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Abstract

Offline goal-conditioned reinforcement learning requires both long-horizon reacha-
bility estimates and local action comparisons. Dual goal representations provide
value fields that capture global goal reachability, but they do not directly specify
which action should be preferred at a given state. We propose Dual Advantage
Fields, a policy-extraction method that turns a bilinear dual value model into a
local advantage signal. Under bilinear dual parameterization, the goal embedding
is the gradient of the value field with respect to the state representation. DAF learns
an action-effect model that predicts the discounted feature displacement induced
by an action and scores actions by the alignment between this displacement and
the goal direction. In the realizable case, this score equals the goal-conditioned
Bellman advantage, yielding a standard local policy-improvement guarantee. On
OGBench locomotion, manipulation, and puzzle tasks, DAF improves aggregate
RLiable metrics and performs strongly in settings where locally correct actions
differ from direct movement toward the final goal.
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Figure 1: Dual Advantage Fields. A dual goal-conditioned value model defines a global value
surface over state representations. DAF converts this global surface into a local action-comparative
signal by predicting how each action moves the state representation and measuring whether this
movement aligns with the goal direction.

1 Introduction

Goal-conditioned reinforcement learning (GCRL) aims to learn policies that reach arbitrary goals
from a fixed dataset of prior experience. This requires solving two different problems at once. First,
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the agent must reason globally: it must infer how states are connected over long horizons so that
behavior observed in one part of the dataset can be stitched together with behavior observed elsewhere.
Second, the agent must act locally: at the current state, it must decide which available action makes
the most progress toward the requested goal. A good goal-conditioned agent therefore needs both a
global map of reachability and a local compass for action selection.

Recent dual goal representations provide a strong answer to the first problem. They parameterize
a goal-conditioned value function as a bilinear interaction between a state embedding and a goal
embedding Vp (s, g) = ¥p(s) " dg(g). This structure induces a value surface for each goal, where
states that are more reachable or desirable for the goal receive higher values. Such value surfaces
are well suited for long-horizon reasoning: they encode temporal structure, support stitching across
offline trajectories, and generalize across state-goal pairs. However, a value surface alone does not
directly answer the local control question. It says how good the current state is for a goal, but not
which action should be preferred among the actions available at that state.

This distinction is central in offline GCRL. Policy extraction requires an action-comparative signal.
Two actions can start from the same state and therefore share the same value Vp(s, ¢g), while only
one of them may move the agent toward the goal. What is missing is not another global estimate of
reachability, but a local advantage-like quantity: a way to score whether an action changes the state
in a direction that improves goal-conditioned value.

Our key observation is that this local signal is already implicit in the geometry of dual representations.
Under the bilinear parameterization above, the goal embedding ¢y(g) is the direction in state-
representation space along which the goal-conditioned value increases:

VyVo(s,9) = ¢a(g)-

Thus, if an action induces a displacement in the state representation, its usefulness for the goal
can be evaluated by a simple geometric test: does the predicted displacement align with the goal
direction? This turns goal-conditioned policy improvement into a local alignment problem in the
dual representation space.

We introduce Dual Advantage Fields (DAF), a policy-extraction method that makes this geometry
explicit; see Figure 1. DAF learns an action-effect model that predicts the discounted change in
the state representation caused by an action. It then scores actions by the inner product between
this predicted action effect and the goal embedding. The resulting score is local, goal-conditioned,
and action-comparative: it prefers actions whose predicted latent effect points in the direction of
increasing value for the goal.

This perspective leads to a simple principle for offline GCRL: global value fields should be paired
with local advantage fields. Dual representations provide the global map; DAF extracts from the same
representation space the local compass needed for policy improvement. This yields an efficient actor-
free mechanism for policy extraction: rather than learning a separate goal-conditioned action-value
function, DAF reuses the geometry of the dual critic to obtain an advantage-like score for weighting
offline actions.

Our contributions are:

* We show that, under the standard dual goal representation parameterization, the goal em-
bedding can be interpreted as the gradient direction of the goal-conditioned value field with
respect to the learned state representation.

* We introduce Dual Advantage Fields, which learn action-effect vectors and score actions
by their alignment with this goal direction, producing a local advantage-like signal for
goal-conditioned policy extraction.

* We use this signal to extract policies from offline data without training a separate goal-
conditioned action-value function, and evaluate the resulting method across challenging
offline GCRL benchmarks.

2 Preliminaries

Goal-conditioned Reinforcement Learning. We study offline goal-conditioned reinforcement
learning (GCRL) [5, 14, 15, 18]: the learner has access to a fixed offline dataset of transitions
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but cannot collect new experience in the environment [20]. The objective is to infer a an optimal
goal-conditioned policy even for unseen during training combinations of state-goal pairs.

Let S and A denote state and action spaces, and let G C S (or an abstract goal space) denote goals.
At each step the environment emits a transition (s, a, s’) according to an unknown Markov kernel
P(s'|s,a). A goal g € G induces a reward signal 7(s, a, g): in sparse goal-reaching problems this is
often zero until a success condition holds. A stochastic policy 7(a|s, ¢g) induces the usual discounted
return with discount y € (0, 1). The goal-conditioned value and action-value functions are

oo
Qﬂ(& a, g) =Er |:Z ’Yt T(Sh Qt, g) ’ S0 =S, Go = CL:| ) VW(Sv g) = IELL~7T(~|S,9) [Qﬂ-(sa a, g)] :
t=0
Qﬂ(sv a, g) = Es/NP('\s,a) [T(Sa a, g) +7 Vﬂ—(s/ﬂ g)] ) Vﬂ-(sv g) = anﬂ('\s,g) [Qﬂ—(sv a, g)] - (D
Recent GCRL methods combine several ideas, including representation learning, quasimetric objec-
tives [11, 18, 25], and hierarchical horizon reduction [7, 17, 19] over value functions, (Q-functions,
and actors. These design choices are often complementary, but existing methods still show domain-
specific strengths: hierarchical methods tend to excel in long-horizon locomotion, while quasimetric
representations often work well for manipulation. In contrast, DAF emphasizes local policy improve-
ment during training while retaining long-horizon reasoning, leading to more consistent performance
across both domains.

Hierarchical Implicit Q-Learning (HIQL). In GCRL, accurately estimating the value function
for distant goals is the main challenge in solving complex long-horizon tasks [19]. To address this
issue, HIQL [19] proposed a hierarchical policy structure that utilizes a value function learned with
IQL [13]. This hierarchical design enables the agent to produce effective actions even when value
estimates for distant goals are noisy or unreliable. More specifically, HIQL trains a goal-conditioned
state-value function V' with the following loss:

£(V) = E(s,s’)~’D, g~p(9) [L72- (T(Svg) + VV(Slvg) - V(S, g))] ) 2)
where the expectile loss is defined as L3 (u) = |7 — 1(u < 0)[u?, with 7 > 0.5, and V denotes the
target V network.' Following prior works [3, 19, 25], we adopt the sparse reward (s, g) = —1{s #
g}. Under this reward, the optimal value |V*(s, g)| corresponds to the discounted temporal distance,
i.e., a discounted measure of the minimum number of environment steps required to reach the goal g
from state s. HIQL separates policy extraction” into two levels: a high-level policy 7" (s;11|s¢, g)
generates a k-step subgoal to guide progress toward the goal, while a low-level policy 7¢(as|s¢, s¢+1)
produces primitive actions to reach the subgoal. Both policies are extracted using advantage-weighted
regression (AWR) [23, 26] with the following objective:

J(r") = E(s,.500,9)~D [€XP (B" - A" (51, 5148, 9)) log 7" (se4]51: 9)] 3)
J(r') = E(s,.a0,5041,5010)~D [€XD (B A (st 5041, se4k)) log T (s, se41)] 4
where 3" and ! are inverse temperature parameters, A" (s;, si1%,9) = V(st41,9) — V" (s4,9)
denotes the high-level policy advantage, and A*(ss, 5¢11,5t4%) = VE(St41, Se4k) — VE(St, St4k)
denotes the low-level policy advantage. HIQL uses a single goal-conditioned value function V', which

is shared between both 7" and 7¢ (i.e., V" = V! = V). However, despite this design, HIQL still
struggles with long-horizon, complex tasks, as shown in the GCRL benchmark, OGBench [20].

Dual Goal Representations [22]. In goal-conditioned RL, the goal representation determines
what information the policy and value function use about the target state. Rather than conditioning
directly on the raw goal observation, which may contain irrelevant or exogenous factors, dual goal
representations encode a goal by its reachability relation to other states. A goal g is represented by

¢'(9) 1 s+ d*(s,9),
where d* (s, g) denotes the optimal temporal distance from state s to goal g. In practice, we approxi-
mate this functional through a bilinear goal-conditioned potential [9]:

Va(s,9) = a(s) " 0(9), ®)
where 19 : S — R? and ¢y : G — R? are state and goal embeddings. The goal embedding ¢y (g)
then serves as a finite-dimensional dual representation: when paired with 1y (s), it predicts a value or
distance-like quantity that reflects the environment’s reachability structure.

I'Since the inherent over-estimation problem of IQL, we assume that the environment dynamics is deterministic.
2Policy extraction refers to learning a policy from a learned value function, emphasizing the separation between value
learning and policy learning.
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Figure 2: Dual Advantage Fields. Under a bilinear goal-conditioned value model, the goal embed-
ding defines a direction in representation space. DAF scores an action by projecting its induced feature
displacement onto this goal direction, yielding a local advantage-like signal for policy improvement.

3 Dual Advantage Fields

Our method is based on a simple insight from bilinear value decomposition in Eq. (5). Holding the
goal fixed and viewing the value as a function of the state embedding ¢, we have

Proposition 3.1. Under the bilinear goal-conditioned value model Vy(s, g) = 1g(s) T ¢g(g), the
gradient of the value with respect to the state embedding is the goal embedding:

VyVa(s,9) = Vi (¥ d6(g)) = ¢o(9). (6)

Thus, the goal embedding ¢4(g) is the value-gradient direction in representation space under the
Euclidean geometry of the learned embedding. Please, see Figure 2 for intuition. For any transition
from s to s’, the change in the bilinear value is exactly

Va(s',9) = Va(s,9) = ¢6(9) " (Yo (s') — vo(s)). ™

We use this identity to construct an advantage-like local policy improvement signal. For a policy 7,
the standard goal-conditioned advantage is

Aﬂ(& a, g) = Es’wp(-\s,a) [T(Sa avg) + ’}/VW(S/, g) - Vﬂ'(smg)] . (8)
Replacing V'™ with the learned bilinear field Vj gives the model-induced Bellman advantage
A9(37 avg) = Es’~p(<|s,a) [7"(87 a, g) + (b@(g)—r (7¢9(5/> - ¢0(5))] . (9)

In offline learning, each dataset transition (s, a, s’) provides a sample estimate of this quantity:

Corollary 3.2. The sample-level Dual Advantage Field score is

Ag(s,a,8',g) = 1(s,a,9) + do(9) " (va(s') — vo(s)). (10)

Local policy improvement. In the realizable case, the DAF score is exactly the goal-conditioned
Bellman advantage. Specifically, if V™ (s, g) = 1(s) " ¢(g) and u(s,a) = Egp(.|s,a)[y¥(s’) —
¥ (s)], then

r(s,a,9) +u(s,a) ¢(g) = A™(s,a,g).
Thus, increasing the probability of actions (alignment) with positive DAF score is a standard policy-
improvement step. Repeated exact DAF improvement therefore recovers an optimal primitive
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goal-conditioned policy; in particular, its limiting policy is at least as good as any policy restricted to
a fixed hierarchical class. We provide the formal statement and proof in Appendix ??.

Equation (10) defines the DAF score. The term vty (s") —1g(s) is the discounted feature displacement
caused by action a, and ¢y(g) is the value-gradient direction toward goal g. Their inner product
measures the one-step increase in the bilinear value field, with the reward term completing the
Bellman advantage. Thus, Ay provides a local, goal-conditioned action-ranking signal derived from
the learned dual value geometry. This follows the comparative view of policy improvement, where
actions are improved by relative advantages rather than absolute value estimates [4].

3.1 Motivational Example

We illustrate the local geometry captured by Dual Advantage Fields (DAF) on the
cube-single-play-vO-taskl manipulation task from OGBench [20]. This task highlights a
common failure mode in goal-conditioned control: before the cube can be placed at the final target,
the agent must first move the gripper into a pre-grasp configuration. Thus, a direction that points
directly toward the terminal object location may be globally plausible but locally unhelpful.

DAF addresses this by scoring actions according to their local improvement of the learned goal-
conditioned potential. By Eq. (6), the goal embedding ¢y (g) is the representation-space gradient
of the bilinear value field. We define an action-effect model u¢ (s, a) that estimates the discounted
feature displacement induced by action a,

UE(S, a) ~ Es’~p(~|s,a) [71/}9(5,) - 11/}9(5)] .

Ignoring reward terms that are constant across actions in the pre-grasp region, DAF scores actions by

z9(s, a,9) = ue(s,a) " go(g). (11)

This score favors actions whose predicted feature displacement is aligned with the local direction of
value increase toward the goal.

Figure 3 visualizes this effect. We sample query
states {5;}Y, by perturbing only the gripper
position around the cube, while keeping the ob-
ject state and final goal fixed. For each method
m € {OTA,DAF}, we decode its high-level
subgoal prediction into an X-Y coordinates via
probing,

2" = Din(hm(3:,9)), 12)

where h,, is the method-specific latent output
and D,, is a linear probe fitted on demonstration
states. The plotted direction is

Figure 3: Pre-grasp vector field in cube-single.

Fm— Teo(5;) Arrows show decoded high-level directions from
(13) sampled gripper positions around the cube, with

the cube and final goal fixed. DAF points locally
drawn from the gripper position z..($;). Near toward the cube before grasping, while OTA points
the cube, DAF produces directions that point toward the terminal placement goal. The yellow
toward the object, matching the immediate pre- marker denotes the mean decoded target.
grasp behavior required before transport. OTA
instead points toward the terminal placement region in this example, which is appropriate only after
grasping. The example shows why local advantage fields can be more useful than a high-level
subgoals alone: they select actions by whether they locally improve the goal-conditioned potential.

dim =

z; — Tee gl 27
;" ol

4 Training and goal-conditioned policy extraction

Dayan and Singh [4] showed that policy improvement can be organized around relative measures of
how actions compare at a state-merits that need not reduce to a fully trusted global value oracle. In
the goal-conditioned setting, the Bellman advantage A™ (s, a, g) in (8) is exactly such an object: it
ranks a by the expected one-step gain in return, isolating the effect of the transition from the baseline
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Algorithm 1 DAF training.

1: Input: offline dataset D of (s, a, s', g);

2: Initialize: g, ¢y, displacement map ug, policy 7, target networks (Q'8', V*&").

3: while not converged do

4:  Sample a minibatch from D.

5. Critic: update vy, ¢g s0 Vi (s, 9) = a(s) " ¢ (g) (5) using target networks.

6: AFU coupling: minimize the actor-free loss coupling Vj to zg (14) {Appendix E} and
minimize Lae (15) for ue.

7. Policy: wy + min{exp(azo(s,a, g)), Wiax }; minimize —Ep[wg log 7, (a | s, c)] over w.

8:  Update target networks.

9: end while

V™ (s,g). Our bilinear potential (5) turns this comparison into explicit geometry in ). Under the
model Vj, the backup contribution vVp(s', g) — Vu(s, g) equals ¢g(g) " (viba(s’) — we(s)) by (7),
so the analogue of the advantage (8) with V™ replaced by Vj is the closed form (9)-(10). The goal
embedding ¢y (g) acts as V., Vp (Eq. (6)): the inner product in (10) measures whether the local feature
displacement induced by a is aligned with steepest increase of the learned potential toward g. Thus
Dayan’s comparative view of improvement is instantiated here as projection of one-step ¥)-dynamics
onto the value-gradient direction.

In practice we estimate the discounted increment g (s’) — 1g(s) with a map ¢ (s, a) trained on
offline transitions (Sec. 4.1), and absorb r in the critic stack where noted. The raw dual score is

zo(s,a,9) = ue(s,a) do(g), (14)

which agrees with (10) when u¢(s,a) = vg(s’) — 1g(s) and rewards are handled by the value
heads feeding the same Bellman targets.

4.1 Offline critic and feature dynamics

We learn (1g, ¢g), and the displacement map u,¢ from offline tuples (s, a, ', g) [20]. For stability we
used a common approach in offline RL [13] that learns twin critics Qél), ((,2), and the bilinear head
Vo(s,9) = 1g(s) T da(g) is tied to pessimistic Q-estimates via expectile regression and to Bellman
backups on Qéj ). To avoid brittle max, () operators in continuous control [16], we add an actor-free
coupling between Vy and the scalar dual score zy from (14), following Perrin-Gilbert [24]; the explicit
construction is deferred to Appendix E. Finally, we ground u¢ with the auxiliary loss

Eae = E|:H’U/§(S,a) - Sg(’ﬂﬂo(s/) - 1/%9(5))“;} ) (15)

with sg stopping gradients through the target, so u,¢ tracks one-step feature dynamics on D.

4.2 Policy extraction

Let m,(a | s,c) denote the policy with conditioning ¢ on g through ¢¢(g) (and optionally s).
Advantage-weighted regression [23] uses weights

wy(s,a,g) = min{exp(ozze(s,a,g)), Wmax} (16)

with temperature « > 0 and cap Wy,ax, and minimizes —Ep|wglogm,(a | s,c)]. Because zg
does not depend on w, this is weighted behavior cloning that up-weights actions whose local -
displacement aligns with the goal direction ¢g(g), i.e. actions that the bilinear model classifies as
improving the goal-conditioned potential in the sense of (10).

Hierarchical goals. For long horizons, a high-level policy over subgoals can be trained alongside
the low-level stack above, with value differences along options as in hierarchical offline GCRL [19];
option-aware temporally abstracted value learning offers a related hierarchical baseline [2].
Remark 4.1 (Variants). Concrete instantiations differ by which of the optional terms above are active;
experimental details are summarized in Section 5 and Appendix A.
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5 Experiments

In this section, we empirically validate the findings developed in the previous sections on the
OGBench benchmark [20]. OGBench is designed to evaluate several core capabilities required by
offline goal-conditioned reinforcement learning (GCRL), including long-horizon reasoning, trajectory
stitching, generalization to unseen goals, robustness to suboptimal data, and control under imperfect
offline coverage. We focus on the state-based locomotion and manipulation tasks used in prior
work, which allows us to test whether DAF provides consistent improvements across domains with
substantially different control structure.

All methods are trained purely offline on the provided datasets and are evaluated without additional
environment interaction during training. We report success-based performance in [0, 1], where higher
values indicate better goal reaching. For each environment, we evaluate the corresponding OGBench
dataset regimes. In maze-style locomotion, we use navigate and stitch datasets: navigate data is
collected from noisy expert policies that traverse the environment, while stitch data contains shorter
trajectory segments and therefore requires composing partial behaviors into longer goal-reaching
solutions. In manipulation, we use play and noisy datasets: play data contains natural temporally
correlated interactions generated by scripted policies, whereas noisy data increases state-action
coverage through less structured exploration noise, making the offline data more suboptimal.

Baselines. We compare against a representative set of recent and relevant methods for offline
GCRL, including HIQL [19], OTA [2], MQE [17], CRL [5], GCIQL [13], and GCIVL [10]. When
applicable, we also include their corresponding variants that learn representations in the form of
dual-goal representations [22]. These baselines cover the main families of methods used in offline
GCRL, including horizon-reduction methods [21] and methods based on representation priors such
as quasimetrics.

What DAF does in each dataset. Across all datasets, DAF uses the same policy-extraction
principle: it scores offline actions by the alignment between their predicted local feature displacement
and the goal direction induced by the dual value representation. Concretely, the action-effect model
estimates y1g(s’) — 1y (s), and the dual score projects this displacement onto ¢g(g). Thus, DAF
uses the learned value field not only as a global map of reachability, but also as a local compass for
choosing among actions available in the offline dataset.

Maze locomotion: long-horizon naviga-
tion and stitching. We first evaluate on
humanoidmaze and antmaze, shown in Ta-
ble 1. These environments isolate the long-
horizon navigation aspect of offline GCRL. The
agent must reach target states from diverse ini-
tial states using only fixed offline data. The
antmaze tasks require quadruped locomotion

s s
= >

Fraction >7

if

through maze layouts, while humanoidmaze is b9 02 33 re threshol s o8 Lo
more challenging because it combines full-body — par ota CRL GeioL GCIVLDUAL
humanoid control with long-horizon goal reach- HIQL MQE CRLDUAL GENVL

ing. We include both navigate and stitch
variants because they test complementary ca-
pabilities: navigate evaluates whether the
method can exploit noisy expert trajectories,
while stitch evaluates whether the method can
compose shorter trajectory fragments into successful long-horizon behavior.

Figure 4: Performance profile across all tasks and
environments. DAF achieves a better distribution
of scores than the baselines across the OGBench
evaluation suite.

These tasks are important because many prior offline GCRL methods are designed around horizon
reduction or hierarchical subgoal prediction. DAF is not primarily a hierarchical method: instead, it
extracts local action preferences from a dual value field. Strong performance on these mazes therefore
tests whether local advantage-field extraction can preserve the long-horizon structure needed for
navigation. DAF is competitive with the strongest horizon-reduction baselines on navigate datasets
and obtains the best results on the harder stitch cases where composing partial trajectories is
essential.
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Table 1: Maze locomotion results on humanoidmaze and antmaze. These tasks test long-horizon
goal reaching from fixed offline data. The navigate datasets evaluate learning from noisy expert
trajectories, while the stitch datasets evaluate whether a method can compose shorter trajectory
segments into successful goal-reaching behavior. Best values are highlighted in blue.

ENV. DATASET D]MENSION‘ DAF | HIQL OTA MQE CRL CRL DUAL GCIQL GCIVL GCIVL DUAL
NaviGaT MEPIUM ‘ ggg 0.03 ‘8'31 ).01 g.ggﬂ‘ o1 g:ztz 0.09 8;2 0.08 gg? 0.03 8(3)41‘ £0.04 83; 0.03 8;5 Lo
HUMANOIDMAZE LARGE .66 +0.03 | 0.45 £0.01 0.83 £0.03 0.20:0.07 0.26+0.05 0.21 £0.05 0.04£0.01 0.05+0.0 04 40
STITCH MEDIUM 0.90 -0.04 | 0.86+0.03 0.92+0.01 0.62+0.00 0.53+0.03 0.57+0.01 0.15+0.03 0.14+0.01 0.20+0
) . LARGE 0.48 -0.06 | 0.32 + 0.43 0014 0.18+0.03 0.11+0.02  0.06+0.05 0.02+0.00 0.02+0.01 0.02+0
NaviGare TELEPORT | 0.51£0.05 [0.46 +0.05 0.53 2005 0.49 2001 0.60 001 057 c0.01 0.37 002 0.444002 041 40
ANTMAZE ’ MEDIUM 0.98 0,01 [0.96 001 0.97 =001 0.88+005 0.96+0.01 095002 0.76+0.06 0.72+0.06 0.79 40
STITCH TELEPORT 0.50 +0.05 |0.38 £0.02 0.3820.01 0.40+0.03 0.23+0.03 0.15+0.01 0.23+0.02 0452005 0.39+0.05
’ MEDIUM 0.97 =002 [0.96 £0.02 0.95+0.02 096001 0.52+0.04 0.52+007 0.39+0.06 0.48+0.05 0.52+0

Table 2: Object-manipulation results on cube and scene. These datasets test whether an offline
GCRL method can extract precise local skills from play data and remain robust under the less
structured noisy regime. Best values are highlighted in blue.

ENV. DATASET DIMENSION‘ DAF | HIQL OTA MQE CRL CRL DUAL GCIQL GCIVL GCIVL DUAL
DOUBLE 0.41 +0.04 \O.IS—HM 0.05 +0.01 0.03 +0.00 0.16 +0.01 0.38 +0.06 0.35+0.06 0.33+0.05 0.58 +0.04
PLAY TRIPLE 0.17 +0.03 \OAOS +0.02 0.02+0.00 0.01 +0.00 0.06 +0.02 0.05+0.05 0.02+0.01 0.0l +0.01 0.01 +0.00
CUBE QUADRUPLE | 0.03 +0.01 \OAOO +0.00 0.00+0.00 0.00+0.00 0.00+0.00 0.00+0.00 0.00+0.00 0.00+0.00 0.00+0.00
DOUBLE 0.33 +0.05 ‘0.03 0.01 0.05+0.03 0.07 +0.01 0.04 +0.02 0.08 +0.02 0.24 +0.06 0.17 +0.014  0.26 +0.02
NOISY TRIPLE 0.23 +o.01 ‘0.04 0.01 0.01 +0.00 0.04 +0.02 0.03 +0.01 0.06 +0.02 0.05+0.01 0.11 +0.02 0.09 +o.03
QUADRUPLE | 0.02 +0.01 \0.00 0.00 0.00 +0.00 0.00 +0.00 0.00+0.00 0.01 +0.01 0.00+0.00 0.00+0.00 0.00 +0.00
SCENE PLAY ‘ 0.81 +0.04 \0.55 0.09 0.34 +0.04 0.20+0.03 0.29 +0.02 0.56 +0.06 0.53 +0.02 0.51 +0.05 0.78 +0.07
NOISY ‘ 0.43 +0.03 ‘0,27 0.02 0.10 £0.02 0.07 £0.02 0.02 +0.01 0.06 £0.01  0.29 +0.02 0.31 +0.05 0.45 £0.02

Object manipulation: local control from imperfect demonstrations. Next, we evaluate on cube
and scene, shown in Table 2. Unlike maze navigation, these tasks require precise object-centric
control. The cube tasks include pick-and-place, stacking, swapping, and multi-object rearrangement,
while scene tasks require sequencing interactions with objects such as cubes, drawers, windows, and
buttons.

These datasets test DAF’s central motivation: globally plausible behavior can be locally wrong. For
example, moving toward a final object placement may be inappropriate before reaching a pre-grasp
state. DAF addresses this by ranking dataset actions according to whether their predicted feature
displacement aligns with the goal direction. This is especially useful in play and noisy datasets,
where demonstrations contain useful local skills but also incomplete or suboptimal trajectories.

Puzzle rearrangement: continuous control with combinatorial structure. Finally, we evaluate
on puzzle, shown in Table 3. These environments are robotic versions of Lights Out: pressing
one button changes the state of neighboring buttons. They therefore combine continuous control
with combinatorial generalization over discrete configurations. The 3x3 and 4x4 variants further
increase the configuration space, testing whether goal representations generalize beyond simple object
reaching.

Puzzle tasks stress a failure mode not captured by maze navigation or standard manipulation. Here,
each local action can affect a larger configuration, so policy extraction must compare actions by their
downstream effect on the goal. DAF is suited to this setting because it scores actions by whether their
predicted local transition improves the goal-conditioned value field.

Aggregate comparison. Tables 1, 2, and 3 show that DAF performs strongly across different kinds
of offline coverage and control structure. The aggregate comparison in Figure 5 further summarizes
performance across all tasks using RLiable metrics [1]. We report Median, interquartile mean
(IQM), Mean, and Optimality Gap with stratified-bootstrap confidence intervals. The IQM reduces
sensitivity to outlier tasks, while the optimality gap measures the average remaining shortfall from
perfect success. Overall, DAF improves the aggregate metrics while also achieving strong per-task
performance, indicating that the gains are not driven by a single environment family.
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Table 3: Puzzle rearrangement results on puzzle. These tasks test structured spatial reasoning: each
local button press changes neighboring button states, so the policy must combine continuous control
with combinatorial goal generalization. Best values are highlighted in blue.

ENV. DATASET DIMENSION \ DAF \ HIQL OTA MQE CRL CRL DUAL GCIQL GCIVL GCIVL DUAL
PLAY 3x3 0.74 +0.04 ‘0A17 0.05 0.64 +0.06 0.11 =0.00 0.07 £0.01  0.09 +0.( 0.98 t0.02 0.08 +0.02 0.08 +0.01
PUZZLE 4x4 0.40 +0.05 ‘0,17 0.03 0.53 to.05 0.17 +0.03 0.02+0.01 0.07 +0 0.31 +0.02 0.26 +0.02 0.30 +0.05
NOISY 3x3 0.98 ~0.04 ‘0A7O 0.10 0.64 +0.13 0.03 +0.01 0.37 +0.05 0.42 +0. 0.95 +0.01 044 +0.15 0.50+0.22
4x4 0.47 +0.03 ‘0,31 0.07 0.01 £0.00 0.02+0.01 0.00 +0.00 0.00 +0.c 0.33 +0.11 0.24 +0.02 0.25+0.02
Median 1QM Mean Optimality Gap
DAF [ | DAF [ ] DAF [ | DAF
HIQL | HIQL| HIQL| | HIQL |
OTA | OTA | oTA | OTA |
MQE| | MQE MQE| | MQE |
CRL{| CRL crLl | CRL |
CRLDUAL| | CRL DUAL CRLDUAL| | | CRLDUAL| |
GCIQL GCIQL GCIQL | GCIQL |
GCIVL GCIVL cervef | GCIVL \
GCIVL DUAL ‘ GCIVLDUAL]| GCIVLDUAL ‘ GCIVL DUAL ‘
0.0 0.2 0.6 0.0 0.2 0.6 0.2 0.3 0.4 0.5 0.6 0.5 0.7 0.8

04
Score

04
Score

Score

056
Score

Figure 5: Performance comparison. Following the protocol proposed by Agarwal et al. [1], we report aggregate RLiable
metrics, including Median, IQM, Mean, and Optimality Gap, with stratified-bootstrap confidence intervals across the offline
GCRL environments. The colored horizontal segments denote confidence intervals, and the dark vertical markers denote point
estimates.

6 Broader Impact and Limitations

DAF extracts goal-conditioned policies from offline data without additional environment interaction.
Like other offline RL methods, it is reliable only when the dataset sufficiently covers the actions
needed for improvement; poor coverage can produce incorrect action rankings. DAF also relies on the
learned dual representation and action-effect model. Although V., Vy(s, g) = ¢¢(g) holds exactly for
the bilinear head, this direction is useful only if the representation encodes reachability. In stochastic
or poorly covered regions, u¢ (s, a) may predict inaccurate feature displacements. Future work should
study uncertainty-aware or distributional action-effect models and extend DAF to image-based and
more stochastic goal-reaching settings.

7 Conclusion

We introduced Dual Advantage Fields (DAF), a method that turns dual goal representations into
local policy-improvement signals. Under the bilinear value parameterization, the goal embedding
acts as the gradient of the goal-conditioned value field with respect to the state representation. DAF
uses this observation to score actions by the alignment between their predicted feature displacement
and the goal direction. Empirically, DAF improves aggregate performance across offline GCRL
benchmarks and is especially effective in manipulation tasks where local directional choices are
important. Overall, the results suggest that dual representations should be used not only as global
value maps, but also as local advantage fields for goal-conditioned policy extraction.
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Table 4: Network configuration for DAF on OGBench.

Configuration Value
Gradient steps 108
Optimizer Adam [12]
Nonlinearity GELU [8]
Target network update rate 0.005
Goal representation dimensionality 256
Batch size 1024
Action-effect MLP dimensions (512,512,512)
Policy MLP dimensions (512,512,512)
Layer norm in MLPs True
Discount ()  0.99 (0.995 for giant- environments)
Learning rate 0.0003

Table 5: Coefficient « for each environment

Environment «

scene-* 10.0
antmaze 10.0
humanoidmaze 10.0
puzzle-3x3-* 3.0
puzzle-4x4-* 0.1
cube-double-* 3.0
cube-triple-* 3.0
cube-quadruple-* 10.0

A Implementation and Reproducibility

Our method and baselines are implemented on top of the implementations given in OGBench [20]
and Dual Goal Representations [22] codebases. Our method is employed upon hierachy of actors,
with low actor being updated by dual score (Equation (14)) and high actor by AWR (Equation (3)).

Table 4 details the common hyperparameters for all methods on OGBench. Table 5 shows the «
regularization hyperparameter that was found to be the best for performance of DAF. We also report
the ablation studies on important architectural aspects of our proposed method: AFU Coupling
[24], presence of action-effect module (Equation (15)), hierarchical actor [19] and integrating dual
representations [22] upon the hierarchical backbone.

B Related Works

B.1 Goal-conditioned Implicit Q-Learning (GCIQL)

Implicit Q-Learning (IQL) [13] stabilizes offline RL by avoiding queries to out-of-distribution (OOD)
actions through two key components: a state-value function V,,(s) and an action-value function
Qo (s, a). The value functions are trained via:

£0(6) = Eguowyen [(r(5,0) +7V(s)) ~ Quls,@))"] (7)
Ly () = Esa)p [L5 (Qa(s, a) — Vip(s))], (18)
where L3 (z) = |7 — 1(x < 0)|2? and 7 € [0.5,1) controls conservatism (higher 7 prioritizes

optimistic returns), and ¢ are the parameters of the target Q network. The policy 74 (al|s) is then
extracted via advantage-weighted regression (AWR) [23, 26]:
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Table 6: Ablation on OGBench. We report full DAF and four requested ablations: removing AFU
coupling, removing the action-effect model (using direct one-step value-difference scoring), removing
hierarchy, and using a dual-representation hierarchical baseline. Best values are highlighted in blue.

ENvV. DATASET DIMENSION | DAF No AFU COUPLING NO ACTION-EFFECT DAF W/0 HIERARCHY DUAL-REP BASELINE + HIERARCHY
NAviGaTE MEPIUM ‘ 0.93 +0.03 0.18 +0.03 0.35 +0.03 0.38 £0.01 0.06
HUMANOIDMAZE LARGE 0.66 +0.03 0.02 +0.c 0.04 +0.0 0.39 +0.05 0.01
MEDIUM 0.90 +0.04 0.47 +0.0¢ 0.50 +0.0 0.32 +0.06 0.05
STITCH 1 ARGE ‘ 0.48 +0.06 0.06 +0.02 0.08 +0.0 0.65 -0.07 0.01
NAVIGATE TELEPORT ‘ 0.51 +0.05 0.33 £0.05 0.35 +0.05 0.39 £0.05 0.18
ANTMAZE MEDIUM 0.98 100 0.78 +0.05 0.93 +0.05 0.19 +0.04 0.89
TELEPORT 0.50 +0.0 0.19 0. 0.17 +0.0 0.00 +0.01 0.09
STITCH viEprum ‘ 0.97 -0.02 0.42 +0.05 0.42 +0.10 0.00 +0.01 0.21
DOUBLE 0.41 +0.04 0.36 £0.07 0.51 0.39 +0.05 0.02 +
PLAY TRIPLE 0.17 +0.03 0.02 +0.c 0.04 +0.02 0.07 +0.02 0.01
CUBE QUADRUPLE | 0.03 +0.0 0.00 £0.0¢ 0.00 +0.00 0.01 +0.0 0.00
DOUBLE 0.33 +0.05 0.26 +0.05 0.39 +0.03 0.35 +0.04 0.03
NOISY TRIPLE 0.23 +o0.01 0.01 o 0.05 +0.02 0.02 +o0.0 0.01
QUADRUPLE | 0.02 +0.01 0.00 +o0.0¢ 0.00 +0.00 0.01 +0.00 0.00
SCENE PLAY 0.81 +0.04 0.49 ~0.05 0.52 +0.0 0.45 +0.04 0.20
: NOISY 0.43 1003 0.29 +o0.03 0.40 +0.04 0.37 +0.05 0.05
PLAY 3x3 ‘ 0.74 +0.04 0.10 +o.c 0.15+0.0 0.02 +0.0 0.07 +0.02
PUZZLE 4x4 0.40 +0.05 0.18 +0.03 0.17 +0.03 0.75 +£0.06 0.01 +0.0¢
NOISY 3x3 0.98 +0.04 0.15 +0.03 0.17 +0.02 0.37 +0.06 0.05
h 4x4 0.47 +0.03 0.07 +o.c 0.09 +0.0 0.03 +0.0 0.00
Jx(9) = E(s 0y~ [exp (B - A(s,a)) log my(als)], (19)

with A(s,a) = Qa(s,a) — Vi (s), and §3 is the inverse temperature parameter.

For goal-conditioned RL, IQL is extended to learn a goal-conditioned state-value function Vw(s, 9),
preserving IQL’s key advantage of stable value learning without requiring explicit Q-function evalua-
tions on out-of-distribution actions [6].

B.2 Option-aware Temporally Abstracted Value (OTA)

HIQL [19] addresses long horizons by introducing a hierarchy over subgoals, but still relies on flat
temporal-difference updates to a high-level value. OTA [2] instead bakes temporal abstraction directly
into the Bellman operator by learning option-aware values: for an option o that lasts k(o) steps, the
high-level Bellman target becomes

V(s,g) = E[r(s,g) + 7OV (s, )], (20)

where 7(°) is the cumulative option reward and s is the option-termination state. Each update
contracts the effective horizon from d* (s, g) to roughly d* (s, g)/k(0), so value differences and the
corresponding high-level advantages are computed over multi-step options rather than single primitive
actions. This leads to more stable high-level signals and better long-horizon stitching on OGBench,
at the cost of committing to a particular temporal abstraction schedule.

B.3 Quasimetric representations and MQE-style methods

Recent work views goal-conditioned value learning as estimating an asymmetric “distance” d(s, g)
between states and goals. Quasimetric approaches [18, 25] directly fit such distances with multistep
returns: instead of bootstrapping only from immediate successors, they regress

K-1

do(s.9) ~ E[ Y clst.9) + do(sic,9) | 0= 3] en
t=0

for random horizons K, while encouraging triangle-like inequalities dg (s, g) < do(s,g) + dg(g,9)
for sampled pivots g. This multistep quasimetric estimation (MQE) improves horizon generalization—
including long-horizon stitching in visual domains—but typically requires stronger structural assump-
tions on the value landscape than local TD methods and can be sensitive to misspecification of the
quasimetric prior.

13
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B.4 Conservative goal-conditioned implicit V-learning (GCIVL)

GCIQL-style methods extend IQL to goal-conditioned settings but can overestimate values for uncon-
nected state—goal pairs produced by cross-trajectory pairing. GCIVL [10] introduces conservative
penalties on such pairs together with a quasimetric formulation. Concretely, for a learned value or
distance vy(s, g) and a connectivity indicator ¢(s, g) € {0, 1} (reachable from D), the GCIVL loss
augments Bellman terms with

Leons(0) = AE(Syg)Nppair [(1 —c(s,9)) (maX{O,vg(s,g) - 5})2]7 (22)

penalizing large estimates on likely-unreachable pairs. This improves robustness on goal-stitching
tasks in OGBench, but depends on correctly identifying or regularizing unreachable pairs and still
operates on scalar values rather than local action-effect structure.

B.5 Contrastive representation learning (CRL)

Contrastive RL methods treat goal-conditioned control as a representation learning problem: they
learn embeddings so that inner products between state(-action) and goal features approximate a
goal-conditioned value or reachability score [5]. A typical loss takes the form

exp(¢(s,a) "¥(gh)/7)
gren exp(d(s,a) T (g)/7) |

where (s, a, g™) is a positive triple and \V is a set of negatives. Policies then act by choosing actions
whose embeddings are closest to the goal embedding. These approaches can learn powerful, task-
agnostic representations from unlabeled trajectories, but the contrastive loss is global rather than
local in the sense of our dual advantage field: it encourages correct ordering over large batches of
positive and negative pairs without explicitly privileging one-step action-induced displacements in
representation space.

ACCRL =-E IOg (23)

C Additional Environment and Evaluation Details

OGBench environments. We evaluate on goal-conditioned offline reinforcement learning tasks
from OGBench [20]. OGBench is designed to test several capabilities that are central to offline GCRL,
including long-horizon reasoning, trajectory stitching, generalization to unseen goals, robustness to
suboptimal data, and control under stochasticity. In our main experiments, we focus on the state-based
locomotion and manipulation tasks used in prior work.

The locomotion tasks include maze-style navigation domains such as pointmaze, antmaze, and
humanoidmaze, as well as antsoccer. These tasks require the agent to reach target goal states
from diverse initial configurations using only offline data. The difficulty varies with maze size, agent
morphology, and dataset coverage. In particular, humanoidmaze requires full-body control and there-
fore combines low-level locomotion with long-horizon navigation, while antsoccer additionally
requires controlling a ball while navigating.

The manipulation tasks include cube, scene, and puzzle. The cube environments test basic object
manipulation through pick-and-place, stacking, swapping, and rearrangement of colored cubes. The
scene environment contains multiple interacting objects, such as a cube, drawer, window, and buttons,
and therefore requires sequencing several atomic behaviors to achieve the desired goal configuration.
The puzzle environments instantiate a robotic version of the Lights Out puzzle, where pressing one
button changes the state of neighboring buttons. These tasks are particularly challenging because the
agent must combine continuous robotic control with combinatorial generalization over many possible
configurations.

Dataset variants. For each environment, OGBench provides multiple dataset variants that differ in
coverage, trajectory quality, and the extent to which successful behavior can be recovered directly
from the dataset. In maze-style locomotion tasks, navigate datasets are collected from noisy
expert policies that traverse the environment, while stitch datasets contain shorter trajectory
segments and require the policy to compose partial behaviors into longer goal-reaching trajectories.
Some locomotion domains also provide explore datasets, which contain highly exploratory and
substantially suboptimal trajectories.
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For manipulation tasks, OGBench provides play and noisy datasets. The play datasets contain
natural interaction trajectories generated by scripted policies with temporally correlated behavior.
These datasets often contain useful local skills but do not necessarily demonstrate each evaluation
task end-to-end. The noisy datasets are collected with larger, less structured exploration noise,
which increases state-action coverage but also makes the data more suboptimal. Together, these
dataset variants test whether an offline GCRL method can learn useful local behaviors, compose them
over long horizons, and remain robust when the data are imperfect or only partially aligned with the
evaluation goals.

Evaluation protocol. We follow the standard OGBench protocol and report success-based perfor-
mance on each task. For a method m, environment e, and random seed 7, let s, ¢ » € [0, 1] denote
the resulting success rate, averaged over the evaluation episodes and goals for that environment.
Higher values indicate better goal-reaching performance. Unless otherwise stated, all methods are
trained purely offline on the provided datasets and are evaluated without additional environment
interaction during training.

Aggregate metrics with RLiable. In addition to per-environment results, we report aggregate
statistics using the RLiable evaluation framework [1]. RLiable is useful in the few-seed regime
because it summarizes performance across tasks while also quantifying uncertainty with stratified-
bootstrap confidence intervals. Importantly, RLiable does not discard “noisy” runs or remove
experiments. Instead, it estimates how sensitive aggregate conclusions are to the finite set of tasks
and random seeds.

Let Sy, = {Sm,e.r }e,r denote the collection of scores for method m across environments and seeds.
We report the following aggregate metrics:

Mean(m) |g|| Z Z Smers 24

665 rerR
Median(m) = median ({Sm. e, }er) , (25)
IQM(m) = mean ({Sm,e,r : Sm,e,r lies between the 25th and 75th percentiles}) , (26)
OptimalityGap(m) = |5|| Z Z max(0,1 — Sy e.r). (27)
eE:‘: reR

The interquartile mean (IQM) averages the middle 50% of scores and is therefore less sensitive to
extreme outlier tasks than the mean, while being more statistically efficient than the median. The
optimality gap measures the average shortfall from the maximum normalized score of 1; thus, lower
values are better. Since our scores are success rates in [0, 1], the optimality gap is directly interpretable
as the average remaining failure mass. If scores are reported as percentages, they are first divided by
100 before computing the RLiable metrics.

For confidence intervals, we use stratified bootstrap resampling over tasks and seeds. Each bootstrap
replicate preserves the task structure: for every environment, we resample seeds with replacement
and then recompute the aggregate metric on the resampled score matrix. The reported intervals
correspond to the empirical percentiles of the bootstrap distribution. This procedure avoids treating
all scores as exchangeable independent samples and prevents environments with more runs from
dominating the uncertainty estimate.

D Additional Results

We include the additional Rliable [1] plots in Figure 6.

E AFU-style coupling of the bilinear value and dual score

This section provides the actor-free coupling we use between the bilinear value Vy(s,g) =
g(s) T pg(g) and the dual score, following the separation of roles emphasized by Perrin-Gilbert [24].
The policy parameters do not receive gradients through this objective; policy learning uses only the
weighted regression step.
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Figure 6: Rliable Probability of Improvement.

Surrogate dual score for the coupling. The main text defines the raw dual score zy in (14). In the
AFU objective below it is convenient to use a non-positive surrogate

/Tg(s,a,g) = h(29(87a79)) ) h:R— (_0070]7 (28)

where h is any monotone transformation used in implementation to keep the coupling term bounded
on the optimistic side while preserving action ordering. In our experiments we use softplus
function. The same zy can still be used directly in advantage-weighted regression, as in the main text;
(28) is only required for the piecewise coupling with Vj.

Scalar Bellman target. Let
T(s,a,9) = r(s,9) +7Vy*'(5',9), (29)

with V;gt a slowly updated target network for the bilinear head.

Conditional scaling of Vs. Let U = 1[Vy + Ag < T] and p € (0,1). Define
V = (1 —pU) Vy + pU stopgrad(Vy) . (30)
When the optimistic sum Vy + AV@ falls short of the Bellman target 7', the mask down-weights direct

updates to Vj so that Ay can absorb slack in the near-optimistic regime.

Piecewise coupling loss. With x = V — T and Y= Zg, set

r+y)?*, x>0,

Training minimizes Ep[Z(z, y)] jointly over the parameters of Vj (equivalently vy and, where tied,

¢9) and of the heads that define Ay (including u¢ and ¢y as used in zg). The asymmetric split between
x > 0 and z < 0 mirrors the AFU construction: pessimistic errors on V' and the dual score are not
forced to cancel spuriously when the backup is optimistic.
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Feature dynamics auxiliary loss. The loss Lae in (15) complements the coupling above: the

AFU-style term enforces Bellman consistency between Vj and Ay, while £, grounds ¢ in explicit
one-step feature dynamics on the offline dataset.

F Theoretical Analysis

This section establishes two complementary properties of Dual Advantage Fields (DAF). First, we
show that under exact representability DAF recovers the true Bellman advantage and therefore
constitutes a valid policy-improvement operator (Section F.1). Second, we analyse a didactic 1-D
example and prove that, even when the learned goal embedding is corrupted by noise in irrelevant
directions, DAF’s local advantage remains significantly more robust than both flat and hierarchical
value-difference extraction (Section F.2).

F.1 DAF as exact policy-improvement signal

Fix a goal g and consider the goal-conditioned MDP with reward 74(s, a) := r(s, a, g). For a policy
m, define the usual Bellman advantage

Aﬂ(svaag) = Es’wP(-\s,a) [T(Sa aag) + FVVW(S/LQ) - Vﬂ'(shg)] :

This is the relative quantity that drives policy improvement: only the ordering of actions at a given
state matters, not the absolute level of V™.

Assume that the policy value is realisable by the bilinear dual field,

V7(s,9) = ¢(s) " d(9),
and that the action-effect model is exact,
u(s,a,9) = Egop(|sa) [v0(s) —1(s)].
Then the DAF score
D™(s,a,9) == r(s,a,9) +u(s,a,9) " ¢(g)
equals the true goal-conditioned advantage:

D™(s,a,9) = A" (s,a,g).
Proposition F.1 (DAF local policy improvement). Let 7T be any goal-conditioned policy satisfying
Egrt (s, [P (s,a,9)] >0 forall s, g.
Under the realizability and exact action-effect assumptions above,

v (s,9) > V7(s,9) forall s, g.

Proof. Since D™ = A", the assumption gives E, .+ (.s,4)[A™ (s, a, g)] > 0. This is exactly
(T"rrJr VW)(S,g) - Vﬂ(sv g) = anw*(-|s,g) [Aﬂ(& a, g)] >0,

where T+ is the Bellman operator for policy 7. Hence T,+ V™ > VT pointwise, and by mono-
tonicity of the Bellman operator, ng V™ > VT for every k > 1. Taking k¥ — oo and using the

contraction property of 7.+ yields VT >y O

The advantage-weighted regression (AWR) update used by DAF is one such improvement in the
exact on-policy case. If

D™ (s,a,9))
W;_ a S, — 7T(a ‘ 5,9) exp(a y Wy ; a > O7
@l.9) = = G s g expaD (s.b,9)) O

then a standard argument shows E___+[D™(s,a,g)] > Equr[D™(s,a,g)] = 0, so the AWR policy

ar~m

satisfies the condition of Proposition F.1.
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Corollary F.2 (Exact DAF policy iteration). In a finite discounted goal-conditioned MDP, suppose
each iteration k uses exact representations for V™ and an exact action-effect model, and define

Tet1( | 8,9) € argr/naxIanﬁ/(_‘syg) [D™(s,a,g)].

Then w41 is the standard greedy policy-improvement step with respect to Q™. Consequently,
repeated exact DAF improvement is policy iteration and converges to an optimal goal-conditioned

policy.

Proof. Because D™ = A™ = Q™ —V ™ maximising D" over actions is equivalent to maximising
Q™. The result follows from classical policy iteration for finite discounted MDPs, applied separately
for each goal g. O

Relation to hierarchical policies. Let II denote the class of all stationary goal-conditioned
primitive-action policies, and let II;e, C II be any hierarchically constrained class (e.g. subgoal or
option policies). The optimal primitive-action policy 7* € argmax, .y V7 satisfies

V™ (s,g) > sup V7(s,g) foralls,g.
mEhier

Thus, in the exact realisable limit, DAF policy iteration reaches a policy that is at least as good as the
best policy in any fixed hierarchical class.

This comparison is a representational statement: hierarchy may improve learning by reducing the ef-
fective horizon, but a fixed hierarchy can also introduce subgoal-level constraints that exclude the true
optimal primitive-action policy. DAF instead performs improvement directly at the primitive-action
level using the local dual advantage, while preserving the long-horizon reachability information
encoded in the dual value field.

F.2 Robustness to learned embedding noise: a didactic example

We now turn to a more practical regime where the representation is learned from finite data and
inevitably contains noise. The following analysis uses only the bilinear parameterisation and DAF
scoring rule; no quasimetric or Eikonal assumptions are required.

F.2.1 Environment and representation model

Line-world dynamics. Consider deterministic states s € {0,1,...,T} with a fixed goal g =T >
0. Two actions are available: right (¢ = +1, s — s + 1) and left (¢ = —1, s — s — 1). The episode
terminates upon reaching g; the reward is O at the goal and —1 otherwise. Hence the optimal policy
always moves right for s < 7', and the optimal (negative) value function is

V*(s,9) =s—T, s<T.
Fixed state embedding. The environment provides a feature map 1 : Z — R? with d = m +
2 (m >0):
T
1/’(3) = [Sa 1a f1(5)7 L) fﬁL(S)] )

where { f; i | are bounded C? functions (or, in the discrete case, functions with well-defined first
and second differences). The first two coordinates are “essential” for representing the linear optimal
value; the remaining ones are nuisance dimensions that are irrelevant for the control task (e.g., visual
textures, lighting gradients).

True goal embedding. The optimal value can be expressed via an inner product:

T

¢*(g)=[1,-T,0,....,0] = ¥(s)'¢"(g)=s—T =V"*(s,9).
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F.2.2 Noise model for the learned goal embedding

In offline training, the goal embedding ¢(g) is estimated from a finite dataset. Because the
temporal-difference loss only weakly constrains the coefficients of the nuisance coordinates (espe-
cially if those coordinates vary slowly), the learned embedding can accumulate significant noise along
those directions. We model this by an additive perturbation confined to the nuisance components:

. T

¢(g):¢(g)+€7 62[0,07771’""771'71]

where 77; ~ N (0, 0?) are independent. The essential coordinates are assumed to be learned accurately
for simplicity; allowing noise there would not change the qualitative conclusions.

9

Consequently the noisy value estimate at any state s is

V(s.g)=v(s) ¢lg) =5 —T+> nfils).

i=1

For the subgoal sy, we assume the same embedding function ¢(-) is applied and that its noise is
independent of ¢(g):

O(Ssub) = ¢*(Ssub) + &, fl; ~ N(0,0?) independent of 7.

F.2.3 Action-effect model and policy extraction rules

We assume that a separate action-effect model u(s, a) has been trained to regress to the true one-step
feature change (s + a) — 1(s) and has converged to the exact quantity (realistic because the model
sees abundant transitions and the dynamics are deterministic).

Thus

u(s, +1) =¢(s +1) =9(s),  uls,—1) =¢(s —1) = 9(s).

We compare three policy extraction methods, all built upon the same learned bilinear value V and the
same u.

1. Flat value-difference. Choose the action that leads to the highest estimated next-state value:

ay(s) = argmax V(s + a,g).
ae{—1,+1}

This corresponds to the implicit advantage used in HIQL's flat baseline (comparing V(s + 1, g)
and V(s — 1, 9)).

2. DAF local advantage. Score each action by the inner product of its predicted feature displacement
and the goal embedding (Eq. 14 in the main paper):

apar(s) = argmax u(s,a)T¢(g).
ae{—1,+1}

(The sparse reward, identical for both actions, is omitted from the comparison.)

3. Hierarchical HIQL. The hierarchical policy first selects a subgoal at distance & > 2 (to the right,
Saub = 5 + k) by comparing values of the candidate subgoals:

Ssup = argmax [‘7($,g) - ‘7(579)} .
z€{s+k,s—k}

Subsequently a low-level controller attempts to reach that subgoal, using the subgoal’s own
embedding ¢ (s ) and the same flat value-difference rule:

as(s) = argmax 17(5 + a, Squp)-
ae{—1,+1}

An error occurs if either the subgoal choice is wrong or the low-level action is wrong; we bound
this with a union argument as in Park et al. [ 19, Proposition 4.1].
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e0s F.2.4 Error probabilities

610 For any nuisance function f, define the first and second discrete differences at state s:

Af(s):==f(s+1) = f(s=1),  A%f(s):=f(s+ 1)+ f(s = 1) = 2f(s).
611 Flat value-difference.

Ay (s) = ‘7(8 +1,9) — YA/(s -l,g9)=2+ Zm Afi(s).
i=1

s12 DAF. .
Apar(s) = (u(s, +1) — u(s, *U)Téf’(g) =2+ Zm A*fi(s).

i=1
613 Hierarchical high-level.
Anigh(s) = V(s +k,g) — V(s — k,g) = 2k + Zm:m (fi(s + k) — fi(s — k).
i=1
614 Hierarchical low-level. Conditioned on the subgoal s + k being selected,
Alw(s) =V(s+1,s4+k) —V(s—1,5s+k) =2+ in Afi(s).
i=1

615 All decision statistics are Gaussian. Let ® be the standard normal c.d.f.
616 Proposition F.3 (Error probabilities). For any state s € {1,...,T — 1} and subgoal step k,

eat(s) = | — 2 =],
07 (Afi(s))
epar(s) =@ | — 2 = |
V307 (82/(s)
Enigh(s) = @ | — 2k = |
V02 (fils + k) — fils — k)
Elow(s) =d| - 2 5
> 07 (Afi(s))

617 The overall hierarchical error is bounded by
€hier(5) < €nigh(s) + Elow(s)-
618 Proof. Each decision margin is a normal random variable with the stated mean and variance; mis-

619 classification is the event “margin < 0”. The hierarchical bound follows from a union bound over the
620 two decision stages, exactly as in Park et al. [19, Proposition 4.1]. O

621 F.2.5 Why DAF can be more robust

622 The formulas in Proposition F.3 show that DAF’s noise enters through the second differences A? f;(s),
623 whereas all value-difference methods (flat and low-level) involve the first differences A f;(s). The
24 high-level comparison involves the even larger span f;(s + k) — fi(s — k).

625 For many realistic nuisance functions, the second difference is much smaller than the first difference.
626 Two concrete regimes make this quantitative.
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Corollary F.4 (Affine nuisance coordinates are eliminated by DAF). If f;(s) = a;s + f3; for all 4,
then A% f;(s) = 0 for every s; hence Apar(s) = 2 and epar(s) = 0. In contrast,

Thus DAF makes zero mistakes regardless of the horizon, while the flat and hierarchical baselines
can suffer significant error whenever . o2a? is large.

Corollary F.5 (Low-curvature nuisance coordinates). Suppose each f; is twice differentiable with
|7/(s)] < C and that over a short interval the first difference can be expressed as Af;(s) =
2f1(s)+0(C), A%fi(s) = 2f!(5)+O(C). If the local slope f!(s) is large (e.g., a strong linear trend)
while the curvature remains bounded, then o}, (s) = O(C?) whereas 03, (s) = 4>, 02 fl(s)?
can be arbitrarily large. Consequently epar(s) stays close to zero while £q,¢(s) and €10y (s) may
approach %

Comparison with the hierarchical baseline. Even with a well-chosen subgoal step k, the low-level
controller still relies on first differences (Proposition F.3), inheriting the same vulnerability as the flat
extraction. Moreover, the high-level stage introduces an additional source of error that scales with the
span of the nuisance functions. As a result, a single DAF flat policy can achieve a lower error rate
than a hierarchical policy that employs two value-difference decisions.

Illustrative quantitative example. Letm = 1 and f;(s) = s2. Then Afy(s) = 4s, A%f1(s) = 2,

and
2

epAF(S) = ‘D(Ul - 2> ) Elat () = €low(s) = ‘?(01?48) .

For a state far from the goal (s = T — 1 > 1), eqa¢ and €1y are close to 0.5 if oy is large, while
epAr remains bounded by a constant that does not grow with 7'.

G Compute Resources

All experiments were performed on servers with a single HI00 GPU with 80 GB of GPU memory, 12
CPU cores, and 244 GB of RAM. All metrics for the experiments were logged using the Weights &
Biases platform. Overall, the Weights & Biases project of the paper had 17,359 tracked experiments
at the time of submission and used an estimated ~ 407 days of GPU compute in total.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Claims are supported by the main experiments, see Table 1, Table 2, Table 3
and Figure 5.

Guidelines:

e The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss the limitations in Section 6.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: See Section F

Guidelines:

The answer [IN/A] means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We describe the method in Algorithm 1, evaluation protocols in Section C and
provide hyperparameters in Section A.

Guidelines:

The answer [IN/A | means that the paper does not include experiments.
If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: We provide the anonymized source code along with the submission, which
include instructions on how to reproduce experiments on a publicly available OGBench
[20].

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Justification: See Section A, Section 4.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We use five random seeds and report IQM and 95%-CI based on stratified
bootstraping, following the Agarwal et al. [1].

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We report information about compute resources in Section G.
Guidelines:

» The answer [N/A] means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: [Yes]

Guidelines:
e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
* If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A]
Justification: [N/A|
Guidelines:

» The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: [N/A]
Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [N/A]
Justification: [N/A]
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]
Justification: [N/A]
Guidelines:

» The answer [N/A] means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: [N/A|
Guidelines:
* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: [N/A]
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]
Justification: [N/A]
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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