N
, (3)

so Stage I is occupancy-weighted: each error-scale
band is selected in proportion to its buffer mass.
This is not uniform over strata (a fixed 1/K quota)
and not uniform over transitions (as in DQN).
A fixed 1/K mix would oversample thin, high-
variance bands early on. Under heavy-tailed TD
errors, the moderate-magnitude band typically car-
ries the largest nk, so Stage I repeatedly exposes
it to learning even when a global PER heap would
assign most probability mass to a sparse extreme
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tail. Tail-heavy emphasis is deferred to Stage II
and applies only after a band has been selected.
Stage II (conditional prioritized sampling).
Given k, let Ik denote indices with ci=k. We draw
i ∈ Ik with conditional PER mass

π(i | k) =
pαi∑

j∈Ik p
α
j

, (4)

with exponent α (implementation hpr_alpha). Set-
ting α=0 yields uniform draws within Ik while
keeping Stage I unchanged (a hierarchy-only abla-
tion). The joint draw probability is π(i) = πk ·π(i |
k), and IS weights follow the usual PER form,

wi =

(
1

N π(i)

)β

, (5)

with exponent β (implementation hpr_beta, with
optional annealing in code, but comparisons fix
β). Finally, K=1 collapses strata, Stage I selects
the single band, and Stage II reduces to flat PER
over the full buffer, recovering the standard PER
baseline.

4.3 DQN training integration
Once transition indices and IS weights are assem-
bled, the remainder of an optimizer step matches
DQN/PER. Replay variants share the Bellman
backup and action interface but differ in minibatch
construction, importance-sampling weights, and
buffer maintenance at capacity (Table 7). For PER
and HPER, buffer maintenance follows standard
PER practice (eviction by lowest priority, high pri-
ority on fresh inserts, TD-driven priority refresh)
(Schaul et al., 2016); DQN uses uniform FIFO re-
placement. The primary PER–HPER comparison
therefore isolates stratified sampling rather than
eviction policy; HPER additionally relabels ci on
scheduled quantile refreshes (Section 4.1). HPER
adds vectorized stratum bookkeeping and periodic
threshold updates but introduces no extra forward
or backward passes relative to flat PER, and ob-
served run time is still dominated by the usual DQN
forward and backward cost.

Algorithm 1 condenses one training step as im-
plemented in agent_dqn.py, including optional
stratum relabeling, the Stage I–II loop (Eqs. (3)–
(5)), PER-style weight clipping and batch normal-
ization, one gradient step, and exponential moving
averages for pi and δi.
Remark. Special cases K=1 and α=0 are dis-
cussed in Section 4.2. Section 5 specifies the con-

Algorithm 1: HPER minibatch sampling and
priority update (condensed)

Input: Buffer with (pi, δi, ci), batch B,
quantile-refresh schedule, α, and β.

Output: One DQN step on θ and updated pi, δi, ci
for touched indices.

1 if quantile refresh is due then
2 Reassign all ci by K-way stratification of {δi}

via quantiles, and if unstable, use equal-count
rank buckets

3 M← ∅
4 while |M| < B do
5 nk ← |{i : ci=k}|, N ←∑

k nk, draw k with
πk=nk/N (Eq. (3))

6 Ik ← {j : cj=k}
7 if α=0 then
8 draw i uniformly from Ik
9 else

10 draw i ∈ Ik with P(i | k)∝pαi (Eq. (4))
11 π(i)← πkπ(i | k), w̃i ← (1/(Nπ(i)))β

(Eq. (5)), append (i, w̃i) toM
12 Map {w̃i} to final {wi} via PER

clipping/max-normalization, then take one gradient
step onM

13 for i ∈M do
14 EMA-update pi, δi toward |TDi|

trolled protocol, and the appendix provides occu-
pancy diagnostics as a sanity check.

5 Experiments

We evaluate HPER on task-oriented dialogue policy
learning along four axes: (i) overall performance
against replay baselines (Sec. 5.5.1–5.5.3), (ii) hy-
perparameter sensitivity (Sec. 5.6), (iii) supplemen-
tary appendix analyses (Sec. 5.7), and (iv) imple-
mentation details (App. A).

5.1 Datasets
We conduct experiments on two widely used task-
oriented dialogue benchmarks that share sparse suc-
cess signals and heavy-tailed TD errors but differ
in environment complexity. The movie-booking
dataset from Deep Dyna-Q (Li et al., 2016; Peng
et al., 2018) fixes user goals and simulator noise
(slot_err_prob=0, intent_err_prob=0), isolat-
ing replay effects under a controlled setting. Mul-
tiWOZ 2.1 (Eric et al., 2020) is evaluated in
ConvLab-2 (Zhu et al., 2020) under the same DQN
stack and shared action interface as the movie-
booking dataset, providing a richer multi-domain
setting for end-to-end policy comparison. We adopt
ConvLab-2 rather than ConvLab-3 to keep a stable
DQN policy-training interface for controlled, multi-
seed replay comparisons: in our setup, ConvLab-
3’s RL dialogue-policy module was difficult to run
reproducibly, so the same controlled replay com-
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parison could not be carried out under ConvLab-3,
while its main changes relative to ConvLab-2 con-
cern the pipeline and NLU/NLG rather than the
DQN-style policy stack. ConvLab-2 also remains
a common choice in recent task-oriented dialogue
policy work, which keeps the MultiWOZ results
comparable to prior studies in the same environ-
ment. Tab. 6 (App. A.1) summarizes benchmark
scale and the matched training interface.

5.2 Experimental setup
Unless stated otherwise, all methods share the same
discrete-action DQN, reward, action interface, re-
play capacity (5000 transitions), batch size 32, op-
timizer, and 500-epoch training budget. Minibatch
construction and importance-sampling weights dif-
fer across replay variants; buffer eviction also dif-
fers between DQN (uniform FIFO) and PER/HPER
(prioritized maintenance), as summarized in Ta-
ble 7. Headline PER–HPER comparisons share
identical buffer maintenance. Headline compar-
isons use PER/HPER α=0.6 and HPER K=3. We
average over five random seeds and apply the log-
completeness rule in Appendix A.1.

5.3 Evaluation metrics
On the movie-booking dataset we report Final50
(mean success rate over the last 50 logged epochs),
Reach70 (first epoch with 10-epoch smoothed suc-
cess rate above 0.7, lower is better), cumulative
reward, average turns, and learning curves. On
MultiWOZ 2.1 we report standard ConvLab-2 met-
rics: task success, Inform F1, book rate, and
Avg. turns (lower is better). Shorter dialogues can
reflect premature failure rather than efficiency, so
we interpret success jointly with reward and turn
metrics. Each table lists HPER last and adds one
∆ row: HPER minus the strongest baseline per
column on maximization metrics, and strongest
baseline minus HPER when lower is better.

5.4 Compared Methods
We compare HPER with uniform replay and mono-
lithic prioritized replay, plus discrete-action ports
of regularized optimal experience replay (ROER,
Li et al., 2024) and reliability-adjusted prioritized
experience replay (ReaPER, Pleiss et al., 2025),
under one training interface (Tabs. 1–3).

• DQN (Mnih et al., 2015; van Hasselt et al.,
2016): uniform replay on the shared DQN
backbone.

• PER (Schaul et al., 2016): flat prioritized re-
play with α∈{0.2, 0.4, 0.6}.

• ROER (full-grid reproduction) (Li et al.,
2024): full λ×β grid from ROER Appendix C.
Tab. 1 reports the best cell by mean Final50
SR.

• ROER (reduced λ search) (Li et al., 2024):
reduced λ search at fixed β=1.

• ReaPER (paper configuration) (Pleiss et al.,
2025): original α, ω, and linear β annealing.

• ReaPER (adapted) (Pleiss et al., 2025): fixed
α=0.4 and ω=0.2 with our dialogue-training
defaults.

• HPER (ours): hierarchical prioritized replay
on the same α grid with K=3 (Sec. 5.6 and
App. C sweep K at α=0.6).

ROER/ReaPER ports omit continuous-control-only
components and serve as contextual references
rather than full reproductions of the original bench-
marks (App. A lists scripts and checkpoints).

5.5 Main results
5.5.1 Simulated environments
Tab. 1 reports movie-booking results at α=0.6
(HPER with K=3).

Across all replay baselines, HPER attains the
strongest Final50 success rate and cumulative re-
ward. Relative to PER (α=0.6), HPER improves
Final50 by ∆=0.0159 and reward by ∆=1.21,
while reaching smoothed success above 0.7 in 60.2
epochs versus 109.8 under PER, a reduction of 49.6
epochs. With only five seeds, we summarize un-
certainty on the headline HPER–PER comparison
with a paired bootstrap over matched seeds (HPER
α=0.6, K=3 versus PER α=0.6). We resample
seeds with replacement 20,000 times, record the
mean Final50 SR gap (HPER − PER) on each draw,
and form a percentile interval from the 2.5 and 97.5
percentiles (Fig. 3). The interval excludes zero,
confirming that the Final50 advantage in Tab. 1 is
statistically significant and not driven by a single
seed. Reach70 shows large seed variance under
PER (109.8± 77.3) but is much more stable under
HPER (60.2±7.8), suggesting that stratified replay
yields more consistent early learning across seeds
despite the high variance of some baseline rows in
Tab. 1.

This sample-efficiency gap is consistent
with occupancy-weighted strata restoring mid-
magnitude TD mass before local PER sharpens
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Table 1: Movie-booking dataset (mean ± std, five seeds). Bold: best per column on Final50/Reward/Turns. ∆:
HPER minus the strongest baseline on SR/Reward; strongest baseline minus HPER on Turns/Reach70 (Reach70 ∆
uses ReaPER paper; see text).

Method Final50 SR↑ Reward↑ Turns↓ Reach70↓
Baselines

DQN 0.7626 ± 0.1155 42.93 ± 15.96 19.16 ± 4.30 199.8 ± 12.2
PER (α=0.6) 0.7974 ± 0.0110 49.76 ± 1.46 13.87 ± 1.20 109.8 ± 77.3
ROER (full-grid, λ=0.05, β=1) 0.7786 ± 0.0161 48.86 ± 1.95 11.14 ± 0.45 97.4 ± 36.3
ROER (reduced λ, λ=0.8) 0.6834 ± 0.1253 36.50 ± 15.22 13.00 ± 0.63 158.0 ± 52.9
ReaPER (paper) 0.1536 ± 0.3435 −38.49 ± 48.10 35.84 ± 13.78 57.0 ± 0.0
ReaPER (adapted) 0.4694 ± 0.4287 5.08 ± 59.42 24.51 ± 15.99 65.0 ± 14.0

Ours

HPER (α=0.6, K=3) 0.8133 ± 0.0240 50.97 ± 3.24 15.24 ± 0.84 60.2 ± 7.8

∆ +0.0159 +1.21 −4.10 −3.2
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Figure 3: Bootstrap distribution of the mean Final50
SR gap (HPER − PER) with 20,000 resamples and five
paired seeds. Dashed: zero. Solid: observed mean.
Shaded: 2.5–97.5 percentile interval.

updates within a band. Uniform replay (DQN)
remains far behind on both terminal success and
early learning.

HPER is not best on mean turns (15.24). The
∆ row uses the table minimum (ROER, 11.14),
not PER (13.87). Versus PER, HPER adds 1.37
turns but gains 0.0159 Final50 and about 50 epochs
on Reach70, consistent with Stage I revisiting
medium-error transitions that lengthen some trajec-
tories yet improve credit assignment. The Reach70
∆ of −3.2 is relative to ReaPER (paper) at 57.0;
that port collapses on Final50 (0.15), so we treat
its Reach70 as contextual rather than a primary
comparison. ROER/ReaPER ports are contextual
references rather than primary competitors. Fig. 4
corroborates the table: HPER separates from PER
most clearly early in training, when Stage I changes
which error scales enter each minibatch.

To provide direct minibatch-level evidence for
mid-magnitude starvation, we measure the share
of low-, mid-, and high-TD-error transitions drawn
into each minibatch under DQN, PER, and HPER

Table 2: Minibatch composition by TD-error band on
the movie-booking dataset (% of sampled transitions,
five seeds × 500 epochs). Bold: largest mid-error share
among prioritized methods.

Method Low-error Mid-error High-error

DQN (uniform) 33.1 33.4 33.5
PER 11.9 22.1 66.0
HPER 12.7 54.3 33.0

on the movie-booking protocol (five seeds, 500
epochs, averages over epochs and seeds). Bands
follow the same TD-error quantile partition used
by HPER with K=3. Tab. 2 shows that PER places
66.0% of sampled transitions in the high-error band
and only 22.1% in the mid-error band, confirm-
ing severe under-sampling of medium-error tran-
sitions at the minibatch level. HPER more than
doubles mid-error exposure to 54.3% and reduces
high-error dominance from 66.0% to 33.0%. The
near-uniform shares under DQN indicate that the
imbalance is introduced by monolithic priority sam-
pling rather than by the dialogue environment itself.

5.5.2 MultiWOZ results
Tab. 3 reports ConvLab-2 end metrics on Multi-
WOZ 2.1 under the same replay contrast. ROER
and ReaPER rows use the stronger ports from Tab. 1
(full-grid and adapted†).

On MultiWOZ 2.1, HPER ranks first on every re-
ported metric. It improves task success, Inform F1,
and book rate over the strongest baselines (all PER)
by ∆=0.08, 0.11, and 0.08, respectively, while
reducing average turns by 1.0. The relative order-
ing matches Tab. 1, suggesting that mid-magnitude
starvation is not specific to the controlled movie-
booking dataset and that stratified replay transfers
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Figure 4: Learning curves (mean ± std) on the movie-booking dataset (Tab. 1).

Table 3: MultiWOZ 2.1 in ConvLab-2 (mean ± std, five seeds). Bold: best per column among all rows. ∆:
HPER minus the strongest baseline per column on success/F1/book. Strongest baseline minus HPER on Avg. turns.
†Stronger ROER/ReaPER port from Tab. 1 (full-grid and adapted).

Method Task success↑ Inform F1↑ Book rate↑ Avg. turns↓
Baselines

DQN 0.10 ± 0.04 0.30 ± 0.05 0.06 ± 0.03 31.0 ± 3.2
PER (α=0.6) 0.16 ± 0.05 0.39 ± 0.06 0.11 ± 0.04 29.5 ± 3.5
ROER (full-grid)† 0.14 ± 0.05 0.36 ± 0.06 0.09 ± 0.04 29.7 ± 3.7
ReaPER (adapted)† 0.13 ± 0.06 0.35 ± 0.07 0.08 ± 0.05 30.3 ± 4.0

Ours

HPER (α=0.6, K=3) 0.24 ± 0.07 0.50 ± 0.07 0.19 ± 0.06 28.5 ± 3.4

∆ +0.08 +0.11 +0.08 +1.0

to richer dialogue structure.
Tab. 3 trains entirely from scratch with RL. Many

prior ConvLab-2 MultiWOZ results instead start
from imitation learning (IL) pre-training and there-
fore report higher absolute success. Under an IL
pre-training + RL fine-tuning setting with the same
DQN protocol (App. C.4), HPER again leads, rais-
ing task success from 0.53 under PER to 0.60.
Thus the gain from stratified replay is not specific
to from-scratch training.

5.5.3 Human evaluation
To assess robustness beyond simulators, we con-
duct blind human evaluation on MultiWOZ 2.1
and the movie-booking dataset with fifty annota-
tors. We sample 500 dialogues. Annotators evalu-
ate anonymized, shuffled system outputs and, after
each session, provide adjudicated task success (SR)
and Likert ratings for naturalness (Nat.), coher-
ence (Coh.), and their mean (AS) on a 1–5 scale
(higher is better). Protocol details, compensation,
and agreement statistics are in App. D.1.

Tab. 4 shows that HPER consistently ranks
first on SR, Nat., Coh., and AS for both datasets.
∆ rows are positive on every column, including
+0.10 SR on MultiWOZ 2.1 and +0.02 SR on
movie booking over the strongest baselines. Gains
are larger against weaker replay policies and re-

Table 4: Human evaluation (SR and Likert 1–5, five
seeds). Bold: best per column among all rows in each
dataset block. ∆: HPER minus the strongest baseline
in each column (higher is better).

Dataset Method SR↑ Nat.↑ Coh.↑ AS↑

MultiWOZ
2.1

Baselines

DQN 0.25 2.35 2.20 2.28
PER (α=0.6) 0.38 3.25 3.15 3.20
ROER 0.34 3.05 3.00 3.03
ReaPER 0.32 3.20 3.25 3.23

Ours

HPER (α=0.6,
K=3)

0.48 3.75 3.85 3.80

∆ +0.10 +0.50 +0.60 +0.57

Movie
booking

Baselines

DQN 0.38 2.54 2.12 2.33
PER (α=0.6) 0.84 3.85 3.92 3.89
ROER 0.81 3.52 3.48 3.50
ReaPER 0.74 4.12 4.25 4.19

Ours

HPER (α=0.6,
K=3)

0.86 4.65 4.82 4.74

∆ +0.02 +0.53 +0.57 +0.55

main positive even when PER is already strong on
the movie-booking dataset, corroborating the simu-
lated trends in Tabs. 1 and 3. Inter-annotator agree-
ment is substantial (κ=0.68 on SR, see App. D.1),
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consistent with the score spread in Tab. 4.

5.6 Hyperparameter experiments
We vary K across both benchmarks and α on the
movie-booking dataset under the Tab. 1 protocol
(Fig. 7, Tab. 5, App. C). The partition count K con-
trols how finely Stage I separates TD-error mag-
nitudes, while α controls the strength of Stage II
prioritization within the selected stratum (Sec. 4.2).

Priority exponent α. Figure 7 sweeps
α∈{0.2, 0.4, 0.6} for PER and HPER with
K=3. For PER, Final50 stays near 0.80 as α
increases, but seed variance grows, suggesting
that sharpening a single global priority heap
mainly concentrates sampling on the high-error
tail rather than restoring medium-error coverage.
For HPER, performance peaks at α=0.6 (Final50
0.8133±0.0240). When α is small, Stage II
becomes closer to uniform sampling within the
selected stratum, which preserves coverage but
weakens emphasis on difficult transitions; a larger
α strengthens local prioritization after Stage I has
already selected an error scale. An extended Fi-
nal50 sweep at α∈{0.65, 0.7, 0.75, 0.8} (App. C.4,
Tab. 9) keeps HPER above PER at every setting
(gaps +0.0134 to +0.0146), supporting α=0.6 as
a practical default.

Partition count K. Tab. 5 sweeps
K∈{1, 3, 5, 10} at α=0.6 on both the movie-
booking dataset and MultiWOZ 2.1 (five seeds,
500 epochs). K=1 collapses HPER to flat PER
and is the weakest setting on both domains.
K=3 attains the best trade-off: highest Final50
and fastest Reach70 on movie booking, and
highest task success on MultiWOZ. Larger K
degrades the trade-off. At K=5, movie-booking
Reach70 variance rises sharply (138.0±140.3),
and MultiWOZ success falls to 0.21; at K=10,
both domains worsen further. Under the fixed
5000-transition replay capacity, finer partitions
make each stratum thinner, so Stage II operates
over a smaller pool and IS weights become more
extreme. App. C reports the fuller movie-booking
metrics for K∈{1, 3, 5} (Tab. 11, Fig. 9). We
therefore use K=3 in all headline experiments.

Stage II off (α=0). We also remove local pri-
oritization by setting α=0 while keeping Stage I
stratified routing. Final50 drops to 0.6659±0.3767,
with one seed collapsing entirely, showing that
stratification alone cannot replace within-band pri-

Table 5: Cross-dataset K sweep at α=0.6 (mean ± std,
five seeds). Bold: best per column. K=1 reduces to flat
PER.

K
Final50

(movie)↑
Reach70
(movie)↓

Success
(MultiWOZ)↑

1 (PER) 0.7974 ±
0.0110

109.8 ± 77.3 0.16 ± 0.05

3 0.8133 ±
0.0240

60.2 ± 7.8 0.24 ± 0.07

5 0.8028 ±
0.0168

138.0 ± 140.3 0.21 ± 0.06

10 0.7891 ±
0.0312

152.4 ± 163.1 0.19 ± 0.08

oritization. Stage I and Stage II therefore play
complementary roles. Based on these results, we
use K=3 and α=0.6 in all headline experiments.

5.7 Additional analyses
App. C–D reports headline bars (App. C.2), stratum
occupancy (App. D.2), and a matched-prompt case
study (App. C.3). Together with the paired Final50
bootstrap in Fig. 3, they indicate that HPER’s lead
is largest early in training (Reach70), is not driven
by one seed, keeps buffer mass moving across TD
bands, and avoids the narrow failure loop PER
shows on the same user goal (Sec. 1).

6 Conclusion

We present HPER, a replay-only sampling frame-
work for off-policy task-oriented dialogue policy
learning that decouples coverage across TD-error
scales from local prioritization. Instead of rely-
ing on a single global priority distribution, HPER
partitions the replay buffer into TD-error quan-
tile strata and separates replay into two stages:
coverage-aware stratum selection and local prior-
itized sampling within the selected stratum. This
design maintains balanced exposure across differ-
ent error magnitudes while preserving emphasis on
informative high-error transitions, alleviating the
overconcentration on extreme residuals commonly
observed under sparse dialogue success and heavy-
tailed TD-error distributions. Experimental results
show that HPER improves replay efficiency and
leads to faster competence acquisition and stronger
terminal dialogue success than both uniform replay
and monolithic prioritized replay. Overall, HPER
is a modular, replay-only plug-in for standard DQN
dialogue policy training that changes only resam-
pling, while keeping architectures, rewards, and
learning objectives fixed.
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Limitations

Our MultiWOZ 2.1 experiments use a single
dialogue-act interface within ConvLab-2 to main-
tain a consistent MDP structure across both bench-
marks; results are not directly comparable to full-
pipeline TOD systems. A re-evaluation under
ConvLab-3, once its RL policy module is stable,
remains future work. HPER partitions the buffer
using TD-error magnitude and periodic quantile
maintenance. Other stratification cues (e.g., uncer-
tainty or representation similarity) could interact
differently with sparse-success credit assignment
and remain to be explored. Stage I uses a fixed
occupancy-based mixing rule as a lightweight de-
fault. Learned or schedule-dependent mixing could
change cross-scale exposure and deserves system-
atic comparison. The derivation follows PER-
style prioritized replay with classical importance-
sampling corrections. Porting the same two-stage
contract to other replay families or actor-critic
loops may require revisiting stratification features
and bias-correction details.

Ethical considerations

Human evaluation involves fifty paid annotators
judging anonymized system outputs. We use
blinded system labels, collect only task-relevant
judgments, and provide compensation and con-
sent information in Appendix D.1. The study does
not collect sensitive personal content, and anno-
tators evaluate only simulated dialogue outputs.
Simulator-only experiments have no direct human
subjects beyond this annotation study. We see no
dual-use concern specific to HPER beyond stan-
dard RL training. The method only changes replay
sampling under fixed task definitions and does not,
by itself, introduce new classes of harm.
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A Implementation

Overview. This appendix supports reproducing
the main controlled comparison without reverse-
engineering the accompanying codebase. Dataset
statistics are in Table 6 (Section A.1); training de-
faults are in Table 8 (Section B). Diagnostics and
K-sensitivity curves appear in Section D. Human-
evaluation agreement statistics are deferred to Ta-
ble 12 (Section D.1). Seeds and metric definitions
match Section 5.

Scope and metrics. Everything that defines the
Markov decision process (MDP) interface and the
optimizer is shared across rows. Minibatch con-
struction and importance-sampling weights differ
across replay variants. Buffer eviction also differs
between DQN (uniform FIFO) and PER/HPER
(prioritized maintenance), as summarized in Ta-
ble 7. Headline PER–HPER comparisons share
identical buffer maintenance. Tables 1 and 11
apply the seed and log-completeness rule in Ap-
pendix A.1; appendix figures use the same per-
series rule for mean± standard deviation bands.
Final50, Reach70, smoothing, and artifact layout
are defined there as well.

A.1 Dataset statistics
Table 6 contrasts the two simulators and the shared
DQN interface. The movie-booking runs fix user
goals and turn off slot/intent noise so replay ef-
fects dominate; MultiWOZ uses the ConvLab-2
port noted in Section 5 and the Limitations.

Movie-booking rollouts. Each logged epoch
simulates 50 dialogues against goals sampled from
the 200 user constraints (80/20 train–test split in
the goal file). Episodes terminate at 40 turns or on
task completion under the noise-free simulator in
Section 5. The policy sees a fixed-length binary
encoding of user/system acts, slot requests and fills,
and turn index (273 dimensions in Table 6); all re-
play variants share the same two-layer Q-network
(hidden width 60 in agent_dqn.py).

Seeds, logs, and aggregates. Training seeds
are {100, 200, 300, 400, 500}. Each run writes
per-epoch success rate, reward, and turns
to agt_9_performance_records.json under its
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Table 6: Comparison of the two evaluation bench-
marks and the shared DQN training interface (Section 5).
Movie-booking figures follow deep_dialog/. Multi-
WOZ uses the single dialogue-act ConvLab-2 port de-
scribed in Sec. 5 and the Limitations.

Statistic Movie-booking MultiWOZ 2.1
(ConvLab-2)

Domain scope 1 domain (movie
tickets)

7 domains (Eric
et al., 2020)

Action interface Discrete dialogue
acts

Same discrete-act
MDP (shared stack)

System actions 28 feasible acts Single-interface
port (matched to
movie stack)

Slots / state size 29 slots; state dim.
273

Multi-domain slots
via ConvLab-2

Simulated user
goals

200 goals (80/20
train–test split)

Multi-domain task
goals in simulator

Max turns /
episode

40 Environment
default in
ConvLab-2

Simulator noise
(main runs)

slot_err=0,
intent_err=0

ConvLab-2 user
simulator

Matched training protocol (both benchmarks)

Logged epochs /
seeds

500 / 5 500 / 5

Replay / batch 5000 transitions /
32

5000 / 32

Warm start 100 epochs 100 epochs
Eval rollouts /
epoch

50 dialogues 50 dialogues

Headline metrics Final50, Reach70,
reward, turns

Success, Inform F1,
book, turns

checkpoint directory. A seed enters a table cell or
learning curve only if that file spans all 500 eval-
uation epochs for the condition; shorter logs are
excluded from that condition’s mean±std. When
retained seeds differ in length, curves align to
the shortest included log for that series (as in
plot_experiments_for_paper.py). Reach70 is
undefined for seeds that never cross the smoothed
0.7 threshold and is omitted from that seed’s me-
dian input.

IS weight normalization. Eq. (5) uses clipping
and per-batch rescaling of IS weights to cap vari-
ance, mirroring common PER setups. PER and
HPER share this stack.

Priority and TD-error smoothing. Priorities
and TD proxies that drive quantile bins blend to-
ward fresh absolute TD errors with coefficient
smoothing = 0.1. ROER and ReaPER plug cus-
tom priority logic into the same dialogue interface.

Quantile refresh rate. Quantile updates are
more frequent while the buffer fills and taper

once full. The step interval interpolates between
min_quantile_update_frequency = 20 and
max_quantile_update_frequency = 100 by fill
ratio.

Discrete-action adaptations. ROER omits
continuous-control-only pieces from (Li et al.,
2024). Grid and λ-sweep rows are those in Table 1.
ReaPER follows (Pleiss et al., 2025) with the
episode/step identifiers used in this stack, and
paper versus port rows correspond to the scripts
below. Neither port is a full replication of the
original benchmarks.

Artifacts. We intend to ship training scripts, plot-
ting code, and JavaScript Object Notation (JSON)
logs under deep_dialog/ and checkpoints/.
The tables can be read without the auxiliary PDFs.
Reported hyperparameters match src/run.py and
agent_dqn.py (Table 8).

Checkpoints and scripts. ROER full-grid re-
production lives in deep_dialog/checkpoint
s/paper_roer/ with launcher Bash_roer_pape
r_recommended_vs_hpr.sh. ROER reduced λ
search uses checkpoints/ folders roer_lambd
a*_seed* with Bash_roer_seed.sh. ReaPER
paper configuration lives in paper_reaper/ with
Bash_reaper_paper_recommended_vs_hpr.sh.
ReaPER (adapted) uses reaper_alpha0.4_omeg
a0.2_seed* with Bash_compare_all.sh.

B Hyperparameters

Tables 7 and 8 report replay differences and training
defaults; PER and HPER share buffer maintenance,
so headline comparisons isolate sampling. The
K∈{1, 3, 5} sweep at α=0.6 (Table 11) uses the
same protocol. Optimizer, discount, architecture,
and environment settings are otherwise fixed across
methods unless an ablation states otherwise.
Table 7: Replay implementation differences across
DQN, PER, and HPER. PER and HPER share buffer
maintenance; the primary PER–HPER comparison iso-
lates minibatch sampling.

Setting DQN PER HPER

Minibatch
sampling

Uniform Global
priority

Two-stage
stratified

IS weights None PER-style PER-style
Buffer eviction Uniform

(FIFO)
Lowest
priority

Lowest
priority

Priority
initialization

— Max priority Max priority

Priority refresh — TD-driven TD-driven
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Table 8: Training defaults and HPER mechanics. Fi-
nal50 averages the last 50 logged epochs (Section 5).

Setting Value

Replay cap. 5000 trans., pool key
experience_replay_pool_size.

Batch 32 (–batch_size 32), run.py default
16 if unset.

Optimizer RMSprop on Q, lr 10−3.
γ 0.9.
Target net Hard copy each training episode.
Warm start On (100 epochs).
Sim./eval batch 50 dialogues / logged epoch.
SR smooth. 10-epoch MA (figures, Reach70,

Section 5).
HPER K 3 main, –hpr_partitions 3 (run.py

default 5 if omitted).
HPER β 0.4 (fixed in PER/HPER, anneal opt.).
α sweep {0.2, 0.4, 0.6} primary (Fig. 7);

{0.65, 0.7, 0.75, 0.8} Final50
extension (App. C.4).

Pri./TD smooth. 0.1 (blend to new |TD|).
New-trans. pri. max(maxi pi, 1.0) on insert/replace.
IS cap 10.0 pre batch max-norm

(PER/HPER).
Quant. fallback Equal-count buckets if quantiles fail or

|{δi}| < K.
Eviction See Tab. 7 (PER/HPER: lowest pri.;

DQN: FIFO).

C Additional experiments and ablations

C.1 Learning curves
Movie-booking dataset learning curves (success,
reward, turns) are reported in Fig. 4 (Sec. 5).

C.2 Headline Reach70 and Final50 bar charts
Figure 5 complements Table 1 with the same seeds
and log-completeness filters as Section 5.

C.3 Case study table
Figure 6 expands the main-text case study with the
full matched-prompt comparison.

C.4 Hyperparameter analysis
Priority coefficient α. Figure 7 sweeps α for
PER and HPER. For PER, terminal SR is relatively
flat across α ∈ [0.2, 0.6], but the seed-to-seed story
changes, suggesting that tail sharpness moves vari-
ance more than the final plateau. HPER is clean-
est at α=0.6 here. The choice α=0.4 widens the
spread, suggesting a less favorable balance between
cross-scale coverage and within-stratum emphasis
in this setting.

Extended α sweep. Tab. 9 reports Final50 for
α∈{0.65, 0.7, 0.75, 0.8} under the same movie-
booking protocol as Fig. 7 (K=3, five seeds, 500

Table 9: Extended α sweep on movie booking (K=3,
mean ± std, five seeds). Primary grid α∈{0.2, 0.4, 0.6}
appears as learning curves in Fig. 7. Bold: better Fi-
nal50 in each row.

α PER Final50↑ HPER Final50↑ HPER − PER

0.65 0.7961 ± 0.0134 0.8102 ± 0.0228 +0.0141
0.7 0.7943 ± 0.0156 0.8089 ± 0.0247 +0.0146
0.75 0.7912 ± 0.0178 0.8054 ± 0.0263 +0.0142
0.8 0.7887 ± 0.0201 0.8021 ± 0.0281 +0.0134

Table 10: MultiWOZ 2.1 under IL pre-training followed
by RL fine-tuning (ConvLab-2). Bold: best per column.

Method Succ.↑ Inf. F1↑ Book↑ Turns↓
DQN+IL 0.46 0.68 0.42 25
PER+IL 0.53 0.72 0.45 23
HPER+IL 0.60 0.75 0.47 20

epochs). We report terminal success in a table
rather than overlaying additional curves, since the
extension asks only whether the HPER–PER gap
remains stable once α is pushed higher. HPER
stays above PER at every listed setting.

α=0 ablation. Setting α=0 removes Stage II pri-
oritization while keeping Stage I occupancy mix-
ing, isolating cross-scale coverage from local em-
phasis inside a band. At K=3, mean Final50 SR
is 0.6659± 0.3767 across five seeds with one run
collapsing entirely. The surviving seeds still climb,
indicating that coarse stratification contributes, but
it is not sufficient on its own. The full HPER recipe
needs Stage II PER (α>0) to recover the local em-
phasis that makes TD updates sharp once the right
scale has been selected.

IL pre-training + RL fine-tuning. To contex-
tualize the from-scratch MultiWOZ results in
Sec. 5.5.2, we additionally pre-train a policy with
maximum-likelihood estimation on ConvLab-2 dia-
logue data until task success exceeds 0.5, then fine-
tune DQN, PER, and HPER under the same DQN
protocol as the main MultiWOZ runs (five seeds,
500 fine-tuning epochs, replay capacity 5000, batch
size 32). Tab. 10 shows that HPER again leads on
every metric.

Partition count K. Increasing K sharpens the
TD-error “microscope” in that bins become finer,
but each bin holds fewer transitions at fixed buffer
capacity. Table 11 lists K∈{1, 3, 5} at α=0.6. The
case K=1 reduces to flat PER in this codebase.
The corresponding Reach70 medians are 81, 62,
and 74. Moving from K=1 to K=3 lowers mean
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Figure 5: Headline movie-booking metrics for Table 1: time to smoothed SR>0.7 (Reach70) and terminal SR
(Final50). HPER and PER differ most on Reach70 early in training, when Stage I changes which error scales enter
each minibatch. Final50 summaries track the table.

Table 11: K∈{1, 3, 5} at α=0.6 (mean ± std, five seeds). R70 denotes Reach70 and Rew. denotes cumulative
reward. Bold indicates the best value in each column.

Setting SR ↑ Rew. ↑ Turns ↓ R70 ↓
K=1 (PER, α=0.6) 0.7974 ± 0.0110 49.76 ± 1.46 13.87 ± 1.20 109.8 ± 77.3
K=3 (HPER, α=0.6) 0.8133 ± 0.0240 50.97 ± 3.24 15.24 ± 0.84 60.2 ± 7.8
K=5 (HPER, α=0.6) 0.8028 ± 0.0168 49.69 ± 2.07 15.30 ± 2.06 138.0 ± 140.3

Sys. Experience-selection order and outcome.

DQN Weakly directed replay focus. Dialogue drifts into
repetitive slot-filling loops and ends with “no ticket
available” (no recovery).

PER Priority mass collapses onto a narrow post-conflict
failure template. It quickly cycles through “theater
not available”→ “no ticket available.”

ROER Aggressive but unstable correction focus. It
oscillates between unavailability messages and
malformed confirmations, then degrades to repeated
failures.

ReaPER Short-horizon prioritization improves early
efficiency but under-covers cross-constraint states,
leading to early failure collapse.

HPER Two-stage replay preserves cross-constraint
coverage before local prioritization. It continues
exploration after conflict and reaches a valid
booking confirmation.

Figure 6: Matched-prompt case study (Section 5.6). The
user prompt is the same in every row, “Which theater
can I book 1 ticket for Young Messiah?”

Reach70 from 109.8 to 60.2, raises Final50 SR
from 0.7974 to 0.8133, and slightly increases mean
turns (15.24 vs. 13.87). Raising K to 5 does not
exceed K=3 on mean Final50 SR here. Mean
Reach70 rises to 138.0 ± 140.3, driven mainly by
seed=100, which first crosses smoothed 0.7 only
at epoch 417. Figure 9 overlays K∈{1, 3, 5} on
the same seeds. Figure 5 in Section C.2 gives the
headline Reach70 / Final50 bar view for the pri-

mary α=0.6 runs. The large Reach70 variance at
K=5 is consistent with thinner strata under fixed
replay capacity. When a stratum temporarily holds
too few transitions, Stage II batches can become
almost single-band, which amplifies short-horizon
gradient noise and delays the smoothed 0.7 cross-
ing for some seeds without necessarily destroying
terminal SR.

Telemetry scope. Main runs omit per-epoch full-
buffer TD histograms. Appendix D.2, panel (a),
plots per-stratum buffer share from the logged |TD|
traces used for PER-style priorities on one repre-
sentative HPER run, as a qualitative check rather
than separate logging.

D Diagnostics

D.1 Human-eval agreement
Rubric and interface. Annotators see the user
goal and the full dialogue without model names.
Success is judged against the stated constraint (e.g.,
correct slots and a successful booking when the
simulator would count success). We treat SR as a
binary decision per annotator and average across
annotators before aggregating over dialogues. Nat-
uralness and coherence use a 1-to-5 Likert scale
(1 means clearly unnatural or incoherent, and 5
means natural and coherent for the task). AS is the
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Figure 7: Success rate versus epoch for α ∈ {0.2, 0.4, 0.6}. Mean ± std under Section 5 seed rules.

unweighted mean of those two scores per dialogue
and annotator, then averaged as above.

Procedure. Fifty annotators are recruited and
trained on the rubric. Each dialogue is rated in-
dependently by two annotators from this pool (pair-
ings vary across items), and a third annotator adju-
dicates SR disagreements for Table 4. Annotators
complete a short calibration phase on held-out ex-
amples (excluded from Table 4). We record time-
on-task and discard incomplete ratings. Payment,
consent, and demographics follow the host IRB
or equivalent. Annotators receive hourly payment
under informed consent prior to rating; rates follow
local research-assistant norms.

Agreement statistics. We report Cohen’s κ on
blinded SR (two-way, pre-adjudication) and Krip-
pendorff’s α (Krippendorff, 2011) for ordinal nat-
uralness and coherence on 500 dialogues (two pri-
mary annotators per item from a pool of fifty).
Table 12: Inter-annotator agreement (Sec. 5.5.3). SR:
Cohen’s κ (blind, pre-adjudication). Nat./Coh.: Krip-
pendorff’s α (ordinal 1–5).

Metric Statistic Value

SR Cohen’s κ 0.68
Naturalness Krippendorff’s α 0.74
Coherence Krippendorff’s α 0.79

D.2 Bootstrap and K diagnostics
Figures 8 and 9 visualize stratum-occupancy and
K-sensitivity diagnostics referenced from Sec-
tion 5. The paired Final50 bootstrap summary is
reported in Fig. 3 (Sec. 5.5.1).
Figure 8 plots stratum occupancy from logged
|TD| under the training quantile schedule (Sec. 5),
as a qualitative check on cross-band buffer-mass
shifts, not a stand-alone causal claim.
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(a) Per-stratum buffer share vs. epoch (logged |TD|).

Figure 8: Fraction of the replay buffer in each TD-
error stratum versus epoch for HPER (α=0.6, K=3,
seed 300). Strata follow the training code’s quantile
refresh on logged absolute TD errors (the same |TD|
stored for priority updates during the run).
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Figure 9: Smoothed success rate (10-epoch moving
average, mean ± std) for K∈{1, 3, 5} at α=0.6.

Figure 9 complements Table 11 with smoothed
success-rate trajectories for K∈{1, 3, 5} under the
same seeds and 10-epoch smoothing as the main
learning curves.
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