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Abstract

In this work, we investigate how to leverage pre-
trained visual-language models (VLM) for online
Reinforcement Learning (RL). In particular, we
focus on sparse reward tasks with pre-defined tex-
tual task descriptions. We first identify the prob-
lem of reward misalignment when applying VLM
as a reward in RL tasks. To address this issue,
we introduce a lightweight fine-tuning method,
named Fuzzy VLM reward-aided RL (FuRL),
based on reward alignment and relay RL. Specifi-
cally, we enhance the performance of SAC/DrQ
baseline agents on sparse reward tasks by fine-
tuning VLM representations and using relay RL
to avoid local minima. Extensive experiments on
the Meta-world benchmark tasks demonstrate the
efficacy of the proposed method. Code is avail-
able at: https://github.com/fuyw/FuRL.

1. Introduction

Deep reinforcement learning (RL) has achieved great suc-
cess in many different domains, including games, robotic
control, and graphics (Mnih et al., 2015; Silver et al., 2016;
Haarnoja et al., 2018; Agostinelli et al., 2019; Akkaya et al.,
2019; Berner et al., 2019; Kalashnikov et al., 2018; Peng
et al., 2021). However, despite these great achievements,
one well-known issue of RL is the large number of environ-
mental interactions required for policy learning (Wang et al.,
2017; Espeholt et al., 2018).

How to improve the sample efficiency is one of the most
important topics in RL (Du et al., 2019; Zhang et al., 2020).
A large body of work has been done in the community
from different aspects, including better exploration strat-
egy (Pathak et al., 2017; Zhang et al., 2022), leveraging
in-house behavior data (Singh et al., 2021), using transfer
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learning and (or) meta-learning (Rakelly et al., 2019; Mehta
et al., 2020; Agarwal et al., 2023; Beck et al., 2023), efc.

Recent progress on the large foundation models shows im-
pressive results in many applications (Nair et al., 2023; Ma
et al., 2023a;c; Rocamonde et al., 2023a; Chan et al., 2023).
These models are useful in the sense that they contain a
large amount of common knowledge, which can be used
in diverse downstream tasks. One promising downstream
application is to use the VLM to generate dense rewards for
RL tasks with sparse rewards.

Based on these observations, we investigate how to leverage
a pre-trained VLM in online RL. The topic of leveraging
VLM in the form of reward in RL is an emerging field, with
a few recent work on this (Mahmoudieh et al., 2022; Roca-
monde et al., 2023b; Adeniji et al., 2023; Rocamonde et al.,
2023a; Chan et al., 2023). We follow this line of research
and study the issue of reward misalignment when using
VLM-based rewards in RL, where inaccurate VLM rewards
could trap the agent in local minima. To mitigate this issue,
we introduce a VLM-representation fine-tuning loss and
adopt relay RL (Lan et al., 2023) to improve exploration.
The primary contributions of this work are as follows:

* We investigate some practical challenges of using pre-
trained VLM in online RL and highlight the issue of
reward misalignment.

* We introduce the Fuzzy VLM reward-aided RL (FuRL),
a simple yet effective method to address the challenge
brought by reward misalignment.

* We compare FuRL against different baselines and pro-
vide ablation studies to reveal the importance of ad-
dressing the fuzzy reward issue.

2. Background
2.1. Markov Decision Process (MDP) and RL

An MDP (Sutton & Barto, 2018) is commonly defined by a
tuple (S, A, P,r,v), where S, A denote the state space and
action space. P : § x A — A(S) denotes the transition
probability between states. r : S x A — R is the reward
function. + € [0,1] denotes the discount factor. In the
standard RL formulation, our goal is to learn a policy that
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Figure 1.Raw VLM reward is sub-optimal to teach RL agents. In this example, the text instructidris “press a button from the
top”. We plot the cosine similarity-based VLM reward with language embeddind) and image embedding; (o:) and also show the
distance between the end-effector and the goal. It can be observed that the cosine similarity betflleand (o) can re ect some
aspects of the task but is not always well aligned with the task progress, re ecting the fuzzy aspects of the VLM reward.

maximizes the expected accumulated discounted return. Isupervision apart from the original task reward for RL (Ro-
practice, the policy is typically modelled using a neuralcamonde et al., 2023a; Chan et al., 2023; Lubana et al.,
network (a;js;) with learnable parameters(Mnih etal.,, 2023; Dang et al., 2023; Klissarov et al., 2023).

2013), taking observatios as input and generating the

action from policy (ajst) for each time step. Given an observatios, received at timestep the RL agent

generates an actiom (atjst) and receives a sparse
2.2 Vision L Models (VLM task reward 2% aftera, is executedr 2 is typically de-
-2. Vision Language Models ( ) ned asr®k = ¢ ccess, meaning a reward of 1 is received

Vision Language Models have advanced rapidly in the pas@nly upon task success and otherwise the reward is 0.
few years (Radford et al., 2021; Alayrac et al., 2022; Matpg js a type of task setting commonly encountered in

etal., 2023a). One representative work is CLIP (Radforth o ctice. The sparse reward makes the RL training more
etal., 2021), which trains the VLM by aligning image and o ienging. (Rocamonde et al., 2023a; Chan et al., 2023)
text embedding in the latent space. CLIP has been Showﬂropose to us¥’LM as rewardi.e., augmenting the sparse
to be effective in downstream tasks such as classi cation, gy reward with another VLM rewary™™ :

and also shows zero-shot transfer ability. While CLIP is

a generic model motivated by vision tasks, there is also re=ri@sk+ VM (1)
recent work on specially designed VLM for RL tasks (Ma ) . ]

et al., 2023a). VLM is an attractive type of models for Where is a scalar weight parameter for balancing the VLM

aiding RL from different perspectives, such as reward shageward with the task reward.

ing (Mahmoudieh et al., 2022; Rocamonde et al., 2023bgijmply, these methods (Rocamonde et al., 2023a; Chan
Adeniji et al., 2023; Rocamonde et al., 2023a; Chan et algt a|., 2023) add the CLIP rewarik. the cosine similarity

2023; Lubana et al., 2023; Dang et al., 2023; Klissarov et alpetween the language goal with an image of the latest state:
2023), task speci cation and success detection (Du et al., .

2023) and representation (Chen et al., 2023). r r
t ’ t - I}
k L(Dk k (o)k

3. Method to the sparse task reward, is the image observation re-

In this section, we rst revisit some existing work on utiliz- .Ce'VEd at step. | is the language-based task instruction

; . A issued at the beginning of the episode. and | denote

ing VLM as a reward mc_JdeI in RL and pl_npomt the chal the language embedding network and image embedding net-

lenges therein. We then introduce the main idea and formu- ;
. work of the pre-trained CLIP model (Radford et al., 2021).

lation of the proposed method.

)

Another related set of work is using VLM as a success detec-
3.1. VLM as Rewards Revisited tor (Du et al., 2023)i.e., as a sparse task reward. Apart from
, ) . RL-based policy training, some recent work also proposed
Leveraging VLM as a source of reward in RL is a populariy ,se VI M-based reward for model-based planning (Ma

and active emerging trend (Mahmoudieh et al., 2022; Rocgs; al., 2023a). In this case, the task reward is omitted (
monde et al., 2023b; Adeniji et al., 2023; Rocamonde et aI.Ft = rY'M ) and MPC type of online planning methods are

2023a; Chan et al., 2023; Lubana et al., 2023; Dang et alyga tg obtain the next action by maximizing future return.
2023; Klissarov et al., 2023; Nam et al., 2023), eitherasa _

way of reward-based task speci cation (Mahmoudieh et al.In this work, we follow the line of research on VLM-as-
2022; Rocamonde et al., 2023b; Adeniji et al., 2023), ofeward. Same as Rocamonde et al. (2023a); Chan et al.

generating VLM-based reward as an additional source 0f2023), we focus on sparse-reward tasks, and assume the ac-
cess to the task instructidrfTable 4) and a goal imagg at
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Figure 2.Fuzzy VLM reward effect. Visualization of end-effector trajectory in terms(of; y) positions.Oracledenotes an expert policy.
VLM denotes the policy trained using sparse task reward together with VLM reward.

the beginning of the episode. Without loss of generality, weVLM Reward Only Policy Behavior. We also trained
rst present results using state-based observations as poligy VLM policy only with rY*M | Figure 2 illustrates the
input to disentangle the impacts of feature learning. We therend-effector (gripper) trajectories of the robot arm in the
increase the complexity by using pixel-based observationsiindow-closeand door-opentasks from the Meta-world
as policy input. For computing the VLM feature, a visual environment (Yu et al., 2020). We compared the trajecto-

image is provided at each time step. ries generated by an oracle policy with those of a VLM
policy. As depicted in Figure 2 (a-b) and Figure 2 (c-d), we
3.2. VLM as FuzzyRewards can observe that the gripper is close to the window in the

. window-closdask and the gripper is far away from the door
Many previous methods oviLM-as-reward§Rocamonde i, the door-opertask at the last step, also exemplifying the
et al., 2023a; Chan et al., 2023; Mahmoudieh et al., 2022éffect of fuzzy VLM reward on policy behavior.
Ma et al., 2023a) have a shared assumption that VLM-based
rewards are accurate in order to achieve good policy optithese two set of case studies show that VLM reward some
mization to avoid undesired solutions. times could provide meaningful informatione., identi-

) fying the window inwindow-closeask. However, when
In this work, we demonstrate thagro-shot VLM rewards e trained VLM representations fail to capture crucial in-

are fuzzy meaningful in capturing the coarse semantics Uk mation in the target RL tasks, inaccurate VLM rewards
inaccurate in characterizing some details. Therefore, this;, hinder ef cient exploration. For instance, as seen in

fuzziness in_the VL_MTbas_ed rewards could potentially miSFigure 2(c-d), the robot arm got stuck at the right corner
lead the policy optimization in th\z-LM-as-rewardf.rame- in the door-opentask and failed to collect any successful

work (Chan et al., 2023; Mahmoudieh et f""* 2022; Ma etal.yaiectories during the training. Such inaccurate VLM re-
2023a). While the degree of the reward's fuzziness can bg ;. 4s are mainly due to the domain shift between VLM's

reduced by changing different aspects of the VLM modely;5ining dataset and the downstream target RL task (Sankara-
such as increasing its capacity, the reward's fuzziness ISarayanan et al., 2018; Zhang et al., 2021).

not likely to be eliminated due to the zero-shot nature of
the VLM-as-reward framework. We carry out two sets of All the;e results @ndicat_e that the VLM-based rewards are
studies from complementary aspects to illustrate this poinfuzzy, i.e, meaningful in some cases but could also be
. . misleading due to their inaccuracy. This fuzzy reward is-
Rewards along Expert Trajectory. Figure 1 shows the g6 has caught some attentions very recently (Mahmoudieh
VLM reward curve for a\?LSxper_t trajectory, where we com-g 5 2022: Adeniji et al., 2023; Rocamonde et al., 2023a).
pute the VLM reward™" using Eqn. 2. In the ideal Adeniji et al. (2023) mitigate this issue by using VLM-based
case, the reward curve should be aligned with the experteyard for behavior pre-training only. Mahmoudieh et al.
progressi.e., higher reward when the state is closer to the 2022) retrain the VLM model by using a specially tailored

task completion. However, as can be observed in Figure {1456t \We instead focus on how to leverage a pre-trained

the reward curve can re ect some aspects of task Progres$| M model in online RL and strategies to mitigate the
but is not well aligned with the task progress, re ecting the challenges therein, as presented in the sequel.
fuzzy aspect of the VLM reward. '



FuRL: Visual-Language Models as Fuzzy Rewards for Reinforcement Learning

Figure 3.lllustration of the proposed method: (left) the overall pipeline of FURL. (right) FURL freezes the pre-trained VLM and only
ne-tunes two MLP-based projection heafdg, , fw, .

3.3. FURL: Fuzzy VLM rewards-aided RL projected text embeddirfgy, ( L (1)):

In this subsection, we introduce ti@izzy VLM rewards- VM Hw, ( L()):ifw, (1 (o0))i

aided RL(FuRL), a framework that utilizes VLM rewards Fe = s Kfw, ( L()K Kfw, (| (ot))k: 3
L |

to facilitate learning in sparse reward tasks while addressing

the inherent fuzziness of these rewards through two mecha- . . e

nisms: (1) reward alignment and (2) relay RL, as depictecﬁleXt’ we introduce the following de nition:

in Figure 3 (left). These two components interact with eachDe nition 3.1. (Reward AlignmentGiven a target task ,

other in terms of exploration and learning in FuRi):Re-  and a reward function, we de ne the process of adjusting

ward Alignment: which ne-tunes VLM representations the initially inaccurate reward functianto be more accurate

(generated embeddings) in a lightweight form to improvein characterizing the target tagkas reward alignment.

the VLM rewards, which helps exploration and policy learn- ) )

ing; (ii) Relay RL: which helps to escape the local minima Since the sparse reward functidf®™ in the MDP charac-

due to the fuzzy VLM rewards during exploration, and it Ferlzes the target task to a great ex'tent, We.WI|| Ievgrgge the

also helps to collect more diverse data to improve the rehformation fro_mrmk for reward alignment,e., optimiz-

ward alignment and policy learning. We will detail these ing the projection networkw, andfw, . We denote the

components in the following subsections respectively. samples from the successful trajectori@saspositivesam-
plesoP, and the samples from the unsuccessful trajectories

3.3.1. RRWARD ALIGNMENT N asnegativesample”. We propose the following loss

for reward alignment:
Itis natural to understand that a VLM-based reward function,

as an instance of learning-based reward function, is hard = E Y (00" + E A (in;in BE
to be accurate under all kinds of input variations. Reward oP2 Pion2 {”Zg } floi” ko2 p?z }
inaccuracy is undesirable since it could be misleading to the L pos-neg L pos.pos

policy learning (Skalse et al., 2022). 4)

where® (0p;00) , max(0;rV'™™ (o,) rV™ (o) + )is

With cosine similarity, inaccurate VLM rewards as de ned . . . + :
£ ranking loss with a margin of2 R* , generating a loss

in Egn. 2 can be attributed to the misalignment betwee

if r VLM H VLM
image and text embedding from pre-trained VLM represen'—f r t(o") ; hIS Iz\a/rg:/lr tharr dqf (). Lp_(%_s.neglearnT t(t)h
tations. To address this issue, we introduced a lightweigh enerate a higher reward for a positive samplie than

alignment method as illustrated in Figure 3 (right). In par-t at of a negative Samplé pos-podearns to rank two samples

ticular, we freeze the pre-trained VLM and only append ton.rom thﬁ. Sr? me sukcciessful trajecto'ry, gl'\t/ ‘N9 Isamp{estrl]at::‘r 'E
small learnable networksy, andfw, to VLM's text em- ime a higher rank (larger score) since it is closer to the tas

bedding and image embedding, respectively. In our experis:uccess. Herd, is a window size parameter.

mentsfw, andfy, are two simple two-layer MLPs (Tol- Moreover, since successful trajectories are unavailable in the
stikhin et al., 2021). Therefore, compared with ne-tuning beginning of the training, an optional step can be used when
the whole VLM model, the number of parameters to bean additional goal image; is available before encountering
learned in our method is much smaller. any successful trajectoriesg., learning from allnegative

We de ne the VLM reward via the cosine-similarity fol- samples with zero task rewards:

lowing (Rocamonde et al., 2023a; Chan et al., 2023) but | _ E C (M al):
with our projected image embeddifg, ( | (o)) and the MITETT fomion 2 ML, (o jog)<L aopog) %
(5)
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3.3.2. RELAY RL

As previously mentioned, one notable challenge in VLM
reward alignment is how to nd the rst successful trajec-
tory earlier. When the current VLM policy is trapped in
local minima due to the inaccurate VLM rewards, as shown
in Figure 2, it is likely that the agent fails to collect any
successful trajectories. Under such circumstances, Eqn. 4 is
never triggered as we have no positive samples.

Given this observation, we introduce a simple exploration
strategy based on the relay RL (Gupta et al., 2020; Lan et al.,
2023) to mitigate this representative issue caused by fuzzy
VLM reward. More speci cally, we maintained an extra
SAC agent sac besides the current VLM ageny,y . At

Figure 4.Contrastive learning loss (left) without any successful  the beginning of an episode, we rst randomly select a

trajectories, we can use L2 distance w.r.t. an goal image to rank theelay stepT; from some pre-de ned values or a speci ed

goodness of two negative samples; (right) when we collected somgange. We then iteratively unrollsac and v for T;

successful trajectories, the contrastive loss learns to distinguistteps until the end of the trajectory, as shown in Figure 5.

samples from both of the successful and unsuccessful trajectorieBhe collected samples are added to a shared buffer, which
we use to train vy with r2sk + r Y™ and gac with
riask. The evaluation is done on the VLM agent.

with Lo(0;qy) , k (0 1 (0g)k2. This essentially The motivation of the relay RL is to let the SAC agent help
uses the distance w.r.t. the goal imagein the image to escape the local minima once the VLM agent gets stuck.
embedding space to rank the goodness of samples, rankir@n the other hand, relay RL also helps to increase the data
samples with smaller distance higher (Figure 4). The mairdiversity by starting vim and sac from different initial
purpose of Eqn. 5 is to accelerate the learning to nd the rststates. Generally, starting witky forms a curriculum
successful trajectory earlier. In practice, we can also replackarning for the SAC agent as in Jump-start RL (Uchendu
Lneg-negby using parallel agents or exploration intrinsic et al., 2023). Once we have collected some successful trajec-
reward to search for the rst successful trajectory. We leavetories, we can turn off the relay RL and focus on collecting
the exploration of this as a future work. samples with the VLM policy i v . The pseudo-code of
FuRL is summarized in the Algorithm 1.

Algorithm 1 Fuzzy VLM rewards aided RL (FuRL) 4. Related Work
Input: pre-trained VLM | and |, goal imageog, task
language godl, relay stepsls = [T1;  ;Tn], shared 4.1. RL with VLM
replay bufferDgpareq total trajectory numbe .
Output: trained VLM agent vy .
Initialize: image projection healdy, , language projec-
tion headf v, , VLM agent yim , SAC agent sac -
fori=1to N do
if Collected positive sampleéken
Unroll VLM policy vium -
Updatef, andfy, using Egn. 4.
Update vy usingri@sk + r ViM
else
Sample a replay step from Ts.
Iteratively unroll v v and sac for T; steps.
Updatef, andfy, using Egn. 5.
Update sac usingr@sk,
Update vy usingri@sk + r ViM
end if Apart from this, VLM has also been used in other ways such
end for as a promptable representation learner (Chen et al., 2023).
In this work, we focus on the VLM-as-reward setting. In

As one speci c type of foundation models, VLM connects
language with visual signals and has been playing an impor-
tantrole in the elds that involves both modalities such as vi-
sual question answering (Antol et al., 2015; Das et al., 2018;
Zhang et al., 2023a). VLM has been used in RL in various
ways. It has been used as a reward function (Mahmoudieh
etal., 2022; Rocamonde et al., 2023b; Adeniji et al., 2023;
Rocamonde et al., 2023a; Chan et al., 2023; Lubana et al.,
2023; Dang et al., 2023; Klissarov et al., 2023; Nam et al.,
2023), as revisited in detail in Section 3.1. Sontakke et al.
(2023) also used VLM for reward computation but requires
additional expert demonstrations. Sumers et al. (2023) used
a generative VLM for hindsight relabeling-based data aug-
mentation to improve dataset diversity.
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Figure 5.1llustration of the relay RL based exploration: at the beginning of an episode we randomly select a relay stép. We
iteratively unroll a VLM agent and a SAC agent f6r steps and save the collected samples in a shared buffer. We turn off the relay
exploration when we collected 2500 positive samples from the successful trajectories.

Table 1.Experiment results on the MT10 benchmark with sparse reward and xed goal.We report the average success Rat€) in
the evaluation at the last timestep across 5 random seeds after training.

SAC VLM-RMs VLM-RMs-GB LIV LIV-Proj Relay FuRL w/ogoal-image FuRL

Environment VLM

7 X X X X X X X

rtask X 7 7 X X X X X
button-press-topdown-v2 0 0 0 0 0 60 80 100
door-open-v2 50 0 0 0 0 80 100 100
drawer-close-v2 100 0 0 100 100 100 100 100
drawer-open-v2 20 0 0 0 0 40 80 80
peg-insert-side-v2 0 0 0 0 0 0 0 0
pick-place-v2 0 0 0 0 0 0 0 0
push-v2 0 0 0 0 0 0 40 80
reach-v2 60 0 0 80 80 100 100 100
window-close-v2 60 0 0 60 40 80 100 100
window-open-v2 80 0 0 40 20 80 100 100
average 37.0 0.0 0.0 28.0 24.0 54.0 70.0 76.0

terms of training, VLM can be trained in a general way,5. Experiments
without being tailored to the downstream tasks. Recently,

robotics/RL oriented VLM are emerging (Gao et al., 2023;N this section, we focus on the following questions: (1)

Ma et al., 2023a). The backbone VLM of this work is base oW (_Jloes the proposed FUR_L per_form_ compared to other
on one of such a model (Ma et al., 2023a). baselines? (2) Is FuRL effective with pixel-based observa-

tions? (3) Can FUuRL generalize to other VLM backbone
4.2. RL with Eoundation Models models? (4) Are both the reward alignment and relay RL

o _ components useful? (5) What is the in uence of the VLM
Our work falls within the broader category of leveraging reward weight parameter?

foundation models in RL, which is an active eld with many

exciting advances (Lubana et al., 2023; Nam et al., 2023% 1 Baselines

Wang et al., 2023; Hu et al., 2023). Apart from VLM, other

forms of foundation models such as large language modef®o validate the ef cacy of the proposed method, we compare
(LLM) have also been used in many different ways, includthe proposed FuRL to the following baselines:

ing planning (Huang et al., 2022a;b), task decomposing

with grounding (Ahn et al., 2022; Huang et al., 2023; Zhang 1. SAC: a state-based SAC agent (Haarnoja et al., 2018)
et al., 2023b), generating code as policy/skill (Liang etal.,  using the sparse binary task rewaff« .

2023), reward design (Yu etal., 2023; Ma et al., 2023to) 2. VLM-RMs (Rocamonde et al., 2023a): a recent base-

"? th|§ baper, we focu; ona complementary perspectlve by line which only uses the cosine similarity based VLM
highlighting the potential issues of using a pre-trained VLM .
reward without the task reward.

in RL and proposing practical remedies.
3. VLM-RMs-GB (Rocamonde et al., 2023a): a variant of
VLM-RMs which adds a goal-baseline regularization.
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4. LIV (Maetal., 2023a): a state-based SAC agent traine

with task reward and dense LIV reward as in Eqn. 1. dI'able 2.Experiment on Sparse MT10 with random goals.

5. LIV-Proj: similar to LIV baseline but with the LIV re-  Environment SAC Relay FuRL
ward computed as in Eqn. 3 using randomly initialized button-press-topdown-v2  16.0 (32.0) 56.0 (38.3) 64.0 (32.6)
and xedfy, andfy, . door-open-v2 78.0(39.2) 80.0(30.3) 96.0(8.0)

drawer-close-v2 100.0 (0.0) 100.0(0.0) 100.0(0.0)

6. Relay (Lan et al., 2023): a simpli ed version of FURL  drawer-open-v2 40.0 (49.0) 50.0(42.0) 84.0(27.3)
where we incorporated relay into LIV baseline. pick-place-v2 00(0.0) 0.0(0.0) 0.0(0.0)

peg-insert-side-v2 0.0 (0.0) 0.0 (0.0) 0.0 (0.0)

7. FURL-without-image: a variant of FURL that does not f:asg‘r']"vzz l%-g éo('(?)o) 1%8 (()0(8)0) 1663 (08-(8)0)
use the goal image and starts lto ne-tune only after . 0 " cev2 86.0(28.0) 96.0(49) 1000 (0.0)
collecting the rst successful trajectory. window-open-v2 78.0(39.2) 92.0(7.5) 96.0(4.9)

average 49.8(7.9) 57.4(7.0) 64.6 (5.0)

5.2. Experiment Settings

We use ten robotics tasks from the Meta-world MT10 envi- ver, the lower performance of LIV compared to SAC fur-

ronment (Yu e(tj al, 2f020) th'thsS tate-baMse;:i obselrc;/a_tlflons ana‘ler illustrates the fuzzy reward effect, showing that naively
sparse rewards (referred to 8parse Meta-world Tasks using VLM rewards in online RL can perform worse than

In each task, the RL agent only receives reward 1 Wher9he SAC baseline, leading to policies getting stuck in lo-

it reaches the goal and otherwise the reward is 0. We USEal minima as shown in Figure 2. The better performance

SAC (Haamoja et al., 2018) as the backbone RL agent, angf FuRL compared to Relay proves the bene ts of reward

the total environmental step is 1e6. We use the Adam ORyji L ;
o . . ignment in mitigating the issue of fuzzy VLM rewards.
timizer with a learning rate of 0.0001. The VLM reward 9 gating y

weight is 0.05. For the VLM model, we use the pre-trained We also evaluate the proposed FURL on the random-goal
LIV (Ma et al., 2023a) from the of cial implementation. We MT10 benchmark, where the goal position changes in each
provide more detailed information in the Appendix B. More trajectory. We compare FURL with the SAC and Relay
results and resources are available on the project page. baselines in the Table 2. We can observe that FURL also

outperforms other baselines, which indicates that FURL is
5.3. Results on Sparse MT10 able to generalize well with different goal positions.

We rst validate the effectiveness of FURL on the xed-goal 5 4 Results with Pixel-based Observations

MT10 benchmark (Yu et al., 2020). Experiment results are

shown in the Table 1 and Figure 6. We report the averag¥Ve further evaluate the proposed method with pixel-based

and standard deviation of the success rate in the evaluatigpbservations. More speci cally, we adopt the DrQ (Yarats

across ve random seeds. We can observe that FURL anelt al., 2021; 2022) as the backbone RL agent. We mainly

FuRL-without-image generally outperform the other basefollow the settings from the DrQ to use an image size of 84,

lines in most tasks. In addition, none of these methods istacking frame of 3 and action repeat of 2. Figure 7 shows

able to solve thpeg-insert-sidendpick-placetasks. The the results on thevindow-opertasks with random goals.

main reason is that these two tasks require the agent i¢/e can observe that the evaluation curve of FURL is quite

master multiple subtaskse., grabbing an item and then similar to the result in the state-based experiments, which

moving to a target position, which is highly challenging learns much faster than the DrQ baseline.

under a sparse reward setting. All the methods struggle

on these tasks including those with VLM rewards. This is5.5. Ablation Studies

a common weakness within the existing VLM as reward . . .

framework and how to go beyond to address this issue is a}?_{e cpnducted ablation stgdles o validate the ef cacy of

interesting future direction. the different components in FURL. We used the average
success rate and the average Area Under the Curve (AUC) as

From Table 1, we can also observe that the VLM-RMs ancevaluation metrics. To facilitate comparison, we normalized

VLM-RMs-GB fail to solve any tasks. This is not surprising both metrics with respect to the FURL results.

since no task reward is used in VLM-RMs and VLM-RMs-

GB, and purely the VLM reward is used. This exempli es

that it is hard to only rely on the zero-shot VLM rewards

The Impact of Reward Alignment. We rst validate the

effectiveness of the proposed reward alignment loss func-

éi_ons in Figure 8. Th@o Reward-aligrbaseline is a variant

of FURL without reward alignment. We can observe that
Yhttps:/isites.google.com/site/nczhang/projects/furl Reward-alignbaseline consistently underperforms FuRL,
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Figure 6.Evaluation curves on the Sparse Meta-world tasksFuRL generally outperforms the other baselines.

Figure 8.Ablations. Reward alignment is important and leads
to better performancd=(RLv.s. no Reward-aligh Within the
reward alignment part, both Stage 1 (Egn. 5) and Stage 2 (Eqn. 4)
have contributions. Relay RL is crucial for tasks where the explo-
ration is hardj.e., the VLM policy is prone to get stuck in local
minima due to inaccurate VLM rewards.

Figure 7.Results on the window-open task with pixel-based
observations FuRL is also effective with pixel-based inputs.

which demonstrates the ef cacy of the reward alignment,agits of training a FURL agent without the pre-trained
component. Furthermore, we refes Stagelo ne-tuning /| M-representation. We can observe that the variant with-
with only Eqn. 4, and we refemo StageZo ne-tuning oyt VLM-representation performs worse than FuRL and
with only Eqn. 5. We can observe that removing any ofperforms better than the SAC baseline. This veri es the
Stagel or Stage2 will lead to performance degradatien, pene ts of using the VLM model and also the effectiveness

slower convergence and (or) higher variance. This showgg the proposed reward alignment objective.
that both loss functions in the reward alignment component

are effective, where the Eqn. 4 helps to mitigate the repre-
sentation misalignment issue, and Eqn. 5 helps to nd the
rst successful trajectory earlier.

The Impact of Relay RL. From Figure 8, we can also
observe that the relay RL plays a crucial role in FURL.
Without relay RL, the agent completely failed in the some
tasks,i.e., button-press-topdowanddoor-opentasks. This

is because the reward alignment loss function Egn. 4 is
triggered after we collected the rst successful trajectory.
The relay RL addresses the challenge of getting stuck in
local minima when we only have negative samples.

Figure 9.Impact of VLM-representation.

Using CLIP as the VLM model. In the previous experi-
The Impact of VLM Embedding. Figure 9 shows the ments, we instantiate the VLM model as a pre-trained LIV

8
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Table 3.Experiment of using CLIP as the VLM.

Environment CLIP CLIP-FuRL

button-press-topdown-v2 0(0) 80 (40)

door-open-v2 60 (49) 100 (0)

drawer-close-v2 100 (0) 100 (0)

drawer-open-v2 0(0) 80 (40)

peg-insert-side-v2 0(0) 0(0)

pick-place-v2 0(0) 0(0)

Pushr;v22 8% (?1)0 i%éd'%) Figure 11.VLM reward curves before (left) and after (right) ne-
eacn-v (40) ©) tuning, along the same expert trajectory. Some frames along the

window-close-v2 60 (49) 100 (0) . P

window-open-v2 80 (40) 80 (40) tra]ectlo!'y are shown in Figure 1. FuRL reward has a larger value

when it is closer to the goal.
average 38(9.8) 70(6.3)

6. Conclusion and Future Work
model (Ma et al., 2023a). In this subsection, we evaluat? . _ . .
the proposed FuRL by instantiating the VLM model as a n t_h|s work, we h|gh_I|ghte_d the fuzzy reward issue in ap-
pre-trained CLIP (Radford et al., 2021). Results on MT10plylng VLM reward in o.nlme.F.QL and further proposeq
with xed-goal are shown in Table 3. The CLIP baseline is the FURL approach, which mitigated the fuzzy reward is-

a SAC agent that learns with task reward and dense cLigue with reward alignment and relay RL collaboratively.
reward. We can observe that the CLIP-based FuRL also ouY&rous experiments demonstrated the effectiveness of the

performs the CLIP baseline, which shows that the proposea)mposed method. In the current work, we have demon-
method can generalize to different VLM base models. strated the approach on a number of tasks, with the reward

alignment networks trained with data from a single task.
An interesting future direction is to train the reward align-
ment module across multiple task jointly. Another point
is that we have used simple language descriptions follow-
ing Rocamonde et al. (2023a); Ma et al. (2023a). Applying
the proposed approach to more complex compositional lan-
guage instructions is also an interesting direction to pursue
in the future. From a broader perspective, the hallucination
issue of VLMs and large language models (LLMs) (Li et al.,
2023; Chakraborty et al., 2024) has greatly impacted their
Figure 10.Impact of parameter . applicability in downstream tasks. It is an interesting future
work to generalize some of the ideas in this work together
The Impact of . Figure 10 shows the results of using with other techniques such as adversarial learning (llyas
different values on thedrawer-openand button-press- et al., 2019; Zhang & Wang, 2019; Yao et al., 2023) to a
topdowntasks with random goals. We can observe that éroader context with pre-trained foundations models.
large value usually performs poorly, where the inaccurate
VLM reyvard dist_racts the agent from learning from the t‘?‘SklmpaCt Statement
reward information. On the other hand, a small value might

lead to slow learning or larger variance. Since our work is a combination of VLM and RL, one poten-
tial negative societal impact could be the improper language
5.6. Visualization of VLM Rewards instructions. When we apply the proposed method to real-

. world applications, the usage of some language instructions
Figure 11 shows the VLM rewards before (LIV) and af- yight lead to dangerous behaviours. To mitigate this is-
ter alignment (FuRL) for the trajectory shown in Figure 1.g,6 we could adopt some rule-based keyword blacklists to
Compared with the pre-trained LIV reward curve, the FURL 1o gangerous language instructions, or we could further

VLM reward curve generally has a larger value when itis ne.tune the trained policy to learn some safety knowledge.
closer to the goal. The reason that the reward does not reach

1 after alignment is because a ranking loss is used in Eqn. ﬁcknowledgements

which focuses on the relative ranking instead of absolute

reward values. The accurate relative trend in the aligned ré&¥e would like to thank the anonymous reviewers for their ef-
ward from FuRL is already effective in aiding the RL agent forts in reviewing our work and their constructive comments
in exploration and learning. that help to further improve the quality of this paper.
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A. Limitations, Potential Broader Impact, Ethical Aspects and Societal Impacts

In this work, we mainly focus on illustrating the Fuzzy-reward effect and why it could be problematic to directly apply the
pre-trained VLM rewards in online RL tasks. One limitation is that our current experiments are all in simulated environments.
We plan to validate the effectiveness of the proposed method in real-world robotics in future work. Another limitation is that
we maintained a second policy for Relay RL to escape the local minima during the online exploration. Though we turn off
the Relay RL when we collect some successful trajectories, the extra policy still increases the computation complexity. An
interesting future direction is to replace the replay policy by some lightweight exploration intrinsic reward to mitigate the
issue of getting stuck in local minima.

Since our work is a combination of VLM and RL, one potential negative societal impact could be the improper language
instructions. When we apply the proposed method to real-world applications, the usage of some language instructions might
lead to dangerous behaviours. To mitigate this issue, we could adopt some rule-based keyword blacklists to filter dangerous
language instructions, or we could further fine-tune the trained policy to learn some safety knowledge.

B. Experimental Setup
B.1. Implementation Details

In the experiment, we re-implement the SAC (Haarnoja et al., 2018) and DrQ (Yarats et al., 2021) baseline RL agents in
JAX (Frostig et al., 2018). For the VLM model, we use the provided PyTorch code (Imambi et al., 2021) and checkpoint for
both of LIV and CLIP from the official LIV codebase?. In the experiments, we use the latest Meta-world environment 3. For
the other main softwares, we use the following versions:

e Python 3.9

* jax 0.4.16

* jaxlib-0.4.16+cudal2.cudnn89-cp39
* flax 0.7.4

* gymnasium 0.29.1

* imageio 2.33.1

* optax 0.1.7

e torch 2.1.2

e torchvision 0.16.2

* numpy 1.26.2

B.2. Meta-world MT10 Benchmark

In the experiments, we use a constant reward shaping K - | for the sparse task reward as in some previous work (Kostrikov
et al., 2022). For the task description for each environment, we followed the setting from the CARE (Sodhani et al., 2021).

In the experiments of Table 1, the goal is hidden and fixed for each random seed. Since we always use the mean action of
the SAC policy in the evaluation and the Meta-world environment is deterministic, the evaluation success rate for each task
is either 1 or O for each random seed. For the results of random goal setting in Table 2, we report the average evaluation
success rate over ten trajectories. For the average results across all tasks in the Table 1, Table 2, and Table 3, we first group
experiments for one algorithm into five runs across ten tasks, and get an ten-task average success rate, and compute the
standard deviation based on the five numbers. For the goal image, we simply use a fixed goal image for both fixed goal
and random goal tasks. The main idea of the goal image is to provide some useful information to distinguish two negative
samples. Therefore, we adopt this simple setting without the loss of generality.

2https://github.com/penn-pal-lab/LIV
*https://github.com/Farama-Foundation/Metaworld
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